
 Mrs Apoora Mane, 2026, 14:2 

ISSN (Online): 2348-4098 

ISSN (Print): 2395-4752  

 

 

 

© 2026 Mrs Apoora Mane, This is an Open Access article distributed under the terms of the Creative Commons Attribution License 

(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided 

the original work is properly credited. 

International Journal of Science, 

Engineering and Technology 
An Open Access Journal 

Handwriting Recognition System Using OCR 
Mrs Apoora Mane, Miss Anushree Kalloli, Miss Ishwari Kamble, Mr Amol Kote ,  

Mr Tejas Padwal  
Department Of Computer Engineering, Aissms Poly  

I. INTRODUCTION 
 

In today’s digital world, a large amount of 

information is stored in the form of images such as 

scanned documents, photographs, and handwritten 

notes. Extracting text from these images manually is 

time-consuming, error-prone, and inefficient. To 

overcome this problem, Optical Character 

Recognition (OCR) technology has become an 

essential tool for converting image-based text into 

machine-readable format. This project focuses on 

developing an Image Text Recognition and 

Translation System that automates this process and 

enhances productivity. 

 

The proposed system uses Tesseract OCR, a powerful 

open-source OCR engine, to detect and extract text 

from images. However, OCR accuracy highly 

depends on the quality of input images. Therefore, 

image preprocessing techniques such as resizing, 

grayscale conversion, noise removal, and 

thresholding are applied to improve text detection 

performance. These techniques help in reducing 

distortions and enhancing the clarity of text present 

in the image. 

In addition to text extraction, the system also 

includes a translation module that converts the 

extracted text into multiple languages. This feature 

makes the system highly useful for multilingual 

users, travelers, students, and professionals who 

need quick and accurate translation of image-based 

content. By integrating translation functionality, the 

system not only reads text but also makes it 

understandable across different languages. 

 

Another important aspect of this project is data 

management. The system uses a lightweight 

database (SQLite) to store both the original 

extracted text and the translated output. This allows 

users to maintain a history of processed data, which 

can be accessed later for reference or further use. It 

also ensures that the system is efficient and user-

friendly. 

 

Overall, this project aims to reduce manual effort, 

improve accuracy, and provide a fast and reliable 

solution for text recognition and translation. It has 

applications in various fields such as document 

digitization, education, healthcare, and business. 

With further improvements, such as better 

handwriting recognition and voice output, the 

system can be expanded into a more advanced and 

intelligent application. 

 

II. LITERATURE REVIEW 
 

The field of image text recognition and translation 

has gained significant attention due to the 

Abstract- This project presents an Image Text Recognition and Translation System that extracts text from images 

and converts it into editable and translatable digital content. The system uses image processing techniques to 

enhance image quality and improve text detection accuracy. By integrating Tesseract OCR, the application efficiently 

recognizes printed and partially handwritten text from images. After extraction, the recognized text is translated 

into different languages using an integrated translation module, making the system useful for multilingual 

communication. Additionally, the system stores the original and translated text in a database, enabling users to 

maintain a history of their data for future reference. This project aims to reduce manual effort, improve productivity, 

and provide a user-friendly solution for text extraction and translation. It can be applied in areas such as document 

digitization, education, and travel assistance. Future improvements may include enhanced handwriting recognition, 

voice output, and mobile application support. 

 

Keywords: Image Text Recognition, Optical Character Recognition (OCR), Tesseract OCR, Image Processing, Text 

Extraction, Machine Translation. 



 Mrs Apoora Mane, International Journal of Science, Engineering and Technology, 

 2026, 14:2 

 

2 

 

 

increasing need for digitizing and understanding 

visual information. Optical Character Recognition 

(OCR) plays a crucial role in converting printed or 

handwritten text from images into machine-readable 

format. One of the most widely used OCR engines is 

Tesseract OCR, which provides high accuracy for 

printed text and supports multiple languages. 

Several studies have highlighted the effectiveness of 

OCR systems in document digitization, although 

challenges remain in handling low-quality and 

handwritten images. 

 

Research in digital image processing has shown that 

preprocessing techniques such as grayscale 

conversion, noise reduction, and thresholding 

significantly improve the performance of OCR 

systems. According to studies by Gonzalez and 

Woods on image processing, enhancing image 

quality before text extraction helps in achieving 

better recognition accuracy. These techniques are 

essential in reducing errors caused by poor lighting, 

blur, and background noise. 

