’ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 12 Issue: 03 | Mar 2025

www.irjet.net

p-ISSN: 2395-0072

Sign Language Detection System Using Machine Learning

Mohd Kaif1, Sujal Lathre?, B. Srinivas Rao? Neetesh Kumar Nema*

123B.Tech Student Department of Computer Science and Engineering, LCIT Bilaspur, CG, India
*Assistant Professor, Department of Computer Science and Engineering, LCIT Bilaspur, CG, India

Abstract - Sign language serves as a primary mode of
communication for the hearing and speech-impaired
community. However, the lack of widespread knowledge of
sign language presents a significant communication barrier.
This research proposes a machine learning-based sign
language detection system that translates sign language
gestures into text. The system utilizes deep learning
techniques, particularly Convolutional Neural Networks
(CNNs), for image recognition and classification. The study
outlines the dataset, preprocessing steps, model selection,
training process, and evaluation results. The proposed system
demonstrates promising accuracy, making it a viable solution
for real-world applications in accessibility tools and human-
computer interaction. Furthermore, the research aims to
bridge the communication gap by developing a scalable and
efficient sign language recognition model.

By leveraging machine learning, the system can provide a
robust solution for individuals with speech and hearing
impairments. The findings suggest that an automated sign
language detection system has the potential to revolutionize
accessibility, offering a real-time translation mechanism that
enhances communication between sign language users and
non-sign language speakers. Additionally, this research
explores how technological advancements can be incorporated
into assistive technologies to further bridge the accessibility

gap.
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1. INTRODUCTION

Sign language is a structured visual language that uses hand
gestures, facial expressions, and body movements for
communication. It is an essential mode of interaction for
individuals with hearing and speech disabilities. Despite its
significance, accessibility remains a challenge due to a
limited number of sign language interpreters and a general
lack of awareness among the hearing population.

The advent of artificial intelligence (AI) and deep learning
provides an opportunity to automate sign language
recognition, thereby bridging the communication gap.
Machine learning-based solutions offer an approach that
leverages vast amounts of data to identify patterns in sign
gestures accurately. The goal of this research is to develop an

efficient sign language detection system using deep learning
models, ensuring accurate real-time translation of sign
language into text. This study also evaluates the system'’s
effectiveness and explores potential applications in assistive
technologies.

Additionally, this research highlights the challenges faced by
sign language users in various environments, such as
educational institutions, workplaces, and social settings. By
incorporating machine learning solutions, the study provides
an innovative approach to making communication more
inclusive and accessible to the broader community. The
study also aims to address the barriers associated with
traditional communication methods and proposes solutions
to enhance user experience through advanced Al-driven
techniques.

2. LITERATURE REVIEW

Several machine learning approaches have been explored for
sign language recognition, ranging from traditional image
processing techniques to modern deep learning-based
solutions. Earlier methods involved handcrafted feature
extraction using edge detection, color segmentation, and
contour-based analysis. However, these methods often
struggled with variations in lighting, background noise, and
hand positioning.

Recent advancements in deep learning, particularly CNNs,
have significantly improved image classification tasks. CNNs
learn spatial hierarchies of features, making them well-
suited for recognizing intricate hand gestures. Research has
shown that architectures like ResNet, VGGNet, and
MobileNet achieve high accuracy in sign language
classification tasks. Additionally, techniques such as transfer
learning and data augmentation have further enhanced
model generalization. Various researchers have contributed
significantly to different aspects of sign language detection.
Below are some of the notable studies.

o
°n

2.1. Hidden Markov Models for Sign Language
Recognition - Starner and Pentland (1995)

Starner and Pentland pioneered the application of Hidden
Markov Models (HMMs) for American Sign Language (ASL)
recognition. Their system used camera-based hand tracking
and statistical modeling to recognize dynamic hand gestures.
Although their method demonstrated high accuracy, it was
computationally intensive and struggled with real-time
applications due to hardware limitations at the time.

© 2025,IRJET | ImpactFactor value: 8.315

ISO 9001:2008 Certified Journal | Page277



International Research Journal of Engineering and Technology (IRJET)

JET Volume: 12 Issue: 03 | Mar 2025

www.irjet.net

e-ISSN: 2395-0056
p-ISSN: 2395-0072

7

s 2.2, Glove-Based Sign Language Recognition - Fang
etal. (2004)

Fang and colleagues introduced a sensor-glove-based
approach for sign language detection. The system utilized
bend sensors and accelerometers to track hand movements
accurately. While this method achieved high precision, it
required users to wear gloves, making it impractical for
widespread adoption due to accessibility concerns and
device dependency.

