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 This study introduces SignVerse, a novel bi-directional sign language 

translation (SLT) system, to enhance communication between the hearing-

impaired community and the general public. SignVerse makes real-time, 

two-way conversations easy for Indian Sign Language (ISL) users—no 

special hardware needed. The system uses smart artificial intelligence (AI) 

tech: computer vision, deep learning, and natural language processing 

(NLP). When someone types or speaks, the text/speech-to-sign module runs 

the input through NLP-based syntactic reordering and shows the ISL 

translation using a lively 3D avatar. On the flip side, the sign-to-text/speech 

module leverages MediaPipe to spot hand landmarks in real time, and the 

convolutional neural network-long short-term memory (CNN-LSTM) model 

accurately recognizes each gesture. Everything works together to help ISL 

users connect smoothly with others 94.8% recognition accuracy, less than 

1.8-second translation latency, and more than 90% gesture clarity in user 

studies are all demonstrated by experimental evaluations. The lightweight 

model, which is optimized through knowledge distillation, guarantees 

excellent performance even on common consumer devices. With significant 

potential for societal impact, SignVerse is a significant step toward real-

time, AI-driven ISL translation. When everything is taken into account, it is 

a dependable, scalable, and reasonably priced choice for inclusive 

communication. 
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1. INTRODUCTION 

Communication is a fundamental human necessity that enables social interaction, education, 

healthcare access, and participation in everyday activities. However, individuals with hearing and speech 

impairments often face significant communication barriers, especially in environments where sign language 

is not widely understood by the general population [1], [2]. According to the World Health Organization 

(WHO), more than 430 million people worldwide experience disabling hearing loss, and a substantial portion 

of this population depends on sign language as a primary means of communication [1]. Despite advances in 

assistive communication technologies, interaction between sign language users and non-signers still largely 

depends on human interpreters or limited one-way translation systems, which restrict accessibility and real-

time communication [2], [3]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Recent developments in artificial intelligence (AI), computer vision, and deep learning have 

significantly improved the capability of automated sign language recognition and translation systems [3], [4]. 

In particular, convolutional neural networks (CNNs), recurrent neural networks (RNNs), and long short-term 

memory (LSTM) architectures have shown strong performance in extracting spatial and temporal features 

from dynamic hand gestures [4], [5]. Transformer-based approaches and graph convolutional networks 

(GCNs) have further enhanced the modeling of continuous sign language sequences by learning complex 

spatial relationships and temporal dependencies [6], [7]. Additionally, lightweight real-time frameworks such 

as MediaPipe have enabled efficient hand landmark extraction using standard RGB cameras without 

requiring specialized hardware [8]. 

Although substantial progress has been made in sign language translation (SLT) research, the 

majority of existing systems primarily focus on American Sign Language (ASL), while Indian Sign 

Language (ISL) remains comparatively underrepresented in available datasets, translation frameworks, and 

deployment-ready applications [9]. Furthermore, many existing systems perform only one-directional 

translation, such as sign-to-text or text-to-sign conversion, rather than supporting complete bi-directional 

communication [2], [10]. Several approaches also rely on computationally intensive transformer architectures 

or sensor-based hardware systems, limiting their usability on resource-constrained consumer devices and 

real-world deployment scenarios [6], [11]. 

To address these limitations, this work proposes SignVerse, a real-time bi-directional ISL translation 

system designed to facilitate seamless communication between hearing-impaired individuals and the general 

public. The proposed framework integrates two major modules: i) a sign-to-text/speech module that employs 

MediaPipe-based hand landmark extraction along with a CNN-LSTM recognition pipeline for accurate 

gesture interpretation and ii) a text/speech-to-sign module that uses natural language processing (NLP) 

techniques for ISL grammar restructuring and generates sign animations through a 3D avatar [8], [12]. 

Unlike conventional systems that depend on sensor gloves or focus exclusively on ASL datasets, SignVerse 

operates using commonly available webcams and microphones, making the system economical, scalable, and 

accessible [9], [13]. Furthermore, knowledge distillation techniques are incorporated to develop a lightweight 

student model suitable for deployment on mobile and web platforms without compromising recognition 

accuracy [14]. 

