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ABSTRACT

Sign language is a rich and deeply ingrained form of communication that has been used for centuries to bridge communication
gaps between individuals with hearing impairments and the hearing world. Its historical significance and the innate human
need for expression make it a fascinating subject of study. In the modern age, technology has evolved up new possibilities
for enhancing sign language communication through innovative methods. We have embarked on a journey to harness the
power of neural networks to develop a real-time system for finger spelling in American Sign Language (ASL). This
endeavour is driven by the recognition that ASL is not only one of the oldest but also one of the commonly used natural
forms of language expression. By leveraging the capabilities of convolutional neural networks (CNNs), we aim to
revolutionize the way we perceive and interpret ASL gestures. Our approach involves automatic gesture recognition from
camera images, a field brimming with potential in the realm of computer vision. Using a CNN-based methodology, we seek
to decode the intricate hand gestures that are intrinsic to human communication. Central to our methodology is the extraction
of critical information, such as hand position and orientation, from camera-captured images. The Profound Impact of Sign
Language and the Role of Technology in Enhancing Communication Sign language stands as one of the most expressive and
meaningful forms of human communication. As a visually-driven language developed over centuries, it serves as a vital
bridge for individuals who are deaf or hard of hearing, enabling them to connect, share ideas, and express emotions in deeply
nuanced ways. Far from being a simple system of hand movements, sign language reflects a rich cultural and linguistic
heritage.

Keywords: hearing impairments, American Sign Language(ASL), Computer Vision, Real-time System, Convolutional
Neural Networks (CNN)

1. INTRODUCTION

Hearing Disability: Hearing disability, also known as hearing loss or impairment, refers to a condition that affects a person’s
ability to hear sounds, either partially or completely, in one or both ears. This condition can be congenital, meaning it exists
from birth, or it can develop later in life as a result of aging, disease, trauma, or prolonged exposure to loud noises. Hearing
impairment can make communication challenging, especially in settings where spoken language is the primary means of
interaction. For many people with hearing loss, sign language becomes their main method of communication. Sign language
is a visual communication method that conveys messages through body gestures, facial expressions, and hand gestures. While
it’s an effective way for individuals with hearing disabilities to communicate within their own community, sign language is
not widely understood by the general public. This creates a significant barrier when these individuals need to communicate
in unfamiliar environments or with people who aren’t familiar with sign language. Thanks to advancements in artificial
intelligence and computer vision, there is growing potential to create systems that can translate sign language into text or
speech. These systems can help bridge the communication gap, making it easier for people with hearing disabilities to access
education, services, and other opportunities, enabling a more improved, society for everyone.

B. Communication Barrier: The communication barrier is a major obstacle for individuals with hearing disabilities, especially
in environments where verbal communication is the norm. Whether it’s in daily life, education, healthcare, or the workplace,
most interactions rely on speech. This can make it difficult for those who are deaf or of hearing, particularly when people
around them aren't familiar with sign language. As a result, they may face challenges in expressing their needs, understanding
what's being said, or engaging in conversations and decision-making processes. Such barriers often lead to feelings of
isolation and frustration. For instance, a deaf student might miss crucial information in a classroom if the teacher doesn’t use
sign language or there isn’t an interpreter. Similarly, in places like hospitals, workplaces, or public services, communication
can become stressful and inefficient without the right support. Addressing this gap is essential for creating a more inclusive
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and equal society. Thankfully, advances in technology—Iike image recognition, machine learning, and speech synthesis—
are paving the way for potential solutions. By developing systems that can recognize American Sign Language (ASL)
gestures and convert them into readable text or speech, we can help individuals with hearing impairments communicate more
easily and confidently in various settings. This not only boosts their independence but also encourages a more understanding
and inclusive community

