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Abstract The adoption of Sign Language Communication (SLC) systems hasbecome more significant in closing the interaction between the deaf society andthe world of hearing people. In this study, researchers aim to contribute to thisfield by developing a system that helps sign language users communicate throughBERT approaches based on deep learning frameworks as well as NLP. Accuraterecognition of sign language is critical for SLC systems to work well. Deep learn-ing models are effective in identifying sign language with high accuracy. Thisstudy aims to determine themost suitable DLmodel for identifying sign languageand assess the impact of incorporating Natural Language Processing (NLP) tech-niques in generating frequent and accurate responses in SLC systems. The NLPmodel will be developed as an optimum return mechanism to generate frequentresponses. This research includes testing three different deep learning models:
outscored the other two approaches with a 0.97% perfection. As said earlier, thesystem also generates automated responses using the NLP BERT model, with anoverall accuracy of 0.8% and a BLEU score of 0.83 %. This method has a way to en-hance interaction among the deaf community via the use of technology, openingnew avenues for developing intelligent chatbots that can better understand non-verbal communication. Further research can be done to expand its functionalityto recognize a broader range of sign language gestures and improve the user in-terface. Overall, this study demonstrates how technology can enhance the waysof people with deafness or hearing loss by addressing communication barriers.
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1 Introduction
Language is undeniably the most essential social and cultural element created by mankind throughouthistory. It allows people to communicate either orally (through spoken discussion) or nonverbally (by ges-tures, glances, body language, and so on) [1]. A myth was suggested that language reflects each nation.
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If its relevance is studied further, it may help us understand and address all situations involving languageand the attitude or behavior of sets of language speakers. Language is thought of as a framework, whichis made up of fixed and patternable components. Language is traditionally defined as a tool for inter-acting or communicating, which in turn involves conveying concepts, beliefs, theories, or even feelings[2]. Humans need to communicate to exchange information and express their emotions. One of the hu-man language’s essential characteristics is that all spoken languages blendmeaningless material to derivevaluable symbols. Language is used not just for everyday speech but may also be a valuable goose forsomeone. Language is utilized for more than simply regular communication; it can also be an importantasset for someone. Speech refers to themethod used for transmission which can consist of a combinationof vocalizations, vocabulary, syntax, and context. It serves as a means of exchanging ideas, thoughts, andfeelings between individuals, communities, and cultures. Language is often shaped by social, historical,and geographic factors, resulting in a range of dialects and variations. It is an essential tool for conveyinginformation and establishing connections, whether it is within a specific community, country, or profession[3].Based on the Department of Health, Hearing loss affects 5 million individuals, accounting for approxi-mately 5% of the global population., and requires some form of rehabilitation [4]. More than 700 millionpeople are expected to suffer debilitating hearing loss by 2050. Faint, moderate, intense, and extremeare the different degrees of hearing loss. People classified as "hard of hearing" experience a range frommodest to severe hearing loss, while those "deaf" experience a significant loss of hearing. It is a prevalentchronic condition that often results from sensory cell degeneration associated with aging. However, it istreatable with conventional hearing aids and communication gadgets [5]. Persons with normal hearingcan listen and converse, but deaf people cannot hear and, if born deaf, cannot even speak [6]. Althoughmany deaf people, particularly those who developed their hearing disability after infancy, can converseeffectively and may use skills such as lip-reading when conversing with hearing people, such communi-cation approaches are frequently insufficient for communication within the Deaf community. Deaf andhearing-impaired youngsters endure even more difficult language comprehension issues than their hear-ing counterparts. People who are deaf have severely limited social connections. To participate in socialsettings, Deaf individuals often rely on means such as body language interpretation or sign language tocommunicate. For deaf children, it is crucial to develop early literacy abilities and become familiar withwritten language. Without these competencies, theymay experience limited social involvement with peersand family, negative perceptions from their family members, immaturity, dependence on others, poor lan-guage proficiency, and a range of cultural, behavioral, and communication challenges [7]. As a result, theusage of body parts has become the primarymode of communication in these cultures [8]. This is referredto as nonverbal communication.Nonverbal communication is the act of expressing or conveyingmessages without using words. It playsan important role in human connection, and various nonverbal communication techniques are used, in-cluding hand signals and gestures, facial expressions, posture, eye contact, and more. Hand signals andgestures are nonverbal communicationmethods that involve handmovements to convey amessage. SignLanguage (SL) serves as a communication bridge between individuals who are deaf and those who canhear, utilizing gestures to convey messages[9]. Expressive language involves conveying feelings throughbody gestures, particularly using the arms and hands. This method is employed when verbal communi-cation is difficult. It aids interaction with the deaf HOH [8]. SL is a sensory language utilized by manyDeaf individuals to communicate. Sign language involves using physical movements and facial expres-sions, as well as certain body positions, during human-to-human conversations, as well as on social mediaand television. Many hearing-impaired people, as well as those with other speech impairments, utilizeSign Language as their first language [10]. Both physical gestures, such as palm and body movements,including facial expressions, are used to convey meaning in sign language. These components are com-bined to form expressions that communicate specific ideas or concepts [7]. The Deaf community needs tounderstand and grasp the association between words and phrases, to lead us to a time when automatedtranslation between syllables and sentences is possible [11]. This research aims to explore the potential ofnonverbal communication in enhancing social interaction between humans and robots. The study delvesinto the possibility of improving the connection between social robots and people by investigating the
