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Abstract: With the present era of computer technology, the ability to successfully transform numerous inputs into
editable and usable text is increasingly essential. This "Multi-Mode Text Converter” project aims to bridge the gap
between digital and non-digital inputs and digital documentation through an easy, accessible, and multi-purpose web-
based program. Streamlit is used to develop the app, which comprises two primary functionalities: Image to Text
conversion using Optical Character Recognition (OCR) and Voice to Text transcription via Speech Recognition. The
Image to Text (OCR) feature permits users to import printed or cursive images and derive text content from them by
employing Tesseract OCR, supported with Tamil and English languages. Preprocessing processes such as thresholding
and grayscale conversion are utilized to enhance text recognition accuracy and improve image quality. For English
texts, TextBlob is also employed by the app for automatic spell checking and correction for the generation of quality
text output. Extracted or edited text may be exported in a.txt format for convenience to use in future purposes. The
Voice to Text module utilizes the Google Speech Recognition API to transcribe live voice input captured from a
microphone. It is possible to choose between English and Tamil speech recognition, and users enjoy regional
inclusivity as well as support for multilinguality. Transcribed text is also storable for documentation and archival
purposes. One of the key features of the application is the Text-to- Speech (TTS) feature, powered by gTTS (Google
Text-to-Speech), through which users can listen to the recorded or typed text in their chosen language. For improved
user experience, the application uses an appealing graphical user interface with a customized background and adaptive
layout. By integrating image processing, natural language editing, speech recognition, and voice synthesis, the Multi-
Mode Text Converter is an end-to-end system for digital text creation and extraction. It also has its future applications
in education, accessibility software, digital archiving, and simple-to- use data entry systems..
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image preprocessing, digital text conversion, handwritten text recognition, audio transcription, user interface, Al
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l. INTRODUCTION

In an age where digital technologies are transforming how information is stored and accessed, converting handwritten
and spoken content into machine-readable formats has become increasingly essential. Handwritten documents, such as
class notes, historical records, and official forms, continue to be used widely. However, preserving and working with
such data in its physical form poses limitations in terms of accessibility, longevity, and efficiency. The project titled
"Smart Handwriting Digitization: A Machine Learning Approach for Accurate Recognition and Preservation™ aims to
overcome these challenges by developing an intelligent system that can convert both handwritten text and voice input
into editable digital content. This project introduces a dual-mode solution using Optical Character Recognition (OCR)
for images and Automatic Speech Recognition (ASR) for voice input. Built using the Streamlit framework, the
application enables users to upload images of handwritten or printed text, or speak directly into the system, to generate
accurate text outputs. It supports both English and Tamil, ensuring usability across different linguistic backgrounds.
The image processing functionality is powered by the Tesseract OCR engine, supported by image preprocessing steps
such as grayscale conversion and thresholding to enhance text detection. For English text, the system incorporates a
spell correction feature using the TextBlob library to improve the final output. In the voice input module, real-time
speech is captured and transcribed using Google’s Speech Recognition API, offering users a convenient way to convert
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spoken language into text. The application also features text-to-speech (TTS) conversion and text download options,
enhancing accessibility for users who prefer audio output or need a copy of the results. By integrating OCR, speech
recognition, spell correction, and audio feedback into a single platform, the system provides a user-friendly and
efficient method for converting analog content into digital formats. This tool not only improves data accessibility and
management but also supports the long-term preservation of handwritten material in digital archives. With its focus on
usability, multilingual support, and accurate recognition, the project stands as a practical example of applying
machine learning to real-world problems in digitization and accessibility.

1. RELATEDWORK

Handwritten text recognition has evolved significantly with the advent of machine learning, particularly deep learning.
A foundational contribution to this field was made by Yann LeCun et al. (1998), who demonstrated the effectiveness of
Convolutional Neural Networks (CNNs) for recognizing handwritten digits using the well-known MNIST dataset. This
work laid the groundwork for modern character recognition systems by showcasing the high accuracy CNNs can
achieve in processing image-based inputs. In their 2016 study, Baoguang Shi, Xiang Bai, and Serge Belongie explored
a more advanced deep learning architecture that integrates both CNNs and RNNSs for recognizing handwritten words
under challenging conditions. Their approach demonstrated how deep neural networks can generalize better in complex
scenarios, including noisy backgrounds and varying text alignments.[1][3]

