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Abstract— Detection as well as recognition of Gujarati letter (GL) forms is not only a crucial 
step in several projects, but also it can be considered to be an initial state of the languages 
processing pipeline. Optical Character Recognition (OCR) by Convolutional Neural Networks 
(CNN) has been seen to have promising outcomes which is the way by sending this method into 
automation. In this regard, we suggest a design of a custom CNN network comprising of the 
elements matching the local shape of the recognised GL. In the CNN model, a dataset of 
Gujarati characters is used as a domain for the hyperparameters to train, such as learning rate, 
batch size and dropout rate. The play through of the version under consideration is appraised 
using a classification an account, which will furnish information on the process, don't forget 
and F1-score for each magnificence. Last but not least, the metrics which encompass accuracy 
and loss is also computed to measure the general performance of the version being utilized. 
Through image processing automation that detects various types of Gujarati characters, this 
technology helps the process to save and evaluate the green data which is written in documents 
with Gujarati language as well. In addition, it enables the development of such factors as 
inclusive textbooks and tools for the community which is Gujarati-speaking. The proposed 
system of OCR device that exploits a specific CNN technique to resolve the demanding 
situations of Gujarati alphabet identification and classification shows how the deep learning 
algorithms could be useful in this process which can be invaluable both to language science and 
technological developments. 
 
Index Terms— Gujarati script, letter detection, Convolutional Neural Network(CNN), machine 
learning, Optical Character Recognition (OCR). 

I. INTRODUCTION 

OCR technology has revolutionized the way we process and analyze textual information, enabling automated 
conversion of printed or handwritten text into machine-readable formats. However, the effectiveness of OCR 
systems largely depends on their ability to accurately recognize characters, especially in languages with complex 
scripts. Gujarati, an Indo-Aryan language primarily spoken in the Indian state of Gujarat, presents a unique 
challenge for OCR due to its intricate and diverse set of characters. Recognizing handwritten GL using OCR 
requires robust algorithms capable of understanding and distinguishing between the various shapes and forms of 
these characters. Traditional OCR methods often struggle with handwritten scripts due to variability in writing 
styles, strokes, and contextual factors. In recent years, the advent of DL techniques, particularly CNNs, has 
shown promise in improving the accuracy and efficiency of handwritten character recognition. 
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This research endeavors to explore the application of CNN-based OCR methods for detecting GL from 
handwritten documents. By harnessing the power of DL and CNNs, we aim to overcome the challenges posed by 
the intricate nature of Gujarati script and develop a system capable of accurately identifying individual 
characters.1. The significance of this study lies in its potential to facilitate the digitization of handwritten 
Gujarati text, thereby enabling automated processing and analysis of documents in this language. Such 
advancements hold particular importance in fields such as linguistics, historical document analysis, and 
information retrieval, where access to digitized Gujarati text can unlock new avenues for research and 
development. Through this research, we seek to contribute to the growing body of knowledge in the field of 
OCR and deep learning, while also addressing the specific needs and challenges associated with Gujarati script 
recognition. By leveraging CNN algorithms and innovative methodologies, we aim to pave the way for more 
accurate, efficient, and accessible OCR solutions tailored to the complexities of handwritten Gujarati text. Top of 
Form. 

A. Operating Concepts of the OCR System 
The working principle of an OCR method involves a series of steps aimed at converting images containing text 
into machine-readable text. Here's an overview of the working principle of OCR: 

Preprocessing 
 The input image containing text undergoes pre-processing to enhance its quality and improve OCR 

accuracy. 
 Pre-processing steps may include 

 Image binarization: Convertin2g the image into binary format (black and white) to separate text from 
the background. 

 Noise removal: Removing any unwanted elements or artifacts from the image that may interfere with 
text recognition. 

 Skew correction: Adjusting the orientation of the text to make it horizontally aligned. 
 Contrast enhancement: Increasing the contrast between text and background to improve readability. 

Text Localization 
 The pre-processed image is analyzed to identify regions containing text (text localization). 
 Techniques such as edge detection, connected component analysis, or neural networks may be used to locate 

text regions accurately. 

Character Segmentation 
 Once text regions are identified, individual characters are segmented from the text blocks. 
 Segmentation involves separating each character to isolate them for recognition. 
 Techniques like bounding box detection, contour analysis, or neural networks are employed for accurate 

character segmentation. 

Feature Extraction (FE) 
 Extract relevant features from segmented characters to represent them in a format suitable for recognition. 
 Features may include shape descriptors, texture features, or other characteristics that help distinguish one 

character from another. 
 FE aims to capture unique attributes of each character that aid in its identification. 

Recognition 
 The extracted features are fed into a recognition algorithm, which matches them against a predefined set of 

character templates or employs machine learning models. 
 Traditional OCR methods may use pattern matching or template matching techniques to recognize 

characters based on their features. 
 Modern OCR systems often leverage ML algorithms, such as ANN (including CNNs), RNNs, or DL 

models, to recognize characters based on learned patterns and features. 

