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Abstract: Sign language is a main mean of communication among the people who are hearing and speech impaired. In spite of
its significance, there is communication void between users of sign language and the general population. The study is aimed at
creating a solution, which will automatically identify the sign language gestures based on the artificial intelligence approach.
The suggested system is based on the image processing and deep learning models to identify hand gestures and translate them
into the readable text. MobileNetV2 is a pre-trained deep learning model that is used with Teachable Machine to enhance the
accuracy and allow real-time gesture recognition. The system is designed to offer a convenient, effective and easily accessible
communication solution.

Keywords: Sign Language Recognition, Deep Learning, CNN, MobileNetV2, Teachable Machine, Computer Vision, Gesture
Recognition.

. INTRODUCTION
Communication is a significant aspect of life. Deaf and mute people use sign language to convey their ideas and thoughts. Sign
language is, however, unknown to most people thus posing a barrier to communication. Sign Language Recognition (SLR) systems
are designed to bridge this divide and translate hand gestures into text or speech. It is now possible to create systems capable of
identifying gestures with very high accuracy in real time with the development of artificial intelligence, and in particular, computer
vision. This research aims to create an efficient and accurate machine learning-based system that can recognize and categorize sign
language gestures.
1. LITERATURE REVIEW
Previous studies in sign language recognition primarily focused on rule-based systems and traditional machine learning techniques.
These methods involved hand feature extraction hence less efficient and less precise. Recent advances have brought about deep
learning algorithms, especially convolutional neural networks (CNNs), automatically identifying features in images. These models
are very effective in enhancing recognition and minimizing human input.
Two systems: There are two systems:
Camera-based systems, which involve taking of gestures through the use of cameras.
Sensor-based systems that use wearable devices such as gloves
Despite the effectiveness of deep learning models, there are still problems like light variability, complicated backgrounds, and
movement gestures.
1. METHODOLOGY
A. Data Collection
In this step, pictures of hand gestures that portray various signs including alphabets and numbers are gathered. All pictures are
identified by their respective gestures.
It contains a total of 35 gesture classes (digits, 1-9, and alphabets, A-Z). Per class, there are about 500-600 pictures, which were
gathered with the help of a webcam with Teachable Machine. The dataset has been diversified in terms of lighting conditions,
backgrounds, and orientations of hands to enhance the generalization capacity of the model.
B. Data Preprocessing
Raw pictures are manipulated and are then utilized in the model:
Resizing: All pictures are resized to a standard size.
Normalization: The pixel values are normalized between 0 and 1.
Noise Removal: The background noise has been eliminated to concentrate on the hand gesture.
This measure guarantees regular and tidy data, enhancing the functionality of the models.
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C. Model Development

A Convolutional Neural Network (CNN) is used for gesture recognition. CNNs are effective in image processing tasks as they
automatically detect important features such as edges, shapes, and patterns.

This study uses a pre-trained deep learning model, MobileNetV2, via Teachable Machine. MobileNetV2 is a lightweight network
that is to be used in real-time applications.

Transfer learning is used to train the model where the initially trained model is fine-tuned with custom gesture data. This saves time
on training and enhances accuracy.

D. Training and Testing

The data set is separated into training and testing sets.

Training Set: This is used to train the model.

Testing Set: This is used to test performance.

The model parameters are adjusted during the training process to reduce errors. This model is trained with the help of transfer
learning on MabileNetV2, and Teachable Machine automatically splits the dataset.
E. Prediction

After the training, the model is applicable in real time.

An image is captured in the system.

The image is preprocessed

The gesture is predicted by the model.

The gesture predicted is then translated to readable text.

F. Flow Diagram of Proposed System

Capture Image (Webcam)

Preprocessing (Resize,
Normalize, Noise Removal)
Feature Extraction
(MobileNetV2)
Gesture Classification
Convert to Text Output

Display Result
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IV.  SYSTEM ARCHITECTURE
The system records hand gestures with the help of a webcam. The acquired image undergoes preprocessing to eliminate noises and
normalize input size. The image is processed by a CNN model (MobileNetV?2) to extract features and classify the features according
to a set of categories of gestures. The resultant output is shown on the screen in the form of text.

V. RESULTS AND DISCUSSION
The system was very accurate when it detected the hand gestures at rest. The model was trained using about 17,500-21,000 images
of 35 classes.

Figure .5.1and 5.2 taking input
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Figure.5.3 checking the image with dataset and giving input
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The system with an accuracy of about 90-95 is an indication that MobileNetV2 is effective in extracting and classifying features.
But certain limitations were noted:
Problem with the recognition of dynamic gestures.
Light sensitivity and background sensitivity.
Mandatory a huge amount of data.
Evaluation Metrics
The model performance is measured with:
Accuracy
Loss
Confusion Matrix

VI.  APPLICATIONS
Human-computer Interaction: Instead of using a keyboard or mouse, these systems let people use hand gestures to talk to computers.
For instance, a person can tell the computer what to do by making gestures, and the computer will understand and do what the
person wants. This makes technology easier to use and more natural, especially for people with disabilities.
Educational Tools: You can use sign language recognition in learning apps to help students learn sign language. It can give feedback
in real time, which can help learners figure out if they are making the right gestures. It helps both deaf students and people who
want to learn how to sign.
Smart assistive Devices: You can use this technology in smart devices like smart glasses, mobile apps, and wearable gadgets. These
gadgets can instantly turn gestures into speech or text, making it easier for people to talk to each other anytime and anywhere. It
makes life better and gives people with hearing or speech problems more freedom.

VII. IMPLEMENTATION DETAILS
Tool: Teachable Machine.
Model: MobileNetV2
Input Device: Webcam
Output: Text
Platform: Web-based
VIIL. LIMITATIONS

Trouble with dynamic gesture recognition.
Sensitivity to environmental conditions
Reliance on the size of datasets.

IX. FUTURE SCOPE
It can also be improved in the future with real-time sentence recognition, integration of mobile applications, multi-language support
and the use of better models like transformers.
Contribution
This work introduces an easy to use, effective and inexpensive sign language recognition system based on transfer learning so that it
can be applied in real-time and in low-resource settings.

X.  CONCLUSION
Sign Language Recognition systems are a great way of enhancing communication among the hearing and speech impaired
individuals. Gesture recognition can be accomplished with high accuracy and in real-time because of the incorporation of deep
learning techniques.
Teachable machine + MobileNetV2 is a practical and efficient solution to gesture recognition systems.
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