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Abstract

The rapid advancement in Optical Character Recognition (OCR) technology offers
promising solutions for digitizing printed and handwritten documents. However, OCR
systems for Indian languages, particularly Hindi, have lagged due to the complexity
of the Devanagari script. This project presents a comparative analysis of machine
learning models, including Convolutional Neural Networks (CNN), XGBoost, and
LightGBM, for the development of a robust Hindi OCR system. The study utilized a
dataset of handwritten Hindi characters to train and evaluate the models. The CNN
model, known for its proficiency in image classification tasks, achieved an accuracy
of 99%, demonstrating its capability to learn and recognize complex patterns in Hindi
script. LightGBM and XGBoost models, which were adapted to handle image data,
attained accuracy of 80% and 84%, respectively. These results highlight the efficacy
of gradient boosting algorithms in recognizing structured data, albeit with limitations
in handling the intricacies of visual patterns compared to CNNs. The findings of this
study underscore the potential of CNNs in developing accurate OCR systems for
complex scripts like Devanagari, while also recognizing the competency of XGBoost
and LightGBM in certain scenarios. This work contributes to the development of more
inclusive OCR technologies, fostering greater accessibility to digital content in Hindi
and other linguistically diverse languages. The project paves the way for future
research to further enhance OCR accuracy and efficiency, exploring hybrid models
that leverage the strengths of multiple machine learning techniques

Keywords: Hindi OCR, Devanagari script, Machine Learning, Convolutional Neural
Networks, XGBoost, LightGBM, Image Recognition, Handwritten Character Recognition.

I.INTRODUCTION
The integration of deep learning and machine learning techniques in the field of

handwritten character recognition has undergone significant evolution, profoundly
impacted the accuracy and efficiency of character identification systems and creating
unprecedented opportunities for digitizing handwritten documents. This work aims to
highlight the importance of machine learning models, particularly Convolutional Neural
Networks (CNNs), in offering precise recognition and data extraction from various
handwritten scripts. Handwritten character recognition involves training models to
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decode and interpret characters based on diverse datasets that reflect varying styles and
complexities. This contrasts with traditional optical character recognition methods,
which often struggle with variability and intricacies inherent in human handwriting.
Advanced data processing techniques empower new advancements in machine learning
and natural language processing, thus enabling models to learn from vast handwritten
data and improve accuracy. Leveraging predictive algorithms, these models draw from
extensive databases to enhance their recognition capabilities, allowing for early
correction of errors and adaptation to new handwriting styles. This approach enables
automated systems to generate more reliable outputs and adapt to user-specific
handwriting patterns, aligning with the latest research and technological advancements.
The potential for CNNs and other advanced models to achieve near-perfect recognition
can significantly increase digitization efficiency, reduce manual input labor, and expand
accessibility to written information. As the development of machine learning
technologies continues, new opportunities are expected to emerge for advancing the
capabilities of character recognition systems. This paper seeks to examine the current
state and prospects of machine learning in enhancing the reliability and application of
handwritten character recognition, contributing to a more proficient, efficient, and
inclusive document processing ecosystem.
II.RELATEDWORKS

Recent advancements in OCR have been significantly influenced by the integration of
machine learning and deep learning techniques. Early foundational work by LeCun et al.
(1998) demonstrated the power of Convolutional Neural Networks (CNNSs) in recognizing
handwritten digits with high accuracy on the MNIST dataset [1]. Building on this,
Krizhevsky et al. (2012) expanded the use of CNNs in image recognition tasks,
introducing architectures capable of handling more complex visual features [2].

The potential of data augmentation to enhance model robustness was explored by Zhang
and Lee (2024), who utilized generative models to simulate diverse handwriting styles.
This approach proved effective in mitigating overfitting, particularly for datasets with
limited variation [3]. Similarly, Rahman and Khan (2021) demonstrated the value of
transfer learning for multi-script OCR, adapting pre-trained models to Indian scripts with
substantial performance improvements [5].

