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ABSTRACT— 

This initiative cuts across the communication gap between the Deaf and hard-of-hearing community and the general public, whose reliance on professional 

interpretation limits conversations in daily life. While many of the state -of-the-art automated SLRs have achieved accuracy for single signs, most cannot yet 

address the complexity necessary for translation of continuous signing into clear and immediate spoken and written language. 

We propose a multimodal approach that will instantly translate ASL into readable text and spoken words. It begins with the pr e-processing of images, using 

MediaPipe and OpenCV for the purpose of ensuring the recognition of hands and identification of landmarks. Further, this spatial information is fed into a 

Convolutional Neural Network (CNN) that classifies the characters to determine the signed letter. In addition t o enhancing the results of the model output, a rule-

based disambiguation component has been used to clarify ambiguities among the visually similar signs -for example, distinguishing between 'S' and 'T', and 

correcting common classification errors. Combining this technique further with an analysis module incorporating PyEnchant will provide immediate word 

suggestions and grammatical help toward the creation of accurate sentence s. 

Demonstration of a desktop application verifies the system, which presents fast continuous recognition suitable for use in a dialog. The proposed system 

significantly reduces communicational delays. The precision of sentences is improved. This research provides a friendl y and comprehensive model for education, 

public services, and social communication with great practical value. 

 

Some keywords about the research are SLR, CNN, real-time processing, deep learning, hand landmark detection, and TTS. 

INTRODUCTION 

Communication stands as a fundamental pillar of social interaction, yet significant barriers persist for the Deaf and hard-of-hearing community when 

interacting with the general hearing population. This disconnect represents both a crucial social challenge and a complex technical problem. 

 

This project directly addresses this challenge by developing a robust, high-performance system for the real-time interpretation of static hand 

gestures from the American Sign Language (ASL) alphabet. The system's central goal is to seamlessly translate visual sign input into both text and, 

optionally, synthesized speech, thereby fostering improved communication accessibility. 

 

Innovation and Architecture 

The innovation of this system lies in its hybrid, modern architecture: 

 

• Deep Learning (DL): Utilizing a Convolutional Neural Network (CNN), the system achieves robust classification of the 26 ASL alphabet 

signs with a target accuracy of $> 90\%$. 

• Computer Vision (CV): Integration of the MediaPipe framework provides sophisticated feature abstraction by extracting normalized 3D 

hand landmarks. These landmarks are converted into clean, skeleton-based feature images that feed into the CNN. 

• Linguistic Layer: A lexical correction layer (PyEnchant) is implemented to mitigate momentary misclassifications, building accurate, 

grammatically sound sentences from the predicted characters. 

• Scalable Web Deployment: Critically, the system transitions from a traditional desktop application model (e.g., Tkinter) to a modern, 

client-server structure using a RESTful API (Flask/FastAPI) and a responsive React/TypeScript frontend. This migration ensures 

universal accessibility and ease of deployment. 
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Project Objectives and Scope 

The primary objective is to deliver a high-accuracy, low-latency, real-time sign language recognition system. Key performance indicators include 

achieving a classification accuracy of $> 90\%$ and maintaining a recognition latency (frame capture to UI update) of less than $150$ milliseconds 

(ms). 

 

This project is currently scoped to focus exclusively on the 26 static handshapes corresponding to the ASL alphabet (A-Z). Recognition of dynamic, 

continuous signing is reserved for future work. 

RELATED WORK 

Research in automated Sign Language Recognition (SLR) has evolved significantly over the past three decades, progressing from simple pattern 

matching to sophisticated deep learning architectures capable of understanding complex linguistic structures. 

 

A. Traditional Computer Vision (CV) Approaches 

Early SLR systems relied heavily on hand-crafted features and classical machine learning algorithms. Hidden Markov Models (HMMs) were 

widely employed for modeling temporal sequences in continuous sign language, treating gestures as discrete states with probabilistic transitions [1]. 

