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Abstract 

This is because communication mainly depends on sign language, which deaf and hard-of-hearing people rely upon to 

express themselves. However, the complexity and diversity of sign languages worldwide range from 138 to 300 different 

sign languages-all of which are different another barrier against inclusion. This overview discusses the development and 

analysis of Real-Time Sign Language Translation Systems from 2017 to 2021. Features include convolutional neural 

networks, bidirectional LSTM, and BERT transformers for gesture recognition, and language translation techniques are 

employed. So, techniques for L2 regularization are used there to avoid overfitting. In turn, these increase generalization 

performance. The proposed models also include media pipe for feature extraction promising results on standard datasets 

like INCLUDE-50, with a result of 89.5%. Moreover, this paper sums up how IoT can achieve this by bridging 

communication gaps. At the same time, it also showcases a framework for smart accessible, and voice-independent 

systems differently catering to these unique needs of the deaf and dumb community. It facilitates the development of 

tools to enhance communication between sign language users and the rest of the hearing world. 

Keywords: Sign Language Recognition Gesture-Based Controls Convolutional Neural Networks (CNNs) LSTM BERT 

Transformers Media pipe Overfitting IoT Deaf and Dumb INCLUDE-50 Dataset Real-Time Translation Accessibility 

Technology. 

 

1. Introduction 

Deaf and hard-of-hearing individuals depend on 

sign language for communication within their 

community and with the hearing world. Sign 

language is a structured visual language that 

relies on gestures, expressions, and movements 

to convey meaning [1]. While communication 

between two individuals proficient in sign 

language is seamless, significant challenges 

arise when deaf individuals attempt to 

communicate with those unfamiliar with their 

language. This knowledge gap often results in 

isolation and restricted access to information 

and resources. Over the years, various systems 

and software have been developed to bridge this 

communication gap by translating sign language 

gestures into text or animations. Such 

advancements are intended to enhance the 

quality of life for deaf individuals by improving 

access to communication and information [2]. 

Nevertheless, despite growth in usage and 

interest in SLR technology, the complexity and 

variability of gestures remain significant 

challenges. 

 

Researchers have intensely studied hand 

movement recognition and translation to 

alleviate these issues. 

 

Modern-day solutions use machine learning and 

deep learning techniques that enhance gesture 

interpretation. A common problem in models is 

overfitting whereby the system memorizes the 

training data rather than gaining generalized 

patterns. Techniques, such as L2 regularization, 

help encourage more simplistic patterns and 

enhance the ability to handle unseen data [3]. 
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This technique improves the overall correctness 

of gesture recognition, making better 

communication between deaf people and the 

public possible. Although voice-controlled and 

natural language processing systems are in 

development, most IoT solutions, especially 

those involving smart home technology, remain 

out of reach to the deaf and mute communities. 

These systems are voice-centric, leaving out all 

the individuals who use either visual or non-

verbal communication modes. 

 

Technology should be inclusive; therefore, it is 

an ethical imperative to ensure that the systems 

work for all users, including those who are deaf 

and mute. Statistics put a sense of urgency on 

this issue: 3 out of every 1,000 children born in 

the United States are deaf or mute, and many 

more acquire these conditions later in life 

[39,40]. Globally, over 430 million people 

experience disabling hearing loss, a number 

projected to exceed 700 million by 2050. 

Beyond communication barriers, hearing loss 

and speech disabilities greatly impact education 

and social and emotional development. Children 

with such impairments often face difficulties in 

their academic and social lives because of the 

absence of effective communication mediums. 

Moreover, these disabilities cause reduced 

productivity and financial instability, thus 

underlining the critical need for accessible 

solutions [20]. This we try to achieve by 

exploiting a widely used smartphone technology 

so that real-time translation of sign language can 

be established. 

 

The system would then capture hand 

movements by employing the smartphone 

camera, thus converting them into text or audio. 

 

This process requires extracting key features 

from video, either live or recorded, segmenting 

gestures, and decoding them as alphabets and 

sentences by deep learning-based algorithms. 

The process of translation aids in smooth 

communication between the deaf and the 

hearing community. This paper contributes to 

scalable deep learning models for Indian Sign 

Language (ISL) recognition using the 

INCLUDE50 dataset [21,22]. We explore 

pipelines that integrate pre-trained pose 

detection models for feature extraction and then 

decoding with deep learning models. The 

proposed system also has an application through 

which users can upload videos or live feeds for 

sign prediction. 