Hybrid models have gained traction in recent years. Patel and Thakkar (2024) highlighted
the efficiency of combining CNNs with XGBoost, achieving notable accuracy
improvements for OCR systems while maintaining computational efficiency [4]. Gupta
and Choudhary (2022) further emphasized the applicability of tree-based methods in
multilingual scripts, presenting LightGBM as a viable alternative in resource-constrained
environments [6].

The use of attention mechanisms in sequence recognition tasks was discussed by Liu and
Wang (2023), whose research showcased improved recognition accuracy for complex
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scripts. This aligns with the growing trend toward integrating attention models for OCR
tasks, as also advocated by Vaswani et al. (2017) [7][10].

For practical applications, El-Refai and Nguyen (2024) explored edge computing
solutions for real-time OCR, highlighting the feasibility of deploying lightweight models
on mobile devices [8]. Mendes and Das (2024) addressed the critical issue of bias in OCR
systems for Indian scripts, emphasizing the need for fair and inclusive algorithms [9].

These studies underscore the importance of combining advanced modelling techniques
with robust data preprocessing and augmentation strategies. However, as the literature
reveals, a comprehensive comparative analysis of CNNs and tree-based methods for
Hindi OCR remains sparse, motivating the present research.

INI.METHODSANDMATERIALS

This section details the methodologies applied in developing and testing machine learning
models for handwritten character recognition, covering data sources, preprocessing strategies,
algorithm selection, the experimental setup, evaluation metrics, and comparative analysis.

Data Collection and Preprocessing

Data Source: The study primarily utilizes publicly available datasets such as MNIST (Modified
National Institute of Standards and Technology) and EMNIST (Extended MNIST), which are
widely recognized benchmarks for handwritten digit and letter recognition respectively. These
datasets comprise tens of thousands of greyscale images, each representing a single handwritten
character with a corresponding label for supervised learning.

Preprocessing: Preprocessing is a critical step in ensuring that the data is efficiently fed into
machine learning models. Each image is resized to a uniform 32x32 pixels to ensure consistency
across the dataset. Pixel values are normalized to a range of 0 to 1, which helps improve the
convergence speed of neural networks during training. To enhance the model's robustness
against various handwriting styles and distortions, data augmentation techniques such as
rotation, scaling, and translation are applied. This augmentation helps simulate a variety of
handwriting conditions that the model may encounter in real-world scenarios.

Algorithms
1. Convolutional Neural Network (CNN)

Overview: CNNs are the backbone of modern image recognition systems due to their ability to
learn and generalize complex spatial hierarchies in visual data.

Architecture: The CNN model in this study includes several convolutional layers, each
followed by activation functions (usually ReLU) and pooling layers that reduce dimensionality
while retaining significant features. The architecture is enhanced with dropout layers to prevent
overfitting and fully connected layers to consolidate features for final classification.
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Advantages: CNNs automatically extract features directly from images, making them
particularly powerful for image-related tasks and reducing the need for manual feature
engineering.

2. Support Vector Machine (SVM)

Overview: SVMs, though simple, can be effective post-feature extraction techniques,
leveraging their ability to distinguish between classes with a clear margin.

Application: In this context, SVMs are applied using handcrafted or pre-trained feature
extractions from character images. The choice of kernel (e.g., RBF or linear) is critical and
determined through cross-validation to manage the high-dimensional feature space efficiently.

3. K-Nearest Neighbors (KNN)

Overview: KNN is a straightforward classification method that assigns class labels based on the
majority label of neighboring data points.

Application: By computing the distance between a test sample and its neighbors in the feature
space, KNN provides a simple benchmark against more complex algorithms. Despite its
simplicity, it can be quite effective for small-scale applications or when interpretability and ease
of implementation are priorities.

4. Recurrent Neural Network (RNN)

Overview: RNNs, particularly LSTMs (Long Short-Term Memory networks), capture temporal
dependencies and long-range patterns, making them suitable for sequential data processing.

Application: In applications involving a sequence of characters or strokes, RNNs can leverage
their recurrent structure to predict sequences of characters, thus providing an alternative method
of understanding handwriting patterns that span multiple characters.