The proposed system aims to provide an integrated, low-latency, and user-friendly platform capable 

of supporting real-time ISL communication in practical environments such as educational institutions, 

healthcare facilities, and public service centers. By combining gesture recognition, NLP-based linguistic 

processing, and avatar-driven sign generation into a unified framework, SignVerse contributes toward the 

development of inclusive and accessible communication technologies for the hearing-impaired community. 

 

 

2. LITERATURE SURVEY 

SLT systems have evolved considerably due to advancements in AI, computer vision, and deep 

learning technologies. Early research in this area primarily focused on rule-based and grammar-driven 

systems for translating textual information into sign language. Stoll et al. [11] proposed one of the earliest 

English-to-ISL translation systems using a rule-based linguistic framework. Similarly, Papastratis et al. [12] 

developed a semantic machine translation system for Arabic Sign Language (ArSL). Although these systems 

demonstrated the feasibility of automated sign generation, they suffered from limited scalability, rigid 

grammatical structures, and difficulty handling natural real-time communication. 

The introduction of deep learning techniques significantly improved the performance of sign 

language recognition systems. CNNs became effective for extracting spatial features from gestures, while 

RNNs and LSTM models enabled temporal sequence learning for dynamic gestures. Madahana et al. [13] 

demonstrated the effectiveness of deep learning-based gesture recognition using CNN architectures for sign 

language interpretation. 

Recent studies have increasingly focused on transformer-based and graph-based neural architectures 

for continuous SLT. Sharath et al. [14] proposed an adaptive transformer-based framework for continuous 

sign language recognition and translation, improving contextual sequence understanding. Strobel et al. [15] 

introduced a hybrid transformer model for efficient and accurate sign language gesture recognition.  

Arib et al. [16] developed a skeleton-aware neural network capable of modeling spatial relationships between 

hand landmarks and body joints. Similarly, Damdoo and Kumar [17] proposed the SignFormer-GCN 

framework, which combines GCNs with spatio-temporal modeling for continuous SLT. 

Several survey studies have comprehensively analyzed the progress and limitations of current SLT 

systems. Krishnamurthi and Indiramma [18] reviewed various sign language machine translation approaches 

and highlighted challenges related to multilingual datasets, sequence alignment, and grammatical 

consistency. Rastgoo et al. [19] categorized existing methods into recognition, translation, and sign 
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production pipelines while discussing the increasing adoption of transformer-based approaches. WHO [20] 

emphasized the importance of accessibility-oriented AI systems for practical SLT applications. 

Research has also explored sign language production and avatar-based rendering systems. Abdullah 

et al. [21] introduced Text2Sign, which combined neural machine translation and generative adversarial 

networks (GANs) for sign generation. Tan et al. [22] analyzed various AI technologies used in sign language 

applications, including avatar-driven systems. Damdoo and Kumar [23] proposed a real-time speech-to-text-

to-sign translator aimed at improving communication accessibility for hearing-impaired individuals. 

Despite substantial progress, several challenges remain unresolved in current SLT systems. Most 

existing approaches primarily focus on ASL, while ISL remains comparatively underrepresented in publicly 

available datasets and deployment-ready systems [24]. Additionally, many transformer-based architectures 

require high computational resources, making real-time deployment difficult on low-cost consumer devices 

[25]. Existing systems also tend to focus on only one direction of translation, such as sign-to-text or text-to-

sign conversion, instead of enabling complete bi-directional communication. 

To address these limitations, the proposed SignVerse framework introduces a lightweight real-time  

bi-directional ISL translation system integrating MediaPipe-based landmark extraction, CNN-LSTM gesture 

recognition, NLP-based grammar restructuring, and avatar-based sign rendering within a unified architecture. 

The proposed system is designed for deployment using standard webcams and microphones while maintaining 

high recognition accuracy and low translation latency for practical real-world communication scenarios. 

Recent research has also explored bi-directional sign language communication systems integrating 

both sign-to-text and text-to-sign translation functionalities. Mali et al. [26] proposed a two-way sign 

language translator using CNN and artificial neural network (ANN)-based techniques for ISL 

communication. Their work demonstrated the practicality of integrating gesture recognition and translation 

modules within a unified framework for improving communication accessibility. However, the system 

primarily focused on recognition accuracy and did not extensively address lightweight deployment, real-time 

latency optimization, or avatar-based ISL rendering for interactive communication scenarios. 

 

 

3. METHOD 

The SignVerse Core System bridges the gap between ISL and text or speech, making real-time,  

two-way translation possible. The system runs across three main layers: Input, Core System, and Output. 

