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 Abstract:
Sign language recognition and translation systems are designed to reduce the communication gap between deaf or hard-of-hearing individuals and the hearing community. In many real-life environments such as educational institutions, hospitals, workplaces, and public service centers, the availability of trained sign language interpreters is limited. As a result, there is a growing need for automated systems that can accurately recognize sign gestures and convert them into readable text or understandable speech. Recent developments in artificial intelligence, particularly in computer vision and deep learning, have significantly improved the performance of such systems. Convolutional neural networks are commonly used to extract spatial features from images, while long short-term memory networks are effective in modeling temporal patterns across gesture sequences. Additionally, landmark detection frameworks such as MediaPipe enable efficient extraction of hand and body keypoints, reducing computational complexity. However, challenges still exist in handling multiple sign languages, ensuring real-time processing, and improving vocabulary scalability. This paper presents a detailed discussion of existing systems, identifies their drawbacks, and proposes an LSTM-based encoder–decoder model for efficient sign language detection and translation. 
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Introduction:
 Sign language is a complete visual language that uses hand shapes, movements, facial expressions, and body posture to convey meaning. Unlike spoken languages, sign language relies entirely on visual communication and follows its own grammar and syntactic rules. Millions of individuals around the world depend on sign language as their primary means of communication. However, communication barriers often arise when interacting with individuals who do not understand sign language. To address this issue, researchers have developed automated sign language recognition and translation systems that aim to convert visual gestures into text or speech. Sign language detection refers to identifying hand gestures from video frames or live camera feeds and classifying them into predefined categories. Translation extends this process by converting recognized gestures into meaningful words or grammatically correct sentences. Since sign language involves motion over time, temporal modeling is essential for accurate recognition. Therefore, machine learning and deep learning techniques have become 
fundamental tools in building intelligent sign language translation systems. 



Sign Languages Covered: 
Different countries use different sign languages, each with unique grammar, structure, and 
gesture representation. This research focuses on American Sign Language (ASL), British Sign Language (BSL), and Indian Sign Language (ISL). Although all three are used in English-speaking or English-influenced regions, they differ significantly in structure and gesture formation. ASL uses a one-handed fingerspelling system and has grammar that differs from 
English sentence structure. BSL, on the other hand, uses a two-handed fingerspelling system. 
and has linguistic roots distinct from ASL. ISL is used widely across India and includes regional variations that make dataset collection more challenging. The availability of datasets also varies across these languages, with ASL having more publicly available datasets compared to ISL. 
The following table presents a comparative overview of these three sign languages: 
	Feature
	ASL (American Sign Language)
	BSL (British Sign Language)
	ISL (Indian Sign Language)

	Region of Use
	United States, Canada
	United Kingdom
	India

	Fingerspelling Style
	One-handed
	Two-handed
	Mostly two-handed

	Grammar Structure
	Unique, differs from English
	Different from ASL
	Influenced by regional variations

