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Abstract: The Handwritten Digit Recognition System is a machine learning and deep learning-based project developed to
accurately identify handwritten numerical digits from input images. The main objective of this project is to recognize digits
ranging from 0 to 9 by using image processing techniques and a Convolutional Neural Network (CNN) model trained on the
MNIST dataset. In this system, the handwritten digit image is first captured and preprocessed through steps such as grayscale
conversion, resizing, normalization, and noise reduction to improve prediction accuracy. The processed image is then passed to
the trained CNN model, which extracts important features and classifies the digit into the corresponding numerical class. The
project uses backpropagation for learning, Adam optimizer for efficient weight optimization, and Softmax activation function in
the output layer for multi-class classification. The trained model provides high accuracy and fast prediction results, making the
system suitable for real-time applications. This project demonstrates the practical implementation of deep learning in image
recognition and can be further extended for applications such as automatic form processing, postal code recognition, and bank
cheque digit identification.

Keywords: Digit Recognition, Convolutional Neural Network, Deep Learning,MNIST data set, Image Processing, Adam
Optimizer,Softmax function.

L. INTRODUCTION

Handwritten Digit Recognition is one of the most important applications of Artificial Intelligence, Machine Learning, and Computer
Vision. It enables computers to automatically identify and classify handwritten digits (0-9) from images with high accuracy. The
system is widely used in real-world applications such as bank cheque processing, postal mail sorting, form digitization, and
document analysis. Traditional methods of manual digit recognition are time-consuming and prone to human errors, creating the
need for automated solutions. Deep Learning techniques, particularly Convolutional Neural Networks (CNNs), have significantly
improved the accuracy of handwritten digit recognition by learning features directly from image data. The MNIST dataset is
commonly used to train and evaluate these models because it contains thousands of labeled handwritten digit images. Image
preprocessing techniques such as normalization and resizing further improve model performance. The trained model predicts the
correct digit using the Softmax classifier. This project aims to develop an efficient, reliable, and high-accuracy handwritten digit
recognition system using CNN technology. The proposed system reduces manual effort, increases processing speed, and provides
accurate results for various practical applications.

1. EXISTING SYSTEM

The existing handwritten digit recognition systems mainly rely on traditional machine learning algorithms such as K-Nearest
Neighbors (KNN), Support Vector Machine (SVM), and Artificial Neural Networks (ANN). 2 These methods require manual
feature extraction before classification, which increases human effort and complexity. Their performance depends heavily on the
quality of handcrafted features. They can recognize simple handwritten digits but often fail when handwriting styles vary
significantly. Differences in size, orientation, and writing patterns reduce their prediction accuracy. ®These systems also require
more processing time when working with large datasets. They are less efficient in handling noisy or unclear handwritten images.
The accuracy achieved by traditional approaches is lower compared to modern deep learning models. Scalability is another
limitation, as performance decreases with increasing data size. These methods are not suitable for many real-time digit recognition
applications. They also require continuous tuning of parameters to improve performance. Therefore, existing systems are less
reliable and efficient for large-scale handwritten digit recognition tasks.
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Figurel : Flow Chart

A. Challenges

The existing handwritten digit recognition systems face several challenges that affect their overall performance and reliability.

e Traditional algorithms require manual feature extraction, which increases development time and effort.

o Different handwriting styles make it difficult to recognize digits accurately.

e \ariations in digit size, thickness, and orientation reduce prediction accuracy.

o Noisy, blurred, or low-quality images negatively affect classification performance.

e Similar-looking digits such as 3 and 8 or 5 and 6 often lead to misclassification.

e  Traditional machine learning models cannot automatically learn complex image features.

e Large datasets increase computational time and memory requirements.

e Performance decreases when processing real-time handwritten inputs.

e  Existing systems are sensitive to changes in lighting and image quality.

e  Overfitting may occur when the model is trained on limited or unbalanced datasets.

e High computational cost is required for training advanced recognition models.

e Many systems fail to generalize well for unseen handwriting samples.

e Maintaining high accuracy while achieving fast prediction remains a major challenge.

e Integrating the recognition system into real-world applications requires robust and scalable models.

e Therefore, an efficient Deep Learning-based approach is required to overcome these limitations and improve handwritten digit
recognition accuracy.

1. PROPOSED SYSTEM

The proposed system is a Deep Learning-based Handwritten Digit Recognition System that uses a Convolutional Neural Network
(CNN) to accurately identify handwritten digits from 0 to 9. ™Unlike traditional methods, the system automatically extracts
important features from input images without manual intervention. The model is trained using the MNIST dataset, which contains
thousands of labeled handwritten digit images. Before training, the images are preprocessed through resizing, normalization, and
noise removal to improve quality. CNN layers learn patterns such as edges, curves, and shapes from the images. The model is
optimized using the Adam optimizer and trained through the backpropagation algorithm to minimize prediction errors. The Softmax
activation function is used in the output layer to classify the input into one of the ten digit classes. **
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The proposed system provides high accuracy, faster prediction, and better generalization for different handwriting styles. It is
capable of recognizing digits even from slightly noisy or distorted images. The system reduces manual effort and improves the
efficiency of digit recognition tasks. It is suitable for real-time applications such as bank cheque processing, postal code recognition,
form digitization, and document analysis. Overall, the proposed system offers a reliable, scalable, and efficient solution for
handwritten digit recognition.

