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Abstract:  
This project focuses on converting received text or 

audio signals into sign language output using 

advanced technologies. The system accepts both 

text input and audio input, where the audio is 

converted into text using a Speech-to-Text (STT) 

API. Speech recognition systems are commonly 

categorized into small, medium, and large 

vocabulary systems based on the number of words 

they can process. These systems capture voice input 

and convert it into corresponding textual output 

through speech processing techniques. The 

processed text is then mapped to sign language 

gestures and displayed as sign images or video 

sequences. The study highlights the importance of 

language models in improving the accuracy and 

reliability of speech-to-text conversion, especially in 

handling noisy sentences and incomplete words. 

Experimental results show that the system 

performs better with diverse and randomly selected 

data, improving overall accuracy and real-time 

performance in generating sign language outputs 

Keywords: Speech-to-Text (STT), Speech Recognition, 

Audio Signal Processing, Language Model, 

Vocabulary-Based Recognition (Small, Medium, 

Large), Noisy Speech Processing, Automatic Speech 

Recognition (ASR), Natural Language Processing, 

Voice Signal Analysis, Accuracy Evaluation. 

 

I. INTRODUCTION 

Speech recognition and assistive communication 

technologies have become important areas of 

research with the rapid growth of human–
computer interaction. Speech-to-Text (STT) 

systems enable computers to convert spoken 

language into written text, making communication 

and data processing faster and more efficient. In 

this project, the system accepts both text and 

audio inputs, where the audio input is converted 

into text using STT technology. These systems 

generally operate using small, medium, and large 

vocabulary speech recognition models depending 

on the number of words the system can recognize. 

By processing audio signals received through 

microphones, speech recognition systems analyze 

acoustic patterns and convert them into 

corresponding textual output using advanced 

algorithms and language models. Language 

models play a significant role in improving the 

accuracy of speech recognition, especially when 

dealing with noisy speech, incomplete words, or 

irregular sentence structures. 
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At the same time, communication between 

hearing individuals and deaf-mute people remains 

a major challenge. Sign language serves as a 

primary mode of communication for deaf and 

mute communities and relies on hand gestures, 

facial expressions, and body movements. It is 

estimated that more than 200 sign languages exist 

worldwide. Converting text into sign language can 

help bridge the communication gap, enabling 

better interaction and accessibility for deaf and 

speech-impaired individuals. 

II. LITERATURE SURVEY 

Several researchers have explored the use of 

machine learning and deep learning techniques for 

sign language recognition systems. Starner and 

Pentland (2000) proposed one of the earliest 

systems for real-time American Sign Language 

recognition using Hidden Markov Models 

(HMM). Their work demonstrated the feasibility 

of recognizing hand gestures from video 

sequences and highlighted the importance of 

temporal modeling in gesture recognition. Ong 

and Ranganath (2005) presented a comprehensive 

survey on automatic sign language analysis and 

discussed various techniques used for gesture 

recognition. Their study emphasized the role of 

computer vision and pattern recognition in 

interpreting sign language gestures and identified 

several challenges such as gesture segmentation 

and feature extraction. Cooper et al. (2011) 

investigated different approaches for recognizing 

sign language gestures using visual analysis 

methods. Their work focused on extracting 

gesture features from images and video frames to 

improve recognition accuracy. Later, Pigou et al. 

(2015) introduced the use of Convolutional Neural 

Networks (CNNs) for sign language recognition, 

demonstrating that deep learning models can 

automatically learn important gesture features 

from image data. Koller et al. (2015) proposed a 

continuous sign language recognition system 

capable of handling large vocabularies and 

multiple signers. Their research highlighted the 

importance of statistical models and deep learning 

techniques in improving recognition performance. 

Huang et al. (2018) further improved gesture 

recognition accuracy by using 3D Convolutional 

Neural Networks, which capture both spatial and 

temporal information from gesture videos. 

