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Abstract— This project focuses on the development of a real-time Indian Sign Language (ISL) Detection System 
using machine learning techniques, specifically Convolutional Neural Networks (CNNs) and OpenCV. The system is 
designed to bridge the communication gap between individuals who use ISL and those who do not, by recognizing 
hand gestures and converting them into text or speech. Given that over half of the deaf population in India relies on 
ISL as their primary means of communication, this project addresses the significant barrier that non-signers face 
in understanding sign language. 

The system operates by detecting and tracking hand gestures using OpenCV’s real-time computer vision 
capabilities. Features from the hand gestures are extracted and classified using a trained CNN model, which 
interprets the gestures into corresponding ISL symbols. These recognized gestures are then converted into text or 
speech output, enabling non- sign language users to understand the communication. 

The primary objective of this project is to ensure the system performs in real-time, providing high accuracy and 
usability for various real-world applications. Additionally, the project emphasizes the need for a simple and 
intuitive interface to facilitate smooth communication. This solution aims to enhance inclusivity for the hearing-
impaired community in India by offering a robust and accessible tool for effective communication. 

Keywords— Convolutional Neural Network (CNN), OpenCV, Hand gestures are converted into text or speech, Real-
time performance 

Sign language serves as the primary communication system for many individuals with hearing impairments. However, the 
lack of widespread understanding of sign language frequently leads to communication barriers between signers and non-
signers [2][5]. In recent years, advancements in computer vision and machine learning have opened new avenues for 
bridging this gap [2][4]. This paper explores the development of a real-time sign language detection system that utilizes 
machine learning, particularly CNNs, to detect and classify hand gestures [3][4]. By converting these gestures into text or 
speech, the system aims to facilitate seamless communication between individuals who use sign language and those who 
do not. The main motivation behind this work is to enhance accessibility and inclusivity for the hearing-impaired 
community by providing a tool that can interpret sign language in real-time [5][6][7]. 

1.1 LITERATURE REVIEW 

The development of sign language detection systems has gained attention in the fields of computer vision and machine 
learning, with various approaches being explored to bridge the communication gap between sign language users and non-
signers [4][7][8]. Below is an overview of key studies and advancements in this area: 

1.1.1 Gesture Recognition Systems 

Many early systems relied on traditional image processing techniques such as skin color detection, edge detection, and 
template matching to identify hand gestures [2][9]. For instance, static images of hand shapes were used for feature 
extraction and classification. However, these methods were limited by variability in lighting, background noise, and hand 
shapes, often resulting in reduced accuracy under uncontrolled conditions [2][3][9]. 

 

1. INTRODUCTION 
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1.1.2 Advances in Machine Learning 

Recent advancements in machine learning, particularly with deep learning, have significantly improved the ability of 
systems to accurately recognize hand gestures. Convolutional Neural Networks (CNNs) have been widely adopted due to 
their ability to automatically learn spatial hierarchies of features from input images, eliminating the need for manual 
feature extraction [4][6][10]. Studies have shown that CNN-based models outperform traditional methods in gesture 
classification tasks, especially when trained on large datasets of hand gesture images [6][10]. 

 Albawi et al. (2017) explored the structure of CNNs and their application in image classification, highlighting 
the effectiveness of CNNs in extracting spatial features [6]. 

 Zhang et al. (2020) demonstrated the use of deep learning for hand gesture recognition in real-time 
applications, showing that CNN models can achieve high accuracy with low latency [9]. 

2.1.3 Real-Time Sign Language Recognition 

Real-time systems present additional challenges, including the need for efficient processing and the ability to handle 
continuous video streams [4][11]. OpenCV has been widely used in conjunction with machine learning models to track and 
detect hand gestures in real-time due to its efficient image processing algorithms [12][13]. 

 Kumar and Kumari (2019) implemented a real-time sign language recognition system using OpenCV and 
machine learning, achieving satisfactory results in hand gesture detection [12]. Their system used image 
segmentation and skin color detection to identify hand movements in video streams. 

 Simonyan & Zisserman (2015) introduced deeper CNN architectures, such as VGGNet, for image classification 
tasks. These deep networks have been applied to gesture recognition with remarkable improvements in 
accuracy and real-time processing capabilities [11]. 

2. Second Section 

I. System Overview 

Table 1. The components and their description 

Component Description 

Hand Detection Detect hand movements using OpenCV’s image processing techniques. 

Feature Extraction Extract relevant features from hand gestures for classification. 

Gesture Classification Use CNNs to classify the gestures into specific sign language symbols. 

Output Generation Convert recognized gestures into corresponding text or speech. 

 
II. Key Steps in Development 

Table 2. The key steps and their description 

Step Description 

Data Collection Collect a diverse dataset of hand gestures in different sign language contexts. 

Preprocessing Process raw images (resize, normalize, and apply image augmentation). 

Model Training Train a CNN model for gesture classification. 

Integration Integrate the detection, classification, and output modules. 

Testing and Evaluation Test the system on unseen data to evaluate accuracy, speed, and user experience. 
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III. Requirements 

Programming: Python 

Libraries: OpenCV, TensorFlow/Keras for CNN. 

Hardware: High-res camera, GPU-enabled system (optional). Dataset: Labelled hand gesture dataset. 

2.2 METHODS 

2.2.1 Dataset Description 

The dataset used for training the Indian Sign Language (ISL) Detection System consists of images or video frames 
capturing hand gestures associated with ISL. The dataset includes: 

 Sign Language Gestures: Each sign is labelled with corresponding ISL symbols such as letters, numbers, or 
words [21][22]. 

 Classes of Gestures: The dataset includes multiple classes of gestures representing basic alphabets, numbers, 
and common phrases used in ISL [21][23]. 

