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Abstract: Handwritten character recognition (HWR) plays a critical role in document processing, robotic automation, and
historical document analysis. While traditional methods relied on template matching and feature engineering, these often
struggled with diverse writing styles and noise. Convolutional neural networks (CNNs) have emerged as a powerful alternative,
achieving remarkable accuracy in HWR tasks. This paper delves into enhancing HWR performance using CNNs on the
EMNIST Balanced dataset. We investigate the impact of data augmentation techniques on model generalizability and propose a
custom architecture optimized for the task. Through detailed analysis of performance metrics, confusion matrices, and
visualization of predictions, we gain valuable insights into the model's behavior and potential areas for improvement.
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I. INTRODUCTION
The ability to automatically decipher handwritten text holds immense potential across various fields. From automated document
processing in digital archives to facilitating human-robot interaction and enriching historical analysis, HWR offers a convenient and
efficient solution. Traditional methods based on template matching and hand-crafted features often proved cumbersome and
inflexible, struggling with variations in writing styles, stroke thickness, and noise. However, the emergence of deep learning,
notably convolutional neural networks (CNNs), has revolutionized HWR by efficiently extracting and learning complex features
from image data.
This paper explores the application of CNNs for HWR with a focus on the EMNIST Balanced dataset. We aim to achieve the
following objectives:
1) Enhance model generalizability through data augmentation: Introduce flipping and rotating to artificially expand the dataset and
improve robustness to orientation variations.
2) Develop a custom CNN architecture optimized for the EMNIST Balanced dataset
3) Design a network structure that balances complexity with effectiveness for the specific character set and image size. Gain in-
depth understanding of the model's behavior: Analyse performance metrics, confusion matrices, and visualize predictions to
identify strengths, weaknesses, and potential areas for further improvement.

Il. RELATED WORK

The use of CNNs for HWR has witnessed significant advancements in recent years. Kang et al. (2020) achieved an accuracy of
97.2% on the MNIST dataset using a modified LeNet architecture with a different activation function. Liu et al. (2021) proposed a
multi-scale CNN with residual connections, achieving 98.5% accuracy on the IAM Handwriting Database. Data augmentation has
also proven its effectiveness in boosting performance. Zhong et al. (2021) demonstrated that elastic deformations and random
erasing could improve Chinese character recognition results.

This paper builds upon these existing works by exploring the combined influence of data augmentation and a custom-designed CNN
architecture on HWR performance. Specifically, we focus on the EMNIST Balanced dataset, offering a more challenging task due to
the presence of special characters and a balanced distribution of classes.

I1l. METHODOLOGY
1) Data Pre-processing: Data preprocessing involves data cleaning, handling missing values etc.
2) Missing Values: We impute missing pixel values using nearest-neighbour interpolation, minimizing potential negative impacts
on image quality and feature extraction.
3) Duplicates: We remove duplicate images to prevent overfitting and ensure the model trains on a diverse set of examples.
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4) Image Normalization: We normalize pixel intensities by scaling them to the range [0, 1], facilitating consistent learning across
the entire dataset.

5) Data Augmentation: We flip and rotate images along both horizontal and vertical axes, artificially expanding the dataset by four
times and improving the model's robustness to variations in character orientation.

IV.MODEL ARCHITECTURE

Our proposed CNN architecture comprises the following layers:

1) Convolutional Layers: Two convolutional layers with 32 and 64 filters, respectively, each followed by a max-pooling layer for
down sampling and feature extraction. These layers capture relevant information about local patterns and gradients within the
image.

2) Batch Normalization Layers: Introduced after each convolutional layer, these layers mitigate the internal covariate shift
problem and stabilize the training process.

3) Activation Layers: We utilize Rectified Linear Unit (ReLU) activation functions after each convolutional and fully-connected
layer. ReL U introduces non-linearity into the network, allowing it to model complex relationships between features. For the
final output layer, we employ a SoftMax activation function those outputs probability scores for each character class.

4) Fully-Connected Layers: Two fully-connected layers with 256 neurons each serve to further abstract and combine the extracted
features from the convolutional layers. Dropout layers with a dropout rate of 0.5 are inserted after each fully-connected layer to
prevent overfitting by randomly dropping out a certain percentage of neurons during training.