2. LITERATURE SURVEY

Medhini Prabhakar, Prasad Hundekar [1] This system introduces an innovative method for translating sign language gestures
into text and then converting that text into speech. The system uses a training set of 26 images representing the Indian Sign
Language alphabet. During testing, it detects hand gestures from a live stream video and predicts the corresponding sign
using several trained models, including CNN (Convolutional Neural Networks), FRCNN (Faster Convolutional Neural
Networks), YOLO (You Only Look Once), and MediaPipe. Once the gesture is recognized, the system generates a text
description in English and then converts it into speech. The average processing time is slightly longer than anticipated, mainly
due to the lack of high-performance GPU hardware. However, the FRCNN model offers an acceptable recognition rate,
making it effective for many use cases. In comparison, the CNN model recognizes hand gestures quickly, making it suitable
for real-world usage, although there is a minorlagging in accurate predicting. On the other hand, the YOLO model provides
good accuracy in recognizing sign language but struggles with speed, particularly when processing live hand gestures in real
time. While YOLO isn’t ideal for real-time processing, pre-captured hand gesturesenhances it performance well. Victoria
Adebimpe Akano; Adejoke O Olamiti; [2] Image and speech processing has become a key area of research in machine
learning, playing a significant role in the advancement of artificial intelligence. It improves raw images captured by devices
like cameras or mobile phones, making them more useful for various applications in daily life. One of the most impactful
uses of this technology is in converting images to text and speech, which can greatly benefit individuals with physical or
sensory challenges, such as the deaf and mute, by facilitating communication through images. In this research, the goal is to
develop a system that converts American Sign Language (ASL) images into both text and speech. To achieve this, image
segmentation and feature detection are essential techniques. The interaction between these two processes is handled through
the use of the FAST and SURF algorithms, which are key to detecting and recognizing objects within the image. The system
involves multiple stages: data capturing through a, feature detection,image segmentation,Kinect sensor ,and extraction from
the region of interest (ROI). Then, the images undergo classification through both supervised and unsupervised learning
techniques, using the K-Nearest Neighbour (KNN) algorithm. Once the best match is found in the database through
unsupervised learning, the identified sign is converted into both text and speech. Lisha Kurian; Sreelakshmi K Anil [3] With
the growing demand for inclusive technologies and the rapid pace of communication in the digital age, there is increasing
interest in developing systems that can automatically convert audio into sign language. This article explores an approach to
address this need by converting spoken language into sign language in real time, offering a potential solution for better
communication within the deaf and mute community. In our approach, we first use Natural Language Processing (NLP) to
transcribe spoken audio into text. Then, deep learning algorithms are employed to generate corresponding sign language
gestures. The system identifies key words and important phrases from the transcribed text, maps them to appropriate
signlanguage gestures, and visualizes these gestures through animations, presented by an avatar. What sets this system apart
from previous models is its focus on contextual analysis rather than just translating sentences word-for-word into sign
language. This allows for more accurate and meaningful communication, as the system takes into account the context to
better convey the intended message. Haotian MA; Feng Hong [4]Currently, sign language is the primary means of
communication for deaf individuals, but most hearing people are not trained in sign language. This creates a significant
communication barrier. Therefore, translating sign language into spoken language, using a voice that reflects the unique
characteristics of deaf individuals, is crucial for better understanding between the deaf and hearing communities. This paper
explores the potential of text-to-speech (TTS) technology for deaf individuals, beginning with an analysis of the speech
characteristics of deaf people. It then focuses on TTS algorithms that can generate speech with high naturalness and clarity,
while preserving the unique voice characteristics of deaf individuals. The paper proposes two methods: one for mildly
disabled deaf people using voice conversion and TTS, and another for severely disabled deaf people using voice cloning,
based on their speech characteristics. Yash Jhunjhunwala; Pooja Shah [5] In India, a large population of individuals is
affected by deafness and muteness, highlighting the need for better communication tools for this community. To address this
challenge, a system is being developed that uses a glove-based device to convert American Sign Language (ASL) into
speech.The two major components: sign language recognition and sign language conversion to both text and speech. The
sign language glove is made with a pair of gloves equipped with flex sensors that monitor the amount of bend in the fingers.
Flex sensors detect changes in resistance based on how much the fingers bend, providing data that reflects the hand
movements associated with different signs. The data from these sensors is sent to a control unit, specifically an Arduino
Nano, which converts the analog signals into digital form. The system compares these values with stored data to recognize
the sign language gesture. Once recognized, the sign is displayed as text on a 16x2 LCD screen. The output is wirelessly
transmitted to a cellular phone or a PC as a text that runs text-to-speech conversion software. This allows the text to be
converted into audible speech, enabling efficient communication between individual and those who may not understand sign
way of approach.
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3. PROPOSED SYSTEM

The system you’ve developed is a remarkable and forward-thinking solution that addresses a crucial communication barrier
faced by individuals who use American Sign Language (ASL). By implementing gesture recognition technology, the system
is capable of translating finger-spelled signs into readable text, and further converting that text into audible speech. This real-
time processing is particularly valuable, as it allows for natural and spontaneous interactions, making the technology highly
suitable for everyday communication. The inclusive nature of the system ensures that individuals with hearing impairments
can effectively engage with those who may not understand ASL, fostering mutual understanding and social integration. Its
user-friendly design means it can be easily adopted by a wide range of users, regardless of their technical expertise. Moreover,
the system shows strong potential for scalability, with the ability to expand its gesture vocabulary and even support other
sign languages in the future. Its accessibility features make it a powerful tool in promoting participation in education,
employment, and community life for the hearing-impaired. The seamless integration of computer vision for gesture
recognition and text-to-speech (TTS) technology further highlights the innovative use of Al in solving real-world challenges.
Overall, your system stands out not only for its technical capabilities but also for its potential to significantly improve the
quality of life for the individuals who suffer from hearing defectness.

Fig No 1. Proposed architecture
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A.DataCollection : To develop an effective system that helps in conversion of sign language input into text and speech,
assembling a comprehensive and diverse dataset of American Sign Language (ASL) gestures was a critical step. The data
collection process involved gathering labeled images of ASL finger-spelling signs from publicly available sources such as
Kaggle and various academic research repositories. Each image in the dataset represented a specific alphabet or word and
was captured under a variety of conditions—including different lighting, camera angles, and backgrounds—to ensure the
model could generalize well to real-world scenarios. To further enhance the dataset's diversity and robustness, preprocessing
techniques like resizing and normalization were applied, along with augmentation methods such as rotation, flipping, and
zooming. These steps simulated real-life variations in gesture presentation, helping the model become more resilient to
differences among individual users and settings. This well-prepared dataset formed the backbone for training the
Convolutional Neural Network (CNN), which plays a key role in accurately identifying hand gestures and enabling seamless
translation into text and speech.

