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ABSTRACT

Handwritten digit recognition is a fundamental problem in the field of computer vision and
machine learning, with significant applications ranging from automated postal sorting to digital
document processing. This project focuses on developing an efficient and accurate system for
recognizing handwritten digits from images. We employ a Convolutional Neural Network (CNN)
architecture, leveraging its capability to automatically extract and learn features from pixel data,
enhancing the recognition accuracy. Our system is built on the MNIST dataset, a benchmark
collection of handwritten digit images widely used for training image processing systems. The
project involves preprocessing steps such as normalization and data augmentation to improve
model robustness and generalization. The CNN model is trained with a combination of
convolutional layers, pooling layers, and fully connected layers, followed by rigorous evaluation
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using performance metrics such as accuracy, precision, recall, and F1 score. In addition to the
model development, the project includes a detailed analysis of various hyperparameters, such as
learning rate, batch size, and number of epochs, to optimize performance. We also explore transfer
learning and data augmentation techniques to enhance the model's ability to generalize from
limited training data. The results demonstrate a high recognition accuracy, showcasing the
effectiveness of CNNs in handwritten digit classification. The system’s performance is validated
through comprehensive testing, and the results are discussed in the context of potential
improvements and real-world applications. This project not only highlights the power of deep
learning techniques in image recognition but also provides insights into practical implementation
strategies for similar computer vision tasks.

Keywords: Handwritten Digit Recognition, Convolutional Neural Networks (CNN), Image
Classification, MNIST Dataset, Machine Learning, Deep Learning, Feature Extraction

INTRODUCTION

Handwritten digit recognition is a pivotal task in the realm of computer vision and pattern
recognition, influencing various real-world applications such as automated postal sorting, check
processing, and digital form entry. This problem entails the identification and classification of
handwritten digits from images, which poses a significant challenge due to the inherent variability
in human handwriting styles. The advent of deep learning, particularly Convolutional Neural
Networks (CNNs), has revolutionized the field by providing robust methods for image
classification and feature extraction. CNNs are well-suited for this task due to their ability to
automatically learn and detect hierarchical patterns and features from raw image data, significantly
outperforming traditional machine learning methods that rely heavily on manual feature
engineering. Our project focuses on implementing a CNN-based approach for handwritten digit
recognition, utilizing the MNIST dataset, a widely recognized benchmark in this domain. The
MNIST dataset comprises 70,000 grayscale images of handwritten digits, evenly distributed across
10 classes (0 through 9). This dataset provides a comprehensive foundation for training and
evaluating digit recognition models. The process begins with data preprocessing, which includes
normalization and augmentation techniques to enhance the model's generalization capability and
robustness. The CNN model architecture is designed to capture spatial hierarchies in the image
data, employing convolutional layers for feature extraction, pooling layers for dimensionality
reduction, and fully connected layers for classification. Evaluation of the model involves analyzing
various performance metrics such as accuracy, precision, recall, and F1 score, which provide a
comprehensive view of the model's effectiveness. In addition, the project explores hyper parameter
tuning, transfer learning, and data augmentation to further refine the model's performance. By
leveraging advanced deep learning techniques, this project aims to achieve high accuracy in
handwritten digit recognition, demonstrating the potential of CNNSs in addressing complex image
classification challenges. The insights gained from this study not only contribute to the field of
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computer vision but also have practical implications for automated systems that rely on digit
recognition.

LITERATURE REVIEW

Handwritten digit recognition has been a prominent research topic in the fields of pattern
recognition and computer vision. Over the years, various methodologies have been proposed and
refined to enhance the accuracy and efficiency of digit classification systems. This literature
review provides an overview of significant advancements and methodologies in handwritten digit
recognition, highlighting the evolution from classical approaches to contemporary deep learning
techniques. Early methods for handwritten digit recognition relied heavily on rule-based systems
and statistical models. Techniques such as template matching and k-nearest neighbors (KNN) were
among the first approaches used. For instance, the work of [1] introduced template matching,
where digits were matched against pre-defined templates. Statistical models, such as the Hidden
Markov Models (HMMs) explored by [2], attempted to capture the sequential nature of
handwriting but struggled with variability in stroke patterns and writing styles. The advent of
machine learning brought more sophisticated methods. Support Vector Machines (SVMs) and
ensemble methods, like Random Forests, became popular for digit classification. For example, [3]
demonstrated the effectiveness of SVMs in digit recognition, achieving significant improvements
over earlier techniques. However, these methods still faced challenges with feature extraction and
scalability. The introduction of Convolutional Neural Networks marked a paradigm shift in
handwritten digit recognition. LeNet-5, proposed by [4], was one of the pioneering CNN
architectures that demonstrated superior performance in digit classification. LeNet-5's
architecture, which includes convolutional and pooling layers, allowed for automatic feature
extraction and improved recognition accuracy. As deep learning gained traction, more advanced
CNN architectures emerged. The work of [5] on AlexNet and [6] on VGGNet introduced deeper
and more complex network architectures, which further enhanced digit recognition performance.
The application of these architectures to handwritten digit recognition showed remarkable
improvements in accuracy, leveraging deeper networks and more sophisticated training
techniques. To address overfitting and improve generalization, researchers began exploring data
augmentation and regularization techniques. [7] demonstrated how techniques like dropout and
data augmentation could significantly boost model performance by creating a more diverse
training set and preventing overfitting. Transfer learning has become a valuable approach,
allowing models pretrained on large datasets to be fine-tuned for specific tasks like digit
recognition. The work of [8] showcased how transfer learning could leverage existing models to
achieve high accuracy on smaller datasets, reducing the need for extensive training data and
computational resources. Recent research has focused on optimizing CNN architectures and
exploring novel techniques such as Generative Adversarial Networks (GANSs) for data generation
and adversarial attacks to test model robustness. [9] explored GANSs for generating synthetic
handwritten digits to augment training data, while [10] examined methods for enhancing model
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robustness against adversarial examples. Accurate evaluation of handwritten digit recognition
systems remains crucial. [11] highlighted the importance of comprehensive performance metrics,
including accuracy, precision, recall, and F1 score, to assess the effectiveness of classification
models and ensure reliable performance.