V. ALGORITHM

A. Image Preprocessing

Image preprocessing is the first step in the handwritten digit recognition system. The input handwritten digit image is collected
either from the MINIST dataset or from user input. The image is converted into grayscale if necessary and resized to 28 x 28 pixels,
which matches the input size required by the CNN model. Pixel values are normalized between 0 and 1 to improve training
performance and speed. Noise removal and image enhancement techniques are applied to eliminate unwanted distortions and
improve image quality. Proper preprocessing helps the model focus on the important features of handwritten digits and increases
overall prediction accuracy.

B. Feature Extraction using Convolutional Neural Network (CNN)

The preprocessed image is passed through the Convolutional Neural Network, which automatically extracts meaningful features
from the handwritten digit. The convolution layers detect important characteristics such as edges, curves, strokes, and shapes using
learnable filters. After each convolution operation, the ReLU (Rectified Linear Unit) activation function introduces non-linearity,
allowing the model to learn complex image patterns. Max Pooling layers reduce the size of feature maps while preserving important
information. This process minimizes computational cost and prevents overfitting. Unlike traditional methods, CNN performs
automatic feature extraction without requiring handcrafted features, making the system more efficient and accurate.

C. Model Training and Optimization

The extracted features are flattened into a one-dimensional vector and passed through fully connected dense layers. During training,
the model compares predicted outputs with the actual digit labels and calculates the prediction error using a suitable loss function.
The Backpropagation algorithm computes gradients and updates the network weights to minimize the error. The Adam Optimizer is
used because it provides faster convergence, adaptive learning rates, and improved training stability. The model is trained for
multiple epochs using the MNIST training dataset until it achieves high accuracy with minimum loss. Continuous weight updates
help the model learn different handwriting styles effectively.

D. Digit Classification and Performance Evaluation

After training, the model is tested using unseen handwritten digit images. The output layer uses the Softmax activation function to
calculate the probability of each digit class from 0 to 9. The digit with the highest probability is selected as the final prediction. ©
The system evaluates its performance using metrics such as Accuracy, Loss, Precision, and Recall. High accuracy indicates that the
model can correctly classify handwritten digits even with slight variations in writing style. The trained model can then be deployed
for real-time applications such as bank cheque processing, postal code recognition, form digitization, and document analysis. This
algorithm provides a fast, reliable, and highly accurate solution for handwritten digit recognition.

V. TECHNIQUES
A. Convolutional Neural Network (CNN)
Convolutional Neural Network (CNN) is the core technique used in this project for handwritten digit recognition. CNN
automatically extracts important image features such as edges, curves, and shapes without manual feature engineering. It consists
of convolution layers, pooling layers, and fully connected layers that work together to recognize handwritten digits accurately.
Compared to traditional machine learning methods, CNN provides higher accuracy, better feature learning, and improved
performance for image classification tasks. It can effectively recognize different handwriting styles and complex digit patterns.

B. Image Preprocessing
Image preprocessing improves the quality of handwritten digit images before they are given to the CNN model. The input images
are resized to 28 x 28 pixels and converted into grayscale format.
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Pixel values are normalized to a range between 0 and 1, which helps the model learn efficiently. Noise removal and image
enhancement techniques reduce unwanted distortions and improve image clarity. Proper preprocessing ensures that the model
receives consistent and high-quality input, leading to better recognition accuracy and faster training.

C. Backpropagation and Adam Optimizer

Backpropagation is a training technique used to reduce prediction errors by updating the weights of the neural network. It calculates
the difference between the predicted output and the actual output, then adjusts the network parameters accordingly. The Adam
Optimizer is used to improve the learning process by automatically adapting the learning rate during training. It combines the
advantages of momentum and adaptive optimization, resulting in faster convergence and better model performance. Together,
backpropagation and Adam help the CNN achieve high accuracy with minimum loss.

D. Softmax Classification and Performance Evaluation

The final layer of the CNN uses the Softmax activation function to classify the handwritten digit into one of the ten classes (0-9).
Softmax converts the output values into probability scores, and the class with the highest probability is selected as the predicted
digit. The performance of the model is evaluated using metrics such as Accuracy, Loss, Precision, Recall, and F1-Score. These
evaluation techniques help measure the reliability and effectiveness of the recognition system. High evaluation scores indicate that
the model performs well even on unseen handwritten digit images, making it suitable for real-world applications.