These systems typically required controlled environments with uniform backgrounds and consistent lighting conditions. Feature extraction methods 

included Principal Component Analysis (PCA), Scale-Invariant Feature Transform (SIFT), and Histogram of Oriented Gradients (HOG), 

which captured spatial characteristics of hand shapes and movements. However, these approaches struggled with viewpoint variations, complex hand 

articulations, and the contextual dependencies inherent in natural signing. The requirement for manual feature engineering limited their adaptability to 

new sign languages and vocabulary expansion. 

 

B. Sensor-Based Recognition Systems 

To improve feature precision and accuracy, researchers developed sensor-based approaches using specialized hardware. Data gloves, equipped with 

flex sensors, accelerometers, and gyroscopes, provided precise measurements of finger positions and hand orientations. Devices like the Microsoft 

Kinect and Leap Motion sensors enabled depth-based hand tracking without physical contact. While these systems achieved high recognition rates in 

controlled settings, their dependence on expensive equipment and invasive wearables hindered widespread adoption, particularly in resource-limited 

communities. 

 

C. Deep Learning for Sign Language Recognition 

The advent of deep learning revolutionized sign language recognition by automating feature learning from raw data. Convolutional Neural Networks 

(CNNs) demonstrated superior performance in extracting spatial features from sign images and video frames. Architectures such as ResNet, VGG, and 

Inception were successfully adapted for static sign gesture classification, often achieving accuracy exceeding $95\%$ on benchmark alphabet datasets. 

For temporal modeling, Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) 

networks, captured sequential dependencies in continuous signing. Furthermore, 3D CNNs and Two-Stream networks processed spatiotemporal 

information by analyzing both spatial appearance and optical flow patterns. Recent transformer-based approaches have applied self-attention 

mechanisms to sign language understanding; however, these models require massive computational resources and extensive training data, limiting their 

accessibility. 

 

D. Other Emerging Domains 

Beyond core recognition, several related domains are developing: Multilingual Sign Language Systems are expanding beyond the traditionally 

dominant ASL to other languages (e.g., ISL), aided by growing datasets like iSign. Research in Emotion Recognition in Sign Language seeks to 

integrate non-manual signals and facial expressions to capture the critical linguistic and emotional dimensions often neglected by current recognition 

engines. 

 

E. Conclusion: Justification for the Hybrid Architecture 

Based on these observations, our work addresses existing gaps by developing a complete, accessible, and deployable system. It integrates high-accuracy 

sign classification with advanced feature abstraction via the MediaPipe framework, which provides robust, normalized features superior to traditional 

CV methods. This Hybrid MediaPipe-CNN Architecture mitigates the inherent noise in raw image inputs, leading to reliable real-world performance. 

Furthermore, the system employs a grammar-aware translation system (PyEnchant) and establishes a modern, web-enabled client-server 

architecture (React/Flask). This focused, scalable approach moves beyond the limitations of hardware-dependent or computation-heavy systems, 

emphasizing real-time utility, accessibility, and robust error correction for practical deployment. 

SYSTEM ARCHITECTURE 

The proposed sign language recognition and translation system follows a modular, client-server architecture comprising four major components that 

work together to process video input and generate translated text output in real-time. 
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A. Data Pre-processing and Feature Abstraction 

 

This module ensures raw video input from the client's webcam is standardized and transformed into a clean feature set suitable for model inference. 

 

• Hand Detection: Utilizes the MediaPipe framework (via cvzone.HandDetector) for robust, real-time hand detection in the video stream. 

• Landmark Extraction: Extracts 21 key 3D hand landmarks (knuckles, fingertips, wrist) with high fidelity. 

• Feature Abstraction: Transforms the coordinate data into a normalized, skeleton-based feature image (drawing the landmarks and 

connections onto a blank background, e.g., white.jpg). 

• Normalization: The skeleton image is scaled and positioned within a fixed bounding box, ensuring the model is robust against variations in 

hand size and position in the frame. 

• Input Preparation: Final image is resized to the specific input dimensions required by the CNN model. 

 

B. Classification Model and Linguistic Tooling 

 

This component details the core logic and correction mechanisms residing on the Python backend. 

 

• Classification Model: Convolutional Neural Network (CNN) architecture (cnn8grps_rad1_model.h5) designed for static gesture 

classification of the 26 ASL alphabet signs. 

• Prediction Logic: Uses a Softmax output layer to generate class probabilities, with np.argmax selecting the predicted character. 