5. Formula for CNN Algorithm

The Convolutional Neural Network (CNN) algorithm primarily leverages convolution
operations to extract features from input data. The following steps outline its mathematical
foundation:

1. Convolution Operation:

k-1 k-1

Z[i,1=Y_ Y X[i+m,j+n]-W[m,n] +b

m=0 n=0

2. Activation Function (commonly ReLU):

Ali, ] = max(0, Z |, j])

115



International Journal of Innovation Studies 9 (1) (2025)

3. Pooling Operation (e.g., Max Pooling):

P[i, j] = max(A[i + p,j + q])

p,q

o Pooling reduces spatial dimensions while retaining the most important features.

4. Fully Connected Layers: The feature maps are flattened into a vector and passed through
one or more dense layers:

5. Loss Function: For classification, Cross-Entropy Loss is commonly used:

Experimental Setup

Data Split: The dataset is divided into training (80%) and testing (20%) subsets. The training
set is used to train the models, while the testing set evaluates model performance on unseen data.

Model Optimization: Techniques such as grid search, which tests a range of hyperparameter
configurations, and k-fold cross-validation ensure optimal hyperparameter selection. This
iterative process seeks to maximize model performance across key metrics while preventing
overfitting.

Computational Requirements: High-performance computing resources are used to handle the
extensive computational load required by deep learning models, particularly CNNs and RNNss,
due to their complex architectures and large data requirements.

Evaluation Metrics

Metrics Used: The performance of each model is quantified using accuracy, precision, recall,
and the F1 score, providing a balanced view of the model's capability to predict character classes
correctly. Additionally, a confusion matrix offers insights into specific types of errors and
misclassifications, helping identify patterns or particular classes that are more challenging for
the models to recognize.

Comparative Analysis and Discussion

Comparative Insights: Through quantitative metrics and qualitative assessments, the study
analyzes the efficacy and limitations of each algorithm. CNNs typically outperform others due
to their advanced feature extraction capabilities, while SVMs and KNNs offer higher
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interpretability and simplicity. RNNs' ability to handle sequences offers unique insights but is
less common for isolated character recognition tasks.

Discussion Points: Key findings include the strength of CNNs for handwritten character
recognition, particularly in handling diverse and complex data, while simpler methods provide
valuable baselines and insights into potential improvements. The study also discusses challenges
such as computational demands of deep learning and the interpretability of complex models.

Discussion

The experimental results of this study affirm the transformative potential of machine learning
in the domain of handwritten character recognition. The implementation of advanced models
such as Convolutional Neural Networks (CNNs) significantly enhances the accuracy and
efficiency of accurately interpreting handwritten inputs, even in the presence of varied
writing styles and distortions. CNNs excel in automatically extracting and learning deep
feature representations, facilitating high precision and robustness across diverse datasets.
This capability is particularly vital in applications such as automated form processing, optical
character recognition in digital archives, and assistive technologies.

In contrast, traditional algorithms like Support Vector Machine (SVM) and K-Nearest
Neighbors (KNN) provide valuable benchmarks and are effective in scenarios demanding
interpretability and straightforward deployment. SVM's ability to handle high-dimensional
feature spaces efficiently complements its application in feature-rich domains, while KNN's
simplicity ensures ease of implementation and can be useful in smaller or less complex
datasets.

However, several challenges highlighted by this study necessitate further advancements. The
deep learning models, particularly CNNs, require substantial computational resources due to
their complex architectures and iterative training processes. This requirement can pose a
barrier to deploying such models in resource-constrained environments or on edge devices.
Moreover, the preprocessing and augmentation steps underscore the importance of high-
quality data and comprehensive datasets. Incomplete or biased datasets could impair model
performance, emphasizing the need for robust data collection and preprocessing techniques.

Another notable challenge is the interpretability of deep learning models. As CNNs and
RNNs become more intricate, understanding and explaining their decision-making processes
become increasingly difficult. This complexity points to a growing need for the development
of explainable Al methods to enhance transparency and trust, especially in applications that
demand high-stakes decisions or where understanding model predictions is crucial for further
application.

