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Abstract. This paper focuses on the translation of Indian Sign Language (ISL) into text, to 
expand the range of people with whom individuals with hearing impairments can communi- 
cate. The proposed method for this utilizes Mediapipe Holistic for capturing hand gestures 
and Long Short-Term Memory or LSTM networks are used to model the temporal dependen- 
cies in the gesture sequences. The novelty of this research not only includes a custom-made 
dataset to train the model to achieve high recognition accuracy, but also the use of LLaMa 3. 
to form a meaningful sentence from the detected words. The results prove that the gestures 
are recognized as their corresponding words with an accuracy of 92.36% and a precision of 
92.76%. Compared to existing ISL translation systems, our method integrates Llama3 for sen- 
tence formation, improving coherence and meaning in generated text. This solution will cater 
to enhancing accessibility in public services, and day-to-day communication, bridging the gap 
between hearing-impaired individuals and the broader community. 

Keywords: Sign Language Recognition (SLR), Indian Sign Language (ISL), 

Long-Short Term Memory (LSTM), MediaPipe Holistic, LLaMA 3 

1 Introduction 

A visual-gestural mode of communication, used by individuals who are hard of hearing, 

sign language employs a combination of hand movements, facial expressions and body 

language to commune meaning and facilitate conversation. Sign Language is not uni- 

versal, i.e., there are different sign languages developed throughout the world. It utilizes 

a combination of signs and gestures to create a unique method of interaction. Many 

education centers in India have adopted the American Sign Language [1] or the British 

Sign Language [2] as a mode of communication. This serves as a disadvantage because 

ASL and BSL are not receptive to cultural nuances or language structures of various 

languages spoken in the country. 

A significant challenge in developing systems for Indian Sign Language (ISL) is the 

absence of a standardized dataset, which can lead to ambiguity and the potential mis- 

classification of gestures. Furthermore, many ISL alphabets and words use two hands 

to communicate making recognition difficult, increasing the likelihood of detecting 

false gestures between words. 

This paper proposes a novel approach for translation of ISL into text, combining 

MediaPipe Holistic, Long Short-Term Memory (LSTM) networks, and Llama 3, a nat- 

ural language processing model. MediaPipe Holistic is employed for detecting hand 

gestures, facial expressions, and body posture, offering a comprehensive recognition of 

body movements. LSTM is then used to model dynamic gesture sequences and capture 

long-term dependencies, ensuring robust gesture recognition even with limited datasets. 

The recognized gestures are then passed through Llama 3, which generates sentences 

from the detected words, offering an improvement in the grammatical and contextual 

accuracy of the output. The integration of Llama 3 for sentence generation sets this 
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work apart from existing ISL translation systems by greatly enhancing fluency of the 

translated text. The research presents a promising approach to enhancing communica- 

tion of the hearing-impaired community, with potential applications in everyday inter- 

actions. 

2 Literature Review 

Melek Alaftekin’s review investigates the identification of Turkish Sign Language 

(TSL) using YOLOv4-CSP algorithm. Such results demonstrate the algorithm’s effi- 

cacy, especially in real-time applications where both speed and accuracy are crucial. 

However, adaptation to temporal sequences is required to be able to detect continuous 

gestures. In comparison, Long Short-Term Memory (LSTM) networks and Gated Re- 

current Units (GRUs) [4] together is an effective architecture in capturing temporal 

dependencies in sign language sequences. Nguyen et al. (2018) developed a real-time 

recognition system for American Sign Language using LSTM networks effectively 

managing long-range dependencies and mitigate the vanishing gradient problem. 

Though this, long sequences of gesture recognition pose difficulties since vanishing 

gradient problems become hard to handle. Similarly, Abdellatif et al. (2019) proposed 

a hybrid approach combining temporal convolutional networks with GRUs to recognize 

Arabic Sign Language gestures. GRUs simplify the LSTM architecture by merging the 

forget and input gates into a single update gate, enabling efficient training while still 

retaining crucial information. 

Filipowska’s research on glove-based recognition [5], highlights its direct measurement 

capabilities using wearable technology with sensors. While algorithms like decision 

trees, support vector machines and Gaussian naive Bayes offer high accuracy, the same 

are prone to overfitting as the complexity increases. These systems are reliable in light 

varying conditions but are less cost-effective and more cumbersome, due to the need of 

specialised hardware. Economical and lightweight user-friendly hardware solutions 

would make glove-based recognition systems more accessible to people. In contrast, 

vision-based gesture recognition methods [6] utilize techniques such as Artificial Neu- 

ral Net-works (ANN), Hidden Markov Models (HMM) and electromyographic (EMG) 

sensors. These offer greater flexibility and user freedom, making them more practical 

for widespread use, though challenges are faced with lighting and back-ground varia- 

tions. The robustness against lighting and background variations has to be improved to 

enhance the accuracy of recognition in diverse environments. 