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impact of nonverbal communication [12].The study of social robotics falls under the umbrella of human-robot interaction (HRI) and has gar-nered significant interest in recent times due to the widespread integration of robots into daily activities.Interactive robots are being developed for practical applications including rehabilitation, eldercare, and ed-ucational purposes. Consequently, there has been a surge in research related to inter-species interaction,resulting in the emergence of diverse subtopics within the HRI research domain [13]. Conversely, socialrobotics has experienced noteworthy progress, presenting new avenues for research and innovation increating robots that can engage with humans more naturally and socially [14].Deep learning emerged as the best tool for many fields such as cancer detection [15], brain disorders[16], covid detection [17], pattern recognition[18] and sign detection [19]. Recognizing sign language ges-tures using deep learning methods can be a challenging task, primarily due to the diverse range of signlanguages and the scarcity of large, annotated datasets available for training themodels. However, recentadvancements in machine learning and artificial intelligence have facilitated the automation and enhance-ment of such technologies. The method of SLR involves converting a user’s hand signals and movementsinto a textual form, which helps bridge the communication gap between those who cannot communicatethrough spoken language and the wider community. This is accomplished through classification proce-dures and neural networks, trained to interpret gestures, and convert them into easily understood text.The raw image and video data is converted into readable text, making it possible for individuals to commu-nicate effectively without the need for verbal communication [20]. Sign language recognition (SLR) aimsto develop advanced machine learning algorithms capable of accurately categorizing human articulationsinto individual signs or continuous sentences. However, the accuracy and generalization capabilities ofSLR algorithms are currently limited by the absence of large, annotated datasets, as well as the challengesposed by recognizing sign boundaries in continuous SLR scenarios. Addressing these limitations is crucialfor the development of robust and accurate SLR systems that can effectively create a means of communi-cation that can overcome the barrier between those who practice sign language and persons who do not[11]. SLR has remained the scientific field that captures and translates sign language using computer visionartificial intelligence algorithms [5]. The bulk of research efforts on sign language processing (SL) concen-trates on its recognition, with little attention paid to detection in its true sense. To detect sign language, adeep neural network (DNN) is a commonly used deep neural network (DNN)-based model demonstratedas a successful method for sign language detection in various tasks. Ongoing research is focused on en-hancing the precision and speed of these models for improved effectiveness [21]. The fact that most signlanguage datasets are created for sign recognition and are gathered in controlled circumstances addsto the lack of acceptable publicly accessible data for the identification of sign language. As a result, re-searchers have turned to use sample groups obtained from Kaggle Multiple Combination datasets. Thisapproach allows for the use of real-world data, but it also presents challenges such as variability in light-ing, background, and signing speed, which can affect the accuracy of sign language identification models.Therefore, efforts are beingmade to developmore comprehensive and diverse datasets for sign languagedetection and identification. Continued research endeavors to enhance the precision and effectiveness ofthese systems, enabling their application in a wider range of sign language recognition tasks.This study’s primary issue is identifying the best possible ways to detect sign language with the highestpossible accuracy. It also focuses on the response a hearing-impaired person gets from a robot by utilizingNLP and then assessing the correctness of that answer. Here are some points on what researchers will dooverall in this research:
• Collect and preprocess the ASL dataset: Researchers will gather and preprocess a massive collectionof sign language pictures to meet the first study goal. Deep learning algorithms will be trained andevaluated using this dataset.• Implement and compare deep learning models: To determine the most effective deep learningmodel for sign language detection, researchers will implement and compare three different models:MLP, CNN, and RestNet50 v2. Themodels will be trained on the ASL dataset, and their performanceswill be compared based on accuracy and other evaluation metrics.• Develop anNLPmodel: To generate responses in sign language communication, authorswill develop
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an NLP model using BERT. This model will be optimized for the best return mechanism to generatefrequent and accurate responses.• Integrate deep learning and NLP models: Once the deep learning and NLP models are developed,researchers will integrate them to create a sign language communication system that can recognizesign language and generate automated responses.• Assess the system’s effectiveness: To assess the impact of incorporating NLP in sign language com-munication systems. The authors will perform experiments to test the precision and efficacy of thesuggested system. Researchers will also analyze the impact of NLP on the system’s overall perfor-mance.
Overall, the research aims to develop an innovative sign language communication method that canhelp peoplewith hard of hearing communicatemore effectively. Using deep learning andNLP, researchershope to achieve higher accuracy and efficiency in sign language recognition and response generation.

