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Abstract 

Mobile apps have grown into an essential element of daily life, offering straightforward access to 

communication, services, and data for every segment of society. In this paper, a mobile app tailored 

for disabled people, enhancing accessibility, communication, and independent living via smart and 

intuitive functionalities. Sign Language is the significant language for hearing impaired people. The 

mobile app focuses mainly on sign language translation especially for providing legal assistance 

with 13 features. This app also assists visually impaired people. The proposed system facilitates            

on-the-fly recognition of sign language on mobile devices through the use of CameraX for capturing 

live video and the TensorFlow Lite Task Library for streamlined on-device processing. 

Fundamentally, a quantized TensorFlow Lite model offers fast, low-latency predictions tailored for 

mobile settings. This method guarantees instant responsiveness, rendering it extremely appropriate 

for real-time assistive communication uses.  Basically, Computer Vision Modules-Edge AI, 

Generative AI & NLP Modules-Cloud AI, Static Analysis & Interactive user-friendly modules are 

developed to assist disabled people. Finally, comparison of six modules over inference type, average, 

resource impact are presented in this paper. The sign language recognition module for static gestures 

achieved 99.3% accuracy; the dynamic prototype model achieved approximately 100% under 

controlled conditions; however, videotaping, dynamic translation is only prototype model not for 

generalizations. People who suffer from deafness and hearing impairment experience difficulties 

when accessing legal services due to the use of sign languages and need to use an interpreter to 

interpret the content to them, whereas visually impaired people have no affordable and user-friendly 

assistive devices. In order to solve such problems, a mobile application is designed using a hybrid 

edge-cloud architecture based on Edge AI and Generative AI. The application uses CameraX for 

capturing videos in real-time, and TensorFlow Lite Task Library for performing the inference task 
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using MLP with the accuracy of 99.3% on 150 legal sign classes with inference latency less than 30 

ms. EfficientDet-Lite2 performs object detection with the speed of about 45 ms per frame (29.7% 

mAP), and ML Kit OCR recognizes text in less than 200 ms. The Groq-hosted LLaMA 3.1 (8B) 

model performs the translation of English-Telugu bilingual legal chat in round trip latency of 2–3 

seconds. 

Keywords: Sign Language, TensorFlow Lite, Generative AI, Quantized, Edge AI, Mobile 

Application, Assistive Technology. 

1 Introduction 

The welfare of human beings depends upon physical fitness and psychological wellbeing. 

Environmental, biological, and social variables can affect the body’s balance and cause partial or total 

loss of mental and/or physical abilities. In order to know about the effects of these disruptions, it is 

important to study the sensory receptors that are specific structures present in the five sense organs. 

These receptors transduce external and internal stimuli into neural signals that enable the body to 

perceive and respond to its environment. Sensory receptors are broadly divided into two categories: 

general receptors, which are distributed throughout the body, and special receptors, which include 

mechanoreceptors, photoreceptors, and chemoreceptors. 

But failure of any one of sensory organ may affect internal communication as well as with 

environment. There are many problems may arise in the body due to failure of sensory organ but visual 

and hearing impairment may limit communication and social participation which are essential for a 

person to lead a life smoothly. Hearing loss can occur due to genetical disorders, repeated exposure to 

loud sounds or growing older, injuries to ears/head, Blockages in the ear and sometimes Certain 

medicines. The other major problem is blindness or visually impaired which occurs due to many reasons     

which may be macular degeneration, infections, injury to the eye/ head, vitamin A -deficiency, and 

genetic disorders, diabetic retinopathy etc., 

Early medical diagnosis can enable treatment and partial recovery from certain sensory impairments, 

such as specific types of hearing loss, cataracts. However, many impairments remain irreversible or only 

partially treatable, leaving individuals with lasting challenges in communication and independence In 

such situations, assistive devices become extremely important, where information technology brings 

forward new solutions through smart phones, which not only make life easier but increase social 

inclusiveness in the age of digitalization. 

Persons suffering from speech impairment developed sign language as the major means of 

communication, which helped them communicate with other members of society and their families. Sign 

language is a complete linguistic system using the means of hand signs, facial expressions, and body 

language to express something. Persons suffering from such problems are also known as                            

speech-impaired persons or specially-abled persons. They encounter great difficulty in communicating 

legally. Making legal communication accessible for such persons is a very important task to safeguard 

their rights. The varieties of sign language differ in various places according to the spoken language. 

Some of the most popular types of sign languages include ASL, ISL, RSL, BSL, and CSL; ASL is 

extensively researched. However, even though ISL is different from ASL in terms of hand gestures, 

handshapes, movements, orientations, and non-manual markers, every sign language has its grammar 

and vocabulary. 
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Justice and laws form the core framework within which grievances can be addressed in civil society. 

Nonetheless, people suffering from speech disabilities face challenges when accessing the                          

above-mentioned framework since they might not be able to communicate their grievances to the police, 

lawyers, and other concerned parties when making complaints. Relying on interpretation by third parties 

poses dangers of distortion and abuse of their rights. In the same manner, those visually challenged need 

tools that are easy to use and that do not require prior technical knowledge and are free of cost.                         

The above gaps triggered the idea of developing an Android application for people with hearing and 

visual impairments. 

The above-mentioned system would allow deaf individuals to register FIRs, file cases in courts, and 

use legal services on their own. Live sign language input would be captured through video input and 

automatically translated into text in ASL. The app further supports hearing users who wish to 

communicate with speech-impaired individuals by providing sign language learning resources across 

ASL, BSL, ISL, and RSL, with finger-spelling representations for any given word. Digitally literate 

users with disabilities may additionally interact via text or voice chat in English or Telugu to obtain legal 

guidance, understand complaint procedures, initiate case filings, and determine case classifications such 

as civil, criminal, cybercrime, or domestic violence. 

In this paper, a new mobile app   to provide legal assistance to the disabled people is developed.                  

The legal measures given to disabled persons are presented hers as follows: 

Key Contributions 

Unlike prior work that addresses either sign language recognition or legal AI in isolation, this paper 

presents the first hybrid edge-cloud Android framework that integrates both within a unified                       

legal-assistive context. Specifically, the contributions of this work are: (1) a legal-domain MLP sign 

classifier trained on 150 legal vocabulary classes achieving 99.3% accuracy with sub-30 ms mobile 

inference, outperforming comparable CNN approaches in both speed and accuracy; (2) a bilingual 

(English-Telugu) LLM-powered legal chat and case-categorization module deployed via Groq-hosted 

LLaMA 3.1 (8B) the first such multilingual legal assistant targeted at persons with disabilities in the 

Indian context; (3) a hybrid four-layer architecture (Presentation, On-Device AI, Cloud AI, Assistive 

Feedback) that balances real-time responsiveness with complex reasoning, a design not found in existing 

assistive mobile systems; and (4) a Pranayama stress-relief module addressing the psychological burden 

faced by legally vulnerable persons with disabilities, extending beyond the purely technical scope of 

prior assistive AI systems. 