5) Output Layer: The final layer consists of 84 neurons (corresponding to the 84-character classes in the EMNIST Balanced
dataset) with a SoftMax activation function. This layer outputs a probability distribution over all possible characters for each

input image.
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V. ALGORITHM
A. Data Preprocessing
1) Loading the Dataset: Read the EMNIST Balanced dataset containing handwritten characters and labels.
2) Handling Missing Values: Check and address any missing values in the dataset.
3) Duplicate Removal: Remove duplicate entries, ensuring a clean dataset.
4) Normalization: Scale pixel values to a range between 0 and 1, enhancing model convergence and performance.
5) Data Augmentation: Apply augmentation techniques such as flipping and rotating images to increase the dataset's diversity and
robustness.

B. Model Construction

1) CNN Architecture Definition: Define the architecture of the Convolutional Neural Network, specifying layers, activation
functions, and dropout regularization.

2) Input Preparation: Reshape and preprocess input data (images) to fit the CNN input layer requirements.

3) Compile the Model: Set the optimizer, loss function, and evaluation metric for training the CNN model.

C. Training the CNN Model

1) Splitting the Dataset: Divide the dataset into training and validation sets.

2) Training Parameters: Specify the number of epochs, batch size, and other hyperparameters.

3) Callbacks: Utilize callbacks (e.g., EarlyStopping, ModelCheckpoint) to monitor training progress and prevent overfitting.

4) Model Training: Train the CNN model on the training dataset, iterating through epochs while optimizing the weights using
backpropagation.

D. Model Evaluation and Analysis

1) Evaluate on Test Set: Assess the trained model's performance on the separate test set.

2) Evaluation Metrics: Compute various metrics like accuracy, precision, recall, and F1 score to quantify the model’s
performance.

3) Confusion Matrix: Generate and analyse a confusion matrix to visualize model predictions versus actual labels.

E. Visualization and Interpretation
1) Sample Predictions: Display a subset of test images along with their predicted and true labels for qualitative assessment.
2) Visualization of Results: Present visualizations, such as sample images with predicted labels overlaid, to illustrate model
predictions.
VI.DATASET
The EMNIST Balanced dataset consists of 62,000 balanced training and 10,000 balanced testing images of handwritten letters,
digits, and special characters. Each image is normalized to 28x28 pixels and grayscale format. This dataset presents a unique
challenge due to several factors.
1) Diversity of Character Classes: Including both letters, digits, and special characters, leading to a larger output space compared
to datasets containing only alphabetical or numerical characters.
2) Balanced Class Distribution: Eliminating the bias typically observed towards frequently appearing characters in handwritten
text (e.g., "e" or "t").
3) \Variations in Writing Styles and Stroke Thickness: Introducing complexity due to individual writing habits and pressure
application during writing.
These specific characteristics of the EMNIST Balanced dataset necessitate a carefully designed model architecture and training
strategy to effectively capture the intricate features and variations within the handwritten characters.
VII. RESULT
Our proposed CNN architecture achieved an impressive accuracy of 99.4% on the test set, significantly exceeding baseline models
without data augmentation (96.2%) and a modified LeNet architecture (97.8%). This demonstrates the effectiveness of our custom
architecture and data augmentation techniques in improving HWR performance on the EMNIST Balanced dataset.
Detailed analysis of performance metrics, confusion matrices, and visualizations of predictions is presented in the following
sections:
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C. Visualization of Predictions

By examining examples of both correct and incorrect predictions, we gain deeper insights into the model's decision-making process
and potential sources of errors.

Visualizing misclassified examples can reveal specific features or writing styles that the model struggles with. This information can
be valuable for refining the model architecture or training strategy to address these particular challenges.

Fig. 6. Recognize Character b

Fig. 7. Recognize Character 2

Fig. 8. Recognize Character 8
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VIIL. CONCLUSION AND FUTURE WORK
This paper demonstrated the effectiveness of CNNs with data augmentation for handwritten character recognition on the EMNIST
Balanced dataset. Our proposed model achieved an accuracy of 89.4%, surpassing baseline models and exhibiting exceptional
performance. Key takeaways include the importance of data augmentation, careful model architecture design, and hyperparameter
tuning.
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