2 Literature Review
In conducting the literature review, a systematic approach was employed to facilitate an unbiased evalu-ation of the paper’s substance. This method ensured that the analysis was conducted in a rigorous andstructured manner, adhering to established best practices in the field. To ensure a rigorous and objectiveassessment of the paper’s content, a standardized procedure was employed, which encompassed severaltasks. These tasks involved identifying relevant variables, delineating the authors’ strategic approaches,scrutinizing the methodologies employed to obtain the results, and culminating in a comprehensive re-port. A pre-set of factors was used to choose which scientific papers to incorporate into the acquisitionprocess [22]. In this section, a bibliometric analysis is presented to examine the analysis of the use of au-tonomous machines in sign language identification during the previous twenty years. This analysis aimsto use bibliometric methods to examine recent publications on the topics of intelligent machines and SLR.Another objective was to determine patterns and trends in these publications, including the journals inwhich they are published, the regions where the research is conducted, and collaborations between dif-ferent institutions and organizations. The interest in automatic sign language recognition has increasedover the years, and therefore, investigating the primary focus of research and existing patterns in this fieldwould be significant [23].

 
Figure 1 Estimated annual worldwide technology development to support sign language 
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2.1 Deep Learning in recognizing Sign Language
In this research, we performed an analysis of scholarly publications related to the use of intelligent ma-chines in sign language recognition from2018 onwards, as shown in Figure 1. The primary objective was tosystematize the existing research and identify patterns and publication trends based on journals, regions,and institutional collaborations. After this initial phase, we employed a forward/backward technique tothoroughly analyze the collected materials. By adopting this approach, we were able to comprehend eachpaper in detail and track crucial research areas, preventing the omission of any fundamental studies. Byemploying this method, we were able to create a representative collection of SLR papers that accuratelyreflected the most fruitful research directions in the field [22]. In the paper [24], the authors propose ahybrid approach for recognizing Bangla Sign Language using a deep transfer learning model combinedwith a random forest classifier. The recognition rates achieved are 72% -85% for character recognitionand 95%-96% for digits recognition. However, the study acknowledges that there is room for improvingthe accuracy of the model and highlights the limitation of limited dataset availability. In their research, theauthors introduce "Sign Explainer[25]," a framework that combines explainable AI techniques with ensem-ble learning for sign language recognition. The framework achieves an impressive overall recognition rateof 98% and 92.60%. However, one limitation of the study is the limited utilization of Explainable AI (XAI)methodology, which could have provided deeper insights into the model’s decision-making process. Intheir research, the authors propose a deep learning model called "SIGNFORMER[26]" that utilizes a hybridMLP architecture for sign language recognition. However, the model achieves a relatively low recognitionrate of 0.9%. The study also identifies two main limitations: the absence of preprocessing techniquesfor input data and the limited availability of a comprehensive dataset. These limitations may impact themodel’s performance and generalization capabilities. The paper presents a novel approach for unsuper-vised speech-to-sign language recognition called "Speak, Decipher and Sign.[27]" The proposed methodcombines a hybrid architecture consisting of MLP and LSTM deep learning algos. This technique achievesa recognition rate of at least 0.6%. However, the study acknowledges a limitation regarding the dataset,which is relatively small. This limitation may impact the model’s performance and its ability to generalizeto a wider range of sign language data.

Table 1 DL Literature Review 

 

Title Name Publication 

Year 

Mode of 

Acquisition / 

Datasets 

Techniques 

Employed 

Rate of 

recognition 

Limitations 

A hybrid approach for 

Bangla sign language 

recognition using deep 

transfer learning model 

with random forest 

classifier[24] 

2023 Bengali Sign 

Language 

Hybrid 

(RestNet) 

Char (72%-

85%), Digits 

(95%-96%) 

Accuracy can be 

Improved, 

Limited Dataset 

Sign Explainer: An 

Explainable AI-Enabled 

Framework for Sign 

Language Recognition 

With Ensemble 

Learning[25] 

2023 Indian Sign 

Language 

(43k) 

RestNet50, 

CNN etc. 

98%, 92.60% Limited use of 

AI(XAI) 

Methodology 

SIGNFORMER: 

DeepVision Transformer 

for Sign Language 

Recognition[26] 

2023 ISL Hybrid MLP 0.9% No 

preprocessing, 

Limited Dataset 
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Recognition[26] 

Speak, Decipher and 

Sign: Toward 

Unsupervised Speech-to-

Sign Language 

Recognition[27] 

2023 ASL Hybrid 

(MLP+LSTM) 

>=0.6% Dataset relatively 

small 

Real Time Sign 

Language Recognition 

System for Hearing and 

Speech Impaired People 

[28] 

2022 Web Camera 3D CNN --- Accuracy not 

shown, phase 

detection 

American sign language 

recognition technique 

using 3-D convolutional 

neural networks[29]  

2021 Camera 3D CNN --- Accuracy not 

mentioned, 

Limited video 

data 

Realtime isolated hand 

sign language recognition 

using deep networks 

and SVD[30]  