 

In making all the pre-trained models and codes 

public, this work looks forward to contributing 

to inclusive technology for the deaf and mute 

community. In summary, the integration of sign 

language recognition with smart technologies is 

an inclusive and scalable solution to address 

communication challenges for deaf individuals 

to better participate in society, thereby bridging 

the linguistic communities. 

 

2. Literature Review 

The field of Sign Language Recognition (SLR) 

has grown very much, taking into consideration 

the hardware and software evolutions. Below is 

the synthesized literature review that throws 

light on key developments, methodologies, 

challenges, and datasets in this domain: 

 

1. Importance and Evolution 

 

SLR tries to bridge the communication gap 

between the deaf, mute, and hearing people. In 

its early days, research on SLR had a primary 

focus on simplistic hardware approaches, like 

gloves with sensors; however, it has transitioned 

more toward using techniques like machine 

learning and deep learning techniques involving 

CNNs and hybrid models to attain higher 

accuracy and scalability [19]. 

 

2. Methodology 

 

2.1 Techniques for Deep Learning 

Models with CNN: Large CNN models have 

been good enough to classify static hand 

gesture-based American Sign Language and, in 

fact, also reported large datasets. Often 

overfitting occurs with these, and L2 

regularization together with some data 

augmentation techniques are very good 

remedies. 

Hybrid Models: The CNNs are combined with 

Long Short-Term Memory (LSTM) networks, 

which enhance dynamic sign recognition, such 
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as Arabic Sign Language (ArSL) [18]. They 

capture spatial and temporal features for better 

performance. 

Capsule Neural Networks: They are used for 

low-resolution images. These models 

outperform CNNs in recognizing rotations and 

scaling in gestures. 

Graph Convolutional Neural Networks 

(GCNN): GCNNs are good for processing large 

datasets. They balance computational demands 

and accuracy, making them suitable for mobile 

and virtual reality applications. 

 

2.2 Vision-Based Approaches 

Using cameras and image processing techniques 

such as Median and Gaussian filters for 

segmentation. 

Utilization of algorithms such as SIFT, SURF, 

and DWT for extracting features combined with 

PCA and LDA to reduce dimensions. 

Background subtraction techniques and canny 

edge detection can be used to preprocess data 

[4,5]. However, because the background is 

static, their usage is limited. 

 

2.3 Hardware-Based Systems 

Flex Sensors and Gloves: It is one of the 

popular systems that were used in early works. 

The systems convert hand movements into text 

or speech with the use of microcontrollers like 

ARM7 and Raspberry Pi. These systems possess 

an accuracy of up to 99% but have drawbacks of 

portability and scalability. 

3D Motion Sensors: Accelerometers and 

gyroscopes can be used together with path 

recognition algorithms for gesture recognition. 

These are limited by the processing speed and 

size of the dataset. 

 

2.4 Transfer Learning 

Models with TensorFlow and bottleneck 

features have reduced computational 

complexity by transferring learned knowledge 

between tasks. Such approaches seem promising 

toward having a reduced training time with loss 

of accuracy. 

 

3. Problem Statements of SLR 

 

Overfitting: Generalization is harmed through 

over-reliance on training data. Regularization, 

dropout layers, and data augmentation could 

help. 

Environmental Variations: Various lighting, 

hand poses, and backgrounds are affecting 

models. 

Dataset Limitations: Most sign language 

datasets are region-specific, small, or lack 

diversity, and this affects model robustness [25]. 

Real-Time Applications: The current models 

usually process frames or gestures very slowly, 

so they are not very helpful for smooth 

communication. 

Scalability: Hardware-dependent models (such 

as glove-based systems) limit adoption and need 

region-specific adaptation. 

 

4. Datasets 

 

4.1 Standard Datasets 

ASLLVD: Comprises 3,300 unique signs for 

ASL, mainly used for benchmarking. 

MS-ASL Consists of 1,000 words and 222 

signers, hence larger diversity than ASLLVD. 