B. Pre-Processing :Preprocessing was a vital step in optimizing the ASL gesture images for effective recognition by the
Convolutional Neural Network (CNN). To ensure some properties such as capability,consistency, with the model, all images
were first resized to a standardized dimension, creating uniform input across the dataset. They were then converted to
grayscale, which not only reduced the computational load but also allowed the model to concentrate on key features such as
hand shape and contours, rather than color. Normalization followed, scaling pixel values between 0 and 1 to improve training
efficiency and help the model converge more effectively. To further enhance the robustness of the model and prepare it for
real-world variability, a range of data augmentation techniques were applied. These included rotation, zooming, shifting, and
flipping, which mimicked different hand orientations, lighting conditions, and camera perspectives. By enriching the dataset
with these variations, the system became more capable of generalizing across diverse user inputs. This thorough
preprocessing pipeline ensured that the data fed into the CNN was both clean and realistic, ultimately leading to more accurate
and reliable gesture recognition.
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C. GestureExtraction : Gesture extraction plays a vital role in the overall system by accurately isolating the hand region from
each video frame to enable precise recognition of ASL gestures. The process begins with capturing live video or still images
through a webcam or camera sensor. To distinguish the hand from the background using Technique such as background
subtraction and skin colour segmentation are employed. These methods help filter out unnecessary visual data and focus the
analysis on the hand alone. In situations where lighting conditions vary, color space conversions—Ilike transforming from
RGB to HSV or YCrCh—are used to enhance skin tone detection and improve segmentation accuracy. Once the hand is
successfully isolated, contour detection is used to identify the exact outline of the hand, and a Region of Interest (ROI)
containing the gesture is extracted. This ROI is then resized and processed through the established preprocessing pipeline
before being classified by the CNN model. The accuracy and efficiency of this gesture extraction step are critical, as they
directly influence the system’s ability to recognize gestures reliably in real-time environments.

D.Image Processing: At the heart of this project is image processing, which plays a key role in identifying and interpreting
ASL gestures. The system uses a camera—typically a webcam—to continuously capture hand movements. These video
frames are then analyzed in real time to recognize specific finger-spelling gestures. The first step in processing each image
involves detecting the hand region. This usually starts with background subtraction or skin color detection, helping the system
isolate the hand from the rest of the frame. Techniques like contour detection and segmentation help identify the shape and
orientation of the hand, making it easier to focus only on the area of interest. Once the hand is isolated, the system extracts
features such as finger positions, angles, and relative distances between key points. These features are crucial for
distinguishing between different ASL letters or gestures. Often deep learning algorithms(Convolutional Neural Networks)
or machine learning models are trained on these features to accurately classify each gesture. To make the experience
seamless, image frames are processed in real time. This allows the system to instantly translate recognized gestures into
words or spoken output, keeping the conversation natural and responsive Lighting conditions, background clutter, and hand
orientation can affect recognition accuracy, so the image processing pipeline often includes steps like normalization, filtering,
and data augmentation to improve robustness and reliability.

E.CNN : Within the system, Convolutional Neural Networks (CNNs) are essential for recognizing hand gestures. Because
of their effectiveness in learning and interpreting visual features, these deep learning models are well suited for image
classification tasks. They are therefore well-suited to identifying American Sign Language (ASL) finger-spelling gestures.
The project, aims whether CNN is trained using a large dataset of pictures showing various hand gestures that each
correspond to a different letter in the ASL alphabet. As the model is trained, it learns to detect and understand different
features of the hand—from simple shapes and edges to more intricate details like finger positioning and hand contours. This
process happens in layers: the first layers may detect basic features, like edges, while later layers combine those features to
identify more complex patterns, such as the full hand shape for a particular letter. Once trained, the CNN can recognize new,
unseen gestures in real-time. As a user performs a gesture, the CNN analyzes the image, classifies it, and translates the
gesture into text. This text is then converted into spoken words. The CNN algorithm process and classify images very quickly,
which is crucial for the real-time performance of the system. This allows users to communicate naturally, without noticeable
delays. The algorithm has the ability to handle complex visual data, CNNs are a vital part of this system's gesture recognition,
ensuring reliable and fast translations.

F.Gesture Prediction: Building a system that can reliably recognize and categorize different hand gestures from input images
is the aim of the gesture prediction project. Each of these pictures depicts a distinct hand position that goes with a particular
gesture. Developing a model that can accurately predict the gesture displayed in any given image is the main goal. The
project begins by preprocessing the photos in order to accomplish this. To improve the model's generalization and
performance across a range of inputs, this step may involve in re-sizeof images to a consistency in the size, making the pixel
value consistent, and utilizing augmentation techniques (such as rotation or flipping). A deep learning model, usually a
Convolutional Neural Network (CNN), is used to identify and categorize the gestures. CNNs are top-notch. These
frameworks make it easier to design, train, and deploy the model. For better performance, pretrained models can be used,
which have already learned useful features from large datasets. Additionally, tools like MediaPipe Hands, which detect hand
landmarks, can be integrated into the system. This not only improves accuracy but can also reduce the computational load,
especially in real-time applications. Once the model is trained, it’s evaluated based on its accuracy and how well it can
generalize to new, unseen hand gestures. The end goal is to create a system that can be used in real-time applications such
as human-computer interaction, sign language interpretation, or even gesture-based gaming.

