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Abstract—Hand sign detection is an emerging Al-driven
field aimed at improving communication for individuals
with hearing and voice impairments. This research
introduces a deep learning-based system that recognizes
hand gestures, changed them into text, and voice
output. The system utilizes OpenCV for image
processing, Mediapipe for hand tracking, and
TensorFlow/Keras to train a CNN for gesture
classification. Recognized gestures are mapped to text
and converted into speech using the pyttsx3 library.

A dataset of labeled hand images was collected and
preprocessed using augmentation techniques to enhance
model accuracy. The trained CNN achieved
approximately 90% accuracy in classification. However,
challenges such as lighting variations, hand size
differences, and complex backgrounds affect
recognition performance. The system currently
supports a limited set of gestures and does not handle
dynamic sign language. Future improvements will focus
on expanding gesture recognition, refining real-time
processing, and integrating NLP for full sign language
interpretation. Deployment on mobile and embedded
devices is also planned for broader accessibility.

I. INTRODUCTION

Communication is a very necessary for human
interaction, enabling individuals to express their
thoughts, emotions, and needs.

However, for people with speech and hearing
impairments,  verbal communication  presents
significant challenges.

This research focuses on developing a Hand Sign
Detection System using Python, which detects hand
gestures, converts them into text, and then transforms
the text into speech. By leveraging deep learning
techniques, this system tries to provide seamless
communication tool for individuals with speech
disabilities. The proposed solution consists of three
primary components:

1. Hand Gesture Recognition

2. Gesture Classification

3. Text-to-Speech (TTS) Conversion
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Need for Hand Sign Detection Systems

Traditional communication methods, such as writing

or using interpreters, are often inconvenient and time-

consuming. Al-driven hand sign detection eliminates

the need for third-party assistance by enabling direct

interaction between the user and their surroundings.

This technology has applications in various fields,

including:

e Education: Helping deaf students communicate
effectively in classrooms.

e Healthcare: Assisting doctors and nurses in
communicating with speech-impaired patients.

e Customer Service: Enabling businesses to
provide inclusive services for all customers.

Technologies Used in Hand Sign Detection

The Technologies used are as follows:

e OpenCV: it is used for processing images and
real-time video capturing.

e Mediapipe: it is used for detecting and tracking
hand landmarks.

e TensorFlow/Keras: used for training a CNN-
based classification model.

e Pyttsx3: For converting recognized text into
speech output.

Il. LITERATURE REVIEW

Hand sign detection has been a widely researched
topic in computer vision and artificial intelligence
(Al) due to its potential to bridge the communication
gap for individuals with speech and hearing
impairments. Traditional approaches to hand gesture
recognition relied on sensor-based gloves or marker-
based tracking systems, which, although effective,
were expensive and inconvenient [3] [8].

Early Approaches to Hand Sign Recognition

Early methods of hand sign detection primarily based
on wearable devices such as data gloves equipped
with motion sensors and accelerometers. Although
these methods provided high accuracy, they were
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limited by factors such as cost, comfort, and
usability. Marker-based methods were another
approach where users had to wear colored markers or
reflective materials on their fingers. These markers
helped cameras track hand movements with high
precision. However, such systems were not practical
for daily use, as users had to wear additional
hardware, limiting accessibility.

Advancements in Vision-Based Hand Gesture

Recognition

e Skin Color Detection: Early vision-based
systems used skin color segmentation to detect
hands in an image. However, these methods were
affected by lighting conditions and varying skin
tones, leading to inconsistent results.

e Edge and Contour Detection: Researchers
applied edge detection techniques, such as Canny
edge detection and contour analysis, to identify
hand shapes. While these methods improved
recognition accuracy, they struggled with
complex backgrounds and dynamic gestures.

Text-to-Speech (TTS) for Communication

Once a hand gesture is recognized and converted into

text, Text-to-Speech (TTS) engines can further

enhance accessibility by generating speech output.

Text-to-speech (TTS) systems integrated with sign

detection models enhance communication for

individuals  with  speech  impairments.[12][13]

Popular TTS technologies include:

e Google Text-to-Speech APl — A cloud-based
solution that converts text into natural-sounding
speech.

e Pyttsx3 — it allows customization of voice pitch
and speed.

e IBM Watson TTS — A deep learning-powered
speech synthesis tool that enhances voice clarity.

Challenges in Hand Sign Detection

e Lighting Variations: Poor lighting conditions
affect hand detection accuracy.

e Hand Pose Variability: Different users may sign
the same gesture in slightly different ways.

I1l. METHODOLOGY
The approach adopted in this research revolves
around developing a Hand Sign Detection System

capable of recorgnizing and  subsequently
transforming the text into speech. The system
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leverages computer vision, deep learning, and text to
speech conversion methodologies. Its implementation
follows a systematic process, encomprassing data
collection, preprocessing, model training, real-time
sign recognition, and speech synthesis.

START

DATA COLLECTION

| DATA PREPROCESSING |

| HANDDETECTION |

| MODELTRAINING |

TEXT-TO-SPEECH

REAL TIME
IMPLEMENTATION

| STOP |

System Architecture

The hand sign detection system consists of the

following components:

e Input Module — Captures real-time video using a
webcam.

e Hand Detection Module — Uses Mediapipe to
detect hands in frame and track their landmarks.

e Sign Recognition Module — Classifies the
detected gesture using a CNN.

e  Text Generation Module — Maps the recognized
gesture to a predefined word or phrase.

e Speech Synthesis Module — Converts the text to
voice using pyttsx3 (TTS engine).

