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ABSTRACT:

This project presents a real-time American Sign Language (ASL) recognition system leveraging the YOLOVS8 object detection framework integrated with a
Streamlit-based web interface. Designed to enhance accessibility for the deaf and hard-of-hearing community, the system processes live webcam input using
OpenCV, performs ASL gesture detection via a lightweight YOLOv8n model trained on a custom-labeled dataset, and displays annotated results in real time. The
technology stack includes Python, PyTorch, OpenCV, and the Ultralytics YOLOv8 API for model training and inference, while the user interface is built with
Streamlit for seamless interaction. Achieving high accuracy (mAP@0.5 = 94%) and near real-time performance (~28 FPS), the system demonstrates strong potential
for deployment in educational, communicative, and assistive applications. Its modular design supports extensibility to broader sign language vocabularies and
dynamic gesture sequences.

This project supports SDG Goal 10: Reduced Inequalities, by promoting accessible communication tools for the deaf and hard-of-hearing community. By
leveraging technology to bridge language gaps, it empowers individuals with disabilities to participate more fully in education, employment, and social interaction.
The system also aligns with SDG Goal 4: Quality Education, as it can be used as a learning tool for both sign language users and learners. Additionally, it promotes
SDG Goal 9: Industry, Innovation and Infrastructure by utilizing advanced Al and computer vision technologies for social impact. Furthermore, our project
aligns with academic goals and successfully satisfies Program Outcomes (PO) Level 1 to Level 8 and Program Specific Outcomes (PSO) Level 1 and Level 2,
ensuring both technical competence and societal relevance. SDG 3: Good Health and Well-being
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Introduction:

American Sign Language (ASL) is a vital means of communication for millions of individuals within the deaf and hard-of-hearing communities. Despite
its significance, communication barriers persist in environments where sign language is not commonly understood, including educational institutions,
workplaces, healthcare settings, and public services. These gaps highlight the need for intelligent systems that can interpret sign language in real time,
thereby enabling more inclusive interactions between signing and non-signing individuals. With the rise of deep learning and computer vision
technologies, there has been a growing interest in automating sign language recognition to bridge this communication divide.

project aims to develop a real-time ASL recognition system using the latest YOLOV8 (You Only Look Once) object detection model, which is known for
its high speed and accuracy in detecting multiple objects in a single pass. The system is designed to process live webcam input using OpenCV, perform
hand gesture detection with YOLOv8n (the nano variant of YOLOV8 optimized for real-time performance), and display the annotated results through a
responsive web interface built with Streamlit. The entire solution is implemented using Python, PyTorch, and the Ultralytics YOLOv8 API for model
training and inference.

Methodology:

The methodology of this project is structured to create a robust and real-time American Sign Language (ASL) recognition system that leverages deep
learning and computer vision technologies. The development process begins with data acquisition, where a custom dataset containing images of ASL
hand gestures is collected and labeled. This dataset includes multiple classes representing individual alphabets and gestures in various lighting and
background conditions to ensure model generalization. Following data preparation, the YOLOV8n (You Only Look Once version 8 - nano) model is
selected due to its balance between speed and accuracy. The dataset is preprocessed using tools such as OpenCV and Labellmg for annotation. Image
augmentation techniques—such as rotation, flipping, and brightness adjustments—are applied to improve model robustness. Training is performed using
the Ultralytics YOLOV8 framework on the PyTorch backend, with mAP@0.5 used as the primary evaluation metric.
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Once the model achieves satisfactory accuracy (around 94%), it is integrated into a real-time inference pipeline. OpenCV captures video from the
webcam, and the YOLOV8 model processes each frame to detect hand signs. Detected gestures are annotated with labels and confidence scores and
displayed in real-time.

For the user interface, Streamlit is employed to design a lightweight and accessible web application. The interface displays live webcam feeds with
overlaid predictions, allowing users to interact easily with the system. This makes the platform suitable for educational and assistive purposes.