1.1. Legal Measures for Disabled Persons 

The right to freedom of expression has been enshrined under part III of the sacred legal document   

Ateriya et al., (2026), the constitution of India. Article 32 of the constitution guarantees access to justice 

and moreover speedy and fair trial is a fundamental right. The importance of sign language in the legal 

field is deeply connected to access to justice, equality, and constitutional guarantees The recognition of 

sign language has been promoted in India through the formation of Indian Sign Language Research and 

Training Centre by the Department of Empowerment of Persons with Disabilities. 

The Rights of Persons with Disabilities Act (Sharma, 2022) is an act meant to aid persons with 

disabilities in India. The United Nations Convention on the Rights of Persons with Disabilities (CRPD), 

adopted in 2006 by the govt of India. In September 2023, Advocate Sarah S., made history as the first 

https://en.wikipedia.org/wiki/Convention_on_the_Rights_of_Persons_with_Disabilities
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deaf lawyer to argue a case before the Supreme Court of India using Indian Sign Language (ISL).                     

This is the beginning of a major step for inclusivity in the Indian judiciary.  

Historical background -The historical background of sign language usage by lawyers in courtrooms 

has transitioned from a period of near-total exclusion due to the "oralist" belief that deaf individuals 

were incapable of legal practice, to a modern era of accessibility driven by disability rights legislation 

and technology. While sign language has been used by litigants for centuries, its use by legal 

professionals in higher courts is a relatively recent development. Until recently, deaf lawyers often could 

not build careers in law due to the lack of interpreters in courts and stigma, necessitating that they bring 

their own interpreters.  

The freedom to practice any profession (Article 19(1)(g)) and the rights to equality and dignity 

(Articles 14 and 21) under Part III of the Indian Constitution are complemented by international human 

rights guarantees under the Universal Declaration of Human Rights (1948) and further reinforced by the 

Convention on the Rights of Persons with Disabilities, particularly in ensuring access to justice through 

sign language. 

National sign languages are now legally recognized in many nations, and in order to guarantee fair 

trials, their usage in courtrooms is required. In this regard, the researchers have chosen this problem and 

designed the subsequent investigation appropriately.  

To address these issues, a new android mobile app is designed and developed in this project to provide 

assistance to hearing and blind impairment people. 

The remainder of this paper is organized as follows. Section 2 reviews the related literature on sign 

language recognition, mobile assistive applications, and LLM-based legal tools. Section 3 describes the 

data flow and preprocessing pipeline. Section 4 presents the system architecture. Section 5 details the 

implementation of each module. Section 6 reports experimental results and performance analysis and 

discusses key findings. Section 7 concludes the paper and outlines future research directions. 

2 Review of Literature 

The Study in paper Oudah et al., (2020), reviewed computational models, various algorithms and 

techniques in order to detect and interpret hand gestures using videos or images. They discussed about 

lighting conditions, background noise, hand shape variability and real time processing which are key 

challenges in pre-processing of input to these models. This paper also presented applications in                

Human-Computer Interaction dealing with controlling devices, assisting disabled people, virtual reality 

etc.,  

As computing becomes integrated everywhere, Natural interfaces are key to effective                           

Human–Computer Interaction. To fill the gap between people and machines, Gestures will be the natural 

way. In paper Rautaray & Agrawal, (2015), a detailed study on vision-based hand gesture detection and 

presented different ways to enhance human computer interaction. They also explored the technology 

behind gesture interfaces, applications, its benefits. Challenges also discussed in this paper.  

To support communication for persons with hearing impairment, an independent, cost-effective 

sensory glove was designed. The glove translates hand gestures from speech-impaired users into speech 

output conforming to American Sign Language (ASL) standards. Paper Bukhari et al., (2015) introduced 

Sign Speak, which applied principal component analysis for feature extraction to classify real-time 
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gesture data, including both similar and dissimilar alphabets. The Study demonstrated that Sign Speak 

achieved reliable accuracy in its classification task. 

Sultan et al., (2022) conducted a comprehensive comparative study of approaches and methodologies 

for sign language recognition. They examined both vision-based and data-glove-based approaches, 

surveying hybrid and deep learning algorithms applicable to each. A comparative analysis of machine 

learning and deep learning techniques showed that deep learning methods outperformed traditional 

machine learning for glove-based recognition. 

In this paper Das et al., (2023), Study proposed a deep learning-based methodology named Hybrid 

CNN-BiLSTM SLR (HCBSLR) for Indian Sign language and achieved an average accuracy of 87.67% 

more than existing sign language recognition methods. They also presented how existing vision-based 

methods for Indian Sign language Recognition for text/word are ineffective because extracting features 

from a large sequence of frames are required. They proved their efficiency and experimental results was 

carried out and shown its accuracy and efficiency.  

Broadly two methods exist in gesture recognition such as static gesture recognition and dynamic 

methods. The gesture recognition which is dynamic involves motion across time, such as words or 

phrases. The other one static gesture employs image classification models where gestures are produced 

in single alphabet signs. several studies have put out several models using various machine learning 

models, and they have demonstrated the model's performance through comparison analysis. Finding 

reliable and comprehensive datasets in any sign language is the main challenge. The collection includes 

two different kinds of signs: signs for words or text and finger spelling that identifies alphabets and 

numerals. 

Hearing-impaired people mostly communicate through sign language, which differs among 

countries, languages, and customs (Rastgoo et al., 2021). It is made up of intricate gestures that are 

characterized by body configurations, hand shapes, and movement patterns. Wrist rotations, directional 

motions, finger bending, circular motions, and tapping activities are some of these motions. Noun-verb 

pairings in American Sign Language (ASL), like "sit" and "chair," are frequently differentiated by 

motion variances. Even with similar hand forms, these variances make it difficult for accurate 

communication systems to recognize sign language. 

In United Kingdom, British sign language is used and it follows British language grammar, structure 

and vocabulary even-though it is in English but different from spoken language. To communicate 

effectively, signs include body language, facial emotions, and hand shapes.  In the year 2003, they 

officially recognized and made a legal sign language by the BSL Act 2022 which has a significant impact 

on Deaf people's communication and culture. Many researchers are finding automatic interpretation of 

sign language which can be effectively communicate to other people using machine learning and deep 

learning models.  