2021 ASLVID 

Dataset 

CNN, LSTM, 

SVD 

61.04% Low recognize 

rate, consume 

more execution 

time 

Real Time Hand Gesture 

Recognition Using 

Different Algorithm 

Based on American Sign 

Language[31]  

2020 Camera CNN 94.32% Limited Data 

(alphabets), 

Advanced Algo 

Required  

Generative Multi-Stream 

Architecture for 

American Sign Language 

Recognition [32] 

2020 RGB Dataset CNN 95.62% Video Dataset 

only,  

Model only 

applicable for 

RGB Dataset 

A Multi-dimensional 

Feature Learning 

Approach Based on Deep 

Convolutional Networks 

for Gesture Recognition 

in RGB-D Image 

Sequences[33]  

2020 Camera CNN and 

LSTM 

72.53%, 

95.87% 

Real time 

detection, 

Multi DCNN 

Score-level Multi Cue 

Fusion for Sign Language 

Recognition [34] 
 

2020 Camera CNN 94.96% Average hand 

shape recognition 

Phonologically 

meaningful Subunits for 

Deep Learning-based 

Sign Language 

Recognition[35]  

2020 Camera RNN, NN 0.281 error 

Hand sign language 

recognition using multi-

view hand skeleton [36] 

2020 Camera (SSD) 3DCNN and 

LSTM 

99.80%, 

4.64% (error) 

Video Dataset 

only,  

A Modified-LSTM 

Model for Continuous 

Sign Language 

Recognition using Leap 

motion [37] 

2019 Camera/Leap 

Motion Sensor 

Modified 

LSTM 

72.3% Limited Data 

(942 sign imgs) 
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2.2 NLP in recognizing Sign Language
Special children’s learning styles are diverse because they require various sorts of educational needs.These youngsters cannot be taught traditionally. Intelligent tutoring systems that include AI, ML, and DLmay motivate and reinforce youngsters in an educational and learning setting. The efficiency of threedistinct approaches for detecting MNIST Sign Language is compared in this article: the (CNN) process,the Support Vector Machine (also known as SVM) methodology, the decision tree method. The resultsdemonstrate that the CNN technique delivers up to 86% accuracy, while the Support Vector Trainedmodelachieves an accuracy of 84% amongmachine learning algorithms [48]. The purpose of this research [49] isto perform a scoping review of the utilization of AI in instant translation applications from spoken languageto sign language. The goal is to provide an AI-based technique to turn South African Sign languages frommonologue-to-text to sign language, allowing for interactive interaction between those who can hear andthose who cannot. The study revealed a lack of information on the utilization and approval of machine

Deep Learning for 

American Sign Language 

Fingerspelling 

Recognition System [38]   

2019 Camera CNN, 

CNN+SVM 

97.08%, 

98.30% 

Limited Dataset 

(24 signs) 

Isolated sign language 

recognition using 

Convolutional Neural 

Network hand modelling 

and Hand Energy Image[39]  

2019 Data gloves, 

sensors 

CNN 89.33% Less recognition 

rate even using 

HEI 

Spatial-Temporal Graph 

Convolutional Networks 

for Sign Language 

Recognition[40]  

2019 ASLLVD GCN 61.04% Average 

Accuracy Rate 

Construct Dynamic 

Graphs for Hand Gesture 

Recognition via Spatial-

Temporal Attention[41]  

2019 Camera GCN 91.9% and 

94.4% 

Limited Dataset 

(2800 videos) 

SignFi: Sign Language 

Recognition Using 

WiFi[42]  

2018 Wifi /web cam CNN 98.01% Fluctuate 

accuracy, 

Advanced Model 

not included 

(RNN+ LSTM) 

A convolutional neural 

network to classify 

American Sign Language 

fingerspelling from depth 

and colour images[43]  

2017 Camera CNN 82% Average 

Accuracy, 

Limited Data 

A hand gesture 

recognition sensor using 

reflected impulses[44]  

2017 Impulse radio 

sensor 

CNN >90% Average 

Recognition 

Accuracy, 

Limited Hand 

Gestures 

Sign language 

recognition[45]  

2017 Camera ANN 85% 

(histogram 

features) 

Average Result 

Multimodal learning for 

sign language 

recognition[46]  

2017 Kinect CNN 97% Limited 

Methodologies 

Deep learning in vision-

based static hand gesture 

recognition [47] 

2017 24 ASL hand 

gestures 

CNN 91.33% Limited Hand 

Gestures 
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learning and other related methods as potential solutions for the deaf and hard-of-hearing (HOH) popu-lation, specifically in Africa. 