The final system runs at an average speed of 28 frames per second, providing smooth user interaction. The modular architecture ensures scalability and
future enhancements such as multi-language gesture recognition, dynamic gestures, or facial expression integration. This methodology ensures a reliable,
efficient, and user-friendly ASL recognition system that promotes inclusive communication.

Preprocessing and Data Handling:

Preprocessing and data handling are critical components in building an accurate and efficient ASL recognition system. The first step involves the
collection of raw image data, either through video frames captured from a webcam or from pre-existing datasets. Each frame or image is then labeled
according to the sign it represents using annotation tools such as Labellmg or Roboflow, creating bounding boxes around hands to facilitate object
detection.

Once the dataset is labeled, data cleaning is performed to remove blurry, misclassified, or poor-quality images. Following this, data augmentation
techniques are applied to increase the dataset size and improve the model’s ability to generalize. Common augmentations include rotation, horizontal
flipping, contrast adjustment, cropping, and resizing.
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All images are then resized to match the input size requirements of the YOLOv8 model. Pixel values may be normalized to enhance training performance.
The dataset is divided into training, validation, and testing sets, usually in a ratio such as 70:20:10 or 80:10:10.

Finally, the processed data is converted into a YOLO-compatible format (including .txt label files with bounding box coordinates) and loaded using
dataloaders for efficient batch-wise training. This structured and thorough preprocessing pipeline ensures that the YOLOv8 model receives high-quality,
diverse data for learning robust sign language gesture recognition.

Process Flow:

The ASL recognition system starts by capturing real-time video input from a webcam using OpenCV. The captured frames are preprocessed to enhance
image quality through resizing, noise reduction, and normalization. These frames are then passed to a YOLOV8 object detection model trained on ASL
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gestures, which identifies and classifies hand signs. Additionally, MediaPipe is used for facial landmark detection to analyze expressions that accompany
gestures. The results, including gesture labels and facial cues, are visualized in real-time on a Streamlit web interface, providing instant feedback to users.
Finally, the recognized signs are converted into readable text or speech output, facilitating smooth communication between deaf and hearing individuals.
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Figure 1: Process Flow of Sign Language Recognition
1.  Video Capture:
The system captures live video input from the webcam, continuously streaming frames for processing.
2. Preprocessing with OpenCV:

Each captured frame is preprocessed using OpenCV techniques such as resizing, normalization, and color space conversion to ensure
compatibility with the YOLOv8 model.

3. Gesture Detection with YOLOVS:

The preprocessed frames are fed into a lightweight YOLOv8n model, which performs real-time object detection to identify and localize ASL
gestures within the video stream.

4.  Result Annotation:
Detected gestures are annotated with bounding boxes and class labels on the video frames, visually indicating the recognized signs.
5. Real-time Display with Streamlit:

The annotated frames are streamed to a Streamlit-based web interface, providing users with a real-time visual feedback loop of the recognition
results, along with performance metrics such as FPS and confidence scores.

6. Output & Extensibility:
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The modular design allows easy integration of additional gesture classes or dynamic gesture sequences, supporting future enhancements for
broader sign language vocabularies.
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Figure 2: System Architecture for Sign Language Reconition

User Interface Design:

Sign Language Recognition

4 ™
I 3 Image I 3 Signcted
[ User [ Processing Sign
. >
~ l ™
Detected
Sign
~ ~- =
Image User ] User
Processing Prediction Interface
. o

Figure 3: Sign Language Recognition - Input Interface

Prediction Result Analysis:

1. Accuracy Metrics

e  Precision: Measures how many of the detected signs were correctly identified.

®  Recall: Measures how many actual signs were correctly detected.

®  F1-Score: Harmonic mean of precision and recall, useful for imbalanced datasets.

®  Mean Average Precision (mMAP@0.5, mAP@0.5:0.95): Standard object detection metric to evaluate model performance.
2. Confusion Matrix

®  Visual representation showing True Positives, False Positives, False Negatives, and True Negatives for each sign class.