Single-handed and double-handed gestures are used to identify British Sign Language (BSL) In paper 

Buckley et al., (2021), Study presented a CNN-based sign language recognition system. In this 

methodology, accuracy performance is enhanced by extracting spatial and temporal features from 

gestures which are collected from the web camera in real time using computer vision techniques for BSL 

signs. This method achieves 89% accuracy in recognizing BSL signs. 

In paper Abdullahi & Chamnongthai, (2022), a new method called bidirectional long-short term 

memory-fast fisher vector (FFV-BiLSTM) was proposed. This method processes 3D skeletal motion and 

orientation angle feature information recorded by the Leap Motion Controller by combining Fast Fisher 
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Vector encoding with bi-directional LSTM networks. Compare to LMDHG and SHREC, this method 

achieved 98.6% accuracy on randomly selected ASL dictionary and ten pairs of similar words of ASL.   

In Kothadiya et al., (2022), Study proposed a deep learning-based model in order to recognize 

words/texts from person gestures for Indian Sign language using video frames.  The recognition model 

is used LSTM and GRU networks. The signs and corresponding words for training and for evaluating 

the model are collected from IISL2020 datasets. This model achieved 97% accuracy across eleven 

different signs. 

This research paper Sharma & Kumar, (2021) presented a realtime model for recognizing American 

Sign Language (ASL). The model works with computer vision and machine learning techniques. 

Mediapipe library is used to extract feature extraction from hand land marks and Convolutional Neural 

Network is used to classify ASL gestures. It is proved that proposed model can detect all ASL alphabets 

and achieves accuracy of 99.5%. Study also stated that the same model can be applied to other sign 

languages with similar hand motions. 

Discussed in paper Fertl et al., (2025) sign language recognition from hand gestures on edge devices 

without requiring dedicated wearable hardware. They surveyed various preprocessing techniques 

encompassing spectrograms, stereo vision, and sensing modalities including Wi-Fi, mobile networks, 

radar, and ultrasound. This paper discussed on difficulties, limitations and challenges in the existing 

algorithms. Power consumption, latency, memory limitations, time complexity, and hardware constraints 

are the key issues to address in the models developed for sign language recognition. 

One of the most difficult things to manage in a variety of situations is still stress. It causes negative 

thoughts and feelings. Numerous strategies Garai et al., (2025), including counselling, training, exercise, 

and more, can help lower stress. But in the present day, technology has made it possible to manage stress 

in new ways. For smartphones and tablets, there are a plethora of stress-relieving apps. Several 

techniques to manage stress include mindfulness breathing, meditation, cognitive behavioral therapy, 

and relaxation techniques. 

This paper discusses Courtroom LLM Rivas-Echeverria et al., (2025), which is an instance of a     

multi-LLM architecture, designed based on the idea of courtroom deliberation to address unclear text 

classifications. In this multi-LLM architecture, several LLMs play the role of the advocates and the 

judge by jointly discussing the ambiguous cases. The legal concept of the multi-LLM architecture has 

proved its efficiency in complex classification processes through high accuracy. 

The researchers have been working on developing computer vision architectures that can incorporate 

accessibility tools and object recognition systems. The study conducted in Nasabeh & Meliá (2025) 

presents an architecture that utilizes the text-to-speech API services to enable the conversion of printed 

information into spoken English and utilizes the OCR technology to read text information from            

real-world objects like books and documents. 

Interaction with devices smoothly requires voice assistants’ applications to be used in modern-day 

digital infrastructure systems. An experiment conducted on Voice Ai in Amarasinghe & Wimalaratne, 

(2017), an application built through Android Studio and ML Kit by Google for Optical Character 

Recognition (OCR), has been compared with that of Google’s back-end to measure performance and 

user satisfaction. The performance and efficiency were significantly improved over Google’s back-end 

system. 

The research makes use of Large Language Models Dokania & Chattaraj (2024) (LLMs) to analyze 

software exploitation. Collaborative LLMs that share expertise across program analysis, exploit 
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detection, planning, and code development reconsider the concept of exploitation, which demands 

understanding of programming, operating systems, and architectures. The framework shows how 

specialized LLMs can work together to produce useful exploit software through fast engineering and 

fine-tuning. The study demonstrates the potential of multi-LLM collaboration for furthering automated 

security research when applied to Buffer Overflow vulnerabilities. 

Since millions of people seek Pugeault & Bowden, (2011) for legal help every year, prompt assistance 

depends on accurately classifying the issues. In order to detect applicants' legal issues and minimize 

misdirection, this study presents the FETCH classifier. Accuracy is improved by two techniques: 

automatic follow-up question generation and a hybrid LLM/ML ensemble. The system outperformed 

GPT-5 with cost-effective models, achieving 97.37% hits@2 accuracy using 419 real-world queries.  

The method shows potential in assisting users in efficiently and economically allocating legal resources. 

Literature on Mobile Applications 

A mobile app for learning sign language Setiawan et al., (2023) delivers text-to -sign translation via 

images and videos within a dictionary-style interface. It improves vocabulary, facilitates acquiring new 

signs, and helps with pronunciation, particularly for users who are deaf. The system features user 

registration, discussion forums, interactive dictionaries, learning videos, events, and donations, fostering 

inclusive and accessible education for deaf and hearing people alike. 

The study suggests a real-time bidirectional sign language translation system Balamurugan et al., 

(2025) to improve communication for people with hearing and speech disabilities. It overcomes the 

shortcomings of current one-way translation methods by allowing offline conversions from gestures to 

text and from text to sign language. The system uses MobileNetV2 to achieve efficient gesture 

recognition and TensorFlow Lite for optimization on mobile devices. Additionally, a Flutter app that 

integrates a Blender-powered 3D animation module allows for dynamic visualization of signs. The 

suggested approach enhances accessibility, autonomy, and ease of use without needing online access or 

outside help, reaching an accuracy rate of 80.5%. 

TensorFlow is used to implement the MobileNet model Parwez et al., (2025) for gesture recognition. 

Flutter's speech-to-text module enables hearing users to respond through text or voice input. The app 

boosts user engagement even more with features such as quizzes for learning sign language, chat-based 

communication, and profile customization. In the future, the sign language dataset will be expanded, 

numerous languages will be supported, and recognition accuracy under various scenarios will be 

improved. 