Building on such early advancements, Muhammad A. Khan et al. (2020) conducted a comprehensive survey that
discussed the wide range of challenges and methodologies in handwritten text recognition. Their work highlights how
both Recurrent Neural Networks (RNNs) and CNNs have become central to solving the problems posed by varied
writing styles, image noise, and language diversity. Their review emphasizes the need for hybrid and task-specific
models to handle real- world handwriting datasets effectively. Similarly, Jimmy Ba et al. (2015) proposed an end-to-
end neural network-based method for recognizing cursive handwriting. Their system combined CNNs with RNNs to
process entire words or lines without the need for manual segmentation. This contribution was particularly important
for improving the recognition of connected or overlapping characters, which are often difficult to handle using
traditional OCR techniques.[2][4]

Further extending this line of work, Haoyan Tang, Ruiying Liu, and Shengping Zhang (2018) developed a
Convolutional Recurrent Network that proved robust for recognizing text in degraded or low-quality handwritten
documents. Their hybrid model effectively balances spatial and sequential analysis, making it suitable for practical
applications like archival digitization or scanned document processing. Lastly, Salma A. Al-Ahmad and Ahmed M. G.
Ibraheem (2021) provided a literature review comparing traditional OCR methods with modern deep learning
approaches. Their work outlined the shift from feature-engineered techniques to data-driven models, highlighting the
advantages of deep networks in learning representations directly from raw data and achieving better performance across
languages and scripts.[5][6]

S.No Author(s) & Year Title Contribution
. . Pioneered the use of CNNs for
Handwritten Digit . Iy .
Yann LeCun et al. (1998) Recognition with a CNN digit recognition using MNIST
1 dataset.
Muhammad Survey on Handwritten Text [Reviewed challenges and solutions
2 /A. Khan et al. (2020) Recognition in HTR
using CNNs and RNNs.
Deep Learning for Combined CNNs and RNNs for
Baoguang Shi et al. (2016)  [Handwritten Text Recognitionrecognizing handwritten words in
3 complex images.
End-to-End Handwriting Proposed segmentation- free
4 Jimmy Baet al. (2015) Recognition recognition using CNN-RNN
models.

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 731


https://ijarcce.com/
https://ijarcce.com/

IJ A RCCE ISSN (O) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering

Impact Factor 8.102 :: Peer-reviewed & Refereed journal :: Vol. 14, Issue 4, April 2025
DOI: 10.17148/IJARCCE.2025.144104

Developed a CNN-RNN
Haoyan Tang et al. (2018)  |Robust HTR Usinga CRN  |hybrid for degraded handwritten
S documents.
Salma A. Al- Ahmad et alHandwritten Document Compared traditional OCR with
6 (2021) Recognition Survey deep learning
methods.

. PROGRAM DESIGN METHODOLOGY
A. Proposed System

The proposed system, titled "Smart Handwriting Digitization,” offers a unified platform to convert both handwritten
images and voice input into editable digital text. Developed using the Streamlit framework, the system integrates two
main modules: Image to Text and Voice to Text. In the Image to Text module, users upload handwritten or printed
images, which are preprocessed using grayscale and thresholding techniques to enhance clarity. The text is then
extracted using Tesseract OCR, with an optional spell-check feature (TextBlob) for English text. Users can download
the text or convert it to speech using gTTS. The Voice to Text module captures live audio through the microphone and
converts it into text using Google’s Speech Recognition API, supporting both English and Tamil. The transcribed text
can also be played back or downloaded. This system is designed for accuracy, ease of use, and language flexibility,
making it suitable for applications in education, documentation, and accessibility.

