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Abstract- Handwritten digit recognition is crucial in various
automated tasks like financial verification, postal sorting, and
digital form processing, where correctly understanding
handwritten numbers is key. This study looks at how well
convolutional neural networks (CNNs) work for recognizing
handwritten digits, using the MNIST dataset, which is a
common test set made up of black and white images of
numbers. The research follows a structured approach that
includes normalizing the dataset, reshaping images, and
building a multi-layer CNN structure designed for
classification. The proposed model uses three convolutional
layers with increasing numbers of filters, along with max-
pooling, dropout regularization, and fully connected dense
layers to capture and understand important visual patterns.
The network is trained using categorical cross-entropy loss
and stochastic gradient descent over 15 training cycles. The
experimental results show the model achieves a test accuracy
of 99.2%, which shows its strong ability to generalize and
perform well across different handwriting styles. A confusion
matrix analysis further confirms consistent performance
across all digit classes, with very few misclassifications. These
results highlight the potential of CNN-based models for
reliable visual recognition and lay the groundwork for future
work with more complex datasets and expanded character
recognition systems. The study shows that well-designed CNN
structures can achieve very reliable recognition of
handwritten digits, providing a solid base for future progress
in automated visual understanding systems.
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I. INTRODUCTION

Handwritten digit recognition has become a key
part of modern automated systems that handle handwritten
input efficiently. It is used in areas like checking bank
cheques and reading forms in government and business
settings. Being able to recognize digits reliably helps cut
down on manual work and reduces mistakes when entering
data. However, recognizing digits written by different
people is tricky because handwriting can vary a lot in style,
direction, pressure, and how strokes are made. Machine
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learning has helped with many of these issues, but older
methods relied on manually created features, which needed
experts to design things like edges, corners, or gradients.

With recent improvements in deep learning,
Convolutional Neural Networks (CNNs) have shown great
success in visual tasks by automatically learning complex
features from raw data.

CNNs automatically extract helpful features from
raw pixel data, which removes the need for people to
manually design these features. This allows the model to
train efficiently and reach high levels of accuracy. The
MNIST dataset, which includes 70,000 examples of
handwritten digits, remains a key standard for testing and
comparing various digit recognition models.

This paper looks at creating and setting up a CNN
for handwritten digit recognition using the MNIST dataset.

It covers how to prepare the data, the structure of
the CNN, how to train it, how to evaluate its performance,
and how to understand the results. A confusion matrix
analysis also gives more insight into how well each digit is
recognized. The study adds to the deep learning field by
showing a model that is both fast and accurate, making it
useful for real-world use.

Il. LITERATURE REVIEW

The area of recognizing handwritten digits has
changed a lot over the years. In the past, people used
traditional machine learning methods like Support Vector
Machines (SVM), k-Nearest Neighbors (k-NN), and
decision trees. These methods needed features to be made
by hand, such as Histogram of Oriented Gradients (HOG),
zoning features, or pixel intensity data. While these
techniques worked well enough, they had trouble scaling up
and didn't handle different handwriting styles very well.

In 1998, LeCun and his team introduced

Convolutional Neural Networks (CNNs), which changed
how images are classified.
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Their work showed that CNNs can automatically
learn patterns and features from raw pixel data. Later
improvements, like AlexNet, VGGNet, and ResNet, made
CNNs deeper, more powerful, and easier to train. These
advances helped greatly in recognizing handwriting and in
many other computer vision tasks.

Recent studies on the MNIST dataset show that
CNN models do much better than old classifiers, reaching
accuracy over 99%.

Research like that from Ciresan in 2012 and
Ahlawat in 2020 shows how deep networks with good
settings and techniques like regularization work well.
Dropout and batch normalization are now common ways to
prevent overfitting and make models better at generalizing.

Even though MNIST is much simpler than today's
more complex datasets, it's still useful for understanding
how CNNs work, testing new training methods, and
checking how well models perform in limited conditions.

The research shows that CNNs are the best way to
recognize handwritten digits, which gives a strong reason
for this study.

I11. METHODOLOGY
A. Dataset Description and Preprocessing

The MNIST dataset was used as the base for training and
testing the digit recognition model. It includes 70,000
grayscale images of handwritten digits, with 60,000 images
used for training and 10,000 for testing. Each image is in a
small 28x28 resolution, which makes it easy to work with and
efficient for developing models quickly.

Before starting the training, some steps were taken to make the
data consistent.

The pixel values, which were originally numbers from 0 to
255, were turned into numbers between 0 and 1. This helps
keep the math stable during training and prevents big changes
in the model's weights. The images were also changed into a
28x28x1 format, so they fit the way convolutional neural
networks expect input.

For the labels, one-hot encoding was used.This means each
digit is represented as a 10-number vector where only one
number is 1 and the rest are 0. This format works well with the
categorical cross-entropy loss function, which compares the
probabilities from the model with the correct labels.
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B. CNN Architecture

The model is built using a multi-layer convolutional neural
network that gradually captures visual patterns in handwritten
digits. It starts with an input layer that takes in normalized
grayscale images. The main part of the network uses three
consecutive convolutional layers, each with an increasing
number of filters—32, 64, and 128. These filters, which are
3x3 in size, help detect more complex shapes, starting from
simple edges and moving up to more abstract structures that
represent digits.