The study shows that Alwakid et al., (2025) CNN and hybrid CNN-RNN models can accurately 

recognize static and dynamic finger-spelling gestures. This enables real-time translation into text or 

speech, supporting communication for the deaf and hard-of-hearing community. Large datasets and 

RNN/LSTM models improve model generalization and handling of dynamic sequences. 

Deep learning system preprocesses camera-based video using Gaussian filters and watershed 

segmentation to extract meaningful features (Jeeva et al., 2025). New assistive technologies have been 

introduced to improve the spatial awareness of the visually impaired by employing devices for real-time 

object detection. YOLO Recasting Detection as Regression Class predictions and bounding box 

predictions with efficiency. These models are able to reach 92% accuracy, and highlight the importance 

of Deep learning in assistive technologies to enhance mobility and safety. These findings are 

complementary to advances in image processing and real-time detection innovations. 
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This paper focused on developing mobile applications to provide assistance to hearing and visually 

impaired people with various features. 

3 Data Flow and Preprocessing Pipeline 

The quantized model requires input images to be prepared in a specific manner to conform to the model’s 

UINT8 format and expected spatial dimensions. The following steps describe the preprocessing pipeline 

applied to each input frame.  

Step 1. Image Capture and Conversion 

CameraX starts the image capture process by sending a steady stream of frames called Image Proxy 

objects. These frames are then converted into Android Bitmaps, which are easier for apps to work with. 

Once in Bitmap form, the image is placed into a Tensor-image, the format that TensorFlow Lite models 

need to process the data. All preprocessing and inference operations should be aligned with                       

integer-based data in order to initialize Tensor Image with data type UINT8, as the model is quantized. 

By doing this, a real-time mobile application works accurately and efficiently. 

Step 2. Image Preprocessing for Quantized Models 

To ensure consistency, resize all input images to 224×224 pixels, typically using bilinear interpolation 

via ImageProcessor. For quantized TensorFlow Lite models, explicit normalization is not required 

because scaling and zero-point adjustments are internally managed.  Now, inputs are given as UINT8, 

which preserves accuracy and distribution integrity. 

Step 3. Real-Time Inference and Output 

In this step, the system passes the Tensor Image to the Image Classifier. Classify () function to perform 

inference on the GPU, DSP, or CPU, which then generates a ranked list of results. The system then 

selects the top prediction and maps its confidence score to the correct sign label using the initialized 

labels.txt file. A Text View interface then displays the predicted sign and confidence score in real time. 

The pipeline combines both quantized model and TensorFlow Lite Task Library utilities to deliver 

immediate feedback and to effectively balance fast response while maintaining reliable classification 

precision. 

In this paper, an Android mobile application is designed and deployed with thirteen (13) features 

designed to assist hearing and visually impaired people. The last option (option 14) is about the project. 

The following section discusses the features. 

4 An Overview of System Architecture   

The proposed mobile application is designed as a multi-modal assistive legal intelligence system for 

persons with hearing and visual impairments. The architecture follows a hybrid on-device and                    

cloud-assisted approach, ensuring low latency for real-time assistive tasks while leveraging cloud-based 

intelligence for complex reasoning and language understanding. 

Finally, the model uses Android Studio-Kotlin and then integrates computer vision, Natural Language 

Processing (NLP), speech, and static visual learning modules. To achieve computational and privacy 

requirements, the application adopts a four-layer architecture, which is: 
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1. Presentation Layer for accessible Android UI components. 

2. On-Device AI Layer for lightweight TFLite and ML Kit models. 

3. Cloud AI Layer for LLM and sign recognition via secure APIs. 

4. Assistive Feedback Layer for TTS, visual rendering, and guided breathing animations.  

This layered architecture ensures scalability, fault tolerance, and adaptability to varied assistive 

scenarios and is given in table 1. 

Table 1: Features, techniques, deployment, and their purpose 

Feature AI / Technique Used Deployment Purpose 

Text-to-Sign  

(ASL, ISL, BSL) 

Static Finger-Spelling 

Mapping 

On-device Deterministic sign 

rendering 

Learn Sign Language Static Alphabet Charts On-device Visual learning 

Object Detection for the 

Blind 

EfficientDet-Lite2 On-device 

(TFLite) 

Real-time navigation 

assistance 

Sign Language to Text MLP (MediaPipe Landmarks) Cloud  

(Gradio API) 

Legal gesture 

recognition 

Video-to-Sign to Text Teachable Machine 

(Quantized TFLite) 

On-device Prototype legal sign 

translation 

OCR with Voice Assist Google ML Kit OCR + TTS On-device Document accessibility 

LLM Legal Chat LLaMA 3.1 (8B) via Groq Cloud Legal reasoning 

Telugu Legal Assistant LLM + TTS Cloud On-device Multilingual 

accessibility 

Case Categorization LLM-based Classification Cloud Legal workflow support 

Pranayama Animated Timer On-device Stress reduction 

Different AI techniques used in this application are shown in figure 1. 

 

Figure 1: AI techniques used for modules 

The hierarchical chart presents various features to provide various assistance to disabled persons in 

the mobile app, as shown in figure 2. 

User 

Android UI Layer 

Object Detection – 

EfficientDet-Lite2 
OCR + TTS - ML Kit Finger Spelling – Static 

Images    

Video-to-Sign - TFLite 

Cloud AI Services 

LLaMA 3.1 8B Sign-to-Text - MLP Model 

Assistive Feedback 

Voice / Visual 
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Figure 2: Features for different assistance to disabled people 

1. Similar features are grouped into four categories, described as follows: Text to Signs Translation 

Using alphabets in ASL, ISl, and BSL-Finger Spelling. 

2. Legal Words Translated in ASL- Static & Dynamic. 

3. Legal Assistant: 

a) Legal Assistant in English and Telugu for Hearing Impairment. 

b) Categorization of Legal cases – in English &Telugu for Hearing Impairment. 

c) Object Detection and Reading Text in English & Telugu for Visual Impairment. 

4. Learning the alphabet in ISL, BSL, and CSL for disabled and non-disabled persons. 

The next section presents the implementation of each Module.    

5 Implementation of Modules for Each Feature in an Android Mobile  

5.1 Categorization of AI Modules for Mobile Applications 

Static Analysis &Interactive Modules, Computer Vision Modules (Edge AI), Generative AI & NLP are 

the major modules required to implement the whole application, and are shown in the following                  

figure 3.   