The literature reflects significant progress in the field of sign language recognition, with 

studies like the TSL identification using YOLOv4-CSP setting new benchmarks for 

accuracy and real-time performance. Traditional methods like glove-based recognition 

offer reliable recognition but have limitations in user comfort and cost. Long Short- 

Term Memory (LSTM) networks and Gated Recur-rent Units (GRUs) excel at captur- 

ing temporal dependencies, as demonstrated by Nguyen et al. and Abdellatif et al. Hy- 

brid approaches that combine glove-based systems with the flexibility and of vision- 

based methods could enhance Indian Sign Language Recognition. This will ultimately 

enhance communication accessibility for India’s hearing-impaired community. 
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3 Technology Used 

3.1 MediaPipe Holistic 

MediaPipe Holistic [9] analyzes human movements by capturing facial landmarks, 

hand gestures and full-body posture, functioning on CPU and GPU without requiring 

additional processing power. It uses 33 keypoints to define the body posture, 468 points 

for facial landmarks and 21 keypoints, per hand to detect hand anatomy and motion. 

The multi-stage pipeline [10] applies region specific image resolutions, with 

BlazePose’s pose detector [11] estimating human pose. It produces a total of over 540 

keypoints. To capture the human body’s motion more accurately, the proposed method 

utilizes 1662 keypoints in total. 

Since the pipeline uses the system of identifying regions of interest, MediaPipe Ho- 

listic is particularly useful for static frames of the target. During fast movements, the 

tracker can lose the target making it demanding for images with more accurate articu- 

lation. It overall is efficient in detection posture, gestures and expression. To overcome 

the mentioned disadvantage, an RNN called Long-Short Term Memory has been used 

to recognize continuous motion. 

3.2 Long-Short Term Memory 

Long-short term memory (LSTM) [4] is a recursive neural network (RNN). It has an 

input layer, output layer and RNN cells that store memory (cell state). Each cell takes 

the output of the previous cell and other external inputs, passing the result to the next 

cell for extended processing. LSTMs have a memory cell that has the ability to store 

and retrieve information over large sequences maintaining relevant information and 

discarding irrelevant information. The ability of LSTMs to maintain relevant infor- 

mation over long sequences while discarding irrelevant details makes them well-suited 

for capturing the contextual dependencies in Indian Sign Language recognition. These 

features, not typically found in every other deep learning or neural network method, 

make LSTM the optimal choice for our approach. In this approach, the LSTM model is 

stored in a keras file. 

3.3 LLaMa 3 

LLaMA 3 is an open-source language model, featuring advancements in architecture 

for improved efficiency. It includes a highly efficient tokenizer with a capacity of 

128,000 tokens and employs grouped query attention (GQA) to accelerate inference. It 

incorporates data in over 30 languages. It undergoes a post-training phase which super- 

vises fine-tuning, rejection sampling and policy optimization, enhancing the model’s 

ability to provide quality and decision-making abilities. Since ISL lacks the grammati- 

cal constructs necessary for forming complete sentences, such as conjunctions and 

prepositions, Llama 3 was employed to transform the sequence of recognized signs into 

grammatically correct and contextually meaningful sentences. This approach ensures 

that the translated text accurately reflects the intended message in natural language, 
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bridging the gap between the simplicity of ISL and the complexity of full sentences in 

written or spoken language. 

4 Dataset 
 

Fig. 1. “Stop” and “Sorry” representation in Indian Sign Language respectively. 

 

The dataset for training of models was manually created using an HP True Vision 1080p 

FHD laptop camera. The dataset consists of a total of 29 words. Words that are used 

more frequently such as, “please”, “thanks”, “stop” and “hello”, have been incorporated 

into the dataset. Figure 1 present the keypoints identified by MediaPipe Holistic while 

capturing recordings for training. 

70 videos were taken for each word; with a total of 1610 videos all together. Each 

video lasted for 1.67 seconds with a recording speed of 30 frames per second (fps), and 

was divided into 50 static frames which get stored as .npy files during the process of 

data extraction. A directory exists for every word further containing another directory 

with all the static frames in the form of .npy files for that word. 80% of the data was 

allocated for training and 20% for testing for each word. Creating a dataset of 29 words 

required significant time and effort, as it involved verifying each sign's authenticity 

from credible sources and ensuring that every sign was accurately recorded in 70 videos 

to facilitate effective data augmentation. Table 1 shows the words recognized and their 

corresponding generated sentences. 

