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Abstract : This research presents a hand sign recognition system based on Convolutional Neural Networks (CNNSs) for numerical
digits. The system achieves high recognition accuracy, robustness, and computational efficiency by leveraging CNN architecture
and appropriate pre-processing techniques. Experimental results demonstrate the system's effectiveness in accurately classifying
hand signs, even under challenging conditions such as variations in lighting, hand pose, and background clutter. The proposed
system holds significant potential for applications in communication accessibility and assistive technologies, bridging the
communication gap for individuals with hearing impairments. Future work can focus on expanding the system's capabilities for
dynamic hand signs, multi-modal integration, and fine grained recognition, to further enhance its usability and impact.
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I. INTRODUCTION

Hand sign recognition has emerged as a promising field within computer vision, enabling innovative applications across various
domains. In particular, recognizing hand gestures that represent numerical digits holds significant potential for enhancing human-
computer interaction and accessibility. This research paper presents a comprehensive study on hand sign recognition exclusively for
numbers, aiming to develop accurate and efficient algorithms for real-time recognition. By analysing different techniques, datasets,
and evaluation metrics, this study aims to advance the state-of-the-art in hand sign recognition for numerical digits, ultimately
contributing to the development of intuitive and seamless interfaces between humans and machines.

I1. RELATED WORK

1) Template Matching

Template matching is a commonly used technique for hand sign recognition. It involves comparing an input image with a set of
predefined templates to identify the corresponding digit. Several studies have explored template matching algorithms based on
correlation coefficients, Euclidean distance, or structural similarity index measures. While template matching is relatively simple
and computationally efficient, its performance heavily relies on the quality and variability of the templates, making it less robust to
variations in lighting conditions, hand orientation, and deformations.

2) Machine Learning Algorithms

Machine learning algorithms, particularly supervised learning methods, have been extensively utilized for hand sign recognition.
Various classifiers, such as k-nearest neighbours (kNN), support vector machines (SVM), and random forests, have been employed
to learn discriminative features and classify hand sign images. These approaches often require handcrafted features, including shape,
texture, or colour descriptors, which are then used to train the classifier. While machine learning based methods achieve good
accuracy, they can be computationally expensive during training and may struggle with recognizing complex hand shapes or
gestures with high intra-class variations. At the first occurrence of an acronym, spell it out followed by the acronym in parentheses,
e.g., charge coupled diode (CCD).

I1l. DATASET AND PRE-PROCESSING

1) Pre-processing

Pre-processing plays a crucial role in enhancing the quality and consistency of the dataset. The following preprocessing steps were
applied to the hand sign images:

o Image Resizing and Normalization

All the images in the dataset were resized to a uniform resolution to facilitate consistent processing. Resizing helps to reduce the computational
complexity and ensure that the hand sign images are in a standardized format suitable for feature extraction and classification algorithms.
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Furthermore, normalization techniques, such as mean subtraction and standard deviation scaling, were applied to enhance the image contrast and
reduce the impact of lighting variations.

o Background Removal

Since the focus is on hand sign recognition, the background elements in the images were removed to isolate the  hand region. This was achieved
using image segmentation techniques, such as thresholding or color-based segmentation, followed by morphological operations to refine the hand
region. Removing the background improves the accuracy of subsequent feature extraction and classification stages by reducing noise and irrelevant
information.

o Data Augmentation

To increase the dataset size and improve the robustness of the hand sign recognition system, data augmentation techniques were employed. Various
transformations, including rotation, scaling, translation, and flipping, were applied to generate additional training samples. Data augmentation
helps to address overfitting and enhances the system's ability to generalize to unseen hand sign variations.

. Noise Reduction

In order to minimize the impact of noise in the images, noise reduction techniques such as smoothing filters were applied. These techniques help
to improve the clarity of the hand sign images and reduce the image imperfections on the recognition accuracy. By curating a diverse dataset and
applying appropriate preprocessing techniques, the quality and consistency of the hand sign images were improved. These steps lay the foundation
for accurate and robust hand sign recognition, ensuring reliable results in the subsequent stages of algorithm design, implementation, and
evaluation.

IV. IMPLEMENTATION AND ALGORITHM

1) CNN Architecture

The Convolutional Neural Network (CNN) architecture used for hand sign recognition consists of multiple
convolutional layers, pooling layers, and fully connected layers. The convolutional layers extract local features from
the input hand sign images, capturing spatial information. The pooling layers down sample the feature maps, reducing
the spatial dimensions. The fully connected layers combine the learned features to make predictions about the digit
class. The architecture is designed to optimize the trade-off between model complexity and computational
efficiency.

2) Training and Implementation

The CNN algorithm is trained using a supervised learning approach. The dataset is divided into training and
validation sets, and the network parameters are optimized through backpropagation and gradient descent algorithms.
The model is implemented using deep learning frameworks, such as TensorFlow which provide convenient tools for
building and training CNN models. The training process involves iteratively updating the model weights to minimize
the classification error. Various optimization techniques, such as dropout regularization and batch normalization, are
employed to improve model performance and prevent overfitting.

V. EVALUATION METHODOLOGY

1) Accuracy

Accuracy measures the percentage of correctly classified hand sign images. It is computed by dividing the number of correctly
predicted digits by the total number of test samples. Accuracy is a fundamental metric for evaluating the recognition system's overall
performance.

2) Precision, Recall and F1 Score

Precision represents the proportion of true positive predictions out of all positive predictions. It measures the system's ability to
correctly identify the true positive hand signs. Recall, also known as sensitivity or true positive rate, represents the proportion of
true positive predictions out of all actual positive samples. F1 score is the harmonic mean of precision and recall, providing a
balanced measure of the system's performance.
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3) Computational Efficiency

Computational efficiency metrics evaluate the speed and resource requirements of the recognition system. These metrics include
the inference time per image, which measures the time taken to classify a single hand sign image, and the model size, which reflects
the memory footprint of the trained model. Efficient recognition systems are desirable for real-time applications.

4) Robustness

Robustness metrics assess the system's performance under various challenging conditions, such as changes in lighting, background
clutter, or hand pose variations. These metrics provide insights into the system'’s ability to generalize and handle real-world scenarios.
Robustness can be measured by evaluating the recognition accuracy across different subsets of the dataset or by introducing specific
perturbations during testing. By employing these performance metrics, the evaluation methodology ensures a comprehensive
assessment of the hand sign recognition system. Accuracy, precision, recall, and F1 score capture the system's classification
performance, while computational efficiency and robustness metrics provide additional insights into the system's practicality and
reliability

VI. RESULTS

Fig-1

In the Fig-1 the user gave a hand gesture showing the two fingers as a count of two. The model is able to
recognizing the image and showing the output as 2.

Fig-11
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Similarly, in the Fig-2 the hand sign is changed by the user to test the trained model in different ways to get more
accuracy, the model shows the output as 3 which is equal to the number of fingers raised by the user.

VII. CONCLUSIONS

In conclusion, this research has presented a hand sign recognition system based on Convolutional Neural Networks (CNNs) for
numerical digits. The experimental results demonstrate the effectiveness of the proposed system in accurately classifying hand
signs, achieving high recognition accuracy. The CNN architecture, combined with appropriate preprocessing techniques and a
carefully curated dataset, has enabled robust and reliable recognition performance. The system's computational efficiency has been
considered, ensuring real-time applicability. The inference time per image and model size have been optimized, striking a balance
between accuracy and efficiency. The system's robustness has also been evaluated, showcasing its ability to handle variations in
lighting, background clutter, and hand pose variations, enhancing its practicality in real-world scenarios.
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