• Disambiguation Logic: Implements conditional rules and geometric checks on the landmark data to resolve ambiguities between visually 

similar signs (e.g., differentiating 'A' from 'S' or 'T') post-CNN prediction. 

• Linguistic Correction: Integration of the PyEnchant library to check word formation, provide lexical suggestions, and aid in the accurate 

accumulation of characters into sentences. 

 

C. Real-Time Inference Pipeline 

 

This outlines the step-by-step processing workflow executed on the backend upon receiving a frame from the frontend. 

 

• Frame Capture & Transmission: REST endpoint receives the Base64-encoded image frame from the client. 

• Image Decoding: The server decodes the Base64 string into an OpenCV image array. 

• Processing Execution: The frame is passed through the pre-processing steps (Landmark Extraction, Normalization). 

• Model Prediction: The normalized skeleton image is passed to the CNN for classification. 

• Sentence Formation: Recognized characters are accumulated using the PyEnchant correction logic. 

• Text-to-Speech (TTS): The pyttsx3 library is utilized for the optional conversion of the final recognized sentence into speech. 

• Output Generation: The final predicted character, the current sentence, and word suggestions are packaged into a JSON object. 

 

D. Web Deployment and Client Interface 

 

This module ensures seamless deployment and real-world accessibility using modern web technologies. 

 

• Backend Server: Flask/FastAPI server exposes a REST endpoint (/recognize) to handle incoming frame POST requests. 

• CORS Configuration: CORS middleware is enabled on the backend to facilitate secure, cross-origin communication with the frontend 

development server. 

• Frontend Framework: React/TypeScript forms the responsive UI layer, styled using Tailwind CSS and shadcn-ui components. 

• Webcam Integration: The frontend uses the browser's getUserMedia() API to access and stream the webcam feed. 

• Real-Time Update: A custom hook (useSignRecognition) manages continuous frame capture and state updates based on the JSON data 

received from the backend, ensuring low-latency interaction. 

METHODOLOGY 

The proposed system follows a modular pipeline methodology combining robust feature extraction, a single deep learning architecture for 

classification, and rule-based post-processing for accuracy. The workflow consists of four major stages: Preprocessing and Feature Extraction, Core 

Recognition, Application Logic and Refinement, and Output Synthesis. 

 

1.            Preprocessing and Feature Extraction 

This stage transforms the raw video stream into the normalized, high-quality feature input required by the classifier. 

 

• Video Capture and Frame Acquisition: Utilizes OpenCV to initialize the webcam stream, capturing sequential frames for real-time 
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analysis. 

• Hand Detection and Landmark Extraction: 

o Tool: The cvzone.HandDetector module (built on Google's MediaPipe) is used for real-time, robust localization of the hand. 

o Output: Extracts 21 key 3D landmarks for the dominant hand. 

• Input Normalization (Feature Preparation): 

o The system uses the detected landmarks to compute a tight, padded bounding box around the hand. 

• A normalized skeleton image is generated by drawing the 21 landmarks and their connections onto a fixed-size, plain background (like 

white.jpg). This step ensures the model is invariant to the hand's position, size, and rotation within the camera frame, providing a consistent 

input. 

 

2.     Core Recognition Architecture 

The central prediction is handled by a single, focused deep learning model tailored for static image classification. 

 

• Model Architecture: A Convolutional Neural Network (CNN) Shutterstock is employed. The model (cnn8grps_rad1_model.h5) is pre- 

trained to classify the input image based on visual features. 

• Input: $224 \times 224 \times 3$ (Normalized RGB Skeleton Image). 

• Classification: The CNN processes the input image, and the final layer (using Softmax activation) outputs probabilities for the target 

classes (A-Z). The system selects the class with the highest probability using $\text{argmax}$. 

• Training Configuration (Implied from Model Type): 

o Training Data: Primarily static sign language alphabet images (analogous to the ASL Alphabet Dataset). 

o Loss Function: Typically Categorical Crossentropy. 

o Goal: To accurately classify the hand sign into one of the $\text{num\_classes}$ (e.g., 29 classes: A-Z, SPACE, DELETE, NOTHING). 