Table 1. Words taken into consideration for the dataset 

Happy Beach Jump Deaf Sit Wait 

Hello Blue Laugh Family Sorry Woman 

Help Car Man Flower Stand Work 

Please Red Restaurant Run Stop You 

I Dance Play Friend Thanks  
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5 Proposed Methodology 
 

Fig. 2. Workflow Architecture 

 

This paper uses MediaPipe Holistic [10] for recognizing hand gestures and postures, 

and LSTM [4] for training recorded data to accurately detect Indian Sign Language 

gestures. After LSTM processing, LLaMA 3 converts the identified gestures into co- 

herent sentences. Figure 2 illustrates the workflow for gesture identification after da- 

taset recording and training. 

5.1 Video Capture and Frame Extraction 

The first step involves capturing the input video from the device’s camera at a resolu- 

tion of 1080p ensuring high quality images for accurate gesture recognition. The con- 

tinuous feed is divided into discrete static frames. The video is captured at a standard 

rate of 30 frames per seconds to maintain the temporal dynamics of the gestures. Each 

extracted frame is saved as an individual image file or as part of a data structure for 

further processing. This step ensures that each frame can be individually analyzed for 

feature extraction. By capturing and storing frames individually, the system can process 

each frame to identify keypoints and gestures. 

5.2 Preprocessing 

Each extracted frame is converted from BGR (Blue, Green, Red) to RGB (Red, Green, 

Blue) to align with the standard colour format used by computer vision libraries. These 

are processed by MediaPipe Holisitc by detecting landmarks across the face, pose and 

hands. Cropped areas are set to 0 to handle imperfect inputs. The posture is represented 

by 33 landmarks with 4 visibility attributes, resulting in 132 features There are 21 land- 

marks on each hand with 3 attributes, with a total of 126 features. The face has 468 

landmarks with 3 attributes resulting in 1404 features. These facial expressions are es- 

sential for communication and accurately detecting these landmarks enhances the sys- 

tem’s ability to interpret expressions. The keypoints detected are converted into a fea- 

ture vector. Each frame is then saved as a NumPy array in .npy format. 
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5.3 LSTM Gesture Recognition Module 
 

Fig. 3. Confusion Matrix 

Keypoints from each frame are sequentially stored in a buffer and sent to the LSTM- 

based model for prediction. The LSTM model includes 3 layers with the parameters 

fine-tuned to maintain performance while scaling up the system. All three layers use 

ReLU activation function followed by a dropout layer of 0.5 to precent overfitting. The 

first and the third layer of the model consists of 64 units, out of which only the prior is 

configured to return sequences. The number of units was set based on the observation 

that smaller unit sizes struggled to capture the complexity for longer sequences, leading 

to lower accuracy. Higher unit sizes resulted in overfitting due to the relatively small 

dataset. Without regularization, the model began to overfit around the 20th epoch dur- 

ing early experiments. The second layer consists of 128 units to return sequences. The 

number of units increase by the second layer since the number of words recognized and 

complexity also increases. 

After the LSTM layers, the output is passed to 3 dense layers. The first dense layer 

has 64 units with ReLU activation and is followed by a dropout layer with a rate of 0.5. 

This layer was included to further reduce overfitting and condense the learned features 

before making the final classification. The second dense layer has 32 units, also uses 

ReLU activation, followed by another dropout layer with a rate of 0.5. The final dense 

layer consists of 30 units with a softmax activation [13], producing a probability distri- 

bution over the action classes for prediction. 

The model was fine-tuned through trial-and-error, initially handling only three ges- 

tures and later scaling up to accommodate more complex sentences. The system was 

trained for 79 epochs, with early stopping applied after 10 stagnant validation epochs. 



 

 

 

 

 

246             P. Shah et al.

The batch size was increased from 16 to 32 with a learning rate of 0.001. Figure 3 shows 

the confusion matrix, indicating minimal misclassifications and high accuracy across 

most classes. 

5.4 Language Processing 

Each word, on detection, is added to a list. Once this list is final, it is sent to Llama3 

(8 billion parameters), running on the computer terminal through the llama.cpp server. 

Llama generates a sentence as to display it on the user interface. 

5.5 Output 

 

 

Fig. 4. Sentences predicted by Llama 3 based on words detected 

 

Fig. 5. Sentences predicted by Llama 3 based on the detected words. 