Data Collection

The key steps used in data preprocessing include:

e Image Resizing: Standardizing pictures to a
particular size (e.g., 300x300 pixels).

o Normalization: Scaling pixels values between 0
and 1 for better CNN performance.

e Data Augmentation: Applying rotation, flipping,
and brightness adjustments to enhance model
generalization.
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Figure 1: Data collection

Hand Detection and Feature Extraction
Hand Detection and Feature Extraction is processed
As shown in Figure 2:

Figure 2: Hand Detection and Feature Extraction

Dataset and Model Training

The success of a hand sign detection system depends
heavily on the quality of the dataset, model used for
classification. This section details the dataset
collection, preprocessing steps, and model training
process.

a) Dataset Collection

The following methods were used to collect the

dataset:

e Public Datasets: Pre-existing hand gesture
datasets, such as American Sign Language
(ASL) datasets, were used to supplement the
data.

e Custom Data Collection: Images were captured
using a webcam under different lighting
conditions, backgrounds, and hand orientations
to improve model generalization.

e Data Sources: The dataset included images from
real users to ensure diversity in different hand

IJIRT 174040

shapes, sizes of hands, and skin tones different
people.

Each image was labeled according to the sign it
represented. The dataset consisted of:

20,000+ images covering multiple hand gestures.
Multiple angles and lighting conditions to
improve real-world accuracy.

Balanced data distribution to avoid class bias.

b) Data Preprocessing

The CNN model learns effectively and the dataset
was preprocessed using the following techniques:

e Resizing: All images were resized to 300x300
pixels to maintain uniformity.

Grayscale  Conversion  (Optional):  Some
experiments were performed with grayscale
images to reduce computational complexity.
Normalization: Pixel values scaled between 0
and 1 to speed up training. Normalization
techniques such as pixel scaling and data
augmentation enhance model accuracy by
reducing overfitting [6] [7].

Data Augmentation:

o Rotation (¥15 degrees) — Helps the model
recognize signs from different angles.

Flipping (Horizontal/Vertical) — Ensures the
model works for left and right hands.

o Brightness Adjustment — Simulates different
lighting conditions.

O

Model Architecture

The CNN model consists of different layers followed
by max-pooling and dense layer, which together
contribute for improved feature extraction and pattern
recognition of different hand gestures [4][5][11]. The
CNN model used in this project had the following
architecture:

e Input Layer

e Convolutional Layers

e RelLU ActivationMax Pooling Layers

e Flattening Layer

e Fully Connected Layers (Dense Layers)
e  Qutput Layer

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 4531



© March 2025 | IJIRT | Volume 11 Issue 10 | ISSN: 2349-6002

Comparison of Different Machine Learning Models
for Gesture Recognition:
Shown in Figure 3:
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Figure 3: Comparison of Different Machine Learning
models for Gesture recognition

Model Training Process

Once the dataset was preprocessed and the CNN
architecture was defined, the model was trained using
the following parameters shown in figure 4

* The dataset was loaded into TensorFlow/Keras for data
training.

* The CNN model learned to recognize patterns in hand
images.

o After each epoch, model accuracy and loss were
monitored.

o Early Stopping was used to prevent overfitting.

¢ The trained model was saved for real-time deployment.

Figure 4: Model training process
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Text-to-Speech (TTS) Conversion
Once a gesture is recognized, it is mapped to its
corresponding text. This text is then converted into
speech using the pyttsx3 library, which provides
offline voice synthesis. The system allows
customization of speech rate, pitch, and volume to
improve clarity.

Real-Time Implementation

The trained model was integrated with OpenCV for
real-time video processing. The system captures live
video, detects hand gestures, and instantly provides
text and speech output. The entire process is
optimized for low-latency performance, ensuring
smooth user interaction as shown in figure 5:

Figure 5: Real Time Detection

Text-to-Speech (TTS) Integration

The last stage of the Hand Sign Detection System is
converting recognized hand Sign into text and then
into voice. This step is essential for making the
system accessible to individuals with speech
disabilities, allowing them to communicate more
effectively. Integrating Text-to-Speech (TTS) with
hand gesture recognition enables seamless
communication, especially for speech-impaired
individuals, by converting recognized signs into
spoken words[16].

Implementation of TTS in Python

Once a hand sign is recognized and converted into
text, the system uses pyttsx3 to generate speech
output. Below is a step-by-step implementation:

Step 1: Install pyttsx3

First, install the pyttsx3 library if it is not already
installed:

Pip

Step 2: Initialize the TTS Engine
The pyttsx3 engine is initialized to set up the speech
synthesis system:

xS initl)

Step 3: Customize Voice Settings
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Users can modify voice type, speaking rate, and
volume as per their preferences:

Step 4: Convert Text to Speech
Once the hand sign is recognized and converted to
text, the system reads it aloud:

Real-Time Integration with Hand Sign Detection

The TTS engine is integrated into the hand sign

detection pipeline as follows:

e Hand sign is detected using OpenCV and
Mediapipe.

e  Gesture is classified by the CNN model.

e Mapped text output is displayed on the screen.

e Text is sent to the pyttsx engine,which reads it
aloud.

Text-to-Speech (TTS) Comparison
Shown in Figure 6:
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Figure 6: Text - to - Speech Comparision
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IV. CONCLUSION

The system efficiently detects hand gestures using
OpenCV and Mediapipe, classifies them through a
trained Convolutional Neural Network (CNN), and
converts recognized
signs into speech using the pyttsx3 library.

Despite achieving best accuracy and real-time
performance, the system has limitations, such as
difficulties in detecting dynamic gestures, handling
complex backgrounds, and recognizing multiple
hands in a single frame. Additionally, the text-to-
speech component currently supports
only English, and the generated voice remains robotic
compared to advanced Al-driven TTS systems.
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