After each convolutional layer, a 2x2 max-pooling
layer reduces the size of the data.

This not only makes the computation lighter but also
helps the model handle small shifts or distortions in the
handwriting.

Once the convolutional layers are done, the output is
flattened and sent to a fully connected network.

A dense layer with 128 neurons combines the
features into a more refined form. Then, a dropout layer with a
50% rate is used during training to randomly turn off some
neurons, preventing the model from relying too much on any
single part. Finally, a softmax layer with ten units is used to
classify the input into one of the ten-digit classes from 0 to 9.

Input Layer

The network works with grayscale images that are 28 by 28
pixels in size, which is common for datasets like MNIST that
contain handwritten digits. The images have only one color
channel, which makes the model simpler by focusing solely on
the brightness levels of each pixel. Before training, the pixel
values are adjusted so they fall between 0 and 1 instead of 0
and 255. This helps keep the numbers more manageable and
makes the training process more stable.

Convolutional Feature Extraction

The CNN uses three convolutional layers to extract features
that become more complex as they go.

1. First Convolutional Layer

The first convolutional layer uses 32 filters that are 3
by 3 in size, and it applies the ReLU activation function to
them in order to detect basic visual features from the input
images. This layer helps the model recognize basic features
like edges, corners, and simple gradients. ReLU is used
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because it speeds up the training process by preventing the
vanishing gradient problem, which makes learning more
efficient (Nair & Hinton, 2010).

2. Second Convolutional Layer

The second convolutional layer has 64 filters, each
using a 3x3 kernel, and applies the ReLU activation function.
This layer helps the model learn features like curves, strokes,
and smaller parts of digits. Using more filters allows the
model to pick up more detailed and complex patterns as the
network becomes deeper.

3. Third Convolutional Layer

The third convolutional layer uses 128 filters with a
3x3 kernel and applies the ReLU activation function. This
layer helps in identifying higher-level features like general
shapes, how digits are structured, and patterns where they
intersect. It allows the network to understand more abstract
and complex details, which are essential for correctly
classifying digits.

Max-Pooling Layers

After each convolutional block, a 2x2 max-pooling
operation is applied. This helps reduce the spatial dimensions
of the data and keeps the most important activation values.
Max-pooling does a few important things: it makes the data
smaller, which helps reduce the amount of computation
needed; it makes the model less sensitive to small changes in
the input position, which improves its reliability; and it keeps
the most important features by only keeping the strongest
signals. This step-by-step process takes the original 28x28
input and turns it into smaller but more meaningful
representations of the data.

Flatten Layer

Once the convolutional and pooling operations are
done, the result is a 3D tensor made up of feature maps. The
flatten layer turns this into a 1D vector, which can then be
passed into fully connected layers. This step connects the
process of extracting spatial features with the final
classification task.

Fully Connected Layers

The dense layer with 28 neurons uses the RelLU
activation function and is important for combining the features
that have been learned to create high-level abstract
representations that represent the identities of the digits. Dense
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layers are in charge of setting up the final decision boundaries,
acting as classifiers once the CNN has extracted and encoded
the hierarchical features from the input images.

Dropout (Rate = 0.5)

During training, a dropout rate of 0.5 is used, which means
half of the neurons are temporarily turned off to help prevent
the model from becoming too specialized and to make it more
reliable. This method stops neurons from relying too much on
each other, which helps reduce overfitting and makes the
model better at handling new data. Dropout is especially
helpful when working with smaller datasets, like MNIST,
where the model is more likely to overfit.

Output Layer

The last layer has ten units, each representing a different digit
class, and it uses the softmax function to turn the outputs into
a probability distribution. The neuron with the highest
probability shows which digit the model is predicting.

C. Training Model

Loss Function: Categorical Cross-Entropy

Used for multi-class problems with one-hot encoded labels.
Mathematically:

It measures the dissimilarity between true and predicted
probability distributions.

Optimizer: Stochastic Gradient Descent (SGD)

Learning Rate: 0.01

SGD updates parameters per
convergence.

Though slower than Adam, SGD tends to provide more stable
and generalizable solutions (Robbins & Monro, 1951).

batch, allowing faster

Batch Size: 128

Allows efficient use of GPU memory while providing stable
gradient estimation.

Epochs: 15

Sufficient for convergence due to MNIST’s simplicity, but not
excessive to avoid overfitting.
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Metrics: Accuracy

Both training and validation accuracy are tracked.
Accuracy is ideal for balanced datasets like handwritten digits.

Convolutionsl  Corndlutionsl
Fully

Dropout  Output
3 fiters  3x3 fers  Pooling
3z 64 2

Figure 1: Convolutional Neural Network (CNN) Architecture
Layout Showing Input Layer, Convolutional Layers, Pooling
Layer, Fully Connected Layer, Dropout, and Output Layer

Table 1 provides an overview of the MNIST dataset used in
this study.