Post-processing 
 Post-processing steps may be applied to refine OCR results and improve accuracy. 
 Techniques such as spell-checking, language modeling, context analysis, or error correction algorithms are 

used to correct any inaccuracies in the recognized text. 
 Post-processing aims to ensure the accuracy and coherence of the OCR output. 
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Output 
 The final output of the OCR process is machine-readable text corresponding to the text content in the input 

image. 
 The recognized text can be further processed, stored, analyzed, or used in various applications such as 

document digitization, text mining, indexing, or translation. 
By following these steps, an OCR method effectively transforms images containing text into editable and 
searchable text data, enabling automation and digitization of textual information across various domains. 

TABLE I: BACKGROUND AND LITERATURE SURVEY 

Sr 
no. 

Paper title and year Methods used Limitations 

1 GHCR from Text Images (2020) CNN and Multi-Layer Perceptron 
(MLP) 

Less robustness for different handwritings 

2 Gujarati Script Recognition (2023) CNN based EfficientNet B3 and 
YOLO v4 

YOLO has a limitation of the number of 
classes. 

3 CNN-Based Optical Character Recognition 
for Isolated Printed GCN (2022) 

CNN(both for handwritten and 
printed) 

Less robust for different handwriting 
variations 

4 Gujarati OCR: Compound CR Using 
Zernike Moment Feature Extractor (2020) 

Zernike moments Misclassification of similar looking 
characters (like ‘dha’ 

5 Offline HGCR using Hybrid Classification 
Technique 
(2023) 

SVM+HMM, XGBoost, RF Difficult to identify compound words and 
sentences, Limited dataset 

6 HGCR Using ML and DL (2023) MobileNet, DenseNet, and 
NasNetMobile, XGBoost, RF, LR 

Combination of Consonents and Vowels 
are no being identified 

7 Hybrid Deep Resnet With Inception Model 
For OCR In GL (2022) 

DL- Adaptive Weiner Filter, Contrast 
Limited Adaptive Histogram 
Equalization, Deep ResNet with 
Inception model (GoogleNet) 

Less convolutional layers as compared to 
other existing technologies. 

8 CNN Based Meitei Mayek HCR(2018) CNN Had to recreate the whole dataset as there 
was no dataset available for proper Meitei 
Mayek 

II. METHODOLOGY 

 
Figure 1. Block Diagram of the Methodology 

A. Dataset Preparation 
The dataset is taken from Kaggle open source. Which consists of 34 GCs, each with 11 different modifiers 
(Maatra) to produce a total of 385 characters. There are also 11 distinct vowels. To maintain uniformity, the 
image sizes are maintained at 32 by 32. The dataset is also subjected to picture augmentation (zooming, rotation, 
brightness, and horizontal-vertical shift) in order to create additional character variations. 
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Data Colelction 
 Utilize the dataset from Kaggle, as previously mentioned in your draft. This dataset comprises 34 Gujarati 

characters and 11 distinct vowels, along with modifiers leading to 385 character variations 

Data Augmentation 
 Apply image augmentation techniques to increase the diversity of the dataset, which helps in improving 

model robustness. Techniques include: 
 Rotation 
 Zooming 
 Brightness adjustment 
 Horizontal and vertical shifts 

Pre Processing 
 Normalize the images to have pixel values between 0 and 1. 
 Resize images to 32x32 pixels as mentioned, maintaining uniformity across different images. 

B. Model Design 

CNN Architecture 
 Design a custom CNN tailored for the intricacies of the GS. 
 Incorporate convolutional layers that are effective in capturing spatial hierarchies in images. Use filters that 

progressively increase to capture more complex features at deeper layers. 
 Implement pooling layers to reduce spatial dimensions and parameter count, which aids in controlling 

overfitting. 
 Include dropout layers to prevent overfitting by randomly dropping units during the training process. 
 Use activation functions such as ReLU for non-linear transformations within the network, enhancing 

learning capability. 

 
Figure 2. Model Architecture 

Hyperparameter Tuning 
 Experiment with different values for learning rate, batch size, and dropout rate to find the optimal 

configuration for training. 
 Utilize validation data split from the main dataset for tuning and early stopping to curb overtraining. 

C. Training 

Loss and Optimization 
 Use categorical cross-entropy as the loss function, which is typical for multi-class classification problems. 
 Opt for an optimizer such as Adam or SGD for effective backpropagation through the network, adjusting 

weights and reducing loss. 

 
Figure 3. Training 
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III. EVALUATION AND RESULT 

A. Testing 
 Set aside a portion of the dataset for final testing which is not used during the training phase. 
 Evaluate model performance using the test data to ensure it generalizes well on new, unseen data. 

 
Figure 4. Test Input Image 

 
Figure 5. Output 

B. Confusion Matrix 
 Plot a confusion matrix to visualize the performance of the model across all classes, which helps in 

identifying specific classes where the model may be underperforming. 

C. Performance Metrics Computation 
 Compute detailed metrics including accuracy, loss across epochs, precision, recall, and F1-score for a 

comprehensive evaluation. 

IV. CONCLUSIONS 

In summary, the Convolutional Neural Network (CNN) model created for the recognition of GL proves to be a 
strong and promising approach to tackle the intricacies found in handwritten characters. Employing a structured 
approach that involves collecting datasets, preprocessing, designing architecture, training, and evaluation, the 
model showcases its effectiveness in understanding the subtleties of the Gujarati script. The project contributes 
to advancing character recognition technology for languages with complex scripts, paving the way for enhanced 
human-computer interaction and document understanding. 
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