 

4.2 Indian Sign Language (ISL) 

There are a few small-scale datasets 

available: for example, INCLUDE and 

INCLUDE-50, which include 263 classes and 

4,287 videos. Nevertheless, the quality and scale 

of such datasets are usually not large enough to 

train robust DL models [26]. 

ISL Video Datasets: Grayscale, cropped videos 

limited to hand regions, but no standardization 

for wider use. 

 

5. Trends and Innovation 

 

Multimodal Systems: Visualization of data 

combined with other inputs, for example, facial 

expression, increases comprehension. 

Real-Time Processing: Algorithms like Media 

pipe Holistic extract pose information for 

dynamic sign recognition. 

Virtual Reality Integration: Hand gestures as 

inputs for interactive systems are gaining 

popularity but are still computationally 

intensive. 

http://www.ijsrem.com/
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Unified Algorithms: Regional sign languages 

are transitioning to global solutions that meet 

user and device preferences. 

 

3. Problem Statement 

Their reliance on sign language as the primary 

tool of communication greatly hinders the 

means of communication between the deaf and 

mute population and the hearing population 

[14]. Sign language is an effective tool of 

communication in the deaf community, but it is 

a barrier to communicating with other people 

who do not know this visual language. This 

communication gap often leads to social 

isolation, emotional distress, and academic 

challenges and limited opportunities in careers 

for deaf and mute individuals. 

 

Even though real-time translation tools for 

languages are greatly improving with the 

enhancing effects of technology, virtually no 

efforts are being used in the integration of those 

translator systems into the sign translation field 

[6]. Some of the developed machine learning 

models for the sign language translation systems 

could not start gaining momentum because 

those had issues like low scalability and a 

tendency of overfitting in the developed 

machine learning model, which results in poor 

generalization abilities across different sign 

languages or gestures. 

model 

Moreover, while smart home technologies, 

voice control systems, and IoT solutions have 

been the recent buzz in people's lives, such 

systems are primarily designed for people with 

no hearing or speaking disability. This has 

further excluded the deaf and mute community, 

who could not enjoy the benefits of 

technological revolutions. The contemporary 

systems are also not user-friendly for the deaf 

and mute communities, where they cannot 

interact easily with devices in normal situations 

of life [15]. Hearing loss statistics show how 

desperately it needs to be addressed. 

WHO estimated the above 5% segment of the 

world population and in total of 430 million 

have some degree of impairments which in turn 

would require rehabilitation whereas the said 

figure is expanded to above 700 million 

numbers in the year 2050. Plus, the spoken flaws 

accompanied disabilities; therefore, these 

complications, too, come in large numbers. Lack 

of communication access becomes an important 

academic as well as social challenge not only to 

the child who is born with this impairment but 

also to the one who develops it. For such cases, 

there must be an efficient and effective system 

to provide communication accessibility for the 

deaf/mute population and the mainstream world. 

Leverage of accessible technologies, such as 

smartphones and IoT-enabled devices, 

combined with scalable deep learning models, 

can revolutionize how sign language is 

translated and understood [16]. 

 

Through machine learning-based algorithms, 

sign language can be detected and interpreted to 

text or even speech in real-time integration with 

IoT systems to bring about smooth interaction. 

This study develops a robust solution for 

enhancing accessibility and communication for 

the deaf and mute community. This research is 

based on designing an easily scalable system 

capable of generalization over various sign 

languages. From this point of view, the project 

is focused on social inclusion, better education 

and career opportunities, and equal access to the 

benefits of modern technology for the deaf and 

mute population [38]. 

 

4. Methodology 

The proposed methodology emphasizes 

exploiting advanced technologies such as deep 

learning and IoT, which are exploited to bridge 

this communication gap for deaf and mute 

people with the help of real-time sign language 

recognition (SLR). As follows, the development 

steps have been mentioned in detail. 

 

1. Collection and preprocessing of data 

 

Choose a dataset: Use publicly available 

datasets such as INCLUDE50; otherwise make 

your custom-built dataset targeting a particular 

sign language, Indian Sign Language, or 
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American Sign Language [23]. 

Annotation and data augmentation: Make use 

of proper lettering or wording for representing 

signs and incorporate techniques of data 

augmentation, for instance, rotating, flipping, 

and scaling. 

Detect Pose: Utilize the pre-trained models such 

as Open Pose or Media pipe for detecting key 

body and hand landmarks with reduced 

complexity in input and the involved 

computation. 