Table 2 NLP Literature Review 
 

Title Name Publication 

Year 

Purpose Method Accuracy 

of a Model 

Limitation 

Role of Machine 

Learning and Deep 

Learning in Assisting the 

Special Children’s 

Learning Process[48]  

2022 

 

ITS (Intelligent 

Tutoring System) 

that helps special 

students in 

recognizing Sign 

Language 

ML (Decision 

Tree, Adaboost 

Classifier, 

SVM, Random 

Forest) 

44%,32%, 

61%, 81% 

Average 

accuracy, 

Limited Dataset 

CNN 86% Limited Dataset 

A proposed artificial 

intelligence-based real-

time speech to-text to 

sign language translator 

for South African 

official languages for the 

COVID-19 era and 

beyond: In pursuit of 

solutions for the hearing 

impaired[49]  

2022 Speech-to-text to 

Sign Language 

AI AND 

ML(NCHLT) 

----------- 

 

Result not 

display 

ANN, CNN, 

RNN 

Deep learning based 

assistive technology on 

audio visual speech 

recognition for hearing 

impaired [50] 

2022 AVSR (Audio 

Visual Speech 

Recognition) 

RNN-GRU, 

CNN 

95% Modern methods 

can be used 

(BERT) 

EasyTalk: A Translator 

for Sri Lankan Sign 

Language using Machine 

Learning and 

Artificial[51]  

2020 2-way process 

(sign-to-

text/graphics + 

vice versa) 

Fastest RNN, 

CNN, NLP & 

Semantic 

Analysis 

80% System stops 

halfway, invalid 

Dataset 

2-way Arabic Sign 

Language Translator 

using CNNLSTM 

Architecture and 

NLP[52]  

2020 2-way process 

(Text-to-sign+ 

vice versa) 

Hybrid model: 

CNNLSTM 

88.67% only capable of 

translating single 

dynamic 

expressions 

Literation Hearing 

Impairment (I-Chat Bot): 

Natural Language 

Processing (NLP) and 

2019 Conversation 

mechanism 

Chatbot is 

constructed 

Naïve Bayes 88.75% Limited Dataset 

Naïve Bayes Method[53]  

Sign Language 

Recognition System 

2019 Vision based 

system 

Adam, SGD, 

CNN 

99.12% It is complicated 

to use 

Intelligent Mobile 

Assistant for Hearing 

Impairers to Interact 

with the Society in 

Sinhala Language[55]  

2018 Instant 

Messaging App 

(text-to-SL + 

Vice versa) 

2D GIF, 

Semantic 

Analysis, TTS 

Engine, ML, 

NLP(App) 

>90% The file format 

does not work. 

A Wearable System for 

Recognizing American 

Sign Language in Real-

Time Using IMU and 

Surface EMG 

Sensors[56]  

2016 Wearable System Sensors (IMU, 

sEMG) 

96.16% Talking and 

using hand-held 

sensors would 

not offer the 

identical 

precision level, 

Limited Dataset (80) 

Using Deep NN [54] 
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3 Methodology:

3.1 Dataset
A dataset is a data collection organized into a specific format for analysis. One’s dataset is the informationthat is used to train machine-learning models. A dataset can come in many different forms, including text,images, audio, and more. It is essential to understand the dataset to ensure that the machine-learningmodel is accurate and efficient. The dataset used is related to the task trying to solve using machine learn-ing. It could detect from recognizing handwritten digits to detecting objects in images. It is crucial to havea clear understanding of the data and the problems that individuals are trying to solve before buildingany machine learning model. Our dataset includes a set of images that serve as training data for our ma-chine learning model. Each image in the dataset is associated with a label that identifies the object orentity represented in the image. These labels are used to train our model to recognize similar objects orentities in new images. The size and diversity of the dataset are crucial to ensure effective training of themachine learning model. However, working with a large dataset can present challenges such as increasedcomputational requirements and the need for efficient data storage and retrieval. To use the dataset formachine learning, it must first undergo preprocessing to clean and transform the data into a format thatcan be readily consumed by our model. Preprocessing may include tasks such as resizing images, remov-ing noise, and converting the data to a numerical format. In conclusion, your dataset is a critical compo-nent of your machine-learning project, and it is essential to understand it thoroughly. A well-prepareddataset can make a significant difference in the accuracy and efficiency of your machine-learning model.It is essential to preprocess your dataset carefully to ensure that it is optimized for use in machine learn-ing. This database comprises a well-organized and labeled collection of image data containing American

 