Module Functionality Technologies/Libraries Used
Converts handwritten or Tesseract OCR, OpenCV, PIL,
Image to Text printed images into editable text | pytesseract
Enhances image quality using
Image Preprocessing grayscale and thresholding for
better OCR OpenCV
accuracy
Corrects spelling errors in
Spell Checker extracted English text TextBlob

Converts extracted text into

Text-to- Speech (TTS) audible speech gTTS (Google Text-to- Speech)
Converts spoken words into
\Voice to Text editable text in real-time Google Speech Recognition API

Supports English and Tamil in
Multilingual Support both text and speech modules Tesseract (language packs), SpeechRecognition

User-friendly interface for
UI/UX input, output, and navigation Streamlit
Interface

Allows users to download
Output Download extracted or transcribed text Streamlit (file download APISs)
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B. System Architecture

The architecture of the proposed system is designed to provide a seamless and modular workflow for converting both
handwritten text and voice input into editable digital formats. It follows a client-server model, where the user interacts
with the system through a web-based front end built using Streamlit. The system architecture is divided into two main
functional paths: Image Processing Pipeline and Voice Processing Pipeline, both integrated into a unified user interface.
In the Image Processing Pipeline, users upload handwritten or printed text images through the interface. The image is
first passed through a preprocessing stage, which includes grayscale conversion and thresholding to enhance text
clarity. The preprocessed image is then fed to the Tesseract OCR engine, which extracts the textual data. For English
outputs, the text is further refined using a spell- checker module implemented with the TextBlob library. The final text
output can be played using Google Text-to-Speech (gTTS) or downloaded in a text file format. The Voice Processing
Pipeline begins when the user provides live audio input via a microphone. This audio is processed in real-time using the
Google Speech Recognition API, which converts spoken words into text. The recognized text is displayed on the
interface and can be further converted to speech or downloaded. The system supports both English and Tamil, making it
inclusive and adaptable to a broader audience. All modules communicate through a centralized Streamlit interface,
which handles data flow, user interactions, and output presentation. The architecture ensures modularity, allowing each
component—OCR, speech recognition, preprocessing, spell correction, and text-to-speech—to function independently
while contributing to the overall system. This design enhances maintainability, scalability, and ease of integration for
future updates, such as additional language support or handwriting model improvements. Fig 1.1 System Working
Architecture.

V. IMPLEMENTATION MODULES

Image to Text Conversion Module

This module is responsible for extracting text from uploaded images containing handwritten or printed content. Once an
image is provided by the user, it undergoes preprocessing to improve OCR accuracy. Techniques like grayscale
conversion and adaptive thresholding are applied to enhance the contrast and clarity of the text regions. The processed
image is then passed to the Tesseract OCR engine, which performs character recognition and outputs the corresponding
editable text. This module is particularly useful for digitizing handwritten notes, documents, and forms.

Spell Checker Module

To improve the accuracy and readability of the extracted text, especially for English language content, a spell-checking
and correction module is integrated using the TextBlob library. After OCR extraction, the raw text may contain errors
due to unclear handwriting or image noise. This module scans the text and suggests corrections to improve grammatical
accuracy and coherence, thereby enhancing the quality of the final output.

Text-to-Speech (TTS) Module

This module provides an accessibility feature that allows the extracted or transcribed text to be read aloud. Using gTTS
(Google Text-to-Speech), the system converts the cleaned text into an audio format. This feature is valuable for users
with visual impairments or for scenarios where audio feedback is preferred over reading text. The spoken output can be
played within the application interface itself.
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Voice to Text Conversion Module

The voice processing module captures live speech from the user using the system’s microphone and converts it into
editable text in real-time. This is accomplished using the Google Speech Recognition API, which supports both English
and Tamil. The recognized speech is displayed as editable text, allowing the user to correct, listen to, or download it.
This module is especially useful for users who prefer voice input or for recording quick notes hands-free.

User Interface Module

The entire application is presented through an interactive web- based user interface built using Streamlit. It organizes
the functionality into intuitive tabs or sections, such as Image to Text, Voice to Text, and Output Options. The interface
allows users to upload images, record voice input, preview results, play audio, and download the text. Its clean and
simple design ensures ease of use, even for non-technical users.

