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ABSTRACT

A crucial application in the fields of computer vision and artificial intelligence is handwritten digit
recognition, which aims to allow machines to correctly recognize handwritten digits despite variations in
style, size, and orientation. Conventional methods rely on manually designed features, such as rule- based
systems and early machine learning models like Support Vector Machines (SVM) and K-Nearest
Neighbors (KNN). When confronted with the variability and noise present in real-world handwriting,
these techniques frequently perform poorly, despite their ability to perform well on structured datasets.
Convolution Neural Networks (CNNs), which automatically extract spatial features from raw images, are
the basis of the sophisticated digit recognition system presented in this paper. CNNs are perfect for image
classification tasks because of their high effectiveness. Over 99% accuracy is attained by the suggested
system. on the MNIST dataset and exhibits great relevance in practical settings like mail processing,
banking, and education. The system overcomes the drawbacks of conventional methods by utilizing deep
learning, providing increased adaptability and superior accuracy.

Keywords: Convolution Neural Networks (CNNs), MNIST Dataset, Deep Learning, Accuracy, and
Adaptability, Image Classification.

1. INTRODUCTION In today's world, digital recognition systems are
extremely important:

A key connection between digital systems and e Banking: By automating the reading of
human-written input is handwritten digit handwritten check amounts, account numbers,
recognition. Because of differences in writing style,

orientation, thickness, and background noise, the

and form data, errors are decreased and
manual labor is reduced.

task appears simple to humans but is difficult for e DPostal services: Handwritten postal codes are

machines. used to sort letters more quickly and
accurately.

In earlier systems, digits were distinguished by e Education: Teachers can concentrate on

hand-crafted features like edges, lines, and instruction since automated grading systems

contours. Although they work well in certain
controlled situations, they frequently fall short in
practical ~ settings, particularly when the
handwriting is slanted, cursive, or contains odd
strokes. This field has changed with the
introduction of deep learning, especially
Convolutional Neural Networks (CNNs), which
automatically  extract abstract and robust
representations from data.

can read and assess numerical responses.

e Healthcare: Prescription and patient ID
handwritten numbers can be recognized to
help prevent potentially harmful errors.

The development and testing of recognition

systems have been greatly aided by the availability

of benchmark datasets like MNIST. MNIST is a

perfect place to start when training and assessing

models because it contains 70,000 grayscale images
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of handwritten numbers that are standardized to
28x28 pixels.

2. LITERATURE REVIEW
The LeNet-5 groundbreaking
Convolutional Neural Network (CNN) model, was
presented by LeCun et al. (1998) and greatly
enhanced performance on the MNIST dataset. The

architecture, a

groundwork for deep learning in digit recognition
was established by their efforts. Multilayer
Perceptron’s (MLPs) were used by Matan et al.
(1992), who demonstrated a moderate level of
success but had trouble with generalization
because of their limited feature learning capacity.

In their thorough survey of handwriting
recognition, Plamondon and Srihari (2000)
emphasized  the  significance of  strong

preprocessing as well as the difficulties presented
by a variety of handwriting styles. After comparing
several classifiers, such as SVM, KNN, and neural
networks, Liu et al. (2004) came to the conclusion
that SVMs work best with clean, low-dimensional
features but struggle with complex data situations.
By utilizing deeper CNN architectures with GPU
acceleration, Ciregan et al. (2010) enhanced LeNet
and achieved state-of-the-art accuracy on a number
of datasets with numbers. Drop Connect, a
regularization technique for deep neural networks,
was presented by Wan et al. (2013), further
improving CNN performance and robustness on
digit classification tasks.

In order to improve generalization, recent research
focuses on integrating CNNs with ensemble
learning and data augmentation methods. The
creation of frameworks such as PyTorch and
TensorFlow has also improved the accessibility and
scalability of implementation.

3. PROPOSED METHODOLOGY

Convolutional Neural Network (CNN) architecture
is used to construct the suggested intelligent
handwritten digit identification system. Data
preparation, model design, training, assessment, and
deployment are all included in the methodology.

a) Gathering and Preparing Data:
Dataset: MNIST, containing 70,000 28x28 pixel
grayscale images. Normalization has a method
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of taking the values of pixels from 0 to 255 to 0
to1.

Reshaping: Change the input shape to a CNN-
compatible (28, 28, 1) type. One-hot encoding:
Transforming labels (digits 0-9) into vectors.

b) CNN Model Framework:

Convolution layers: These automatically extract
curves and edges.

Pooling layers: Improve efficiency of computation
by reducing spatial dimensions. The model can
learn intricate patterns because of the introduction
of non-linearity offered by activation functions
(ReLU).

Fully connected layer: produces predictions by
combining extracted features.

Output layer (SoftMax): allocate a 10-digit class to
the input image.

¢) Training Models:

Adam is an optimizer which dynamically modifies
rates of learning.