In conclusion, while the study showcases the substantial benefits and capabilities of machine
learning in handwritten character recognition, addressing computational demands, data
quality issues, and model interpretability will be critical in harnessing the full potential of
these technologies and ensuring their practical utility across various domains.
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We can present the performance metrics of the Convolutional Neural Network (CNN),
XGBoost, and LightGBM models applied to the Hindi OCR task. The evaluation was based
on key metrics, including accuracy, precision, recall, F1-score, training time, and inference
time. The following table summarizes these performance metrics.

Metric : LightGBM

Accuracy (%) 79.54

Precision (%) 81.25

Recall (%) 79.54

F1-Score (%) 79.47

Inference Time (s) 2.9696

The CNN model achieved the highest accuracy of 99%, underscoring its ability to effectively
capture the complex spatial patterns inherent in handwritten Hindi characters. Accuracy, as
the most commonly used metric in classification tasks, is significant because it indicates the
model's overall correctness in identifying characters across the entire dataset. The high
accuracy of CNN demonstrates its suitability for tasks requiring the identification of intricate
and varied handwriting styles, a key challenge in Hindi OCR.

In contrast, the XGBoost and LightGBM models achieved lower accuracies of 84% and 80%,
respectively. While these models did not perform as well as CNN in terms of raw accuracy,
their results highlight the potential of gradient boosting algorithms in structured data
classification tasks, particularly where speed and computational efficiency are prioritized.
These models may be more suitable for applications where inference time is a critical factor,
even at the cost of slightly reduced accuracy.

Precision, recall, and Fl-score provide additional insights into model performance,
particularly in handling class imbalances and the trade-off between false positives and false
negatives. Precision, which measures the proportion of true positive predictions among all
positive predictions, is crucial when the cost of false positives (incorrectly identifying a
character) is high. The CNN model, with its high precision (98.65%), indicates that it
effectively reduces the risk of incorrectly classifying non-Hindi characters as Hindi ones,
making it a reliable choice for accurate recognition.
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Recall, on the other hand, measures the ability of the model to correctly identify all relevant
instances of a class. The CNN’shigh recall (98.64%) shows that it excels at identifying the
majority of handwritten characters, even in complex or distorted examples, without missing
many true positive cases. This is especially important in OCR tasks where missing a character
(false negative) can lead to incomplete or erroneous transcription.

Fl-score, the harmonic mean of precision and recall, further underscores the CNN's
balanced performance. With an Fl-score of 98.64%, the CNN model maintains an
excellent balance between precision and recall, ensuring robust recognition capabilities
that are not biased towards one type of error (either false positives or false negatives).

Finally, inference time is an essential metric for evaluating the practical feasibility of
deploying OCR models in real-time applications. While CNN achieved high accuracy, its
longer inference time of 7.53 seconds suggests that its computational cost could hinder real-
time usage, especially in time-sensitive applications. In contrast, XGBoost and LightGBM,
with much lower inference times (0.65s and 2.97s, respectively), offer the advantage of
faster predictions, making them potentially more suitable for deployment in resource-
constrained environments or in applications where real-time performance is essential.

These results highlight the importance of selecting the appropriate model based on the
specific requirements of the OCR task at hand. For applications dealing with complex scripts
like Devanagari, where accuracy is paramount, CNNs may be the preferred choice. However,
for use cases where speed is more critical, models like XGBoost or LightGBM may offer
valuable trade-offs.

Performance and Inference Time Comparison
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Performance Metrics Radar Chart —— CNN
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Confusion Matrix for XGBoost
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General Observations on Confusion Matrices:

Diagonal Dominance:

All matrices show strong diagonal dominance, indicating that most samples were correctly
classified.

Off-Diagonal Values:

These values indicate misclassifications. The closer they are to the main diagonal, the more
similar the classes are, which may lead to confusion between them.

Model-Specific Observations:

XGBoos

Strengths:
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Effective in correctly classifying most characters and digits.
Few misclassifications for most classes, indicated by low off-diagonal values.
Weaknesses:

Specific letters or digits may have higher errors, suggesting similar feature representation
or challenging input data.