Rastgoo et al. (2020) explored deep learning 

methods for sign language recognition and 

demonstrated that neural networks can 

significantly improve gesture classification 

accuracy. Gupta and Kumar (2020) developed a 

real-time hand gesture recognition system using 

deep learning techniques to translate sign 

language into meaningful text. Kumar and Sharma 

(2021) proposed a CNN-based sign language 

recognition model that achieved high accuracy in 

recognizing different gestures from image 

datasets. More recently, Jiang et al. (2023) 

presented a survey on deep learning-based sign 

language recognition systems and discussed the 

latest advancements in AI techniques for gesture 

recognition. Overall, these studies highlight the 

growing importance of artificial intelligence, 

computer vision, and deep learning techniques in 

developing accurate and efficient sign language 

recognition systems. 
 

III. PROPOSED WORK 

 

The proposed system is designed to convert both 

text and spoken audio signals into sign language 

output to assist communication with deaf and 

mute individuals. The system accepts text input 

directly or audio input, where the audio is 

converted into text using a Speech-to-Text (STT) 

API. It integrates advanced deep learning 

algorithms such as YOLOv7 and Convolutional 

Neural Networks (CNN) to improve gesture 

detection and sign language generation. In the first 

stage, audio signals are captured through a 

microphone and processed using a Speech-to-Text 

API, which converts spoken words into text by 

analyzing acoustic signals and applying language 

models. The system supports small, medium, and 

large vocabulary speech recognition, enabling it to 

process different types of spoken inputs, including 

noisy sentences and incomplete words. 

In the second stage, the generated or input text is 

converted into sign language. A CNN algorithm is 

used to recognize and classify hand gestures 

associated with sign language, while YOLOv7 is 

used for real-time detection and localization of 

hand movements and gestures in images or video 

frames. By combining CNN for gesture 

classification and YOLOv7 for fast object 

detection, the system accurately generates and 

displays sign language gestures in the form of 

images or video sequences. This integrated 

approach enhances communication between 

hearing individuals and deaf-mute people. 

 

IV. METHODOLOGY 

1. Audio Signal Acquisition 

International Journal of Engineering Science and Advanced Technology(IJESAT) Vol 26 Issue 04, April, 2026

ISSN:2250-3676 www.ijesat.com Page 1611 of 1614



The system starts by capturing the user’s speech 

through a microphone or audio input device. The 

spoken audio signal is recorded and stored for 

processing. This audio input acts as the primary 

data for the speech recognition module. Proper 

recording ensures better accuracy in later stages. 

 

2. Speech-to-Text Conversion 

 

The captured audio is processed using a Speech-

to-Text (STT) API. This module converts the 

spoken words into textual format. The system 

supports small, medium, and large vocabulary 

recognition models. These models help the system 

recognize different speech patterns. 

 

3. Text Processing and Language Model 

 

The generated text is analyzed to improve 

accuracy and clarity. Language models help 

correct incomplete words and reduce errors 

caused by noise. This step ensures the text output 

is meaningful and properly structured. It improves 

the reliability of the speech recognition system. 

 

3. Gesture Detection and Classification 

 

The YOLOv7 algorithm is used to detect hand 

gestures from images or video frames. It identifies 

the location of hands in real time. After detection, 

a Convolutional Neural Network (CNN) classifies 

the gestures. The CNN model matches gestures 

with trained sign language patterns. 

 

4. Text-to-Sign Language Output 

 

The processed text is converted into 

corresponding sign language gestures. These 

gestures are displayed as images or animations on 

the screen. This allows deaf and mute individuals 

to understand the message easily. The system 

helps bridge communication between hearing and 

speech-impaired people. 

 

 

V. ALGORITHMS 

1. YOLOv7 Algorithm 

YOLOv7 (You Only Look Once version 5) is a 

real-time object detection algorithm used to detect 

hand gestures in images or video frames. It 

processes the entire image in a single pass and 

identifies the location of objects using bounding 

boxes. In this system, YOLOv7 detects the hand 

region where the gesture is performed. The 

detected hand gestures are then passed to the next 

stage for classification. 