7

« 2.3. Handcrafted Feature Extraction for Gesture
Recognition - Bowden et al. (2003)

Bowden and his team developed a Principal Component
Analysis (PCA)-based technique for recognizing hand
gestures in sign language. Their method relied on
handcrafted feature extraction, including edge detection and
contour analysis. However, their approach lacked robustness
when applied to complex backgrounds and varying lighting
conditions, limiting its real-world usability.

7

s 2.4. Deep Learning for Sign Language Recognition -
Koller et al. (2016)

Koller and colleagues proposed a hybrid CNN-RNN model for
recognizing continuous sign language gestures. Their
approach combined Convolutional Neural Networks (CNNs)
for spatial feature extraction and Recurrent Neural Networks
(RNNs) for temporal sequence modeling. Their work
significantly improved recognition accuracy but required
large-scale annotated datasets for optimal performance.

®,

« 2.5.Human-Computer Interaction in Sign Language
Recognition - Kagita et al. (2022)

Kagita and colleagues integrated OpenPose and TensorFlow
to develop a real-time sign language translation system for
human-computer interaction. Their model extracted skeletal
keypoints of hands and facial expressions to enhance
recognition accuracy. However, the system’s reliance on
high-quality camera inputlimited its usability in low-light or
crowded environments.

This study builds upon existing research by integrating CNNs
with real-time image processing to enhance sign language
recognition efficiency. By leveraging state-of-the-art deep
learning techniques, the proposed model aims to overcome
the limitations of traditional approaches. The literature
review also explores various dataset collection methods,
preprocessing techniques, and evaluation metrics used in
sign language recognition research. Additionally, a
comparative analysis is conducted between different
machine learning models to assess their effectiveness in real-
world scenarios.

3. PROBLEM STATEMENT

Communication barriers exist for individuals who rely on
sign language, particularly when interacting with people
who do not understand it. This creates challenges in
accessibility, education, employment, and social inclusion for
the deaf and hard-of-hearing communities. Traditional sign
language interpretation requires human interpreters, which
may not always be available, and existing solutions based on
rule-based algorithms lack accuracy and flexibility.
Therefore, an intelligent system capable of accurately
recognizing and interpreting sign language gestures is
needed.

This project aims to develop a Sign Language Detection
System using machine learning techniques to recognize hand
gestures and translate them into text or speech in real time.
The system will utilize computer vision and deep learning
models to classify different signs and improve
communication between sign language users and non-
signers.

4. OBJECTIVE OF STUDY

The primary objective of this study is to develop an efficient
and accurate Sign Language Detection System using
machine learning techniques to facilitate communication
between sign language users and non-signers. The system
will leverage computer vision and deep learning models to
recognize hand gestures and translate them into text or
speech in real-time.

1. To design and implement a machine learning-based
model capable of detecting and interpreting sign language
gestures with high accuracy.

2. To enhance accessibility for the deaf and hard-of-
hearing community by providing an automated translation
system for sign language.

3. To improve recognition accuracy by using deep
learning techniques such as Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) for gesture
classification.

4. To create a real-time system that can process and
translate sign language gestures efficiently without
significant latency.

5. To handle variations in hand gestures, orientations,
and lighting conditions to ensure robustness and usability
across different environments.

6. To support multiple sign languages (e.g.,, American
Sign Language (ASL), British Sign Language (BSL), Indian
Sign Language (ISL), etc.) for wider adoption.

7. To evaluate the system’s performance using real-
world datasets and user feedback, ensuring practical
applicability and accuracy.
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5. LIMITATIONS

While the proposed Sign Language Detection System
demonstrates promising results in real-time sign
recognition, it has certain limitations that need to be
addressed for broader applicability.

1. Limited Vocabulary of Signs

The system is trained on a custom dataset with a predefined
set of hand gestures. This restricts its ability to recognize a
wide range of sign language words and phrases, making it
less versatile compared to human interpreters or larger
deep-learning-based models. Expanding the dataset to
include dynamic gestures and complex sentences would
improve its usability.

2. Challenges in Gesture Variability

Sign language gestures can vary significantly depending on
factors such as:

e Hand orientation and movement speed
e Personal variations in hand shape and size
o Differentlighting conditions and background noise

Although MediaPipe ensures robust hand tracking, real-time
variations in hand gestures may affect recognition accuracy,
particularly when gestures are executed too fast or atangles
not well-represented in the training dataset.