LightGBM:
Strengths:

Similar performance to XGBoost with a strong resemblance in terms of correct
classifications.

Efficient handling of complex decision boundaries in some classes.
Weaknesses:

Some slight variations in the distribution of errors compared to XGBoost, potentially due
to differences in boosting algorithms.

CNN:
Strengths:

Slightly better performance with fewer misclassifications for certain classes, reflecting
CNN's ability to capture spatial hierarchies and patterns effectively.

Shows the highest diagonal values in some cases, suggesting robust learning of visual
patterns.

Weaknesses:

While overall strong, still subject to misclassifications likely due to similar appearance
among some classes.

Comparative Insights:

The comparative analysis of CNNs, XGBoost, and LightGBM for Hindi OCR tasks highlights
the following:

Performance:

CNN achieved superior accuracy (99%), outperforming both XGBoost (84%) and
LightGBM (80%).

CNN's architecture is better suited for extracting spatial features from images, while
gradient boosting methods like XGBoost and LightGBM excel in structured/tabular data.
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Efficiency:
CNN requires more computational resources and has a longer inference time (7.53 seconds).

XGBoost and LightGBM are faster (0.65s and 2.97s respectively), making them more
feasible for resource-constrained environments.

Use Cases:
CNN is ideal for high-accuracy applications involving complex image data.

XGBoost and LightGBM are preferable for scenarios prioritizing speed and simpler visual
patterns.

Challenges:
CNNs are computationally intensive and less interpretable.

XGBoost and LightGBM, while efficient, struggle with intricate visual data.

IV. Future Scopes
Hybrid Models:

Combine CNNs with gradient boosting methods to leverage strengths of both deep learning
and decision-tree-based approaches.

Explainability:

Develop interpretable Al techniques for CNNs to enhance trust and usability in sensitive
applications.

Real-Time Deployment:

Optimize CNN architectures for edge computing, reducing inference time for real-time
applications.

Dataset Expansion:

Incorporate diverse datasets, including other Indian scripts and multilingual datasets, to
generalize models for wider use.

Efficiency:

Explore lightweight CNN variants like MobileNet or quantized models for deployment in
low-resource environments.

Advanced Techniques:

Incorporate attention mechanisms and transfer learning to improve recognition of complex
handwriting patterns.
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V.CONCLUSION

In this study, we explored the effectiveness of various machine learning models, including
Convolutional Neural Networks (CNN), LightGBM, and XGBoost, for handwritten
character recognition. Our findings indicate that deep learning approaches, particularly
CNNs, exhibit superior performance in capturing complex patterns and nuances in
handwritten scripts compared to traditional gradient boosting methods.

Through a series of experiments, the CNN model achieved an impressive accuracy of 99%,
significantly outperforming both LightGBM and XGBoost, which attained accuracies of
80% and 84% respectively. This highlights the capability of CNNs to learn and generalize
from diverse and intricate character sets. The incorporation of data augmentation techniques
further enhanced the robustness and generalization capabilities of the CNN model, leading
to improved results in test datasets.

The broader impact of this research lies in its potential applications in various fields such
as automated document processing, digital archiving, and assistive technologies, where
efficient and accurate character recognition systems can significantly reduce manual labour
and increase accessibility. With the growing digitization of records and information, the
practicality of deploying advanced recognitive systems is both timely and beneficial.

Despite the promising results, several avenues remain open for future exploration. Future
work will focus on optimizing model architectures for real-time applications and
environments with lower computational resources. Additionally, investigating ensemble
methods that integrate both deep learning and boosting techniques holds potential to further
improve performance by leveraging complementary strengths. Expanding the dataset to
include more diverse scripts and languages will also be critical to making these models
viable for global applications.

The advancement in handwritten character recognition using machine learning techniques
not only presents compelling academic interest but also offers substantial application
potential. Our study serves as a foundation for future research efforts aimed at creating more
adaptable and efficient character recognition systems.
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