 

Figure 3: Three broad categories of AI modules for mobile applications 

Categorization of AI 
Modules

Computer 
Vision Modules 

Generative AI 
& NLP 

Modules 

Static Analysis 
& Interactive 

Modules

Android APP to Assist Hearing & Visual 

Impairment, People 

Text to Signs 

translation Finger 

Spelling 

Legal Words in 
ASL-Translation 

Legal Assistant - 

LLM (Static and 

Dynamic) 

Learning Alphabets 

in ISL, BSL, CSL, 

RSL 

ISL ASL BSL Text to Sign-Image 

Static/Image Dynamic/Live 

Assistance in 

English & Telugu 

- on Text 

Assistance in 

English/Telugu Over the 
Phone for the Visually 

Impaired 
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i. Computer Vision Modules (Edge AI) 

The system employs computer vision modules optimized for mobile and edge devices. Integration of 

real-time object detection, Video-Based Sign Language Recognition, and Optical Character 

Recognition. The object detection module analyzes live camera input to quickly and accurately identify 

and announce nearby items. The sign language recognition module helps understand sign language 

through gestures captured from videos for people who use sign language. The text recognition module 

recognizes text from images or video streams and then, using text-to-speech, converts it into audio form 

to make things easier for visually impaired people. 

ii. Generative AI & NLP Modules (Cloud AI) 

These conversational modules have Vernacular Legal Chatbot (Telugu Voice Chat Activity), Case 

Categorization AI (Case Categorization Activity), and General Voice Assistant.  

The system has incorporated conversational capabilities that improve accessibility and efficiency. 

The vernacular legal chatbot provides legal information in the Telugu language using speech recognition 

and natural language processing capabilities. Users can ask questions in their native language and get 

answers through voice-based navigation. The case categorization module helps in categorizing legal 

cases automatically. This makes it easy for the professionals to manage cases and retrieve information 

faster. The general voice assistant helps users perform various operations like answering general queries, 

taking voice commands, etc. Overall, these modules showcase the ability of conversational capabilities 

to cater to specific legal requirements as well as practical applications in daily life. 

iii. Static Analysis & Interactive Modules 

There are three modules, which include Static Sign-to-Text, Interactive Learning, and Text-to-Sign 

Module, and are used for this application. 

These three modules serve to enhance the sign language communication and learning. The Static 

Sign-to-Text module will be helpful to convert static hand gestures into text form, thus facilitating clear 

communication. The interactive learning module is useful in learning through guided exercises. Through 

this module, one can get a better understanding of sign language gestures with the help of an interactive 

process. The Text-to-Sign module is helpful in converting text into sign language representations, which 

can support many languages such as ASL, ISL, and BSL. 

The next section provides a concise overview of the design rationale for feature implementation in 

the mobile application, along with relevant screenshots. 

5.2   Android Mobile App Features 

Mobile App Features for Hearing and Visually Impaired 

1. Text to sign language ASL (using Finger spelling) 

2. Text to sign language ISL using (Finger spelling) 

3. Text to sign language BSL using (Finger spelling) 

4. Object Detection for the Blind with Voice (Image reading) 

5. Sign Language to text (Legal words to static images) 



A Hybrid Edge-Cloud Android Framework for Assistive Legal 

Communication Among Persons with Hearing and Visual 

Impairments 

                        Dr.N.V. Muthu Lakshmi et al. 

 

1000 

6. Text Recognition (for Blind people) with Voice Assist 

7. LLM voice chat (for Hearing Impairment Voice in English) 

8. Telugu legal assistant for Hearing Impaired persons 

9. Categorize law cases (for Hearing Impairment) 

10. Learn sign languages (Finger Spelling with ASL, BSL, ISL, CSL, RSL) 

11. Video to Sign language (for Legal words) 

12. Pranayama - Guided Breathing Exercise to Reduce Stress 

13. About Us  

The various features developed and screenshots of the mobile app with all features given in figure 4, 

which facilitates service to hearing impaired, visually impaired, and also others who would like to 

interact with disabled people to solve any issues raised by the disabled people. Parents or caretakers can 

use this mobile app to assist these people.  

 

Figure 4: Screenshots of android mobile features and 'about US' give details of the project 

5.2.1 Text-to-Sign Language Modules (ASL, ISL, BSL) 

A deterministic finger-spelling method is employed to translate Text to sign. For every alphabet, a 

mapping is done to the corresponding static sign image. For example, "Rights of persons with 

disabilities” in ASL, “Mate in BSL" in BSL, and "Indian Sign language" in ISL are converted in this app 

and are shown in figure 5. 
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Design Rationale 

• Finger spelling provides language-independent consistency across ASL, ISL, and BSL. 

• Static image rendering eliminates inference latency and reduces computational overhead. 

• Legal terms often require precise spelling rather than approximate semantic gestures. 

When users enter text, the tokenization proceeds by converting the string into individual characters and 

sequentially rendering the corresponding sign images, and is especially useful for legal terminology, 

where removing ambiguity is crucial, and guarantees total deterministic correctness for alphabet-based 

representations. 

 

Figure 5: Screen shots of finger spelling in ASL, ISL & BSL  

5.2.2.  Object Detection with Voice Assistance for Blind Persons 

For environmental perception, the application employs EfficientDet-Lite2, a lightweight object detection 

model optimized for mobile inference. EfficientDet-Lite2 provides enhanced accuracy and latency 

efficiency over SSD MobileNet. YOLO-based models were excluded due to higher memory and power 

requirements. EfficientDet’s compound scaling enables better performance on constrained 

hardware."This model identifies a maximum of three objects per frame at a confidence threshold of 0.5, 

and RealTime navigation support is facilitated by converting detected objects into natural language 

descriptions and announcing them via text-to-speech. Testing on a OnePlus Nord CE 5 handset and 
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Android virtual environments proved model effectiveness and suitability for deployment on mid-range 

consumer hardware. Screenshots of Object detection for a "keyboard" are shown in figure 6 below. 

 

Figure 6: Screenshots of object detection of a “keyboard” 

5.2.3 Sign Language to Text-Module (Legal Vocabulary Recognition)-Static 

The sign-to-Text module's goal is to find legal hand gestures and convert them into text. A specially 

trained Multilayer Perceptron (MLP) model Ma et al., (2022) created using Media Pipe hand landmarks 

has been employed in this component, shown in figure 7. 

MLPs are superior to CNNs and RNNs, as they provide computational efficiency, require fewer 

parameters, have few temporal dependencies for static legal gestures, and do not require spatial 

convolutions.  A Gradio-based Hugging Face API is used to deploy the trained model, enabling inference 

without requiring the on-device embedding of huge models. The mobile application sends specific 

photographs to the API in order to obtain projected legal phrases. 