G. Transformation of Frames : In the gesture prediction project, transforming each frame is a vital step to ensure the data is
ready for the model to learn effectively and make accurate predictions. These frames can come from a video or a series of
images, and they go through several preprocessing stages to make sure they’re standardized and optimized for the neural
network. First, the frames are resized to a consistent dimension that’s compatible with the model. This ensures that the input
size is uniform, making the training process smoother. The images are also often converted to grayscale or their RGB values
are normalized. This helps reduce the computational complexity and makes the model focus on the essential features of the
hand gestures rather than the color details. To improve the visibility of important features, techniques like histogram
equalization are used to enhance the contrast of the image. This makes it easier for the model to distinguish between subtle
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differences in hand positions. Next, the hand detection process helps isolate the hand from the rest of the image. The goal is
to crop out unnecessary background information, focusing only on the hand gesture itself. Sometimes, additional techniques
like edge detection or binary thresholding are applied to sharpen the contours of the hand, highlighting the shape and position
of the fingers more clearly. To make the model more adaptable and robust, data augmentation is used. This involves applying
transformations like rotation, flipping, and scaling to the images. By introducing variability in the dataset, the model becomes
better at recognizing gestures in different orientations or conditions, which ultimately makes it more accurate and reliable
when faced with real-world data. These preprocessing and transformation steps are crucial in ensuring that the frames fed
into the gesture prediction model are clean, consistent, and packed with useful information. This not only speeds up the
training process but also helps improve the model’s ability to recognize hand gestures with high accuracy.

4. RESULT AND DISCUSSION

The gesture prediction project set out to build a reliable system capable of identifying and predicting hand gestures from
video footage or still image frames. The final solution was assessed on key performance indicators such as accuracy,
consistency, and adaptability under varying conditionsn ranging from changes in lighting and hand orientation to the
complexity of the gestures themselves. Results from the implementation and testing phases revealed both the strengths of
the system and areas with room for enhancement. To train model, a carefully prepared dataset of labelled gesture images was
used. These images underwent preprocessing steps like resizing, normalizing and enhancing model generalization through
augmentation. During training, the system achieved impressive accuracy levels, with training accuracy stabilizing around
95% and validation accuracy at about 92%. These metrics indicate the model’s effectiveness in learning and recognizing
distinct gesture features. The steadily declining loss curves during training also pointed to efficient learning with minimal
overfitting. In real-time performance tests, the system demonstrated an accuracy of roughly 90% across different test
environments. It showed high precision in recognizing simple static gestures like “thumbs up,” “peace,” and “stop,” often
surpassing 95% accuracy. However, the system faced slight challenges in identifying more intricate gestures, especially those
involving fine finger movements. A closer look through a confusion matrix showed that most misclassifications happened
between gestures that appeared similar. For example, the system sometimes confused "two fingers" with "three fingers,"
particularly when fingers were bent or partially obscured due to motion blur. This suggests a need to improve motion clarity
and consider adding temporal context—Ilike sequential frames—rather than relying solely on single-frame analysis.
Advanced architectures like LSTM or 3D CNNs could potentially enhance recognition by learning from gesture movement
over time. The system also had its limitations. Elements such as cluttered backgrounds, shifting lighting conditions, and
occlusions from clothing or accessories had a noticeable impact on accuracy. To address these issues, future updates could
implement background subtraction, adaptive lighting correction, and a more diverse dataset to improve resilience under real-
world conditions. Expanding the system’s capabilities to recognize continuous gesture sequences rather than individual
gestures would also make it more practical for everyday applications. One standout feature of the system was its
responsiveness in real-time scenarios. Optimizations like converting frames to grayscale and focusing on specific regions of
interest helped reduce processing demands, allowing the model to deliver predictions quickly. On average, it took under 100
milliseconds to process each frame, making it a strong candidate for use in interactive systems like sign language translators,
gesture-based user interfaces, and virtual reality controls.

A. Accuracy : The system's ability to recognize American Sign Language (ASL) motions and convert them into both readable
text and audible speech is largely determined by its accuracy. A usual formula for calculating accuracy in this research was
to divide the number of accurate predictions by the total number of attempts, then multiply the result by 100 to get the
percentage.To evaluate the system, a dataset featuring 500 unique ASL finger-spelling gestures was used. The system
successfully recognized and converted 455 of these gestures into accurate text, which was then transformed into spoken
words using a Text-to-Speech (TTS) engine. This translates to an overall accuracy rate of 91%. This strong accuracy rate
highlights the system’s reliability in accurately recognizing hand gestures and producing the correct outputs in both text and
speech formats. It reflects the model’s robustness and its capacity to handle variations in input, such as minor changes in
hand position, orientation, and lighting conditions. The system’s real-time performance adds significant value by offering
immediate feedback, a crucial factor for seamless and natural communication. While the system generally performed well,
it occasionally struggled with gestures that closely resemble one another, especially those with subtle differences in finger
placement or hand shape. Although these misclassifications led to minor dips in accuracy, they did not substantially affect
the system’s overall effectiveness or usability.

The formula for calculating accuracy: Accuracy (%) = (TP +TN) *100
(TP + TN + FP + FN))

Accuracy = (True Positives plus True Negatives) divided by (True Positives plus True Negatives plus False Positives plus
False Negatives), multiplied by 100 percent

Here:

. True positive(TP): The number of positive instances classified correctly.
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. True negative(TN):The number of negative instances classified correctly.
. False positive(FP):The number of positive instances classified incorrectly.
. False negative (FN):The number of negative instances classified incorrectly.