Input layer: 

− The system captures visual data from a camera running at 30 frames per second, perfect for recognizing 

gestures quickly and accurately. 

− Takes audio from a microphone and lets you type in text through the keyboard or a user interface. 

Core processing system: 

− Module A handles sign-to-text translation. It uses MediaPipe to spot 21 key hand landmarks and captures 

pose details, then feeds these into a CNN-LSTM transformer model with knowledge distillation. This 

setup pulls off an impressive 94.8% accuracy. 

− Module B works in the other direction—text or speech to sign. It relies on Google API or Sphinx to turn 

speech into text, runs NLP algorithms for ISL grammar and syntax reordering, and pulls matching ISL 

signs from a database housed in JavaScript object notation (JSON) or comma separated values (CSV) 

format. 

− A bi-directional translation engine stitches these two modules together, making live communication 

seamless. 

Output layer: 

− On the output side, you'll see text, hear speech, and get animated gestures through a 3D avatar. The 

system also tracks performance, reporting accuracy and latency so you know how well it's working. 

The architecture of SignVerse splits its system into two main parts.: 

− Module A: it handles converting text or speech into sign language. 

− Module B: the second does the reverse, translating sign language back into text or speech. 

Each layer uses specialized AI techniques and software to get the job done with precision. This kind 

of setup doesn't just boost accuracy — it also keeps the process straightforward and fast, letting translations 

happen in real time. 

The overall architecture of the proposed SignVerse system is illustrated in Figure 1. The framework 

is organized into three major layers: input layer, core processing layer, and output layer. The input layer 

captures visual, audio, and textual data using webcams, microphones, and user interfaces. The core 

processing layer contains two primary modules responsible for sign-to-text/speech translation and 

text/speech-to-sign conversion. These modules integrate MediaPipe-based hand landmark extraction, CNN-

LSTM gesture recognition, NLP, and avatar-based sign generation techniques. Finally, the output layer 
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generates translated text, synthesized speech, and animated ISL gestures through a 3D avatar interface, 

enabling seamless real-time bi-directional communication. 

 

 

 
 

Figure 1. Core system of SignVerse for real-time ISL and text/speech translation 

 

 

3.1.  Sign language to text/speech conversion: 

Let’s dig into how it actually works. The system starts by watching your hands through a webcam or 

phone camera, capturing movement at 30 frames per second. OpenCV or MediaPipe grabs each frame. Then, 

MediaPipe Hands or a you only look once (YOLO) detector picks up 21 hand landmarks — the important 

joints and finger tips in three dimensions. Each sequence of these landmarks feeds into a trained CNN or 

LSTM model, built for both ISL alphabets and words. LSTMs, in particular, shine with dynamic gestures 

because they track motion across frames. The model spits out a gesture prediction and a confidence score, 

throwing out low-confidence guesses. Only reliable interpretations make it through to the text or speech 

output, which gets displayed on screen or spoken aloud using tools like pyttsx3 or Google’s TTS API. 

 

3.2.  Text/speech to sign language conversion 

There’s a second module, too. If you speak or type in text, the system translates that into proper ISL 

and brings it to life with a 3D avatar. Spoken input is transcribed by Google Speech Recognition or CMU 

Sphinx and then cleaned up to correct grammar and punctuation. NLP techniques—tokenization, part-of-

speech tagging, and syntactic reordering—break down the sentences, stripping out English grammar in favor 

of ISL’s structure. Lemmatization keeps the mapping to signs consistent. The system matches this cleaned-up 

text to ISL gesture references stored in a structured format (JSON or CSV). Each match triggers a specific 

animation on a 3D avatar, built in Unity or Blender, with movements handled by inverse kinematics or 

careful keyframe work. Users can tweak the avatar—change signing speed, pause, or swap to a high-contrast 

view for better visibility. 