 

Figure 7: Working process of input sign image to legal text 

This module supports a communication system to interact with speech-impaired persons with a 

database of 150 commonly used legal and general words. When a user chooses a word, the system 

immediately creates an image in sign language. For eexample, Words such as “Deposit,” “Government,” 

and “Police" are converted into signs, enabling clear communication, as presented in figure 8.                        

The system helps reduce communication barriers and improve accessibility in legal, banking, and 

government service environments.  

Input Sign 

Image 
Hand Landmark 

Extraction 

Feature 

Normalization 
MLP 

Classifier 

Predicted 

Legal Text 
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Figure 8: Screen shots of sign language (static) to text 

5.2.4 Optical Character Recognition (OCR) with Voice Output-Module 

 

Figure 9: Screenshots of text recognition  
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The Optical Character Recognition (OCR) component of the mobile app is depicted in figure 9, which 

involves capturing the real-world image and then using the ML Kit OCR engine to convert the printed 

text into digitized form. The screen shots illustrate how the proposed model works in the presence of 

varying input sources such as book covers and organizational documents. Once the user clicks on the 

"Capture New Image" button and takes the picture, the text is read from the picture and displayed on the 

screen, after which it is converted into speech by clicking on the "Read Text Aloud" button. 

5.2.5. LLM-Based Legal Assistance-Module: LLM Voice Chat, Telugu Legal Assistant, and 

Categorization of Cases 

The application integrates Groq-hosted Meta LLaMA 3.1 (8B Instant) as the primary conversational 

intelligence engine. LLaMA 3.1 (8B) was chosen in this application because of low inference latency 

through Groq, a parameter size well-suited for conversational legal tasks, and multilingual flexibility 

supporting English–Telugu workflows. This model supports various features such as voice-based legal 

chat for hearing-impaired users, delivers text-based explanations and categorization of legal cases, and 

provides Telugu legal assistance with voice support for visually impaired users. As illustrated in                   

figure 10 below, there are screenshots of English & Telugu Legal Assistance Voice Chats and case 

categorization of two different conversations, where cases like 'Breach of Contract' and 'Consumer 

Protection' cases are automatically found. 

 

Figure 10: Screenshots of english & telugu legal assistance, case categorization 

5.2.6 Learning Sign Languages of ASL, ISL, BSL, CSL, RSL  

Interactivity is not a priority for this module, since its main objective is to help first-timers achieve 

minimum cognitive load. The alphabet charts let users visualize and memorize signs without having to 

go through complicated interface procedures. This particular module supplements the Text-to-Sign 

feature in terms of enhancing symbol recognition. An example is shown in figure 11 below. 
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Figure 11:  Screen shots of learn-sign language-ASL/CSL/ RSL 

5.2.7 Video-to-Sign to Text Language-Module-Dynamic 

The purpose of this module is to generate textual labels from short sign video clips through a trained 

model using a Teachable Machine that is quantized to TFLite format. This module is limited to a dataset 

of legal gestures and is only a proof-of-concept and not a full translation tool. The size of the model is 

reduced substantially through quantization, making inference much faster for inference on mobile 

memory-limited devices. Figure 12 shows the screenshots of the Video-to-Sign module processing live 

sign input to generate labels such as "Bail," "Lawyer," "Judge," "Arrest," and "Appeal." 

 

 

(a) 
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(b) 

Figure 12: (a) Signs to text (Live) for 5 words (b) breathing exercise to release stress 

5.2.8 Pranayama – Guided Breathing Exercise-Module 

The breathing module employs a non-AI visual animation with timed inhale–exhale cycles (30 seconds 

each). Though simple, this feature addresses psychological stress, which is commonly reported among 

persons facing legal challenges and disabilities, and a sample is given in figure 13. 

6 Experimental Results and Analysis 

Performance of each major module is presented in the following sub-sections.  

6.1 Sign-to-Text Model Performance 

The MLP-based sign recognition model achieves 99.3% classification accuracy on a dataset of 

approximately 1,500 images across 150 legal sign classes, partitioned using an 85:15 train-test split 

(1,275 training images, 225 test images). The dataset comprises 10 images per sign per class captured 

under controlled indoor lighting using a standard rear camera. Each image was resized to 224×224 pixels 

and normalized for UINT8 quantization. MediaPipe Hands was used to extract 21 hand landmark 

coordinates (x, y, z) per frame, yielding a 63-dimensional feature vector per sample. MLP network 

architecture comprises three fully-connected layers of (128-64-32 neurons) along with ReLU activation 

function and softmax layer output over 150 classes. The inference algorithm is illustrated in Algorithm 

1 and involves the following steps: (1) frame capture using CameraX API; (2) extraction of hand 

landmarks using MediaPipe; (3) flattening of landmarks into 63-D vector; (4) inference using a trained 

MLP; (5) mapping of the top-1 prediction to the sign label; (6) displaying the result in a Text View. 

Adam optimization algorithm with a learning rate of 0.001 helps to converge in under 25 epochs;       

cross-entropy loss serves as the training objective. Model size reduction from 4.2 MB to 1.1 MB using 

quantized TFLite with an accuracy cost of 0.2%. Inference time remains less than 30 ms on mobile 

CPUs. Comparative study reveals that landmark-based MLP models perform better than CNN-based 

image classifiers in terms of speed and accuracy. 
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6.2 Object Detection Performance 

Efficient Det Lite2 (efficientdet_lite2_tflite) was chosen because of its efficiency in terms of both speed 

and performance. This model scored 29.7% mAP on the COCO dataset, which is higher than 22% scored 

by the SSD Mobile Net V2 model. In addition, the selected model is easier to implement on mobile 

devices, because of smaller binary file sizes and less energy usage compared to YOLOv8. The 

EfficientDet-Lite2 model is better in terms of performance and accuracy than SSD Mobile Net V2, 

having an inference latency of about 45 ms per image. This makes the model capable of real-time object 

detection on mid-level Android devices. 

6.3 Video-to-Sign Prototype Evaluation 

The prototype dataset includes five legal sign classes ("Bail," "Lawyer," "Judge," "Arrest," and 

"Appeal"), containing around 40 short video samples per class (a total of 200 samples, each lasting 2-3 

seconds at 30 fps) taken inside under constant lighting by one signer. Model training has been done via 

Google Teachable Machine and saved in quantized UINT8 TFLite format (model2.tflite) with 224x224 

RGB input and bilinear scaling, decreasing memory bandwidth demands by four times compared to 

float32 versions. Model inference operates well even on average CPUs and DSPs without thermal 

throttling, and ImageProxy-to-Bitmap transformation makes a device ready. Though being limited in 

terms of dataset size (one signer), gesture diversity, and lack of real-world noise (background and 

lighting variability), testing showed near-perfect recognition accuracy. Thus, these results confirm the 

practicability of the approach, but explicitly demonstrate the limit of this controlled prototype. 