Loss function: This cross-entropy, appropriate for
classification into several categories.

Time periods: approximately 10-20.
Regularization: To avoid over fitting, layers that
drop out randomly disable neurons during training.

d) Evaluation:

Make use of common metrics, such as Fl-score,
recall, accuracy, and precision. Examine the
confusion matrix to determine which digits—such
as "3" and "5"—are frequently confused.

e) Implementation:

Use TensorFlow Lite or a comparable program to
save the trained model, then deploy it to embedded
or mobile systems for real-time digit recognition.
This methodical approach guarantees that the
model is accurate, effective, and flexible enough for
practical uses.

4. BLOCK DIAGRAM & WORKING
PRINCIPLE

Pre Feature
g Exiraciion Classification
Input processing Hractio Recognized

handwritten character

image
Database

Fig 4.1 Block Diagram
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The Intelligent Handwritten Digit Identification
System uses a number of image processing and
machine learning techniques to mimic human
recognition and interpretation of handwritten digits.
The initial phase within the process is data
acquisition, which involves utilizing tools like a
scanner, camera, touchscreen, or digital pen to
record the digit input. The system's main input is
this image. However, noise, anomalies, or different
lighting conditions are frequently present in raw
images.

The next important step is image preprocessing,
which includes resizing the image to a standard size
(usually 28x28 pixels), applying binarization to
produce a sharp black-and-white contrast between
the digit and its background, converting the image
into grayscale, and eliminating background noise.
These preprocessing procedures guarantee that the
system gets clear and consistent data for precise
analysis.

Following the image preprocessing phase, the
system proceeds to feature extraction, a critical
stage where it identifies and measures the key visual
elements of the handwritten digit. These features—
including pixel intensity, edge orientation, curves,
gradient direction, and geometric structures—serve
as the unique signature of each digit. The precision
of the recognition process largely depends on how
accurately and meaningfully these features are
extracted. Once extracted, the features are fed into a
classification model, most often a Convolutional
Neural Network (CNN), which is particularly
effective for image recognition due to its ability to
automatically learn spatial hierarchies through
layers of convolution and pooling. For simpler or
smaller datasets, alternative models such as K-
Nearest Neighbors (KNN) or Support Vector
Machines (SVM) may also be used to perform the
classification.

The classifier analyzes the input by comparing the
extracted features to patterns it learned during
training and predicts the most likely digit—ranging
from 0 to 9. After classification, the system produces
the output digit, which can be displayed to the user
or integrated into larger applications. This output is
applicable across various domains such as
automated form processing, educational systems,
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banking tasks like cheque validation, postal
sorting, and integration into both desktop and
mobile applications. The system can be built with
accessible and interactive user interfaces using tools
like Flask or Django for web applications, or
Tkinter and PyQt for desktop environments,
enabling smooth user interaction.
5. RESULTS
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Fig 5.2 Recognition page
Fig 5.3 Output
Using deep learning methods, specifically
Convolutional Neural Networks (CNN), the

Intelligent Handwritten Digit Identification System
was able to accurately recognize handwritten digits.
A common dataset of handwritten numbers, like the
MNIST dataset, which has thousands of labeled
examples for training and testing, was used to test
the system. Following extensive handwritten digit
image training, the system showed high recognition
accuracy, usually surpassing 98% on the test set.
This performance demonstrates how well the model
generalizes to various handwriting sizes, styles, and
orientations.

Throughout testing, the system correctly identified
numbers written in a range of settings, such as with
different stroke thicknesses and noisy backgrounds.
Additionally, the ability to make predictions in

real time was confirmed by
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combining the learned model with a easy-to-use
interface that lets users wupload photos of
handwritten numbers and get results right away.
With quick processing times and low error rates,
the system demonstrated strong performance.
Furthermore, it could be integrated with a variety
of computer programs, including financial
document processing tools, postal sorting
software, and automated data entry forms. After
training the CNN model on the MNIST dataset, the
following results were obtained: Test accuracy: =
99.2%

6. APPLICATIONS

e Processing
automatically
numerical data from official documents,
surveys, and forms.

Forms
retrieves

Automatically:
handwritten

e Verification of Bank Cheques: enables quicker
processing in banking systems by recognizing
handwritten account numbers and amounts
on checks.

e Recognition of Postal Codes: helps with
automated mail sorting by recognizing
handwritten zip or pin codes on letters and
packages.

e Tools for Educational Assessment: used to
read and assess handwritten responses on
digital test sheets or assignments.

e Applications for Tablets and Smartphones:
allows users to write numbers on the screen to
be entered into learning applications,
calculators, and drawing- based games.

7. CONCLUSION

This study introduced a convolutional neural
network-based intelligent handwritten digit
identification system. The system was created to
overcome the drawbacks of previous methods that
were largely dependent on manually created
features and lacked flexibility.
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