 

3.3.  Data collection and training 

Since datasets for ISL can be limited, SignVerse uses data augmentation tricks—rotating, zooming, 

and flipping sign images—to make the training data more varied and guard against overfitting. Static signs 

run through CNN classification, while LSTMs handle gesture sequences. In this study, Adam optimizer and 

categorical cross-entropy loss were utilized for training purposes and the performance was evaluated using 

accuracy, precision, recall, and F1-score metrics. 
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The Figure 2 shows the dataset generation and landmark extraction during model training. In the 

first frame, we see the raw video input of a person doing an ISL gesture. The second IMG features the real 

time detection of the landmarks extracted by MediaPipe, tracking 21 points from each hand as well as related 

face and pose landmarks. The next few frames illustrate the skeletal representation in addition to 3D 

coordinates mapping of identified joints. This results in consecutive frames having hand, pose and face 

coordinates that can be saved as feature datasets that could then be normalized to become features used for 

training the CNN and LSTM models. From capturing video right down to recognizing and rendering 

gestures, every step of SignVerse’s pipeline boosts the system’s ability to interpret the variety and subtlety of 

ISL in the real world. The platform doesn’t just recognize signs; it adapts with users, performing reliably in 

real conditions and genuinely helping break down communication barriers. 
 

 

 
 

Figure 2. Sample frames showing ISL gesture capture and landmark extraction using MediaPipe for dataset 

generation and model training 

 

 

3.4.  Evaluation metrics 

For detailed investigation, performance analysis of the proposed system was conducted using 

various evaluation metrics. Accuracy was used to evaluate the gesture recognition overall accuracy for the 

entire dataset. Precision, recall, and F1-score were used as metrics for performance evaluation per class 

which is important in multi-class classification tasks over multiple alphabet and the word level indicators. 

The model is then evaluated using the receiver operating characteristic–area under curve (ROC-AUC) metric 

to distinguish between different classes of gestures. Various pre-processing techniques were incorporated in 

addition to implementing pseudo-labeling, a semi-supervised learning approach that allowed the extension 

and refinement of the gesture dataset by adding and refining gestures through high-confidence predictions 

provided by the trained model. 

 

3.5.  Results 

In addition, the suggested model showed good performance with respect to various evaluation 

metrics. The student model (CNN-LSTM with knowledge distillation) achieved a high accuracy of 94.8%, 

and an F1-score of 96.5% which outperformed the teacher model (full-sized CNN-LSTM) accuracy of only 

91.3%. When tested in real-time, the latency per translation cycle was below 1.8 seconds, allowing for 

smooth and natural interaction. User evaluations also confirmed that the generation of signs and animation of 

avatars exceeded 90% accuracy, supporting the usability of the system for real-life communication scenarios. 

The Figure 3 describes bi-directional communication model shows the real-time data flow: 

− Sign-to-text direction: 

ISL gestures → video frames → hand landmarks (195 features) → sequence processing → text/speech output 

(94.8% confidence). 

− Text-to-sign direction: 

Input text/speech → NLP grammar conversion (95% accuracy) → ISL sign sequence → 3D avatar animation 

(90% clarity). 

The entire translation operates with <1.8 seconds latency, ensuring efficient, and real-time ISL 

communication. 
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Figure 3. Real-time performance pipeline 

 

 

4. RESULTS AND DISCUSSION 

The student model, obtained by knowledge distillation, performed with near-parity to the entire 

teacher model but was much more computationally efficient and thus suitable for mobile and web 

deployment. SignVerse sidesteps hardware restrictions common to previous approaches and does not limit 

tracking to a static recording of the sign, instead introducing temporal modeling with LSTM for dynamic 

gestures, as well as implementation of fingertip positions using MediaPipe to run hand tracking in real time. 

The system's avatar allows for low-latency, user-friendly sign rendering, further enhancing accessibility. 

Using an end-to-end architecture specifically devised for ISL, Table 1 shows better performance than earlier 

works. 

 

 

Table 1. Comparative study of previous studies of skin cancer detection 
No. Authors Algorithm/technique Results (%) 

1 Liang et al. [10] Transformer-based SLT 93.5 

2 Mali et al. [26] CNN+ANN for ISL bi-directional 91.7 
3 Amin et al. [7] GRU+LSTM with attention 92.4 

4 Proposed SignVerse system (our work) MediaPipe+LSTM+Unity animation 94.8 

 

 

Table 2 offers an exhaustive analysis on the performance of the individual models and components 

used in SignVerse. It compares the accuracy and application of the teacher model, the distilled student model, 

the NLP module, and the hand tracking component. 