3. Dependency on Camera Quality and Positioning

The system’s performance is heavily influenced by the
camera’s resolution, frame rate, and positioning. Low-quality
cameras or incorrect angles may result in poor feature
extraction, leading to misclassification or failure to detect
certain gestures. Additionally, background clutter and
occlusions (such as overlapping hands) can affect detection
accuracy.

4. Lack of Contextual Understanding

Unlike Natural Language Processing (NLP)-based
approaches, our system focuses on individual sign detection
rather than understanding the context or meaning of full
sentences. Many sign languages rely on facial expressions
and body movements, which our model currently does not
account for. Future improvements could involve integrating
facial expression analysis and NLP techniques to enhance
sentence-level translation.

5. Real-Time Performance Trade-offs

While the system is designed to work in real-time, achieving
this requires optimizing for efficiency over complex feature
extraction. This trade-off means that while the model is

lightweight and fast, it may not generalize as well as deep-
learning-based approaches trained on extensive datasets
with millions of labeled gestures.

6. Lack of Multilingual Sign Language Support

Different regions use different variations of sign language
(e.g., ASL, BSL, ISL). The system is currently trained on a
single dataset, making it incompatible with multiple sign
languages unless trained separately for each. Developing a
universal sign recognition model would require a
significantly larger and more diverse dataset.

7.Limited Dataset Size

Since the system is built on a custom dataset, it may not be
as comprehensive as publicly available large-scale datasets.
This limitation may impact model generalization, requiring
more data augmentation, transfer learning, or additional
training on external datasets to improve performance.

6. WORKING PRINCIPLE

6.1. Feature Extraction

Feature extraction involves identifying key components such
as hand shape, finger position, and movement trajectories.
Deep learning feature maps obtained from CNN layers play a
crucial role in extracting these features automatically.
Traditional handcrafted feature extraction methods are
inefficient compared to deep learning-based feature
learning, which allows for hierarchical representation
learning.

6.2. Model Selection

A CNN-based architecture, such as ResNet-50 or
MobileNetV2, is employed for sign language classification.
These models are selected based on their computational
efficiency and high accuracy in image recognition tasks. The
use of pre-trained models via transfer learning further
improves accuracy with limited training data. The model is
fine-tuned to recognize hand gestures effectively by
adjusting layer weights and optimizing feature
representations.

6.3. Training and Optimization

The model is trained using labeled sign language images,
with hyperparameter tuning applied for improved
performance. The training process involves data
augmentation, batch normalization, and dropout techniques
to prevent overfitting. Optimization techniques such as
Adam optimizer and cross-entropy loss function are used to
enhance learning stability and convergence. The training
process is conducted in multiple phases, with each phase
focusing on different levels of abstraction in gesture
recognition. Additionally, real-time augmentation is applied
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during training to improve robustness against diverse
backgrounds and lighting conditions.

6.4. Real Time Processing and Deployment

Once trained and optimized, the model is deployed for real-
time sign language detection using camera input. The system
processes live video streams, extracts frames, and predicts
the corresponding text output, enabling instant gesture
translation. This step ensures that the model is efficient,
scalable, and capable of assisting individuals with speech or
hearing impairments in real-world interactions.

The structured methodology can be visually represented in
the flowchart below:

Flowchart Diagram for Sign Language Detection
System -
1. Start
2. Input Video/Camera Feed - Capture hand
gestures using a webcam or video input.
3. Preprocessing
. Convert image to grayscale/RGB.
. Resize and normalize images.
. Background noise removal.
4, Feature Extraction
. Identify hand landmarks and keypoints.
. Extract spatial and temporal features
from gestures.
5. Sign Classification (Machine Learning Model)
) Use CNN, RNN, or Transformer-based
models to classify gestures.