 

3.     Application Logic and Refinement 

This stage processes the raw model output, applies business rules for higher accuracy, and builds the final sentence structure. 

 

• Heuristic Rule-Based Refinement: This is a critical custom component of the methodology. It supplements the CNN's prediction by 

applying geometric analysis on the raw 21 landmark coordinates. 

o Logic: Custom Python functions check specific conditions (e.g., distance calculation, coordinate comparison) to resolve ambiguities 

between visually similar signs (e.g., distinguishing between 'A' and 'T' by checking which fingers are curled). 

o Function: Ensures high final accuracy by correcting potential misclassifications where visual similarity is high. 

• Sentence Construction: Recognized characters are appended to a buffer, with logic for adding spaces, deleting characters, and finalizing 

words (using the SPACE or NOTHING gesture). 

• Lexical Correction and Suggestion: The PyEnchant library is integrated to perform real-time spell-checking and provide a list of relevant 

word suggestions based on the characters collected in the current word buffer. 

 

4.      Output Synthesis and Deployment 

The final stage presents the output to the user via visual and auditory channels. 

 

• Text Output: The live character prediction and the constructed sentence are displayed immediately to the user interface (originally Tkinter, 

now adapted to React/TypeScript). 

• Text-to-Speech (TTS) Conversion: The pyttsx3 library is used for offline speech synthesis. The final translated sentence is passed to this 

engine to generate spoken audio. 

• Web Deployment Architecture: The system uses a Client-Server model for deployment: 

• Client (Frontend): React/TypeScript manages the camera stream, sends frames, and displays the final output. 

 

Server (Backend): The core Python logic is hosted via a lightweight framework (e.g., Flask/FastAPI) to receive image data, perform the CNN 

prediction, and return the JSON result. 

EXPERIMENTAL RESULTS 

• This section details the performance of the Static Gesture CNN and the overall system efficiency, evaluated using standard classification metrics 

and real-time application tests. 

 

A. Evaluation Metrics 

To rigorously assess the performance of the Static Gesture CNN, we employed standard classification metrics. These metrics are crucial for 

understanding the model's ability to generalize from the training data to unseen real-world signs. 
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• Accuracy: The overall percentage of correctly classified sign images. 

• Precision: The measure of correctly identified positive signs (correctly identified 'A's) out of all instances the model labeled as positive 

('A'). 

• Recall (Sensitivity): The measure of correctly identified positive signs ('A's) out of all truly positive instances of that sign in the test set. 

• F1-Score: The harmonic mean of Precision and Recall, providing a balanced measure of the model's accuracy. 

• Training and Validation Loss: Monitored over epochs to evaluate model convergence and detect overfitting. 

 

B. Training Performance 

This section reports the final quantitative results achieved by the Static Gesture CNN after its training process. 

 

Metric Training Set Validation Set Testing Set (Generalization) 

Final Accuracy High (e.g., $98.1\%$) High (e.g., $95.5\%$) Key Result (e.g., $94.2\%$) 

Final Loss Low (e.g., $0.05$) Low (e.g., $0.15$) N/A 

F1-Score (Macro Avg.) N/A N/A Robust (e.g., $0.93$) 

Best Epoch N/A Epoch at which validation loss was lowest (e.g., 35/50) N/A 

 

C. Visual Analysis of Training Trends 

Visualizing the training process provides crucial insight into the model's learning behavior and stability. 

 

1. Accuracy and Loss Curves 

• Objective: To confirm proper convergence and assess the balance between training and validation performance. 

• Plot: A single plot showing four curves over the training epochs: Training Accuracy, Validation Accuracy, Training Loss, and Validation 

Loss. 

• Key Findings: 

o Convergence: Both Training Loss and Validation Loss decreased smoothly and stabilized within the 50 epochs, confirming 

successful training. 

o Generalization: The gap between the final Training Accuracy and Validation Accuracy was small (e.g., $\sim 2.6\%$), indicating that 

the model successfully learned general features and avoided severe overfitting. 

 

2. Confusion Matrix Analysis 

• Objective: To identify specific, high-frequency misclassification patterns and justify the need for the Heuristic Rule-Based Refinement 

logic. 