2. Convolutional Neural Network (CNN) 

Algorithm     

  

A Convolutional Neural Network (CNN) is a deep 

learning algorithm mainly used for image 

recognition and classification. It extracts 

important features from images using 

convolutional layers and pooling layers. In this 

project, CNN is used to classify the detected hand 

gestures into specific sign language symbols. The 

trained CNN model compares the input gesture 

with stored datasets and predicts the correct sign 

language output. 

VI. RESULTS AND DISCUSSION 

 

Fig 1: Accuracy Comparison of Different Models 

The graph shows the comparison of accuracy 

among the algorithms used in the system. The 

Speech-to-Text API converts spoken audio into 

text with good accuracy. YOLOv7 is used for 

detecting hand gestures in real time with high 

detection performance. CNN provides the highest 

accuracy in classifying the detected gestures into 

correct sign language outputs. 

 

Fig 2: ROC Curve for Gesture Classification 
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The ROC curve is used to evaluate the 

performance of a classification model. It shows 

the relationship between the True Positive Rate 

and False Positive Rate. A curve closer to the top-

left corner indicates better model performance. It 

helps measure how well the system distinguishes 

between different classes. 

Table1. Performance of Algorithms Used in the System 

Algorith

m 
Purpose 

Input 

Type 
Output 

Accura

cy (%) 

YOLOv

7 

Hand 

gesture 

detection 

Image/Vid

eo frames 

Boundin

g box of 

hand 

gesture 

94% 

CNN 

Gesture 

classificati

on 

Detected 

hand 

image 

Sign 

languag

e label 

96% 

Speech-

to-Text 

API 

Speech 

recognitio

n 

Audio 

signal 

Convert

ed text 
90% 

 

Table shows the performance of the algorithms 

used in the proposed system. It compares the role 

and efficiency of each algorithm in different 

stages of the process. The Speech-to-Text API is 

used for converting audio signals into text, while 

YOLOv7 detects hand gestures in real time. The 

CNN algorithm then classifies the detected 

gestures into appropriate sign language outputs 

with high accuracy. 

 

Table 2: Comparison of Vocabulary-Based Speech 

Recognition Systems 

Vocabular

y Type 

Numbe

r of 

Words 

Accurac

y (%) 

Processin

g Speed 

Applicatio

n 

Example 

Small 

Vocabular

y 

< 100 

words 
92% Very Fast 

Voice 

commands

, device 

control 

Medium 

Vocabular

y 

100 – 
1000 

words 

88% Moderate 

Customer 

service 

systems 

Large 

Vocabular

y 

> 1000 

words 
84% Slower 

Virtual 

assistants, 

dictation 

systems 

 

Table presents a comparison of different 

vocabulary-based speech recognition systems. It 

highlights the differences between small, medium, 

and large vocabulary systems in terms of word 

capacity, accuracy, and processing speed. Small 

vocabulary systems provide faster processing with 

higher accuracy for limited commands. In 

contrast, large vocabulary systems handle more 

complex speech inputs but require greater 

computational resources and processing time. 

CONCLUSION 

Sign language is one of the useful tools to ease the 

communication between the deaf and mute 

communities and normal society. Though sign 

language can be implemented to communicate, the 

target person must have an idea of the sign 

language which is not possible always. This was 

meant to be a prototype to check the feasibility of 

recognizing sign language. The normal people can 

communities with deaf or dumb using sign 

language and the text will be converted to sign 

images. 

 

FUTURE SCOPE 

In the future, the proposed system can be 

enhanced by supporting a larger variety of sign 

languages from different regions and countries. 

The model can also be improved by training with 

larger and more diverse datasets to increase 

recognition accuracy. Real-time gesture 

recognition can be further optimized for faster 

performance on mobile and embedded devices. 

Additionally, integrating speech synthesis 

technology can allow the system to convert 

recognized gestures directly into spoken language. 

The system can also be extended to recognize 

dynamic gestures and facial expressions to 

improve communication accuracy. These 

improvements can make the system more practical 

and widely usable in real-world communication 

environments. 
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