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ABSTRACT

Sign language is the main form of communication for the community of people who are speech- and
hearing-impaired. The general public finds it very difficult to fully understand or interpret sign language. The
creation of a sign language recognition system is necessary to overcome this communication obstacle. Since
wearable sensors are the foundation of the majority of sign language identification systems now in use, most people
cannot afford the recognition system. Furthermore, not all of the spatial and temporal information needed for precise
recognition is taken into account by the vision-based sign recognition frameworks that are now in use. This paper
proposes a novel vision-based hybrid deep neural net methodology for custom sign gestures and American Sign
Language (ASL) recognition. The objective of the suggested framework is to provide a unified system for
monitoring and obtaining multi-semantic attributes, like non-manual components. include co-articulations by hand.
Besides, a Hybrid Deep Neural Network (HDNN) with atrous convolutions is used for spatial feature extraction
from the sign gestures. HDNN based on attention is utilized for the extraction of sequential and temporal features.
Moreover, altered auto encoders are used for the extraction of the unique abstract features. The hybrid attention
module is utilized in the discriminative feature extraction process to distinguish desired transition gestures from sign
gestures. Experiments with the innovative multi-signer ASL and custom sign language dataset have been conducted
to test the proposed model. The hybrid neural net architecture that is being presented, which uses HDNN in
particular, performs better than existing state-of-the-art frameworks for sign language recognition. Moreover, Flask
web is used to integrate a detection module that enables manual picture and sign input for real-time
acknowledgement.
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INTRODUCTION

Combining different vocal and instrumental sounds to The primary form of communication for people who
are hard of hearing or have speech impairments is sign language, or SL. Sign Language appears to have an
underlying structure and set of grammatical rules, much like any other language, that enable users to express
themselves and communicate effectively. Furthermore, non-manual articulations like eye gaze, facial expressions,
lip movements, etc., as well as manual components like hand motion and hand position are typically used to
communicate SL. The components of the multi-semantic feature are made up of both manual and non-manual
elements. The hearing community needs to put in a lot of work to master sign language, which necessitates creating
a system for sign language recognition (SLR). The following sign language datasets have recently been developed:
Indian Sign Language (ISL), American, Arabic, German, Chinese, Turkish, Bhutanese, Russian. SLR has been
thoroughly studied to assist hearing persons in understanding sign language and improve the quality of life for the
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community of people who are hard of hearing and speech impaired. The SLR frameworks are designed to identify
and detect sign language that a sign interpreter performs using a visual medium. Signer-dependent variations, local
and global elements, feature extraction from heterogeneous backdrops, multi-modality, occlusion, and movement
epenthesis are among the many issues that arise when building an SLR. Despite a great deal of research being done
on SLR, most problems are still unsolved. The majority of SLRs that have been created use numerous depth sensor
cameras, color-coded gloves, or wearable sensors to collect data, which makes it extremely difficult for signers to
communicate their signs in natural settings.

OBJECTIVE

The primary goal of this project is to create a Sign Language Recognition (SLR) system that can accurately
and economically recognize American Sign Language (ASL) as well as custom sign gestures. By maximizing
feature extraction with HDNN with atrous convolutions, attention-based methods, and enhanced auto encoders, we
hope to increase recognition accuracy. Furthermore, real-time identification will be made possible via the project's

Flask web-based detection module, opening up manual input for more generally accessible and practical

applications.

PROBLEM STATEMENT

In order to precisely translate American Sign Language (ASL) and unique sign motions, the project intends
to create a revolutionary vision-based sign language recognition framework utilizing a hybrid deep neural network

(HDNN) technique. The system will efficiently handle spatial and temporal complications by tracking and extracting

multi-semantic features, such as non-manual components and manual co-articulations, by utilizing cutting-edge deep

learning algorithms. HDNN with atrous convolutions will be used to extract spatial features, while attention-based

HDNN will handle the extraction of temporal and sequential features, allowing sign gestures to be dynamically

captured. To improve discriminative capabilities, modified auto encoders will be used for abstract feature extraction.

In order to differentiate between undesired transition motions and sign gestures, the system will also include a

hybrid attention module, which will increase recognition accuracy.

EXISTING SYSTEM

» The gesture recognition component of the current sign language recognition system (SLRS) helps signers and
non-signers communicate more easily. Using a deep learning strategy, the system applies computer-vision
methods. Of special note is the Indian Sign Language (ISL) dataset that was generated from 65 users in an
unmonitored setting.

» Three extra copies of each training image with different affine transformations are generated using data
augmentation, which also increases intra-class variance to improve generalization.

» With an accuracy of 92.43% on the self-collected ISL dataset, the model uses Convolution Neural Networks
(CNN) for feature extraction and ISL gesture classification. Recall, f-score, precision, and system processing
time are all included in the evaluation procedure.

Disadvantage of Existing System

» When working with dynamic components of sign language, where a detailed understanding of temporal patterns
is required, this could provide a problem.

» Lack of labelled training data could lead to reduced performance as it could be challenging to generalize.

»  They might not be as effective at handling sequential data.

PROPOSED SYSTEM

» The proposed system addresses the challenges faced by the community of individuals with speech and hearing
impairments by introducing a novel approach to sign language recognition. Our strategy is to provide an
affordable and easily accessible way for the general population to learn and interpret sign language.

» Our approach leverages vision-based technology and enhances both spatial and temporal information to
accomplish accurate recognition, in contrast to existing systems that rely on wearable sensors. The system also
features a user-friendly Flask web interface for real-time sign language recognition and manual photo entry.

Advantages of Proposed System

» Consciousness of intricate patterns and connections among several sign movements. This flexibility contributes
to improved accuracy, especially in capturing the vibrant motions and co-articulations that define sign language.