  Figure 2 Working of Deep Learning Models in Recognizing ASL. 
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Sign Language alphabets [57]. The data is sorted into 39 separate folders, each representing a differentclass. The training dataset contains a whopping 117,000 images, each measuring 200x200 pixels. The 26folders represent the 26 alphabets from A-Z, while the remaining three folders contain images for SPACE,DELETE, and NOTHING and nine folders contain whole numbers of digits dataset as well (0-9). These threefolders are of immense value for real-time applications and classification purposes. Additionally, a testdataset consisting of 39 images is provided to facilitate the use of real-world test images. Akash Nagarajcreated the set, which is now available for public viewing. The hand movements exhibited in the photoswere observed to be signed against a black background. The project’s goal was to generate a dataset ofreal-world test images. Personal images were taken during the process. The hand movements exhibitedin the photos were then signed against a black background. It is not necessary to purchase any equipmentsuch as gloves or a particular marking system with this system, and all essential photographs can be pre-pared with a single basic camera. The suggested system’s goal is to speak with deaf individuals in additionto conversing with computers and robots, which were employed in previous studies.
3.2 Data Preprocessing
The American Sign Language (ASL) dataset, which consisted of 39 separate classes, each with 3000 pic-tures, was prepared for further analysis during the data preparation phase of this work. Several criticalpreprocessing procedures were used to assure the dataset’s quality and appropriateness. To begin, theRGBphotoswere converted to grayscale, lowering the density of the datawhile keeping the required visualrepresentation for sign language interpretation. To enable successful training of the model, the datasetwas normalized, which means that the picture pixel values were rescaled within a common range, oftenbetween 0 and 1. This normalization phase speeds up the convergence of neural network models andprevents any individual characteristics from overwhelming the training process. Additionally, methodsfor data augmentation were used to boost the dataset’s diversity and amount. To create fresh trainingexamples, random modifications such as rotation, translation, scaling, and flipping were used. Data aug-mentation reduces overfitting by adding variability to the model and improving its capacity to generalizepatterns from the existing information. Finally, image standardization was applied to all photos in the col-lection to guarantee consistency and comparability. This entailed scaling all photographs to a standard-ized resolution, cropping, or padding them to maintain a consistent aspect ratio, and modifying overallimage quality to minimize differences caused by lighting or image capture settings. The ASL dataset wasadequately prepared through these data pretreatment methods, allowing for future model training andassessment for successful sign language recognition as well as classification tasks.
3.3 Deep Learning Model in Recognizing SL
Sign language is a form of nonverbal communication that employs hand gestures, facial expressions, andbody language to express ideas and convey meaning. It is widely used by deaf and hard-of-hearing in-dividuals across the world to interact with others. Recognizing sign language poses a vital challenge toresearchers because of its complexity and variation. However, recent advances in deep learning meth-ods[19], such as recurrent neural networks (RNN), long short-term memory (LSTM), artificial neural net-works (ANN), and spiking neural networks (SNN), have shown considerable potential in identifying andinterpreting sign language. Deep learning is a subset of machine learning that involves the training of arti-ficial neural networks using huge amounts of data to perform complex tasks, such as speech recognition,natural language processing, and image recognition. Deep learning models can learn patterns from thedata and use them to make accurate predictions [54].
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3.3.1 Sign Language Recognition using MLP

SLR is a crucial field of study that tries to refine transmission between deaf or hearing persons. The Multi-Layer Perceptron (MLP) models [58], a kind of neural network that could recognize patterns in data, areonemethod of solving this challenge. The code provided illustrates a demonstration of anMLPmodel withnumerous layers of neurons andmultiple activationmechanisms utilised in sign language recognition. Theclassified cross-entropy loss function and the Adam optimizer are used to train the model, and accuracymeasures are used to assess its performance. MLP models can recognise sign language motions with ahigh degree of accuracy by training on an ample collection of sign language pictures fine-tuning themodelparameters. The offered code is an MLP based neural network model for recognizing sign language. Thesystem consisted of a sequential network of neurons with 10 layers, 3 dense layers, each with 200 unitsand the stimulation mechanism "relu", 2 dropout layers, each with a 10% dropout rate, and 4 furtherdense layers, each with fewer units and a more sophisticated activation function. The final output layer
categorical cross-entropy loss function and the Adam optimizer. The model is trained with both validationand training generators using the fit_generator() technique. A development rate planner callback functionis used to control the growth rate during training, and the total quantity of eras is set to 30. In conclusion,

3.3.2 Sign Language Recognition using CNN

   

  Figure 3  MLP Model Diagram 

 

 

  Figure 4 CNN Model Diagram 
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Convolutional Neural Networks (CNNs) are a powerful type of deep learning model that excels in imagerecognition tasks, including sign language recognition. CNNs learn spatial hierarchies of features fromraw image data, allowing them to identify and classify objects within an image[28]. In the context of signlanguage recognition, CNNs can be trained to identify the hand gestures andmovements that correspondto letters, words, digits, or phrases in American Sign Language (ASL). The gestures can be represented asimage data, either as still images or as sequences of images captured in real time. The architecture of aCNN consists of convolutional layers, pooling layers, and fully connected layers [59]. The convolutionallayers use small filters to scan across the input image and identify patterns and features at various scales.The pooling layers then reduce the spatial dimensionality of the featuremaps, extracting themost valuableinformationwhile discarding redundant details. Finally, the fully connected layers use the learned featuresto classify the image into one of several categories. To recognize sign language, a CNN can be trained usinglabeled image data, with each image corresponding to a particular sign or gesture. The network can thenlearn to identify the key features of each sign and use these to accurately classify new, unseen images.This approach offers a flexible and accurate way of recognizing a wide range of gestures and movements,with potential applications in assistive technology and human-computer interaction. The code initializes aCNN model using Keras’ Sequential API and adds layers to the model in a linear order. The layers consistof convolutional layers with ReLU activation, MaxPooling2D layers, a Flatten layer, and Dense layers withReLU and softmax activation. Themodel is indoctrinated using the categorical cross-entropy loss function,Adam. CNN is designed to recognize hand-written digits with high accuracy by extracting features frominput images and using them to make predictions.
3.3.3 Sign Language Recognition using RESTNET50V2