	Dataset Availability
	High
	Moderate
	Limited

	Research Availability
	Extensive
	Moderate
	Growing



 Existing System and Its Drawback:
Early sign language recognition systems were primarily based on traditional image processing and machine learning techniques. These systems relied on color segmentation to detect hands. 
edge detection for identifying gesture boundaries, and shape descriptors for classification. Algorithms such as Support Vector Machines and k-Nearest Neighbors were commonly used to classify static hand gestures. Although these methods worked under controlled laboratory conditions, they were highly sensitive to lighting variations, complex backgrounds, and differences in skin tone. As a result, their performance in real-world environments was limited. 
With the advancement of deep learning, convolutional neural networks began to replace handcrafted feature extraction methods. CNNs automatically learn spatial features from images, reducing manual effort and improving recognition accuracy. For dynamic gestures, 
Recurrent neural networks and long short-term memory networks were introduced to capture temporal dependencies across frames. These deep learning models significantly improved performance, especially for continuous sign recognition tasks. However, existing systems still face limitations such as restricted vocabulary size, dependency on specific signers, high computational requirements, and difficulty in segmenting continuous gestures into 
individual words. Additionally, most models trained on one sign language struggle to generalize effectively to other sign languages. 
Proposed System:
The proposed system integrates landmark-based feature extraction with an LSTM encoder–decoder architecture to improve recognition accuracy and translation capability. The system begins by capturing live video input through a webcam. Each frame is preprocessed to normalize size and reduce noise. Instead of processing raw image pixels directly, the system utilizes MediaPipe to extract hand, face, and pose landmarks. These landmarks are converted. 
into numerical coordinate vectors, which represent the spatial position of key joints. 
The extracted feature vectors are passed into the LSTM encoder, which processes the sequential 
data frame by frame. Since sign language involves motion, capturing temporal dependencies is essential. The encoder learns meaningful motion patterns and compresses them into a context vector that represents the entire gesture sequence. This context vector is then fed into the LSTM decoder, which generates corresponding text outputs sequentially. The decoder predicts words one at a time while maintaining contextual consistency. Finally, the translated text can be 
converted into speech using a text-to-speech engine, enabling full communication support. 
The encoder–decoder architecture is inspired by sequence-to-sequence models commonly used in machine translation. Its ability to process variable-length input sequences makes it suitable for sentence-level sign language translation. 
Methodology:
The proposed methodology begins with video acquisition, where sign language gestures are 
captured using a webcam or pre-recorded dataset. The captured video is divided into sequential frames, and each frame undergoes preprocessing to improve clarity and consistency. Preprocessing includes resizing the frames to a uniform dimension, normalizing pixel values, 
and reducing background noise to minimize environmental variations. After preprocessing, feature extraction is performed using a landmark detection framework such as MediaPipe. Instead of processing full images, the system extracts keypoint coordinates of hands, facial landmarks, and body posture. These coordinates represent the spatial structure of gestures in numerical form and significantly reduce computational complexity. The extracted keypoints from each frame are arranged sequentially to form a time-series dataset that captures the motion dynamics of the gesture. 
The sequential feature vectors are then fed into a Long Short-Term Memory (LSTM) encoder–decoder network. The encoder processes the input sequence step by step, learning temporal 
dependencies between frames and generating a context vector that summarizes the entire gesture. Due to its gating mechanisms, the LSTM effectively retains relevant motion information while discarding unnecessary details, making it suitable for dynamic gesture recognition. The decoder receives the encoded representation and generates the corresponding text output word by word, ensuring contextual consistency in translation. Finally, the generated 
Text can be converted into speech using a text-to-speech module, enabling real-time communication support. This methodology ensures efficient feature extraction and accurate 
temporal modeling, and meaningful translation of sign language gestures into understandable output. 


Sign Language Recognition with LSTM Encoding and Decoding :
In sign language recognition, each video frame produces a feature vector representing landmark coordinates. These vectors form a time-series input sequence. The LSTM encoder processes this sequence and updates its hidden state at each time step, enabling the model to remember relevant information from earlier frames. Unlike traditional RNNs, LSTM networks use gating mechanisms that regulate information flow, preventing the vanishing gradient problem and 
improving long-term dependency learning. 
After encoding the gesture sequence, the decoder generates the predicted text output. At each 
In the decoding step, the model calculates the probability of the next word based on the previous output and the hidden state. This approach allows the system to generate meaningful sentences rather than isolated words. Advanced implementations may also include an attention mechanism, which helps the decoder focus on the most important frames during translation, thereby improving accuracy for longer gestures. 
Conclusion:
Sign language detection and translation systems are an important step toward building inclusive and accessible communication technologies. The integration of computer vision techniques with deep learning models such as CNN and LSTM has significantly improved recognition. 
accuracy for both isolated and continuous gestures. The proposed LSTM encoder–decoder 
Architecture enhances temporal modeling and enables sentence-level translation, addressing the limitations of earlier static classification approaches. Although challenges remain in multilingual adaptation, dataset availability, and real-time optimization, ongoing advancements in artificial intelligence offer promising solutions. Future improvements may include transformer-based architectures, attention mechanisms, and lightweight models suitable for mobile devices. Overall, the development of intelligent sign language translation systems contributes to reducing communication barriers and promoting equal access to information and services. 
Sign language recognition and translation systems are designed to reduce the communication gap between deaf or hard-of-hearing individuals and the hearing community. In many real-life environments such as educational institutions, hospitals, workplaces, and public service centers, the availability of trained sign language interpreters is limited. As a result, there is a growing need for automated systems that can accurately recognize sign gestures and convert them into readable text or understandable speech. Recent developments in artificial intelligence, particularly in computer vision and deep learning, have significantly improved the performance of such systems. Convolutional neural networks are commonly used to extract spatial features from images, while long short-term memory networks are effective in modeling temporal patterns across gesture sequences. Additionally, landmark detection frameworks such as MediaPipe enable efficient extraction of hand and body keypoints, reducing computational complexity. However, challenges still exist in handling multiple sign languages, ensuring real-time processing, and improving vocabulary scalability. This paper presents a detailed discussion of existing systems, identifies their drawbacks, and proposes an LSTM-based encoder–decoder model for efficient sign language detection and translation.