6. Prediction Output
. Convert detected sign to text or speech.
7. Display/Audio Output
. Show predicted word/text on screen.
. Use text-to-speech (TTS) for audio
output.
8. End

Flowchart Representation:

Start

v
Input Video/Camera Feed

v
Preprocessing
(Resizing, Normalizing,
Noise Reduction, etc.)

v
Feature Extraction
(Hand Landmarks, Keypoints)

v

Machine Learning Model
(CNN/RNN/Transformer)

v
Sign Classification
(Identify Gesture/Word)

v
Convert to Text/Speech
(Prediction Output)

v
Display on Screen / Audio Output

v
End
Architecture Diagram
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Fig -1: Architecture of Sign Language Recognition
System

Components of the System:

1. Input(Camera/Video Feed)
o Captures hand gestures, movements, and
facial expressions.
2. Preprocessing
o Image enhancement (grayscale
conversion, noise reduction, background
removal).
o Hand/finger segmentation.
3. Feature Extraction
o Keypoint detection (e.g., using MediaPipe
or OpenPose).
o Hand shape and movement analysis.
4. Machine Learning Model
o CNN (Convolutional Neural Network) for
image-based recognition.
o LSTM (Long Short-Term Memory) for
sequence-based recognition.
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5. Prediction & Classification
o Converts detected gestures into text or
speech.
6. Output Module
o Displays recognized text/sign meaning.
o Converts text to speech for
communication.

7. EXPERIMENTATION AND RESULTS

The sign language detection system was developed and
evaluated through a series of experiments to assess its
accuracy, efficiency, and robustness. The dataset used for
training consisted of thousands of labeled sign language
images, including variations in lighting, hand orientations,
and backgrounds. To ensure model generalization, data
augmentation techniques such as rotation, flipping, and
brightness adjustments were applied.

For the model selection, multiple deep learning architectures
were tested, including ResNet-50, MobileNetV2, and VGG-16.
The models were trained using a categorical cross-entropy

Performance Metrics of Sign Language Detecticn Model

W Precision
B Recall

0.98 N Fl-Score

0.96

0.94

Scores

0.90

0.88

0.86

Sign Classes

Fig -2: Performance metrics of Sign Language
Detection Model

loss function and optimized with the Adam optimizer. The
dataset was split into 80% for training, 10% for validation,
and 10% for testing. Training was conducted for 50 epochs,
with batch normalization and dropout applied to prevent
over-fitting.

The real-time Sign Language Detection System developed in
this research was evaluated based on multiple performance
metrics, including accuracy, precision, recall, and F1-score.
The model successfully classified sign gestures with high
accuracy, achieving an average F1-score of 92.5% across all
detected signs. The use of MediaPipe for hand landmark
detection provided an efficient and lightweight alternative to
deep learning-based feature extraction. OpenCV improved
frame preprocessing, while Scikit-Learn’s classification
models ensured effective recognition of hand gestures.

The evaluation metrics used to assess model performance
included accuracy, precision, recall, and F1-score. The final
trained model achieved an accuracy of 94.7% on the test
dataset. The precision, recall, and F1-score were calculated
for different sign classes, and the results are visualized in the
following graph:

The performance metrics graph above illustrates the
precision, recall, and F1-score across different sign language
gesture classes. The F1-score, which balances precision and
recall, remains consistently high across all sign classes,
confirming the model’s reliability.

From the results, the model shows strong classification
performance with an average F1-score of approximately
0.93, indicating effective recognition of sign language
gestures. However, slight performance variations exist due
to factors like gesture similarity and hand position
variations.

8. CONCLUSION & FUTURE SCOPE

The proposed sign language detection system successfully
translates sign language gestures into text using deep
learning techniques, particularly Convolutional Neural
Networks (CNNs). The system demonstrates high accuracy
in recognizing various sign gestures, making it a promising
assistive tool for individuals with hearing and speech
impairments.

Despite these advancements, challenges remain in real-
world deployment. Factors such as lighting variations,
background noise, and diverse hand gestures can affect the
model’s accuracy. Future work should focus on expanding
the dataset to include multiple sign languages and variations
in gesture execution. Additionally, real-time processing
optimization is crucial for making the system more practical.
Implementing lightweight models like MobileNet and
leveraging edge computing can help reduce latency and
improve efficiency.

An important enhancement for future research is context-
aware translation through Natural Language Processing
(NLP). Sign languages rely on sequences of gestures rather
than isolated signs, and integrating NLP can help generate
more meaningful translations. Furthermore, incorporating
sign-to-speech conversion can improve accessibility by
enabling spoken language output.

In conclusion, this study presents a robust foundation for
sign language detection using machine learning. With further
improvements in dataset diversity, real-time responsiveness,
and contextual understanding, the system can be deployed in
assistive communication tools, video conferencing platforms,
and smart devices. These advancements will contribute to
greater inclusivity and enhanced communication for the deaf
and hard-of-hearing community.
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