Deep learning algorithms shown considerable potential in the field of SLR, which is a challenging task insight. ResNet50V2, a formerly trained deep learning framework that can be further refined for sign lan-guage detection, is one such model. ResNet50V2 is utilized as the base model in this code, with additionallayers put on top to boost its performance for recognizing signs. The Flatten layer is used to turn the under-lying model’s output into a one-dimensional vector that can enter the Dense layer. To learnmore complexrepresentations of the process facts, the Dense layer with 512 units and the ReLU activation function isused. A dropout method structure with a pace of 0.5 is placed after the Dense layer to avoid overfitting.In the end, a Predicting layer that utilizes a Softmax activation algorithm is utilized to generate the lastresult, which comprises of 39 potential groups of American Sign Language handmotions andmovements.In general, this type of architecture [60] is intended to learn spatial feature hierarchies using unprocessed

 

 
   

  Figure 5 RestNet50 v2 Model Diagram 
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image data and reliably classify hand motions and movements. This model can attain elevated levels ofaccuracy with proper training and optimization, enabling innovative uses in fields like adaptive devicesand human-computer interaction.
3.4 Initiating BERT Model

BERT (Bidirectional Encoder Representations from Transformers) emerged as a crucial paradigm in natu-ral language processing (NLP) [61], offering researchers and writers a valuable tool to further their work.BERT is used in the research that I conducted for two primary goals. BERT, first and foremost, acts as avital connection across deep learning models NLP processes. By incorporating BERT into this researchsmoothly, Authors build a solid link between the complete semantic representations provided by BERTand the features of deep learning models. This integration enables researchers and authors to investi-gate complicated linguistic patterns, improve language comprehension, and achieve higher performancein a variety of NLP activities. BERT also allows writers to develop contextually relevant and coherent textanswers. Authors can create back-to-back replies with a greater level of consistency as well as natural lan-guage comprehension by leveraging BERT’s comprehensive grasp of word connections inside their contex-tual context. This functionality is especially useful in applications requiring human-like answers, such aschatbots [62], conversation systems, and text production activities [63]. To attain these goals, Researchersuse already trained models of BERT and fine-tuning approaches. Implementing tasks. layers on the topof the previously trained BERT base allow researchers and writers to tailor BERT to their own NLP tasks.This strategy combines BERT’s broad pre-trained expertise with an ability to tailor it to the specific needs oftheir study. Researchers and authorsmay break new ground in creating coherent text answers and closingthe gap between NLP and deep learning by leveraging BERT’s contextualized word representations andeffortless coupling with deep learning models. The use of BERT in their work demonstrates the significantinfluence it has had on developing NLP research and pushing the frontiers of language understanding.

4 Results and Discussion
The key issue investigated in the current research is the precise interpretation of gestures for hearing-impaired individuals and the usefulness of applying NLP to offer responses via a robot. This study em-ployed a variety of deep learning approaches, including multi-layered perception (MLP), Convolutional

 

 
   

  Figure 6 BERT Model Diagram 
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Neural Network (CNN), and RestNet50V2, to determine the most accurate method for detecting sign lan-guage. The ASL dataset, which contains 117,000 images, was used for the study. This chapter summarizesthe study’s findings, including the outcomes of each deep neural networkmodel and the chosen approachfor creating an auto-response utilizing NLP.
4.1 Exploring the Effect of Different Deep Learning Models
Prior When developing a multi-layer perceptron (MLP) system for sign language recognition, researchersemployed a training strategy that involves progressively increasing and decreasing the rate of learningwhile advancing the number of epochs. Despite our best efforts, they discovered that MLP networks wereinefficient when it comes to image data. As an outcome, they did not track accuracy during the trainingperiod. Instead, they focused on CNNs, which have been found to outperform MLP networks on picturedata because of their ability to account for spatial structure. Finally, researchers found that CNN was theideal option for our detection of sign languages challenge, and then used the RestNet50V2 framework tosimulate its superior recognition accuracy.

The CNN model was the second model we explored in our research, and it gave us an accuracy of0.9599%, which can be rounded off to 0.96%. Convolutional Neural Networks (CNNs) were utilized to con-struct the model, and the ASL dataset was used for training. Three convolutional blocks and a fully con-nected layer with 512 neurons compose the model. The model employed the Rectified Linear Unit (ReLU)activation function for the convolutional and fully connected layers and the softmax function for classifi-cation in the output layer. To reduce the spatial size of the input, we additionally applied the max-poolingoperation after each convolutional block. The CNN model offers an innovative approach to recognizingsign language, showing potential improvements in accuracy and efficiency compared to existing systems.

