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Abstract— We witness many people who face disabilities like being deaf, dumb, blind etc. They face
a lot of challenges and difficulties trying to interact and communicate with others. This paper presents
a new technique by providing a virtual solution without making use of any sensors. Histogram
Oriented Gradient (HOG) along with Convolutional Neural Network (CNN) have been implemented.
The algorithm recognizes the real-time image gestures, identifies the text, and gives voice output. In
this paper, we introduce a Sign Language recognition. The user must be able to capture images of
hand gestures using a web camera in this analysis, and the system must predict and show the name of
the captured image. The captured image undergoes series of processing steps, which include various
Computer vision techniques such as the conversion to gray - scale, and mask operation. Convolutional
Neural Network (CNN) is used to train our model and identify the pictures.

Keywords — Sign Language, Hand Gesture, Deaf People, Histogram Oriented Gradient (HOG),
Confusion Matrix, Convolutional Neutral Network (CNN).

I. INTRODUCTION

Communication plays a significant job in our lives, as it empowers us to share our considerations. We
as a rule impart through discouse, motions, non-verbal communication, composing, persuing, or
outwardly, discourse being one of the normally utilized among us. Albeit sadly, for individuals who
deal with talking and hearing issues, there is a tremendous problem in correspondence. Visual guides,
or different gadgets, are utilized for passing on message to them. Nonetheless, these sorts of strategies
are rather lumbering or costly, and cannot be utilized during crisis purposes. Communication through
signing essentially utilizes manual correspondence to pass on the message. Communication through
signing comprises of fingerspelling, what illuminates words character by character, and word level
affiliation, which includes hand signals that pass on the word meaning.

II. LITERATURE REVIEW

Understanding the precise meaning of deaf and dumb people’s symbolic gestures and converting into
understandable language (Text) and Voice. Hence, there is a need of a system, which recognizes the
different signs, gestures and conveys the information to the normal people. It bridges the gap between
physically challenged people and normal people.

This literature survey explores the intersection of sign language and artificial intelligence (Al),
focusing on recognition, translation, generation, and interpretation. The survey provides an overview
of key advancements in the field, referencing relevant research papers for each aspect.

A. Sign Language Recognition:

- Pfister et al. (2014) proposed a method for hand pose estimation using adversarial learning.[1]

- Cao et al. (2017) introduced a real-time multi-person 2D pose estimation approach using part
affinity fields.

- Athitsos et al. (2008) developed the UT Interaction Dataset for studying human-object interaction.
B. Sign Language Translation:

- Camgoz et al. (2018) presented a neural machine translation model for sign language.
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- Pu et al. (2020) proposed two-stream transformer networks for self-supervised learning on
spatiotemporal sign language data.

C. Sign Language Generation:

- Luo et al. (2019) introduced Sign Synth, a data-driven sign language video generation system.

- Neidle et al. (2019) discussed the creation and use of the ASL-LEX data resource for sign language
generation.[7]

D. Sign Language Interpretation:

- Stoll et al. (2019) demonstrated real-time neural sign language translation on mobile GPUs.

- Starner et al. (1998) developed a real-time American Sign Language recognition system using desk
and wearable computer based video.

III. EXISTING SYSTEM

There are a lot of problems due to which a system fails and there is a need for new systems that
overcome these problems. The major issue found in the existing systems is that, most of the
applications are sign language teaching apps and not sign language translation apps which can help
in the translation of the gestures into the language understood by everyone.[4] While some
applications can be used for the conversion to sign language and not vice-versa.

IV. PROPOSED SYSTEM
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Figure 1: Architecture of Sign Language recognition System

Our proposed system is sign language recognition system using convolution neural networks which
recognizes various hand gestures by capturing realtime gestures and converting it into frames. Then
the hand pixels are segmented and the image it obtained and sent for comparison to the trained model.
Thus our system is more robust in getting exact text labels of letters.

V. METHODOLOGY

The system will be implemented through a desktop with a 1080P Full-HD web camera. The camera
will capture the images of the hands that will be fed in the system.[8] Note that the signer will adjust
to the size of the frame so that the system will be able to capture the orientation of the signer’s hand.
Fig. 4.1 illustrates the conceptual framework of the system. When the camera captured the gesture
from the user in real-time. the system classifies the test sample and compares it with the stored
gestures folder, and the corresponding output is displayed on the screen for the user.
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Figure 2: Conceptual framework
A.Histogram Oriented Gradient (HOG)
Setting up with your hand histogram. You do not need to do it again if you have already done it. But
you do need to do it if the lighting conditions change.
B.Creating a gesture, Image Augmentation
Gathering of datasets for static SLR was done with continuous capturing of images using Python
OpenCV. Here, we created 44 gesture samples using OpenCV. For each gesture, I captured 1200
images, which were 50x50 pixels. All these images were in grayscale, which is stored in the gestures/
folder. The pictures were flipped using flip_images.py
C.Displaying all gestures
To see all the gestures that are stored in 'gestures/' folder run this command.
D.Training a model
So training can is done with Keras. By using cnn_keras.py file. python cnn_keras.py Then we have
the model in the root directory by the name cnn_model keras2.hS5.
We do not need to retrain your model every time. In case you added or removed a gesture then you
need to retrain it.
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Figure 3: Dataflow Diagram Sign Language recognition

The DFD is also known as bubble chart. It's a straightforward graphical representation utilized to
depict a system regarding its input data, the diverse processing performed on these data, and the
output data generated by the system. It delineates the information flow for any process or system,
illustrating how data is processed concerning inputs and outputs. Employing specified symbols like
rectangles, circles, and arrows, it illustrates data inputs, outputs, storage points, and the pathways
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between each destination. These diagrams can be employed to scrutinize an existing system or model
a new one.

A DFD can often visually communicate concepts that

might be challenging to articulate verbally, and they are effective for both technical and non-
technical audiences. There are four components in DFD:

« External Entity

* Process

+ Data Flow

« Data Store

VI. RESULT

VII. CONCLUSION

From classifying signs and numbers, the Virtual Sign Language Interpretation System can be
progressed to a system that can recognize dynamic movements in continuous sequences of images.
Nowadays, both researchers and developers are focusing their efforts on developing a wide
vocabulary for sign language recognition systems. They differ in their classification methods and
the model being trained for detecting sign language as each one of them uses their customized
working model. Because of the differences in sign language between countries and the conditions set,
fair comparisons between various models are limited. The majority of the country's sign language
variations are dependent on their grammar and how they portray each word.The proposed Virtual
Sign Language Interpretation system used to recognize sign language letters can be further extended
to recognize gestures facial expressions. Instead of presenting letter labels it would be more fitting to
display sentences as a more appropriate translation of language. This also increases readability. The
scope of different sign languages can be increased. Additional training data can be incorporated to
enhance the accuracy of letter detection. This project can further be extended.
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