VI. METHODOLOGY

The methodology of the Handwritten Digit Recognition System begins with collecting the MNIST dataset, which contains labeled
images of handwritten digits from 0 to 9. The input images are preprocessed by resizing them to 28 x 28 pixels, converting them
into grayscale, and normalizing pixel values to improve image quality. The preprocessed images are then fed into a Convolutional
Neural Network (CNN) for feature extraction. ®*'The CNN automatically learns important patterns such as edges, curves, and digit
shapes through convolution and pooling layers. The extracted features are passed to fully connected layers for classification. The
model is trained using the Backpropagation algorithm along with the Adam Optimizer to reduce prediction errors and improve
learning efficiency. The Softmax activation function is used in the output layer to classify the input image into one of the ten digit
classes. After training, the model is tested using unseen handwritten digit images to evaluate its performance.

A. Input & Output
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VII. CONCLUSION

The Handwritten Digit Recognition System successfully demonstrates the application of Deep Learning in image classification. By
using a Convolutional Neural Network (CNN), the system accurately recognizes handwritten digits from 0 to 9 with high reliability.
Image preprocessing techniques improve the quality of input data and enhance prediction accuracy. Automatic feature extraction
eliminates the need for manual feature engineering, making the system more efficient. The use of the MNIST dataset provides
effective training and testing for the model. Backpropagation and the Adam Optimizer help achieve faster learning and better
convergence. The Softmax classifier accurately predicts the correct digit from the input image. The proposed system performs better
than traditional machine learning methods in terms of accuracy and speed. It can handle different handwriting styles with minimal
errors. The system is suitable for real-time applications such as bank cheque processing, postal mail sorting, form digitization, and
document analysis. It is scalable, reliable, and easy to integrate into various digital systems. In the future, the project can be
extended to recognize handwritten alphabets, words, and complete sentences using advanced deep learning techniques. Overall, the
proposed system provides an efficient, accurate, and practical solution for handwritten digit recognition problems.

REFERENCES
[1] ‘Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner, "Gradient-Based Learning Applied to Document Recognition," Proceedings of the IEEE, Vol.
86, No. 11, pp. 2278-2324, 1998.
[2] 1an Goodfellow, Yoshua Bengio, and Aaron Courville, Deep Learning, MIT Press, 2016.
[3] Frangois Chollet, Deep Learning with Python, 2nd Edition, Manning Publications, 2021.
[4] Aurélien Géron, Hands-On Machine Learning with Scikit-Learn, Keras & TensorFlow, 3rd Edition, O'Reilly Media, 2023.
[5] Diederik P. Kingma and Jimmy Ba, "Adam: A Method for Stochastic Optimization," International Conference on Learning Representations (ICLR), 2015.
[6] Rumelhart, D. E., Hinton, G. E., and Williams, R. J., "Learning Representations by Back-Propagating Errors," Nature, Vol. 323, pp. 533-536, 1986.
[7] Geoffrey Hinton, "Reducing the Dimensionality of Data with Neural Networks," Science, Vol. 313, No. 5786, pp. 504-507, 2006.
[8] Corinna Cortes and Vladimir Vapnik, "Support-Vector Networks," Machine Learning, Vol. 20, No. 3, pp. 273-297, 1995.
[91 Thomas M. Cover and Peter E. Hart, "Nearest Neighbor Pattern Classification," IEEE Transactions on Information Theory, Vol. 13, No. 1, pp. 21-27, 1967.
[10] TensorFlow Documentation. Available: https://www.tensorflow.org
[11] Keras Documentation. Available: https://keras.io
[12] NumPy Documentation. Available: https://numpy.org/doc
[13] OpenCV Documentation. Available: https://docs.opencv.org
[14] Matplotlib Documentation. Available: https://matplotlib.org
[15] MNIST Database of Handwritten Digits, Yann LeCun. Available: http://yann.lecun.com/exdb/mnist/
[16] Scikit-learn Documentation. Available: https://scikit-learn.org

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2470



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue VII July 2026- Available at www.ijraset.com

BIBILOGRAPHY

Rongala Rajesh is serving as an Assistant Professor at Sanketika Vidya Parishad Engineering College. He has one year of teaching
experience in the field of Computer Science and Engineering. He is committed to academic excellence and is actively involved in
guiding and mentoring students in their academic and project work. His areas of interest include Machine Learning and emerging
technologies, and he continuously strives to enhance students’ technical skills and research capabilities through effective teaching
and practical exposure. Undertaken

L 5
Pediredla Sravani is currently pursuing her final semester of Master of Computer Applications (MCA) at Sanketika Vidya Parishad

Engineering College, which is accredited with an ‘A’ grade by NAAC, affiliated to Andhra University, and approved by AICTE.
With a keen interest in Machine Learning and Artificial Intelligence, She has undertaken her postgraduate project titled
“Handwritten Digit Recognition Using Deep Learning” The project has been successfully carried out under the guidance of Mr .
Rongala Rajesh, Assistant Professor, SVPEC.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2471




d lIsRA

ef n\m
cross’ COPERNICUS

10.22214/1JRASET 45,98 IMPACT FACTOR: IMPACT FACTOR:
7.129 7.429

INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGY

Call : 08813907089 (V) (24*7 Support on Whatsapp)