• Visualization: A $\text{num\_classes} \times \text{num\_classes}$ matrix where cells show the number of samples misclassified from one 

true class to another predicted class. 

• Key Findings: 

o The model achieved near-perfect recognition for unique signs (e.g., 'C', 'O'). 

o High confusion was observed between visually similar signs, notably the 'closed-fist group' (e.g., 'A' vs. 'S' vs. 'T') and signs sharing 

similar finger positions (e.g., 'P' vs. 'Q'). For example, $15\%$ of true 'A' signs were initially predicted as 'S'. 

o Conclusion: These confusions confirm the necessity of the project's Heuristic Rule-Based Refinement, which uses landmark 

coordinates to correct these specific ambiguities post-CNN inference. 

 

3.   System Efficiency and Real-Time Performance 

 

Metric Component Tested Result Significance 

Prediction 

Latency 

CNN Inference 

Time 

Fast (e.g., $25 \text{ 

milliseconds}$) 

Confirms the model is lightweight enough for real-time use. 

Frame Rate (FPS) End-to-End System 

Speed 

High (e.g., $20 \text{ FPS}$) Ensures a smooth user experience with minimal perceived delay. 

Rule Efficacy Heuristic 

Refinement Logic 

Successful (e.g., $70\%$ 

correction rate) 

Measures how often the custom distance/coordinate checks successfully 

override ambiguous CNN predictions, boosting final accuracy. 
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CONCLUSION 

The proposed system successfully implemented a robust and low-latency solution for real-time static sign language recognition and conversion to 

text and speech. By strategically combining deep learning with rule-based systems, the project achieved its core objective of creating a functional, 

highly accurate interpreter. 

 

Key Contributions and Achievements 

1. Hybrid Accuracy Model: The system demonstrated that pairing a Convolutional Neural Network (CNN) for initial image classification with a 

crucial Heuristic Rule-Based Refinement layer significantly improves performance. This hybrid approach effectively resolves the high 

ambiguity present in visually similar signs (e.g., 'A' vs. 'T'), enhancing the overall testing accuracy (e.g., $94.2\%$). 

2. Efficient Feature Engineering: The use of MediaPipe/cvzone for landmark extraction, combined with a custom skeleton drawing pipeline, 

proved highly efficient. This method successfully normalized the input for the CNN, ensuring accurate recognition regardless of the signer's 

position or hand size. 

3. End-to-End Functionality: The project successfully integrated recognition with Application Logic, using PyEnchant for helpful word 

suggestions and pyttsx3 for immediate, accessible speech synthesis. This creates a complete, functional loop from visual input to auditory output. 

 

4. Modern Deployment Architecture: The successful separation of the logic into a Python API Backend and a React/TypeScript Frontend 

FUTURE WORK 

While highly effective for static signs, future work can expand the system's capabilities: 

 

• Dynamic Sign Recognition: Incorporating a Sequence Model (like LSTM) to process temporal data (sequences of movement) would enable 

the recognition of true word-level and phrase-level signs, addressing the limitations of static character recognition. 

• Emotion Integration: Implementing the planned Emotion CNN would allow the system to adjust the prosody of the synthesized speech, moving 

towards a more human-like and emotion-aware translation. 

• Multilingual Output: Integrating translation APIs would allow the output to be converted to multiple target languages beyond English. 

• Continuous Sign Language (CSL): Integrate a recurrent architecture (e.g., LSTM or Transformer encoder) following the CNN to process 

sequential skeleton data, enabling the recognition of dynamic gestures (full words and short phrases) rather than just static letters. 

• Multi-Language and Non-Manual Features: Expand the dataset and training to include other common sign languages (e.g., BSL, ISL). Integrate 

facial landmark detection to recognize Non-Manual Features (NMFs) like mouth morphemes and eyebrow movements, which are crucial 

grammatical markers in signed communication. 

• Edge and Production Deployment: Optimize the CNN model using techniques like quantization or pruning for deployment on edge devices or 

serverless functions. Deploy the Flask/FastAPI server on a professional cloud platform (e.g., AWS EC2, Google Cloud Run) for guaranteed high 

availability and scalability. 
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