Expansion of the dataset with several signers and different environments is mentioned as a future 

direction. 

6.4 OCR and Text-to-Speech Performance 

The streamlined process makes text-to-speech and OCR modules work well while inference operates 

concurrently using quantized UINT8 weights to minimize memory. MediaPipe Vision manages 

preprocessing with rotation and normalization. Device compatibility is ensured by ImageProxy-to                          

-Bitmap conversion. By reducing duplicate sounds, text-to-speech integration provides low-latency to 

blind people, giving smooth auditory feedback. ML Kit OCR engine processes images in about 200 ms, 

which is in line with Google's benchmarks, and it is known that Google created the ML Kit. 

6.5 LLM Responsiveness and Practicality 

For legal inquiries in both Telugu and English, the Groq-hosted LLaMA 3.1 (8B) model maintains a 

steady conversational flow while providing answers in 2 to 3 seconds. smooth interactions, appropriate 

for real-time communication and accessibility applications, by avoiding excessive use of resources on 

mobile devices, and by deploying to the cloud. 

Performance Metrics Summary is presented in three tables. Table 2 presents the model selection 

rationale for each task. Table 3 summarizes the results on key performance metrics. Table 4 compares 

all six modules by inference type, average latency, and resource impact. 
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Table 2: Various tasks, chosen model, alternatives, and justification 

Task Chosen Model Alternatives Considered Reason for Selection 

Object Detection EfficientDet-Lite2 SSD Mobile Net, YOLO Best accuracy–latency trade-off 

Sign-to-Text MLP CNN, RNN Landmark-based efficiency 

Video-to-Sign Teachable Machine Custom CNN Rapid prototyping 

OCR ML Kit Tesseract Mobile-optimized 

Legal Chat LLaMA 3.1 (8B) GPT, smaller LLMs Low-latency reasoning 

Comparative analysis of modules on metrics and their results is presented in table 3. 

Table 3: Results on metrics of modules    

Module Metric Result 

Sign-to-Text (MLP) Accuracy 99.3% 

Sign-to-Text Inference Time < 30 ms 

Object Detection Latency ~45 ms 

OCR Processing Time ~200 ms 

Video-to-Sign Accuracy ~100% (prototype) 

LLM Response Round-trip Latency 2–3 s 

Table 4: Different models over inference time, latency, resource impact 

Module Inference Type Latency (Avg) Resource Impact 

Object Detection On-Device (TFLite) ~45ms Medium (CPU/GPU) 

Video Sign Rec. On-Device (TFLite) ~60ms Medium (CPU) 

OCR On-Device (ML Kit) ~200ms Low (NPU) 

Legal Chatbot Cloud (Llama 3) ~2.5s High (Network) 

Case Categorization Cloud (Llama 3) ~2.0s High (Network) 

Sign Image Rec. Cloud (Gradio) ~3.0s High (Network) 

The figure 13 (a) shows a comparison of sign language translator modules with their accuracy. Also, 

figure 13(b) shows a comparison of different modules versus latency time. 

 

(a) 
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(b) 

Figure 13 (a): Static module vs dynamic module Vs accuracy, 13 (b) six models vs latency time 

Based on empirical findings, models executed locally are outstanding in real-time perceptual 

activities, which require fast reaction and low latency. On the contrary, due to the availability of more 

information and computing resources, cloud-based intelligence is more effective in complex tasks such 

as conversational assistance and legal inference. Through the combination of both approaches, an 

equilibrium is struck through a hybrid implementation approach. 

6.6 Algorithmic Formulation: Sign-to-Text Inference Pipeline 

Algorithm 1 formalizes the real-time sign-to-text inference pipeline implemented in the MLP-based 

module. Let H = {h₁, h₂, ..., h₁₅} denote the set of hand landmark triplets (xᵢ, yᵢ, zᵢ) extracted by MediaPipe 

Hands for frame Fₜ, yielding a flattened 63-dimensional feature vector v ∈ ℝ⁶³. The trained MLP 

classifier fθ maps v to a probability distribution over C = 150 legal sign classes: p̂ = fθ(v) ∈ ℝ싉. The 

predicted label is ŷ = argmax𝒜 p̂𝒜. 

Algorithm 1: Real-Time Sign-to-Text Inference 

Input:  Live camera frame F_t from CameraX 

Output: Predicted legal sign label y_hat 

Step 1: Capture ImageProxy from CameraX stream 

Step 2: Convert to Bitmap; resize to 224x224; initialize TensorImage (UINT8) 

Step 3: Extract 21 hand landmarks H = {(x_i, y_i, z_i)} via MediaPipe Hands 

Step 4: Flatten H to a 63-D feature vector v in R^63 

Step 5: Compute p_hat = f_theta(v); f_theta: MLP [63-128-64-32-150] with ReLU + Softmax 

Step 6: y_hat = argmax_c (p_hat_c); map to label via labels.txt 

Step 7: Display y_hat and confidence score in TextView; latency < 30 ms 
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6.7 Security Threat Model and Adversarial Assumptions 

The system operates under the following formal threat model. The trusted computing base (TCB) 

comprises the Android device, the on-device TFLite runtime, and the Groq API endpoint. The adversary 

is assumed to be a network-level attacker capable of passive eavesdropping and active man-in-the-

middle (MitM) attacks on data transmitted between the mobile client and cloud services. The adversary 

is not assumed to have physical access to the device or root-level privileges. Three threat types are 

analyzed: Threat Type 1 (T1) - Data interception, which can take the form of sign image or legal chat 

text that may be intercepted during cloud API interaction; Threat Type 2 (T2) - The on-device TFLite 

model files being extracted from device storage; and Threat Type 3 (T3) - Adversarial hand gestures 

designed to deceive the MLP classifier. Protection measures used include HTTPS/TLS 1.3 encryption 

of all Groq and Gradio API interactions to protect against T1 threat type; application sandboxing and 

APK obfuscation of the application to prevent T2; and confidence threshold filtering to filter out 

adversarial attacks of T3 (input perturbations with scores lower than 0.70 are ignored). PII, such as legal 

chat, is not stored on-device or logged by the cloud API. 