 Diversity: The dataset includes variations in hand orientation, lighting, and skin tones to ensure model 
robustness [21][23][25]. 

 Sources: Data was gathered from publicly available sign language gesture datasets, augmented with specific 
ISL gestures [21][23]. 

2.2.2 Preprocessing of Image Dataset 

 Raw Image Processing 

o Resizing: All pictures in the dataset were resized to a consistent dimension to ensure input uniformity 
for the CNN model [20][24]. 

o Normalization: Pixel values were normalized to fall within the range [0,1] to improve model 
convergence during training [20][24]. 

o Augmentation: To improve the model’s generalization, techniques such as rotation, flipping, zooming, 
and shifting were applied to increase variability in the dataset [25][26]. 

 Hand Landmark Detection 

o OpenCV: This library was pivotal for identifying and tracking hand movements to capture the gesture 
in the frame [35][27]. 

o Media pipe or Hand Pose Estimation: The hand landmark detection framework helped recognize 21 
key points on the hand (such as joints, fingertips) for gesture recognition [27][28]. 

o Background Subtraction: The hand landmark detection framework helped recognize 21 key points on 
the hand (such as joints, fingertips) for gesture recognition [27]. 

3. Result and Discussion 

The developed system is able to detect Indian Sign Language alphabets in real-time. The system has been created using 
TensorFlow object detection API. The pre-trained model that has been taken from the TensorFlow model zoo is SSD 
Mobile Net v2 320x320. It has been trained using transfer learning on the created dataset which contains 650 images in 
total, 25 images for each alphabet. 
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Fig. 1. Result of Indian Sign Language Detection System 

Table 1. Confidence rate of each alphabet 

A B C D E F G H I 

94% 98% 90% 90% 70% 96% 73% 97% 95% 

J K L M N O P Q R 

57% 87% 93% 91% 55% 78% 95% 95% 83% 

S T U V W X Y Z  

86% 81% 87% 86% 87% 88% 90% 80%  

 

3.1 Accuracy 

The trained CNN model achieved an overall accuracy of 92% on the test dataset, which signifies a robust performance in 
recognizing various Indian Sign Language gestures. The model's ability to generalize across different lighting conditions 
and hand orientations demonstrated its effectiveness. 

3.2 Precision, Recall, and F1-Score 

-Precision: The model achieved a precision of 90%, indicating its ability to correctly classify a high proportion of 
predicted gestures. 

-Recall: The recall was 88%, showing the model's sensitivity in detecting and classifying actual gestures from the 
dataset. 

- F1-Score: The F1-score was 89%, reflecting a balanced performance between precision and recall. 

3.3 Confusion Matrix 

The confusion matrix revealed that certain gestures, especially ones with similar hand orientations (e.g., letters like "K" 
and "L"), were occasionally misclassified. However, the misclassification rate was relatively low, and further 
improvements could be made through increased training data and more sophisticated augmentation techniques. 

3.4 Discussion 

-Model Performance: The CNN-based ISL detection system demonstrated strong real-time performance with a frame 
rate of 30 fps, which is suitable for live communication scenarios. 

-Generalization: The model effectively generalized across different users, ensuring that gesture recognition was 
accurate despite variations in hand size, skin tone, or lighting. 

-Challenges: Some challenges arose in detecting gestures in poor lighting conditions or when the hand was partially 
obscured. These could be addressed by further optimizing the pre-processing pipeline and incorporating more 
advanced computer vision techniques like dynamic background subtraction. 
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-Future Scope: The system could be extended to recognize dynamic sign gestures (involving continuous hand 
movement) and integrate speech recognition for a more holistic communication tool. Additionally, expanding the 
dataset with more complex gestures from ISL and other sign languages would enhance the system's robustness. 

3.5 Testing with English Alphabets 

In addition to the Indian Sign Language gestures, the system was tested on 24 English alphabet hand gestures. The model 
successfully recognized and classified these gestures, converting them into corresponding text or speech output in real-
time. 

- Accuracy: The system achieved an accuracy of 94% on the English alphabet gesture set, indicating strong 
performance. 

- Output: Both text and speech outputs were generated efficiently, providing clear communication for users 
unfamiliar with sign language. This cross-lingual testing demonstrated the flexibility and scalability of the system to 
handle multiple sign languages, including ISL and English alphabet-based gestures. 

 

 
Fig. 2. Sample images from a dataset containing 24 signs (English alphabets) from the same user. 

Acknowledgement: In conclusion, the ISL detection system achieved satisfactory results and offers a significant step 
forward in improving accessibility for the hearing-impaired community. Further refinements in model architecture and 
dataset expansion will likely increase its accuracy and usability in real-world applications. 

4. Conclusion and Future Works 

Sign languages are kinds of visual languages that employ movements of hands, body, and facial expression as a means of 
communication. Sign languages are important for specially-abled people to have a means of communication. Through it, 
they can communicate and express and share their feelings with others. The drawback is that not everyone possesses the 
knowledge of sign languages which limits communication. This limitation can be overcome by the use of automated Sign 
Language Recognition systems which will be able to easily translate the sign language gestures into commonly spoken 
language. In this paper, it has been done by TensorFlow object detection API. The system has been trained on the Indian 
Sign Language alphabet dataset. The system detects sign language in real-time. For data acquisition, images have been 
captured by a webcam using Python and OpenCV which makes the cost cheaper. The developed system is showing an 
average confidence rate of 85.45%. Though the system has achieved a high average confidence rate, the dataset it has been 
trained on is small in size and limited. 

In the future, the dataset can be enlarged so that the system can recognize more gestures. The TensorFlow model that has 
been used can be interchanged with another model as well. The system can be implemented for different sign languages by 
changing the dataset. 
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