 

2. Feature Extraction 

 

Spatial Characteristics: Spatial pattern 

recognition of gestures using CNNs and image 

representations. 

Temporal Properties: Use RNNs, LSTM 

networks, or Transformer architecture to track 

the progression of gestures at any point in time 

for that particular sequence [24]. 

Multi-modal inputs: Facial expressions or 

context information is added for enhancing the 

accuracy of recognition. 

 

3. Model Training 

 

Deep Learning Frameworks: 

Pipeline A: Two-stage pipeline, which involves 

detection of pose to get features and then 

classification of gestures with deep neural 

networks. 

Pipeline B: Systems that directly align input 

video frames with output to textual or audio. 

Regularization: It uses L2 regularization and 

dropout layers to avoid overfitting and ensures 

that the model generalizes well to the data that it 

has not seen. 

Loss Function: This model uses cross-entropy 

loss for classification problems. Train with 

adaptive optimizers, such as Adam or RMSprop. 

 

4. Real-time Application Development 

 

Smartphone Integration: 

Develop a mobile application that uses the 

device’s camera to capture real-time hand 

movements. 

This application analyses video streams predicts 

sign language gestures and returns the results in 

text or audio format [27,28]. 

IoT Integration: 

Enable smart home appliances to perceive 

gestures as commands. Then usability 

differences could be covered for deaf and mute 

users. 

For instance, it would activate lights, turn off 

electronic devices, and adjust temperature levels 

to preferred temperatures. 

 

5. Assessment 

Performance Metrics: The system is evaluated 

with metrics such as accuracy, precision, recall, 

and F1-score to ensure proper performance. 

Real-World Testing: Test it over different 

scenarios that depict lighting, camera angles, and 

gesture speed. 

The deaf and mute community can be consulted, 

and it will enrich the usability and effectiveness 

of the system. 

 

6. Scalability and Accessibility: 

 

All codes, datasets, and pre-trained models will 

be published on GitHub so that such research is 

opened for contributions from the community 

with enhancements. 

Cross-Language Support: Extend the system 

for multiple sign languages so it can be applied 

worldwide [31].  

Affordable Hardware: The system should be 

run on almost accessible hardware like 

smartphones, Raspberry Pi, or very inexpensive 

IoT devices. 

http://www.ijsrem.com/
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Fig 4.1 Methodology 

5. Proposed System 

The designed system will therefore fill the gap 

of the deaf and mute population as far as 

communication with the rest of the hearing 

world [29,30]. It is going to implement scalable 

and efficient approaches through the deep 

learning and IoT technologies for the Sign 

Language Recognition (SLR) and Translation 

System. 

 

1. System Architecture 

 

Input Module: 

Capture live hand gestures by camera device 

such as a smartphone or webcam [17]. 

Uploading pre-recorded videos for hand 

gesture recognition 

Pull frames from video feeds. 

Preprocessing Module: 

Provides techniques such as background 

removal and noise reduction to enhance the 

readability of the input. 

Detects and extracts key features, such as hand 

landmarks, using pre-trained pose estimation 

models like Open Pose or Media Pipe. 

Recognition Module: 

Feature Extraction: Spatial and temporal 

patterns are identified using CNNs for image 

analysis and LSTM networks or Transformers 

for temporal sequence analysis. 

Gesture Classification: It categorizes the 

individual signs into alphabets, words, or 

phrases using deep neural networks [36,37]. 

Translation Module: 

It transforms the recognized gestures into text 

and audio output with the use of NLP tools. 

Thus, it enables real-time output generation to 

have smoother interaction. 

Output Module: 

This module shows text results on a screen and 

plays audio using a speaker for better 

communication. Optional. 

 

2. Features of the System 

 

Real-Time Translation: 

This will translate sign language gestures into 

text or audio in real-time, thus making easy and 

effective communication. 

Multi-Language Support: 

It supports multiple sign languages like ASL 

and ISL, which will help a wide population. 

IoT Integration: 

This enables smart home appliances to 

understand gestures as commands. This way, 

the deaf and mute can easily navigate through 

their lives [32,33]. 

Scalable Architecture: 

Using cloud-based or edge computing for the 

processing and storage of data along with 

managing in real-time 

Accessibility and Affordability: 

Developed on low-cost hardware like 

Raspberry Pi and smartphones for global reach 

around the globe. 