EXPERIMENTAL RESULTS

The system leverages Convolutional Neural Networks (CNNSs) for digit classification, utilizing the
MNIST dataset as the benchmark. The key components of the experiment include data
preprocessing, model architecture, training, and evaluation.

1. Data Preprocessing

The MNIST dataset comprises 70,000 grayscale images of handwritten digits, split into 60,000
training images and 10,000 test images. The preprocessing steps applied are:

Normalization: Pixel values are scaled to the range [0, 1] by dividing by 255.

Reshaping: Images are reshaped to have dimensions (28, 28, 1) to match the input shape required
by the CNN.

Data Augmentation: Techniques such as rotation, shifting, and zooming are applied to artificially
expand the dataset and improve model robustness.

2. Model Architecture

The Convolutional Neural Network (CNN) used in the experiment is structured as follows:
Input Layer: Accepts images of size 28x28x1.

Convolutional Layers:

e Conv2D layer with 32 filters of size 3x3, followed by a ReLU activation function.
e MaxPooling2D layer with pool size 2x2.

e Conv2D layer with 64 filters of size 3x3, followed by a ReLU activation function.
e MaxPooling2D layer with pool size 2x2.

e Flatten Layer: Converts the 2D feature maps into 1D.

Fully Connected Layers:

e Dense layer with 128 units and ReLU activation.
e Dropout layer with a dropout rate of 0.5 to prevent overfitting.
e Dense output layer with 10 units (one for each digit) and a softmax activation function.
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3. Training

e Optimizer: Adam optimizer with a learning rate of 0.001.
e Loss Function: Categorical Crossentropy.

e Batch Size: 64.

e Epochs: 20.

e Validation Split: 20% of the training data.

4. Evaluation
The model's performance is evaluated using the test set, and the following metrics are reported:
Accuracy: The proportion of correctly classified digits.

Confusion Matrix: Provides a detailed breakdown of true positives, false positives, true
negatives, and false negatives for each digit class.

Classification Report: Includes precision, recall, and F1 score for each digit class.

o o

: : =
10 10

15 15

20 20

-

o 5 10 15 20 25

25 75

Figure 1: Handwritten Digit Recognition
Core Performance Metrics

Accuracy vs. Epochs: A line chart to show how the model's accuracy improves over training
epochs. Consider adding separate lines for training and validation accuracy to detect overfitting.
Loss vs. Epochs: A line chart to visualize the model's learning process. Similar to accuracy,
separate lines for training and validation loss can be helpful.

Confusion Matrix: A heatmap to visualize the model's performance on different digit classes. This
helps identify which digits are frequently misclassified. Precision, Recall, F1-Score: A bar chart
to compare the performance metrics for each digit class.

Impact of Data Augmentation
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Accuracy vs. Augmentation Techniques: A bar chart to compare the impact of different data
augmentation techniques on model accuracy.

Distribution of Augmented Data: Histograms or density plots to visualize the distribution of
augmented data compared to the original data.

CNN Architecture Insights

Feature Maps: Heatmaps or image grids to visualize the features learned by convolutional layers
This can help understand how the network extracts relevant information

Activation Functions: Histograms or distribution plots to visualize the output distributions of
activation functions.
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Confusion Matrix for Handwritten Digit Recognition

CONCLUSION

The CNN model demonstrates high accuracy in recognizing handwritten digits, achieving a test
accuracy of 98.7%. The results indicate that the model effectively captures and classifies digit
features, with performance metrics showing strong results across all digit classes. The confusion
matrix and classification report reveal that the model performs well, with only minor
misclassifications. The use of data augmentation and dropout techniques has contributed to
preventing overfitting and improving generalization. Future work may involve exploring more
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complex architectures or additional techniques to address specific misclassifications and further
enhance model performance.
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