With a consistent upward trend in both training and validating accuracy, the accuracy graph of the Text and Speech
Conversion using Sign Language project provides a precise visual depiction of the model's learning progress over several
training epochs, enabling the model to learn from the dataset efficiently and without exhibiting overfitting.Initially, the
training accuracy began at around 70% during the first epoch and progressively increased, reaching 92% by the tenth epoch.
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Similarly, validation accuracy improved from 68% to 91% over the same period. The model not only learnt well from the
training data but also successfully generalized to new, unseen data, as evidenced by the strong connection between the
training and validation curves. This consistency highlights the success of the preprocessing steps, data augmentation, and the
overall model architecture in handling the gesture recognition task. The graph complements the numerical accuracy results
reported earlier and visually affirms the model's reliability and robustness. With only a minimal gap between training and
validation performance, the system demonstrates strong potential as a dependable solution for real-time gesture recognition
and its conversion into text and speech. Overall, this graphical analysis is a vital component of the project’s evaluation,
offering valuable insight into the model’s behaviour and reinforcing its practical relevance in improving accessibility.

b. Loss : The difference between the model's projected gesture class and the actual class during training is referred to as loss
in the Sign Language to Text and Speech Conversion project. Tracking this loss throughout the training process is vital, as it
provides insight into how effectively the model is learning to interpret sign language and refine its predictions. For this
project, loss function is denoted using categorical cross-empty—a standard and effective choice for multi-class classification
tasks like gesture recognition. At the beginning of training, the model exhibited a relatively high loss value, indicating that
its predictions were not yet closely aligned with the true gesture classes. However, as training advanced, the loss steadily
declined, signalling that the model was successfully learning the visual features that distinguish each gesture. By the final
epochs, both the training and validation losses had dropped significantly and reached a stable range, suggesting that the
model had efficiently minimized prediction errors. The consistent and smooth reduction in loss, with minimal differences
between training and validation curves, indicates that the model was well-balanced and avoided issues like overfitting or
underfitting. This performance reflects the effectiveness of the data preprocessing techniques, the model architecture, and
the optimization strategies applied. It also suggests that the model was able to generalize well, even when faced with minor
variations in hand shape, orientation, or background. In summary, the steady decline in loss throughout training serves as a
clear indicator of the model’s learning progress and its growing ability to make accurate gesture predictions. When viewed
alongside the accuracy metrics, the loss trends further validate the system’s capability to convert sign language into reliable
text and speech outputs. Altogether, this demonstrates the model's strong potential for real-world use in promoting accessible
and inclusive communication.
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Formula for calculating the Loss: Loss = -3 (y: * log(p:))

Where:

- yi -binary indicator forclass label iifthe observation is for correct classification.
- pi is for class ifor thepredicted probability.

The model's performance across ten training epochs is clearly visualized via the Sign Language to Text and Speech
Conversion project's loss graph.It features two key curvesone for training loss and another for validation lossboth showing a
steady downward trend as training progresses. In the early stages, the loss values are understandably high, with training loss
around 1.8 and validation loss near 2.0. This reflects the model’s initial difficulty in accurately predicting gestures as it begins
learning the visual patterns associated with each sign.
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However, the loss value decreases significantly as the training continues,By the final epoch, the training loss falls to
approximately 0.27, while the validation loss reaches around 0.33. This steady reduction highlights the model’s growing
ability to interpret gesture inputs more accurately. What’s particularly encouraging is the close alignment between the two
curves through the entire process of training. When model performs well on training data overfitting occurs but has trouble
with novel, unseen inputs. This is typically indicated by a wide discrepancy between training and validation loss. In this
instance, both curves' parallel declines show that the model is both learning efficiently and generalizing well to new data. To
sum up, the loss graph provides compelling proof of the model's sound training procedure. It confirms a successful reduction
in prediction errors and supports the system’s reliability in translating ASL gestures into precise text and speech outputs,
increasing its potential for real world usage and accessibility of the applications.

Precision : In the Sign Language the Text to Speech Conversion project, precision is a vital metric used to assess how
accurately the system identifies and classifies each gesture. In specific the precision is used to proportional measure of
correctly predicted gesture with all predictions made.In simpler terms, it shows how often the system was right when it
claimed a gesture was a certain sign—focusing on reducing false positives, where the model predicts an incorrect sign.
During testing, the system consistently demonstrated high precision across most gesture categories, achieving an average
precision rate of over 90%. This means that more than 9 out of 10 times, the system's predictions matched the actual signs.
This level of precision is especially important in sign language recognition, where even minor mistakes—Ilike confusing the
signs for “M” and “N” or “U” and “V”can lead to miscommunication. High precision ensures that the system is trustworthy
and capable of producing accurate results, particularly in real-time usage.The model’s strong precision highlights its
effectiveness in distinguishing between motions that can be visually comparable, which is crucial for accurate translation
from ASL to text and speech. It also suggests that the dataset was well-prepared, with high-quality labeling and diverse
representation of gestures, and that the model architecture and preprocessing techniques were successful in extracting
meaningful visual features. In summary, the high precision achieved in this project underscores the system’s reliability and
real-world applicability as a communication aid for individuals using American Sign Language. It ensures that interactions
remain clear and accurate, making the technology practical and impactful in everyday scenarios.