V. RESULT

The implementation of the "Smart Handwriting Digitization™ project successfully demonstrated the integration of
Optical Character Recognition (OCR), speech-to-text, and text-to- speech technologies into a unified digitization
system. Using the Tesseract OCR engine, the system was able to extract printed and handwritten text from scanned or
photographed documents with a high level of accuracy, especially when the input image quality was clear and
preprocessed using techniques like thresholding and noise removal. For voice input, the system incorporated the Google
Speech Recognition API, enabling users to dictate content, which was accurately transcribed into editable digital text.
The recognition performance remained consistent for both English and Tamil languages, provided clear pronunciation
and minimal background noise. The processed output could then be converted into audible format using the gTTS
(Google Text- to-Speech) library, which added accessibility, especially for users with reading disabilities or visual
impairments.

The project also implemented spell correction and text preprocessing modules, which enhanced the clarity
and readability of the final output. This ensured that even if some characters were misread due to input imperfections,
the final result ~ remained grammatically ~ coherent and usable. Additionally, support for multilingual
inputs proved valuable in recognizing regional scripts, making the system adaptable for educational and
documentation purposes. Overall, the system achieved its goal of accurately digitizing handwritten and spoken inputs
into readable and storable digital formats. The outputs were tested across a variety of document types, lighting
conditions, and writing styles, and the results consistently demonstrated practical usability, robustness, and
efficiency. Fig 5.1 Home page which includes all the options. Fig 5.2 Output which extracts the text from image.

- Multi-Mode Text Converter

Upload a handwritten or printed image and extract
text

Fig 5.1 Homepage

. Spell Checked Text:

Fig 5.2 Output
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VI. CONCLUSION

The project titled "Smart Handwriting Digitization: A Machine Learning Approach for Accurate Recognition and
Preservation" has successfully demonstrated an intelligent and user-friendly system capable of converting handwritten
and spoken content into digital format. By integrating OCR for text extraction, speech-to-text for voice input, and text-
to- speech for output, the system ensures a seamless and efficient digitization process. Through the use of powerful
tools like Tesseract OCR, Google Speech Recognition, and gTTS, the project achieves both functional accuracy and
accessibility. The inclusion of multilingual support, especially for English and Tamil, enhances its utility for a wider
user base. This solution is particularly valuable in educational, archival, and documentation environments where
preserving handwritten records is crucial. Overall, the project not only simplifies the digitization of physical and spoken
content but also sets a foundation for future advancements in intelligent document processing systems.

VII. FUTURE ENHANCEMENTS

Customized Handwriting Recognition

Currently, the system employs a generic OCR engine, which may not efficiently recognize diverse handwriting
patterns, particularly cursive or non-standard scripts. Towards this, future releases can incorporate machine learning
algorithms that have been trained with particular handwriting datasets. Through the adoption of deep learning methods
such as Convolutional Neural Networks (CNNSs), the system can be optimized to comprehend personal handwriting
patterns, resulting in more accurate text extraction.

Offline Mode Support

Because the present application is dependent on internet-based APIs for voice recognition and text-to-speech
capabilities, its use is restricted in low-connectivity areas. Future development can incorporate offline-capable tools like
Vosk or Coqui STT, enabling voice-to-text and speech output without internet connectivity. This would make the
system more reliable in remote or low-bandwidth areas.

Mobile Platform Integration

To ensure that the application is more user-friendly, it can be created in a mobile version. The mobile app would enable
users to capture images of handwritten material and translate them into digital text using their mobile phones. Adding
voice input capabilities in the app would make on-the-go transcription possible, providing ease and mobility,
particularly for field workers and students.

Cloud Synchronization and File Management

Another capability that can make the software more usable is the inclusion of cloud storage platforms such as Google
Drive or Dropbox. This would allow users to store, organize, and access their digitized documents wherever they are.
Cloud capability would also allow secure backing up and simple sharing of notes and transcripts with colleagues or
collaborators.

Greater Language Support

While the current system supports English and Tamil, future enhancements might incorporate additional languages,
including regional and international ones. Through augmenting OCR and speech recognition capabilities with multi-
language datasets, the system could emerge as an empowering tool for users with diverse linguistic backgrounds,
making it more inclusive and usable.

Real-Time Lecture Transcription

Another potential upgrade includes modifying the system for live use in seminar or classroom settings. The intention
would be to automatically transcribe lectures as they are spoken and merge them with handwritten board notes that have
been recorded. Such a feature would be particularly valuable for students, allowing them to study entire lecture material
digitally and enhancing accessibility for learners with learning or hearing disabilities.
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