Table 1: MNIST Dataset Summary

Dataset | Number | Image | Color

Split of Size Type
Samples

Traming | 60,000 28x28 | Grayscale

Testing | 10,000 28x28 | Grayscale

IV. RESULT AND ANALYSIS

The proposed Convolutional Neural Network (CNN)
model was trained on the MNIST training dataset of 60,000
images and evaluated against the 10,000 image test set.

Model Performance Evaluation
A. Classification Accuracy

The trained CNN achieved a test accuracy of 99.2%,
showing it has a strong ability to recognize patterns and works
well with new, unseen handwritten samples. This level of
accuracy aligns with results reported for other high-
performing CNN architectures in prior studies (Simard et al.,
2003; Ciresan et al., 2012). Such strong performance
demonstrates the model’s capability to learn representative
features from the data and generalize effectively to unseen
handwriting styles.
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B. Training and Validation Accuracy Trends

The accuracy curves depicted in Figure 2 illustrate
steady improvement over the 15 training epochs, with both
training and validation accuracy consistently increasing
toward high performance. Notably, there is no divergence
between the training and validation accuracy, indicating that
the model does not exhibit overfitting and maintains strong
generalization. The stable upward progression of the curves
reflects effective learning and optimization throughout the
training process.

a 0 20 ) 0 50
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Figure 2: Graph Showing Progressive Improvement in
Training and Validation Accuracy Across Training Epochs

C. Training and Validation Loss Behavior

The training and validation loss curves, shown in
Figure 3, demonstrate the model’s effective learning behavior.
The categorical cross-entropy loss decreases smoothly, with a
rapid decline during the initial epochs followed by gradual
stabilization near zero, indicating successful convergence.
Moreover, the close alignment of the training and validation
loss curves confirms that the model avoids overfitting and
maintains consistent performance on unseen data.

Lo
-~

Figure 3: Graph Showing Progressive Reduction in Training
and Validation Loss Indicating Model Convergence

Confusion Matrix Analysis
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To gain deeper insight into class-wise prediction
performance, a confusion matrix was computed using the
10,000 test samples. The matrix is presented in Figure 4:
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Figure 4: Confusion Matrix on Test Dataset
Interpretation of the Confusion Matrix

The confusion matrix provides a detailed view of
class-specific recognition performance. Most digits are
identified with extremely high accuracy, as reflected by the
strong counts along the diagonal representing correct
predictions. Misclassifications are primarily observed among
visually similar digit pairs, which is a common challenge in
handwritten digit recognition. Notable examples include the
digit ‘5’ being misclassified as ‘6°, ‘9” as ‘4’, and ‘7” as ‘1’.
These errors typically result from irregular handwriting,
partial strokes, or blurred curves. Despite these minor
confusions, the overall distribution confirms that the CNN
effectively distinguishes between different digit patterns and
maintains high classification reliability.

V. SUMMARY

The CNN achieved an accuracy of 99.2%,
demonstrating excellent capability in recognizing handwritten
digits. The accuracy and loss curves (Figures 2 and 3) further
indicate stable training behavior, effective optimization, and
no signs of overfitting. Additionally, the confusion matrix
(Figure 4) shows consistently strong performance across all
digit classes, with only minimal misclassifications. Overall,
the model architecture illustrated in Figure 1 and the dataset
specifications summarized in Table 1 align well with standard
deep learning practices for MNIST classification, supporting
the reliability and robustness of the results.
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VI. CONCLUSION

The CNN achieved an accuracy of 99.2%,
demonstrating excellent capability in recognizing handwritten
digits. The accuracy and loss curves (Figures 2 and 3) further
indicate stable training behavior, effective optimization, and
no signs of overfitting. Additionally, the confusion matrix
(Figure 4) shows consistently strong performance across all
digit classes, with only minimal misclassifications. Overall,
the model architecture illustrated in Figure 1 and the dataset
specifications summarized in Table 1 align well with standard
deep learning practices for MNIST classification, supporting
the reliability and robustness of the results.

This study demonstrates that Convolutional Neural
Networks (CNNs) provide an effective and reliable approach
for handwritten digit recognition on the MNIST dataset. The
proposed CNN architecture, with three convolutional layers
followed by fully connected layers and dropout regularization,
achieved a high classification accuracy of 99.2% on the test
set. The model benefits from robust feature extraction
capabilities provided by CNN layers and avoids overfitting
through dropout and careful tuning of hyperparameters such as
learning rate and batch size.

Moreover, the confusion matrix analysis reveals that
the model performs consistently well across all digit classes,
with only a few misclassifications between visually similar
digits. This highlights the model's efficiency in generalizing to
diverse handwriting styles. The results align with prior
research demonstrating CNNs as the state-of-the-art for image
classification tasks.

Future work could explore deeper CNN architectures,
use of ensemble learning, and augmentation techniques to
further improve accuracy and robustness. Additionally,
transferring this model to recognize characters from other
scripts or expanding to more complex datasets present an
interesting direction.

Overall, this research reaffirms the efficacy of
convolutional neural networks in visual pattern recognition,
offering a foundation for further exploration and practical
applications in automated document processing and related
fields.
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