» The system's applicability can be strengthened and expanded by recognizing indicators provided by a variety of
individuals and in a variety of settings.

RELATED WORKS

Prior studies largely concentrated on wearable sensors or disregarded important temporal and spatial
information needed for the recognition of sign language. Although there are some vision-based methods, they
frequently have trouble capturing all of the semantic aspects of sign motions. While deep learning techniques like

CNNs and RNNs have been studied recently, a thorough framework for multi-semantic property extraction is still
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lacking. Validated on a novel multi-signer ASL and custom sign language dataset, our proposed methodology
combines HDNNs with atrous convolutions, attention mechanisms, and modified auto encoders to overcome these
drawbacks and achieve superior recognition performance, with real-time recognition enabled through a Flask web-
based detection module.
METHODLOGY OF PROJECT

In order to recognize American Sign Language (ASL) and unique sign movements, the research suggests using
a revolutionary vision-based hybrid deep neural network (HDNN) technology. The system attempts to precisely
capture the multi-semantic features of sign language by utilizing HDNN with atrous convolutions for spatial feature
extraction and attention-based HDNN for temporal and sequential feature extraction. Furthermore, abstract feature
extraction is performed using modified auto encoders, which improves discriminative power. Supported by the
integration of a Flask web detection module for real-time recognition, experimental validation on a multi-signer
ASL and custom sign language dataset indicates the superiority of the proposed framework over current state-of-the-
art approaches.
MODULES DESCSRIPTION:
1) Dataset

A customized dataset is meant to be used with the system's Multi-Cultural Sign Language Detection and

Recognition capabilities. Together with signs that match the English alphabet from A to Z, the collection also

includes extra signs like 'del' (delete), 'nothing', and'space’. The terms "work," "today," "time," "thank you," "rain,"
"practice,” "love," "internet," "home," "help,"” "hello," "happy," "game," "friends," "food," "family," "delete,"
"chocolate," "brave," and "beautiful” are also marked with indicators. There are a total of 29 classes for ASL and 20

classes for the Custom dataset.
2) Importing Required Libraries
The programming language of choice is Python, and the libraries needed for model building and training are
imported. These libraries include standard libraries like matplotlib, pandas, numpy, and tensorflow; additionally,
Keras is used for model building, scikit-learn is used for data partitioning, and PIL is used for image processing.
3) Finding and Preparing Images
Photos and captions are extracted from the assigned folder (train_folder). The images are subjected to
preprocessing operations such as numpy array conversion, scaling to (64, 64), and edge detection.
4) Dividing the Dataset
10% of the dataset is meant for testing, while 90% is meant for training.
5) Constructing the HDNN Model
A Hierarchical Deep Neural Network (HDNN) model is constructed with Keras. Dense layers, recurrent
layers (LSTM), flatten layers, and convolutional layers (Conv2D) with max-pooling make up the model architecture.
29 nodes are produced by the final dense layer, one for each of the 29 classes. A different HDNN from the last dense
layer creates 20 nodes that match the 20 classes by using the softmax activation function for multiclass
classification.
6) Educating the Model
Using the Adam optimizer and categorical cross-entropy loss, the model is built. On the prepared dataset, it
is then trained using the fit function. In addition to tracking the training process, accuracy and loss graphs are
displayed.
7) Accuracy on Test Set
The accuracy of the model is assessed on the test set following training, and it achieves a 99.7% accuracy rate.
8) Preserving the Trained Model
To store the trained HDNN model in an HDF5 file named "HDNNsign.h5," using the tensorflow Keras
model.save() method. This stage must be finished before deploying the model in production-ready environments.
Pickle library is also touted as a tool for storing the model as a.H5 file, although the provided code does not have the
actual implementation.
ALGORITHM USED IN PROJECT
» Hybrid Deep Neural Network (HDNN)-based Method
» The proposed method enables strong sign language identification by utilizing a novel vision-based hybrid deep
neural network. This system can recognize both custom sign motions and American Sign Language (ASL). An
enhanced method for extracting spatial information and providing a comprehensive understanding of the sign
gestures is a Hybrid Deep Neural Network (HDNN) equipped with atrous convolutions. Unlike traditional
LSTM, our approach leverages attention-based HDNN to effectively extract temporal and sequential
characteristics. Distinctive abstract features are extracted using modified autoencoders. The hybrid attention
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module is used to extract discriminative features and separate unwanted transition movements from sign
motions.

» The testing on a multi-signer ASL and custom sign language dataset shows that our proposed technique
performs better than previous state-of-the-art frameworks. The system's usability and accessibility are enhanced
by the use of Flask web, which enables real-time sign language identification with human input.
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FUTURE ENHANCEMENT

As a part of future work, we would like to extend our study toward continuous sign sentence recognition. We would
also like to design a framework for handling the segmentation ambiguities and moment epenthesis in continuous
sign language recognition. The isolated word gesture recognition framework could also be integrated to enhance
sign spotting from continuous sign video stream for recognition sign sentences from continuous sign gestures. We
also intend to increase the dataset and publicly publish it for further research.

CONCLUSION

By building an HDNN architecture, a novel Sign Language Recognition system has been constructed. The goal of
the suggested HDNN architecture is to extract non-manual and semantic manual co-articulations, which are essential
elements required for sign recognition. Accurate recognition also takes into account temporal, sequential, and spatial
information. Additionally, to distinguish between real and useless gestures, abstract and discriminative feature
extraction is also done. Afterwards, the real gestures are employed to identify the Sign gesture representations,
which minimizes the computational overhead. The ASL Dataset and newly developed Custom data have been used
to test the proposed HDNN architecture. The output shows a proficient and effective performance.
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