The accuracy graph shows an improvement in training and validation, with validation 

accuracy outperforming training, indicating good generalization. The loss graph shows 

validation loss lower than the training loss, suggesting minimal overfitting. The confu- 

sion matrix, ROC curve, and accuracy and loss graphs illustrate the model’s effective- 

ness visually. The model results in 92.36% accuracy, 92.76% precision, 92.36% recall, 

90.28% F1 score and 99.24% ROC AUC. The generated sentence is then displayed in 

the user interface, completing the translation process from sign language gestures to 

text. Figures 4 and 5 show the sentences predicted by Llama 3. 

6 Evaluation 
 

Fig. 6. Accuracy Curve and Loss Curve respectively. 
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Fig. 7. ROC curves 

 

Figure 6 represents the accuracy curve and loss curve of the model on the training and 

validation set over 79 epochs. The training accuracy gradually increases, showing a 

steady learning process. The validation accuracy also shows improvement but stabilizes 

at a higher level after around 30 epochs. suggesting effective learning of temporal de- 

pendencies in the Indian Sign Language data. The convergence between the training 

and validation accuracies indicates minimal overfitting, making it robust. The training 

loss decreases consistently, showing that the model is progressively minimizing the 

error on the training data. The validation loss also decreases and stabilizes at a low 

value. The validation loss is lower and stabilizes before the training loss, suggesting 

effective generalization. The low final loss values imply that the model predictions are 

closely aligned with the actual ISL gestures. 

Figure 7 represents the ROC curve of the model indicating that most classes have an 

AUC (Area Under the Curve) close to 1.0. It indicates that the model is almost perfectly 

distinguishing between true positives and false positives for these classes. The high 

AUC values across most classes confirm that the model is highly effective in correctly 

identifying ISL gestures with minimal false positives. 

7 Results 
 

Fig. 8. Llama 3’s successful identification of “Help” and “Please” 
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Figures 8 represent the identification of the words “help” and “please” while testing. 

The results from the evaluation metrics reveal that the model performs robustly across 

various measures. The model accuracy graph shows a consistent improvement in both 

training and validation accuracy over time, with the validation accuracy consistently 

outperforming the training accuracy, indicating good generalization. The loss function 

graph also supports this, as the validation loss remains lower than the training loss, 

suggesting minimal signs of overfitting. The confusion matrix, ROC curve, and accu- 

racy and loss graphs illustrate the model’s effectiveness visually. The model results in 

an accuracy of 92.36%, precision of 92.76%, recall of 92.36%, F1 score of 90.28% and 

ROC AUC of 99.24%. Table 2 shows the words recognized and the corresponding sen- 

tences generated using those words. 

Table 2. Recognized words and their corresponding sentences. 

Recognized Text Sentences 

Work, Man, Work, Beach, 

Dance 

The man, who was working at the beach all day and 

night, decided to take a break from work and dance 

on the shore. 

Wait, Work, Happy I’m happy to wait and work. 

You, Dance, Man You dance with the man. 

Hello, Sorry, You, Wait Hello, wait, sorry to keep you waiting. 

8 Conclusion and Future Scope 

The proposed solution achieves an accuracy of 92.36% and a precision of 92.76% in 

recognizing Indian Sign Language. A key contribution of this work is the development 

of a custom ISL dataset, specifically designed to capture 29 frequently used gestures. 

This is crucial in training the system to accurately recognize dynamic gestures. To fur- 

ther improve classification accuracy, augmenting the dataset to include more variations 

of common keypoints is beneficial. By leveraging MediaPipe Holistic for gesture de- 

tection, including hand gestures, facial expressions, and body posture, the system en- 

sures a comprehension capture of keypoints for precise recognition. The proposed so- 

lution is extendable to include additional words, thereby enhancing the system’s ability 

to recognize a broader range of gestures. This methodology is also applicable to gesture 

recognition for other sign languages. 

LSTM networks effectively model dynamic gesture sequences, allowing the system 

to handle complex ISL gestures with temporal dependencies. Llama 3 enhances this by 

generating coherent, contextually accurate sentences from the sequences of recognized 

signs. This sets the system apart from existing ISL translation solutions bridging the 

gap between ISL and fluent written or spoken language, ensuring the translated text 

reflects the intended message with proper grammar and syntax. Future advancements 

could focus on real-time translation from signs to text, as well as incorporating a larger 

dataset. Integrating generative AI (GenAI) models can further improve the system’s 
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contextual understanding, enabling it to generate more nuanced and semantically accu- 

rate translations for complex gestures. 
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