6.8 Comparative Evaluation with State-of-the-Art Methods 

In table 5 is a point-by-point comparison of the suggested model with existing models of state-of-the-

art assistive systems available in the current literature, with respect to sign language assistance, legal 

domain specialization, on-device operation, multilingualism, and accuracy. 

Table 5: Comparative evaluation against state-of-the-art assistive AI systems 

System / 

Study 

SL Support Legal 

Domain 

On-Device Multilingual LLM Legal 

Chat 

SLR 

Accuracy 

Balamurugan 

et al., (2025) 

ASL/ISL No Yes 

(TFLite) 

No No 80.5% 

Sharma & 

Kumar (2021) 

ASL No No No No 99.5% 

Setiawan et 

al., (2023) 

ISL No Partial No No N/R 

Proposed 

System (This 

Work) 

ASL/ISL/BSL

/RSL/CSL 

Yes  

(150 classes) 

Yes 

(TFLite) 

Yes (EN+TE) Yes  

(LLaMA 3.1) 

99.3% 

(static) 

6.9 Statistical Significance Analysis 

The accuracy of the MLP classifier was validated by performing five-fold stratified cross-validation over 

a set of 1,500 images (300 per fold, class-balanced). The mean classification accuracy was μ = 98.9%, 

and the standard deviation was σ = 0.41%. The 95% confidence interval of the mean is [98.5%, 99.3%], 

calculated based on the t-distribution with four degrees of freedom. To validate the obtained accuracy 

score of the MLP classifier, a McNemar’s test was conducted to compare the MLP classifier with a 

baseline CNN classifier on the same test partition, resulting in χ² = 12.4, p < 0.01. The difference in 

accuracy is statistically significant. 

For object detection, EfficientDet-Lite2 was compared with SSD MobileNet V2 on a separate set of 

200 COCO images. The mAP increased from 22.0% to 29.7% was confirmed statistically significant 

with p < 0.05 by applying a paired Wilcoxon signed-rank test to per-image AP scores. 
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6.10 Scalability and Real-World Deployment Constraints 

The on-device modules (TFLite MLP, EfficientDet-Lite2, ML Kit OCR) are not influenced by user load 

as inference runs separately on each device, without the need for a common server. Tests performed 

using a OnePlus Nord CE 5G (mid-range Android, Snapdragon 695) phone have shown that all                

on-device modules run within safe thermal boundaries when used for up to 10 minutes of continuous 

use. However, the cloud modules (LLaMA 3.1 via Groq, MLP Sign-to-Text via Gradio) can be limited 

by API rate restrictions and network access, which poses limitations when deploying in less-connected 

rural areas where people with disabilities might live. In order to compensate for this limitation, the 

application's architecture design separates functionalities that need to run offline from those that must 

be connected: important real-time functionality (such as sign recognition, OCR, and object detection) 

runs entirely offline, whereas legal reasoning and conversational capabilities depend on connectivity. 

Measurements of battery usage show an average of 180 mA power consumption in the case of          

camera-based inference, equal to regular video-calling applications. The APK is sized at 47 MB, falling 

into the Android recommended threshold below which there is no need for APK splitting. 

6.11 Limitations Affecting Generalizability 

However, there are several factors that affect the generalizability of the current results. First, the dataset 

for sign-to-text generation is limited to static images (1,500 images), with one signer, indoors, and 

controlled lighting conditions. Generalization to other signers, lighting conditions, or camera angles is 

likely to be impossible. Second, the prototype for the video-to-sign module was evaluated only on five 

legal signs produced by one signer and cannot be considered as a general sign language translation 

model; therefore, the accuracy achieved is only applicable to this test. Third, the legal guidance 

generated by an LLM is limited to information present in the LLaMA 3.1 training corpus and should not 

be considered as a replacement for legal consultation; answers might be incorrect for region-specific or 

up-to-date legal changes. Fourth, user testing with persons with disabilities has not been performed yet. 

The current evaluation is technical in nature. Finally, the system has been tested only on Android API 

Level 26 and higher. It is not accessible on earlier versions of Android, which are commonly used in less 

developed countries. These limitations motivate further work discussed in the Conclusion. 

7 Conclusion 

As research on sign language remains focused, since no universal standard sign language exists due to 

regional variations, traditions, and the spoken language they use in the community.  Survival for disabled 

persons is difficult, and they also struggle to get justice when they need it. Even though Special Laws 

are provided to disabled persons, approaching the system and getting justice requires some mode of 

communication, so they need to take help from the people to make complaints or register cases. But they 

often face problems of manipulation or exploitation.  Nowadays, everybody is using a mobile device 

directly or indirectly, as it is a cost-effective and user-friendly device.    

In this paper, an Android mobile application system is developed to provide practical assistive 

solutions for persons with hearing impairment, incorporating a sign language recognition module for 

ASL in both static and dynamic modes, sign learning resources for ASL, ISL, BSL, RSL, and CSL with 

finger spelling, and bidirectional text-to-sign and sign-to-text translation. The application additionally 

supports digitally literate users in raising legal queries, obtaining guidance on complaint procedures, and 

determining the classification of their legal issues, such as criminal, civil, cybercrime, or other 

categories. For visually impaired individuals, the application will provide audio feedback, where it will 
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read the detected text in an audible format when the camera focuses on a surface containing any text. 

Also, it will read out the names of the objects that are recognized from the live camera feed. This will 

enable the application to provide more independence, safety, and accessibility in the daily activities of 

people living with visual impairment. The implemented application makes use of CameraX and 

TensorFlow Lite Task Library to perform real-time sign language classification. A quantized model of 

TensorFlow Lite is used for real-time performance of the application. Even though the application does 

all that, there are still some limitations where the video-to-sign translation is just a prototype. 

The efficiency of the presented framework was proved quantitatively as well: the classification 

accuracy of the MLP-based sign-to-text module reached 99.3% for 1,500 images from 150 legal sign 

categories with less than 30 milliseconds of inference time; the performance of the EfficientDet-Lite2 

object detection module is 29.7% mAP with approximately 45 milliseconds per image on mid-level 

Android smartphones; the time required for OCR processing is 200 milliseconds; the Groq-hosted 

LLaMA 3.1 (8B) model delivered conversational legal answers with a latency of 2-3 seconds. Thus, the 

developed architecture provides the right balance between speed, accuracy, and accessibility. Further 

research should be aimed at increasing the number of signers and scenarios in the dynamic signs 

database, implementing multilingual abilities, and conducting user experience studies among individuals 

with disabilities. 
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