 

3. Novel Innovations 

 

Deep Learning Pipelines: Two novel pipelines. 

Pipeline A: It picks the pose landmarks and 

classifies the gestures into predefined classes. 

Pipeline B: The entire system maps video 

frames to text/audio output. 

Regularization Techniques: 

It uses L2 regularization and dropout methods 

that help prevent overfitting and assure the 

robust performance of the system on unseen 

data. 

http://www.ijsrem.com/
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Data Augmentation: 

The transformations, including rotation, scaling, 

and flipping, are used to create a robust model 

which works in various environments and 

angles. 

Real-World Integration: 

It is designed to work seamlessly in real-world 

conditions, taking into account lighting 

conditions, background noise, and speeds of 

gestures [35]. 

 

4. Advantages 

 

Communication Gaps Bridge: It assists the 

deaf and mute to converse well with the hearing 

community. 

Social Isolation Reduces: A tool provides a 

smooth interaction tool for complete integration 

of society. 

Education Support: The application can be 

used in learning and teaching the deaf and mute. 

Increased Autonomy: The user can 

communicate with the intelligent appliances and 

devices without using the voice command.  

 

 5. Implementation Tools 

 

 Hardware: Camera-equipped devices such as 

smartphones, Raspberry Pi, or webcams; HDMI 

displays and speakers. 

Software: TensorFlow/PyTorch for model 

training, Open Pose/Media Pipe for pose 

detection, and Python for back-end development 

[34]. 

Dataset: INCLUDE50 and other publicly 

available sign language datasets to prepare and 

be used for training the model. 

 

6. Result 

They mainly use sign language. Though sign 

language liberates the deaf from all barriers in 

communication with one another, there are big 

problems when they try to speak to people 

outside of their deaf family. New information 

and communication technology developments 

related to systems and software in sign language 

translation are promising in this regard. These 

technologies translate text into animations [10]. 

However, these technologies are less adapted as 

compared to those in the other two modes of 

communication. Real-time gesture recognition 

remains to be achieved. Such situations require 

advanced solutions that are strong and are 

designed to handle complexities like overfitting 

that hampers the performance of the models on 

unseen data [11]. The proposed approach uses 

L2 regularization to make the model generalize 

better through weight penalty, avoiding 

overfitting, and catching meaningful patterns in 

sign language gestures. 

 

Moreover, the integration of machine learning 

with the camera of smartphones provides a 

scalable solution. This method is the conversion 

of hand movements into text and audio 

translations in real time, using features from 

video feeds. Innovations such as these not only 

resonate with the principle of designing 

inclusive technologies but also make much 

sense in IoT and smart home systems. There are 

more than 430 million people around the world 

with a hearing or speaking disability; thus, the 

necessity of such systems is imperative [12,13]. 

Removal of these barriers not only strengthens 

the communication system but also reduces 

social isolation and quality of life among the 

deaf and mute communities. 

 

7. Conclusion 

In conclusion, with IoT, machine learning, and 

AI, there has been revolutionary change in the 

lives of the deaf and mute regarding the 

translation of sign languages. The study also 

highlighted an urgent need to fill in the gap of 

communication with the development of 

intuitive, efficient, and inclusive systems. By 

applying techniques like L2 regularization to 

prevent overfitting, our model shows that it can 

be highly accurate on generalization with a score 

of 96.55% and appropriate performance on 

unseen data [7,8]. Besides this, the 

improvements made in smart home 

technologies, gesture recognition, and cloud-

based solutions also present opportunities to 

design comfortable inclusive technologies. Such 

systems can be used for live translation as well 

http://www.ijsrem.com/
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as easy interaction, making it easier for people 

to be more inclusive in their daily lives and 

making technology accessible to all. 

 

The proposed methods, using Bidirectional 

LSTMs and BERT Transformers, show promise 

for automated sign language translation. 

 

This would go further to encourage 

collaboration and improvement in the research 

community. Future work would be concentrated 

on making computational efficiency and 

scalability such that these systems seamlessly 

can be incorporated into applications within the 

real world [9]. This would go a long way toward 

both enhancing communication and social as 

well as economic inclusiveness for the deaf and 

mute populations. 
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