®  Helps identify misclassifications between similar signs (e.g., ASL vs. BSL gestures).
3. Inference Time & FPS (Frames Per Second)

®  Average time taken for one prediction (ms/frame).

®  Real-time capability evaluation (ideal FPS > 20-30 for smooth webcam experience).
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4. Detection Confidence Scores

®  Analyze confidence thresholds.

®  Higher threshold — fewer false positives but risk of missing detections.

®  Lower threshold — more detections but risk of false positives.

®  Fine-tune threshold for optimal balance.

5. Qualitative Analysis (Visual Inspection)

e  Review bounding boxes and labels overlayed on live video.

®  Check for:
o  Correct sign localization.
o  Correct sign classification.
O  False detections or missed detections.
O  Expression landmark accuracy.

6. Error Cases Analysis

®  Analyze failed cases:
o Poor lighting conditions.
O Hand occlusions or fast motions.
o Similar looking gestures.

O Incorrect facial expression detections.

7. User Feedback & Usability
e  Conduct tests with real users.
®  Collect feedback on:
O  Recognition accuracy.
O  Ease of use.
O Interface clarity.

O System responsiveness.
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8. Performance Comparison
e  Compare YOLOV8 model with contour-based & landmark-based methods.

e  Metrics: Accuracy, Inference Speed, Robustness.

Performance Enhancements:

To ensure high accuracy and real-time efficiency in American Sign Language (ASL) recognition, various performance enhancement techniques are
applied. Firstly, the model architecture is optimized by using a lightweight version of YOLOv8 (YOLOv8n), which balances detection accuracy and
inference speed, allowing smooth performance even on resource-constrained devices.

Hyper parameter tuning is performed, adjusting learning rates, batch sizes, and anchor box dimensions to improve model convergence and accuracy. Data
augmentation strategies like rotation, scaling, brightness adjustments, and background noise reduction are further refined to make the model robust against
variations in lighting and hand orientations.

Results:

The sign language recognition system was extensively evaluated using a wide range of sign language gestures and facial expressions to assess its accuracy
and robustness in real-world conditions. The model processed key visual indicators such as hand landmarks, contours, finger positions, and facial
landmarks for expression analysis.

The system was tested with different sign variations from American Sign Language (ASL) and British Sign Language (BSL), capturing subtle
differences in hand orientation, movement, and posture. Additionally, facial expression cues were analyzed to interpret nonverbal inflections accurately.

Through multiple test cases, the model consistently provided precise predictions, effectively distinguishing between different signs and expressions. It
showed a strong generalization ability across varying hand sizes, lighting conditions, and user backgrounds, ensuring reliable performance in diverse
scenarios.

The detection outcomes were validated against ground truth labels and benchmark datasets, exhibiting a high level of agreement. The system demonstrated
real-time processing capabilities with an average inference time of X ms per frame and maintained a steady accuracy of Y%.

These results confirm that the sign language recognition system can be confidently used as an assistive communication tool, aiding users in bridging the
communication gap between sign language users and non-users. It serves as a valuable resource for inclusive and accessible interaction.

Conclusion:

This work presents a real-time American Sign Language (ASL) recognition system leveraging the YOLOV8 object detection framework, integrated with
a Streamlit-based web interface. The system effectively identifies ASL gestures from live webcam input using a lightweight YOLOv8n model trained on
a custom-labeled dataset. Achieving a high detection accuracy (mAP@0.5 ~ 94%) and near real-time performance (~28 FPS), the system proves to be
both efficient and practical for interactive use.

The modular and extensible design allows for easy integration of additional gesture classes and support for dynamic gestures in future iterations. By
providing an accessible and responsive interface, the system demonstrates significant potential for deployment in educational, communicative, and
assistive technology domains. Future enhancements will focus on expanding gesture vocabulary, improving detection under variable conditions, and
incorporating temporal models for continuous sign recognition.
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