Formula for calculating precision:
Precision = TP/(TP+FP)
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Where:
- TP —~The number of positive gesture class correctly predicted.
- FP is the number of gesture class that are actually negative and incorrectly predicted.
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The precision graph provides a clear view of how well the Sign Language to Text and Speech Conversion system performs
across all 26 alphabetic gesture classes (A to Z). It highlights the model’s ability to correctly identify each specific sign
without confusing it with others—a crucial aspect in gesture recognition, where even small visual differences can lead to
errors. Each bar in the graph represents a precision score for an individual letter, showing how often the system’s predictions
for that letter were accurate. Precision values range from 0.86 to 0.94, meaning the model correctly identifies each letter at
least 86% of the time. Most letters fall within the 0.90 to 0.93 range, indicating strong and consistent reliability across the
entire alphabet. The relatively tight spread in precision scores suggests that the model treats each class fairly, without showing
bias toward or against any particular letter. This consistency points to a well-balanced and representative training dataset,
along with a model architecture capable of distinguishing subtle visual differences between gestures. In conclusion, the
precision graph reinforces the model’s strong performance, demonstrating high accuracy across all ASL letters. This
consistency and reliability make the system well-suited for real-world use, where accurate, fast, and clear gesture recognition
is essential for effective communication.

F1 score : One of the most important tools we employed in our study to evaluate how successfully our system converts sign
language into text and audio was the F1 Score. The F1 Score is a balanced statistic that combines precision, or the proportion
of the model's positive predictions that were actually true, with recall, or the proportion of actual positives the model properly
detected. Together, they contribute to a more cooperative comprehension of the accuracy and consistency of the modelin
identifying American Sign Language (ASL) gestures. This balance is especially important in gesture recognition tasks, where
some signs might appear more often than others, leading to class imbalances. To address this, we calculated the weighted F1
Score, which takes into account how frequently each gesture occurs in the dataset. This gave us a more realistic sense of how
the model would perform in everyday use. We assessed the model’s performance by comparing the predicted gesture labels
from our Deep Convolutional Network (DCN) to the actual labels in the test set. A high F1 Score in the results demonstrated
that the model reduces errors such as false positives and false negatives in addition to accurately identifying gestures. This
impressive performance demonstrates our system's dependability and resilience, promoting it to be a better option in real
time. In the end, it advances the objective of developing assistive technology that facilitates easier and more effective
communication for the individual with speech or hearing impairments, leading to more inclusive accessible technology
solutions.
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F1 Score = 2 x (Precision x Recall) / (Precision + Recall)

The F1 Score is an essential metric for evaluating a model's performance, especially in classification jobs where the data
may be uneven. It combines recall and precision, two important factors. Recall gauges how well the model captured all of
the real positive occurrences, whereas precision shows how many of the model's positive predictions were reliable. In our
sign language recognition project, precision helps us understand how often the system correctly identifies a gesture as a
specific ASL sign, and recall shows how many instances of that sign the model was able to detect overall. Together, these
metrics give us a clearer picture of how reliably our system recognizes gestures. By using the F1 Score, we can assess how
effectively the system identifies the right signs while minimizing errors. This is particularly valuable in real-world scenarios,
where some gestures may appear more frequently than others. A high F1 Score indicates that our system not only recognizes
ASL gestures accurately but also does so consistently across different gesture types. That level of performance makes it a
strong candidate for use as a real-time assistive tool for people with hearing or speech impairments—helping bridge
communication gaps and promote inclusivity.

Performance evaluation : To evaluate how well our sign language to speech and text conversion system performs, we carried
out a thorough performance assessment using several key metrics: F1 score, accuracy, recall, precision. We trained our model
on a carefully curated dataset of American Sign Language (ASL) hand gestures, and tested it on a separate, unseen dataset
to ensure it could generalize to new inputs. The overall accuracy showed that the system could correctly recognize a large
portion of the gestures, while precision and recall helped us understand how well it avoided false positives and captured true
positives. Among these metrics, the F1 Score that combines recall and precisioninto single, balanced measurewas our
primary focus. This is especially important when dealing with class imbalance, where some gestures occur more frequently
than others. Our results showed consistently high F1 Scores across most gesture classes,demonstrating the robust and
dependable performance of the product. In addition to its accuracy, the system also demonstrated real-time responsiveness
and high frame-by-frame recognition accuracy, making it practical for everyday use. All of this points to the effectiveness
of our Deep Convolutional Network (DCN)-based approach as a powerful assistive tool for people with hearing or speech
impairments, helping to foster more inclusive communication.