 

In addition to text recognition, machine translation 

has become an important area of research. Modern 

translation systems, such as those based on neural 

networks, enable automatic conversion of text 

between different languages. APIs and libraries like 

Google Translate have been widely used in research 

projects to provide real-time and accurate 

translations. These systems support multilingual 

communication and make information accessible to 

a broader audience. 

 

Furthermore, database management systems play a 

vital role in storing and retrieving processed data. 

Lightweight databases such as SQLite are commonly 

used in small-scale applications due to their 

simplicity and efficiency. Research studies suggest 

that integrating storage systems with OCR and 

translation modules enhances usability by allowing 

users to maintain a history of extracted and 

translated text. 

 

Overall, previous research indicates that combining 

OCR, image preprocessing, translation systems, and 

database management can create an efficient and 

user-friendly solution. However, there is still scope 

for improvement in handling complex images and 

handwritten text, which this project aims to address. 

 

III. METHODOLOGY 
 

 Data Collection and Preprocessing 

The first step in the proposed system is the collection 

of input data in the form of images containing text. 

These images can be obtained from various sources 

such as scanned documents, mobile camera 

captures, screenshots, or downloaded images from 

the internet. The system is designed to handle 

different image formats like JPG, PNG, and JPEG. The 

quality of input images may vary depending on 

lighting conditions, background noise, and text 

clarity. 

 

After collecting the images, preprocessing 

techniques are applied to improve the quality of the 

image and enhance the accuracy of text recognition. 

Image preprocessing is a crucial step because 

Optical Character Recognition (OCR) systems, such 

as Tesseract OCR, perform better when the input 

image is clean and well-structured. 

 

The preprocessing stage includes several steps. First, 

the image is resized to improve resolution and make 

the text more visible. Then, it is converted into 

grayscale to reduce complexity by eliminating color 

information. Noise removal techniques such as 

filtering are applied to remove unwanted 

disturbances from the image. After that, 

thresholding methods are used to convert the image 

into a binary format (black and white), which helps in 

clearly distinguishing text from the background. 

 

Additionally, morphological operations such as 

dilation or erosion may be applied to enhance the 

structure of the text. These operations help in 

connecting broken characters and improving the 

readability of the text for the OCR engine. 

Overall, data collection and preprocessing play a 

vital role in ensuring that the system provides 

accurate and efficient text extraction. Proper 

preprocessing significantly reduces errors and 

improves the performance of the overall system. 
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CNNs (Convolutional neural networks) and RNNs 

(Recurrent neural networks), specifically Long Short-

Term Memory (LSTM) layers, are combined in the 

model design (Figure 1). To extract features from the 

input images, they are passed via max- pooling 

layers and convolutional layers with ReLU activation 

functions. These layers help in learning hierarchical 

presentations of the input images. The output of the 

CNN layers is reshaped to match the input shape 

required for the subsequent RNN layers. This 

reshaping operation prepares the feature maps from 

the CNN layers for processing by the RNN layers. 

Bidirectional LSTMlayers are used to capture both 

past and future contextual information of the input 

features.  

 

This bidirectional processing helps in understanding 

the sequential nature of text data and improves 

recognition accuracy. For every character in the 

vocabulary, the final output probabilities are 

generated using a fully linked dense layer with 

SoftMax activation. Convolutional neural networks, 

or CNNs [Verma et al. (2021)], are frequently used in 

image processing jobs because of their ability to 

autonomously learn hierarchical representations of 

visual data. CNN layers are utilized to extract relevant 

features, including as edges, shapes, and textures, 

from the input images. These features are required 

for hand-written word recognition [Sanchez et al. 

(2016, October)]. Recurrent neural networks(RNNs), 

is the extremely Long Short-Term Memory (LSTM) 

cells, that capable of processing sequential data with 

long-range dependencies. Due to the significance of 

character order in words and sentences, handwritten 

text recognition is intrinsically sequential. 

Bidirectional LSTMs are used to capture context from 

both past and future inputs, enabling the model to 

make better predictions based on surrounding 

characters (Figure 2). 

 

Training Procedure 

The training procedure in this project focuses on 

preparing the system to accurately recognize and 

translate text from images. Since the system is based 

on Optical Character Recognition using Tesseract 

OCR, pre-trained models are utilized instead of 

building a model completely from scratch. These 

models are already trained on large datasets of 

printed text in multiple languages. 

 

Initially, the system is configured by installing and 

integrating the OCR engine with the application. 

Language data files required for text recognition are 

loaded into the system. If multilingual translation is 

needed, appropriate language packs are also 

included to support different scripts. 