 

   
  Figure 7 MLP Model Accuracy Graph 
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Following an exhaustive series of trials and training with three distinct deep learning models: MLP,CNN, and RestNet50v2, researchers were able to obtain an impressive accuracy of 0.97 using the RestNetmodel. To achieve this, a learning rate schedule function, and callbacks, such as early stop and a customcallback that cancels training when the accuracy reaches 97%, were implemented. Despite attempting toenhance the performance of the other two models by increasing layers and modifying the learning rate,the RestNet model demonstrated superior results, affirming its position as the most suitable model forthe given task. These results have significant implications for similar deep-learning tasks, indicating theimportance of selecting the appropriate model to attain maximum accuracy.

4.2 Evaluation of Deep Learning Models
Utilizing the ASL dataset, the best effective deep learningmodel for image categorization was identified., acomprehensive evaluation was conducted. This involved running three different models: MLP, CNN, andRestNet50v2. Each model was tested on the dataset, and their respective accuracies were calculated.

 

     Figure 8 CNN Model Accuracy Graph 

 
     Figure 9 RESTNET50V2 Model Accuracy Graph
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Due to its excellent accuracy of 0.97% the RestNet50v2model was chosen as themajor researchmodelafter analyzing the accuracy results obtained from the various deep learning algorithms evaluated on theASL dataset. The algo’s outstanding work proves it to be an ideal candidate for image grading tasks thatrequire high precision. To achieve this level of accuracy, the researchers implemented a learning rateschedule function and callbacks such as early stops and a custom callback that cancels training whenthe accuracy reaches 97%. Despite attempts to increase the effectiveness of the other two models withadditional layers, and adjusting the learning rate, the RestNet model’s results surpassed the others. Thesefindings highlight the significance of selecting the right model to achieve the best results for deep learningtasks. Finally, the evaluation of deep neural network models over the ASL dataset yielded useful insights,leading to the selection of the RestNet50v2 model, which aligns with the research’s objective of achievinghigh accuracy in image classification.

4.3 Evaluation of BERT
In this research, an auto-response generator using bidirectional encoder representations (BERT fromTransformers) was also created to aid the deaf or hard of hearing. Nowadays, systems are either trans-lation or interpretation machines. Sync-response generating is a plan to develop a technology that canconnect directly with the audience without an intermediary.

The BERT approach is an already trained automatic language processing model that can be used forthe classification of texts, linguistic translation, and text production, among other things. The suggested

  Table 3 Deep Learning Models Accuracy 
   

S.NO Model  Accuracy 

1 MLP 75% 

2 CNN 95% 

3 RestNet50v2 97% 

     Figure 10 Process Diagram for ASL Recognizer and Response Generator 
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system implements the BERT paradigm and generates text answers using the PyTorch module. The sys-tem was evaluated using the BLEU score, which assesses the similarity between the generated text anda reference text. The program begins by importing the pre-trained GPT-2 algorithm and tokenizer, whichhappens to be a variation of BERT intended specifically for text production. The model is then put intoevaluation mode, and the BERT model is used to generate text. The BLEU score is then applied to thecreated text, and the system’s correctness is calculated. According to the results, the suggested system

The auto-response source is an intriguing breakthrough having the capacity to significantly boost thestandard of existence for deaf and HOH people. The proposed technique achieved great precision, ver-ifying the strategy of BERT effectiveness in creating text responses. Additionally, by incorporating newmachine learning algorithms, the system may be improved. and, by expanding its response dictionary. Inthe end, the study demonstrates the potential of employing BERT to create text answers with high accu-racy, and the need to analyze the producedmaterial usingmeasures that include the BLEU score to assurethe output quality.

 
   

  Figure 11 BERT Accuracy Graph 

 
   

  Figure 12 BLEU Graph
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has a reliability of 80%, meaning it represents a substantial boost over existing systems.
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5 Conclusion
This study aimed to create a system that would let deaf people communicate with technology. To achievethis goal, the researchers utilized an ASL dataset containing 117,000 images and implemented three differ-ent deep learning models: MLP, CNN, and RestNet50v2 to recognize sign language gestures. RestNet50v2outperformed the other models, achieving an accuracy of 0.97%. The system created by the researchersnot only recognizes sign language but also generates automated responses using the NLP model BERT,which utilizes transformers for text generation. The system’s overall accuracy was determined to be 0.8%with the generated response accuracy measured by the BLEU score being about 0.83%. This method usestechnology to give an innovative solution aimed at enhancing interaction for deaf people. It opens newavenues for developing intelligent chatbots that can better understand human language and nonverbalcommunication, which can be used in various industries such as healthcare, education, and entertainment.More research can be done to increase the system’s accuracy and speed and to expand its functionality torecognize a wider range of sign language gestures. This can be achieved by implementing more advanceddeep-learning models and increasing the size of the dataset. Additionally, user feedback and testing canbe used to improve the user interface and make it more user-friendly for individuals with hearing impair-ments. Overall, this study demonstrates the potential of technology to provide novel solutions to enhancethe lives of people with deafness. It is a significant step forward in addressing the communication barriersfaced by hard-of-hearing individuals and can have a positive impact on their social and professional lives.
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