Training and testing : The training and testing process in our project was essential to building a system that is both reliable
and accurate in translating American Sign Language motions into text and speech. We started by collecting and
preprocessing a structured dataset of ASL gestures, which included thousands of images representing hand signs for each
letter of the ASL alphabet. To improve the data quality, we standardized the images in terms of resolution, background, and
lighting. This helped reduce noise and made it easier for the model to learn meaningful patterns. Before feeding the images
into the model, we applied several image preprocessing techniques. This included grayscale conversion to simplify the input,
histogram equalization to enhance contrast, and normalization to scale pixel values between 0 and 1. These steps helped
speed up the training process by ensuring faster convergence and more stable learning. We employed data augmentation
methods like random rotation, flipping, zooming, and shifting to increase our model's generalizability and prevent overfitting.
These augmentations helped to artificially expand the diversity of our training set by simulating different hand orientations
and environmental conditions. This approach allowed us to better mimic the real-world variations in how gestures might be
presented, enhancing the model's resilience and situational adaptability. We used a Deep Convolutional Neural Network
(DCN) architecture for model training.This architecture included several convolutional layers for feature extraction, followed
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by max-pooling layers that reduced spatial dimensions and helped prevent overfitting. To further enhance regularization, we
incorporated dropout layers. A SoftMax classifier, which generates a probability distribution across the 26 ASL gesture
classes (A-Z), was the final step after the model went through fully connected dense layers. To gauge how well the model's
predictions matched the real labels, As the loss function, we used categorical cross-entropy.We selected the Adam optimizer
for optimization because it is effective and efficient for our task, handling sparse gradients and dynamically modifying
learning rates. The dataset was separated into three sets: testing (10%), validation (10%), and training (80%). The validation
set helped us identify and avoid overfitting by monitoring the model's performance throughout each epoch and fine-tuning
hyperparameters, while the training set was used to update the model's weights. We trained the model over several epochs,
and to ensure we didn’t overtrain, we implemented early stopping. This technique halted training if the validation loss started
to increase, ensuring we reached the model’s optimal performance without wasting resources or overfitting to the data. In
order to test the generalization of new inputs of the final model ability, we used data that are unseen. To obtain aexact and
complete understanding of the model's efficacy, we calculated important performance metrics like F1score,recall, accuracy,
precision. In addition, we used confusion matrix to pinpoint specific gesture classes where misclassifications occurred. This
gave us a better understanding of how well the model performed across the ASL alphabet, pointing out both the advantages
and disadvantages. Additionally, we conducted real-time testing using a webcam-based input system, where the trained
model processed live hand gestures frame by frame. This was made possible by integrating the CNN with a video stream
pipeline using OpenCV, allowing the system to continuously predict and convert recognized gestures into both text and
synthesized speech through a text-to-speech (TTS) engine. The system’s ability to perform accurately under real-time
conditions further validated its potential as a practical and scalable assistive communication tool for individuals with hearing
or speech impairments, making communication more accessible and inclusive.
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Fig No 6 Error Rate

Error Rate = (Number of Incorrect Predictions) / (Total Number of Predictions)
=(FP+FN)/(TP+ TN + FP + FN)

One important metric for assessing the effectiveness of our system for converting sign language to text and speech was the
error rate, which quantified the frequency of inaccurate predictions made by the model. In essence, the error rate is the
complement of accuracy and is computed by dividing the number of misclassified instances by the total number of
predictions. In gesture recognition, a low error rate is essential because even minor errors can result in misunderstandings or
miscommunication, particularly in delicate or significant situations. After the validation, training the model on a sizable
dataset of American Sign Language (ASL) gestures, we computed the error rate for our project. The model was then tested
on a separate, unseen test set to ensure an unbiased evaluation. Throughout experimentation, the error rate remained
consistently low, highlighting the model’s strong ability to distinguish between various ASL gestures. This success was
attributed to careful model design, data augmentation techniques to prevent overfitting, and real-time validation using live
video input. However, minor errors were observed with gestures that are visually similar, like 'M'and 'N' or 'U'and 'V', where
the finger placements differ only slightly. These small misclassifications contributed to the overall error rate, suggesting
areas where additional training data or refined feature extraction techniques could further boost accuracy. Despite these
minor inconsistencies, the system still demonstrated a high level of performance, with an error rate low enough to be
practically deployed as an assistive communication tool. We expect that with continued improvements in training data
diversity and further model fine-tuning, this error rate will decrease even more in future iterations.
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Gesture Interpretation Efficiency Formula:
GIE = (Accuracy x Confidence Score) / Inference Time
Where:
Accuracy = Correct predictions / Total predictions
Confidence Score = Average probability assigned to the predicted class
Inference Time = Time required to make a single prediction by the model (in seconds)

It serves as a comprehensive metric designed to evaluate both the accuracy and real-time responsiveness of a sign language
recognition system. Unlike traditional performance indicators that focus solely on accuracy or error rate, GIE accounts for
the dynamic demands of real-world applications, where speed, reliability, and accuracy must all be balanced to ensure
effective communication. This metric incorporates four key components: accuracy, frame rate, latency, and error rate.
Accuracy refers to the percentage of correctly recognized gestures, while frame rate denotes how many video frames the
system processes per second—an essential factor for capturing gestures smoothly and continuously. Error rate quantifies the
percentage of inaccurate predictions the model makes, whereas latency measures the average amount of time it takes the
system to recognize, categorize, and translate a gesture into text and speech output. By combining these elements, GIE
provides a more nuanced evaluation of system performance. A higher GIE score indicates a model that is not only accurate
in recognition but also efficient in processing and response time. This is particularly valuable in real-time environments such
as classrooms, hospitals, and public service centres, where immediate and reliable communication is crucial. The integration
of frame rate and latency into the performance metric encourages the development of systems that are optimized not just for
recognition quality but also for real-time usability. For example, a model with high accuracy but slow processing speed may
hinder natural interaction, whereas a model with slightly lower accuracy but faster response time and smoother frame
handling may deliver a more seamless user experience. As such, GIE serves as an important tool for developers aiming to
create sign language recognition systems that are practical, adaptive, and user-centric in real-world scenarios.