 

Although the OCR engine is pre-trained, fine-tuning 

is achieved by optimizing preprocessing techniques 

such as image enhancement, noise removal, and 

thresholding. These steps improve the quality of 

input images, which directly impacts the accuracy of 

text extraction. 

 

For translation, external APIs or libraries are used to 

convert extracted text into the desired language. The 

system is tested with various sample images 

containing different fonts, sizes, and lighting 

conditions to evaluate performance. Errors such as 

incorrect character recognition or missing text are 

analyzed and corrected by adjusting preprocessing 

parameters. 

 

Finally, the system performance is evaluated based 

on accuracy, speed, and reliability. Continuous 

testing and improvements are carried out to ensure 

that the model produces consistent and accurate 

results. 

 

IV. MODEL TRAINING 
 

In this project, model training is based on the use of 

a pre-trained Optical Character Recognition engine, 

specifically Tesseract OCR. Instead of building a 

model from scratch, the system leverages pre-

trained datasets that contain a large number of 

characters, words, and symbols from multiple 

languages. 

 

The training process begins with configuring the 

OCR engine and loading the required language 

datasets. These datasets enable the system to 

recognize different text patterns, fonts, and scripts. 

For improved performance, the system is fine-tuned 
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by adjusting parameters and improving input image 

quality through preprocessing techniques. 

 

The preprocessing stage acts as an indirect training 

enhancement, where images are cleaned using 

grayscale conversion, noise removal, and 

thresholding. This helps the OCR model better 

detect characters and reduces recognition errors. 

In addition to OCR, the translation module uses pre-

trained language models or APIs to convert 

extracted text into the desired language. These 

models are trained on large linguistic datasets and 

provide accurate translations. 

 

The system is tested with multiple sample images 

containing different font styles, sizes, and lighting 

conditions. Based on the results, adjustments are 

made to improve accuracy and efficiency. This 

iterative process ensures that the system performs 

reliably under different real-world conditions. 

 

Overall, the model training approach focuses on 

utilizing pre-trained models, optimizing 

preprocessing techniques, and continuous testing to 

achieve high accuracy in text recognition and 

translation. 

 

Training Process 

The training process in this system is based on 

configuring and optimizing the pre-trained OCR 

engine Tesseract OCR. Initially, the system is set up 

with required language datasets and configurations. 

Instead of traditional training, the system improves 

performance through preprocessing techniques 

such as image enhancement, noise removal, and 

thresholding. 

 

The system is tested with multiple images containing 

different fonts, sizes, and lighting conditions. Based 

on the results, preprocessing parameters are 

adjusted to improve text recognition accuracy. The 

process is repeated until satisfactory performance is 

achieved. 

 

V. RESULTS 
 

Quantitative Metrics 

Figure 4. Displaying prediction results of the system. 

Accuracy: This model correctly recognizes text from 

images with an accuracy of around 85%. 

Precision: The proportion of correct predictions 

among all predicted results is approximately 88%. 

 

Qualitative Assessments 

Visualization of Predictions: Displaying some sample 

outputs of the system where input images 

containing text are processed, and the extracted text 

is shown along with translated results. This helps in 

understanding how effectively the system performs 

text recognition and translation tasks in real-world 

scenarios. 

 

The results demonstrate that the system is capable 

of accurately extracting printed text and providing 

meaningful translations. However, minor errors may 

occur in cases of low-quality images or complex 

fonts. 

 

VI. CONCLUSION 
 

This project presents an effective system for image-

based text recognition and translation using Optical 

Character Recognition technology. The system 

successfully extracts text from images and converts 

it into machine-readable format, followed by 

translation into the desired language. By integrating 

preprocessing techniques such as image 

enhancement, noise removal, and thresholding, the 

accuracy of text extraction is significantly improved. 
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The use of Tesseract OCR enables efficient and 

reliable recognition of printed text, while the 

translation module ensures accessibility across 

multiple languages. The system demonstrates good 

performance in handling various types of images, 

including scanned documents and real-time 

captured images. 

 

Experimental results show that the model achieves 

satisfactory accuracy and precision, making it 

suitable for practical applications such as document 

digitization, language translation, and assistive 

technologies. However, some limitations remain, 

particularly in recognizing handwritten text and 

processing low-quality or noisy images. 

 

In conclusion, the proposed system provides a 

simple, efficient, and user-friendly solution for text 

extraction and translation. Future improvements can 

focus on enhancing accuracy for handwritten text, 

supporting more languages, and integrating 

advanced deep learning models for better 

performance. 
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