 

 

Table 2. Performance comparison of models used in SignVerse 
No. Model/technique Application area Accuracy (%) Remarks 

1 Teacher model 
(CNN+LSTM) 

Sign gesture classification 
(full scale) 

91.3 Baseline model trained with full dataset 
and layers 

2 Student model (distilled 

CNN+LSTM) 

Lightweight mobile/web 

gesture recognition 

94.8 Achieved higher accuracy with lower 

computational cost 
3 Text-to-ISL converter (NLP 

module) 

Sentence restructuring for 

ISL output 

~95.0* Evaluated manually against grammar-

compliant references 

4 MediaPipe hand tracking Real-time hand landmark 
extraction 

96.4 Accurate key point extraction for 21 
joints per hand 
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In order to investigate the contribution of separate components, we performed study Table 2. The 

teacher CNN-LSTM model although achieved an accuracy of 91.3% at a much higher computation cost 

while the distilled student model achieved significantly high accuracy (94.8%) at a relatively low cost 

making it useful for deployment. Disabling the NLP module resulted in a lack of grammaticality in the 

generated text and reduced overall clarity, whereas when manually assessed against ISL grammar references, 

the component correctly reordered 95% of all considered tokens. Hand prediction based on MediaPipe was at 

96.4% confirmation, adequately reliable for direct use in real time video stream. These results suggest strong 

contributions from both the vision and language components, as well as demonstrating that model distillation 

allows an effective trade-off between accuracy and efficiency. They were asked to interpret the meaning from 

translations generated by the avatar. The results shown in Table 3 indicate that the avatar animations 

achieved a comprehension rate of over 90%, and users rated the gestures as clear and consistent in most 

cases. Although the sample size was limited, this shows that the avatar-based rendering can successfully 

enable end-user communication. 
 

 

Table 3. User comprehension of avatar animations 
No. Evaluation setting Participants Comprehension (%) Notes 

1 Avatar-based output 10 90.5 Gestures clear and consistent 

2 Text-only output (baseline) 10 93.0 Direct textual understanding 

 

 

Technical metrics are insufficient for evaluating usability, we therefore carried out a user study with 

sign language users. The participants saw electrodes in the avatar, and then asked to interpret the meaning of 

translations generated by them. Avatar animations were understood over 90% of the time, and as can be seen in 

Table 3, users rated gestures of avatar animations clear and consistent most of the time. Although the sample 

was small, this does suggest that avatar-based rendering is sufficient in supporting end-user communication. 

The findings demonstrate that SignVerse achieves competitive recognition performance while being deployable 

on resource-constrained devices. The analysis shows that using each module—pose estimation, CNN-LSTM 

recognition, and NLP-based grammar reordering—plays a distinct role in overall accuracy and fluency. User 

evaluations further suggest that the avatar output is understandable for sign language users, though larger-scale 

testing with deaf participants and professional interpreters is needed for comprehensive validation. 

 

 

5. CONCLUSION 

We introduced SignVerse, a simultaneous two-way translating platform for signing to spoken language 

(and vice-versa), to bridge the gap between the hearing and deaf community. SignVerse integrates  

MediaPipe-based gesture segmentation, CNN-LSTM pipeline for gesture recognition, NLP-based grammar 

reordering for ISL, and Unity avatar for signing-gesture rendition. Integrating all these technologies into one 

platform allows us to provide an easy to use real-time translating system which requires no additional sensors 

apart from a webcam and a microphone. SignVerse takes improvement over prior art in numerous ways-instead 

of using specialised glove/skeleton sensors, MediaPipe allows us to capture and segment gestures from a simple 

RGB camera input. We take into account grammar reordering of ISL, something that hasn't been considered 

while building translation systems for ASL. Lastly, we use knowledge-distillation to provide a quantized model 

which enables us to deploy our application onto mobile and web with no loss in accuracy. The cumulative effect 

of these decisions allow us to provide an inexpensive and scalable end-product that produced intuitive results 

when evaluated on native ISL speakers. Our results reflect this with a gesture recognition accuracy of 94.8% 

and a low translating latency of under 1.8 seconds. Our user studies showed that signs performed by the avatar 

were comprehensible over 90% of the time. There are still limitations to the current study-significant hand 

occlusion, variation in signer style, and a limited number of Deaf study participants. Moving forward, we aim to 

support more than one sign language, connect our system to cloud services to allow for translating functionality, 

and conduct in-field tests with our webcam accessible kiosk in public places such as hospitals and schools. 
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