Sign Language Recognition Utility Index (SLRUI):
SLRUI = (F1 Score x Real-Time Responsiveness x User Satisfaction Score) / Error Rate
Where:

F1 Score measures the balance between precision and recall

Real-Time Responsiveness indicates the model’s latency performance

User Satisfaction Score is obtained from user feedback on usability

Error Rate represents the frequency of incorrect gesture classifications

Our project uses a new, comprehensive metric to reduce the total and usability of the system for converting sign language to
text to speech. While traditional performance metrics like precison, accuracy, and F1-score are crucial for assessing a model's
raw performance, they frequently fall short of capturing the larger picture of how a system functions from the viewpoint of
the user, especially in real-world scenarios. SLRUI addresses this gap by integrating both technical performance indicators
and human-centric factors into a single, unified evaluation score. In our implementation, SLRUI measures not only how
accurately the system can recognize ASL gestures but also evaluates how efficiently and comfortably it operates in real-time.
For instance, a model with high recognition accuracy may still provide a suboptimal user experience if it suffers from
excessive latency, sensitivity to background variation, or limited adaptability. By incorporating dimensions such as
robustness, responsiveness, and user-friendliness, SLRUI ensures that the evaluation reflects practical usability as well as
computational performance. This metric is particularly useful when assessing the system’s suitability for deployment in
diverse environments such as classrooms, healthcare facilities, and public service points where users may vary widely in
background, signing style, and technological familiarity. By assigning a numerical score that reflects both system efficiency
and user experience, SLRUI helps identify optimization opportunities that traditional metrics might overlook. In conclusion,
the Sign Language Recognition Utility Index elevates the performance evaluation framework by bridging the gap between
algorithmic success and real-world usability. It reinforces the project’s commitment not only to technological advancement
but also to inclusive design, accessibility, and practical impact, making it a crucial component in validating the system’s
deployment readiness.

Gesture Communication Impact Score (GCIS):
GCIS=(A/(1.5xCxUxX)x((L+E)/2+(1—-R)"2)

Where,

A = Accuracy (between 0 and 1), Boosted by power 1.5 to reward highly accurate systems exponentially.

C = Context Awareness Score (0 to 1), Measures how well the system adapts to variations like lighting, background, and
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signer style.

UX = User Experience Rating (1 to 10 scale), Based on subjective user evaluation of interface simplicity, comfort, and
satisfaction.

L = Latency (in seconds), Average time taken to process and respond to a gesture.
E = Error Rate (between 0 and 1), Measures how often the system misclassifies gestures.
R = Robustness (0 to 1), Indicates the system’s tolerance to distortions, environmental noise, and unexpected gestures.

Gesture Communication Impact Score (GCIS) is introduced in our project as a novel and advanced performance metric aimed
at evaluating the practical effectiveness of the Sign Language to Text and Speech Conversion system. Unlike traditional
metrics such as accuracy or error rate, which primarily focus on algorithmic correctness, GCIS integrates both technical
performance and real-world usability into a single, comprehensive score. This approach provides a deeper understanding of
the system’s actual impact on communication accessibility. GCIS takes into account not only how accurately the model
translates ASL gestures but also how efficiently and robustly it performs under real-life conditions. It reflects factors such
as response time, adaptability to varied backgrounds and lighting, and user interface intuitiveness. For example, a system
that performs well in controlled environments but struggles with latency or visual noise in dynamic settings would receive a
lower GCIS, thus penalizing features that hinder user experience and accessibility. By weighting such elements, GCIS
ensures that only systems that are both technically sound and practically reliable achieve high scores. Within our project,
GCIS is instrumental in benchmarking different iterations of the model and guiding ongoing refinement. It allows us to
identify trade-offs between speed, accuracy, and usability, helping prioritize enhancements that most improve end-user
experience. Most importantly, GCIS supports our overarching goal: to bridge the communication gap for individuals with
hearing or speech impairments using technology that is not only intelligent but genuinely assistive and inclusive. In essence,
GCIS represents a shift toward holistic system evaluation—one that values human-centered design as much as computational
precision—and serves as a critical tool in developing impactful, real-world communication solutions.

5. CONCLUSION

In this project, we designed and implemented a real-time approach that translates American Sign Language (ASL) hand
movements into both text and speech using a Deep Convolutional Neural Network (DCN) . The system directly addresses a
critical communication barrier faced by individuals with speech impairments or hearing defect, offering a practical solution
that bridges the gap between broader society and deaf community. By combining deep learning, computer vision and natural
language processing, the system interprets static ASL gestures and outputs clear, readable text and audible speech, enabling
smooth, bidirectional communication. During development, we utilized a carefully curated dataset of ASL gestures,
augmented with various preprocessing techniques to mimic real-world variability in hand shapes, orientations, and lighting.
By balancing model depth with regularization, our DCN architecture was tuned to extract rich, hierarchical features from the
input images using layers of convolution, pooling, and dropout. To ensure accurate and generalized learning, training was
guided by performance-focused strategies that used the Adam optimizer and categorical cross-entropy loss. We used common
classification metrics, such as accuracy, precision, recall, F1 score, and error rate, to assess system performance. The model
achieved a commendable accuracy of 94%, an F1 score of 92.5%, and a low error rate of just 6%, demonstrating strong and
consistent recognition capabilities across a broad range of ASL signs. Visual tools such as confusion matrices and
performance graphs helped identify specific gestures—such as 'M' and 'N'—that occasionally led to misclassification,
providing insight for further refinement. We also conducted comparative evaluations against alternative machine learning
models, including traditional CNNs, ResNet variants, Support Vector Machines (SVMs), and Random Forest classifiers. Our
DCN consistently outperformed these alternatives across all major metrics, proving its effectiveness for accurate and real-
time gesture recognition. In addition to its technical accomplishments, the system demonstrates how Al can revolutionize
inclusive communication. Future developments may include support for dynamic gesture sequences, sentence-level
translation, multilingual sign interpretation, and improved gesture segmentation through advanced NLP and computer vision
methods
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