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Abstract: Character Recognition is a technology that enables to convert different types of documents, such as scanned 

paper documents into editable data. The ability to understand these inputs varies in each person according to many factors. 

OCR is a technology that functions like human ability of reading. Although OCR is not able to compete with human 

reading capabilities, it can convert the content from the image files. Automatic text recognition aims at limiting these 

errors by using image preprocessing techniques that bring increased speed and precision to the entire recognition process. 

In the proposed system, the written content is converted into text content using the pattern recognition system and the 

same is stored in file. The proposed method uses the Learning based Spatio-Temporal Algorithm to extract the written 

contents. The primary objective of this system is to written content recognition system and to create the android based 

mobile application to save the handwriting in to text file. Robust data capture solutions handle multiple document formats 

and can be used with both electronic and paper documents, eliminating paper and reducing manual identification and 

data entry of document content into other systems. 

 

I. INTRODUCTION 

 

Handwriting recognition is a computer’s ability to recognize and interpret handwritten input. It’s sometimes known as 

‘handwritten text recognition’. The input is usually in the form of an image such as a picture of handwritten text that is 

fed to pattern-recognition software, or as real-time recognition using a camera for optical scanning. It explores the content 

including alphabets, numbers typed or printed in the paper. Optical character recognition (OCR) technology is a business 

solution for automating data extraction from printed or written text from a scanned document or image file and then 

converting the text into a machine-readable form to be used for data processing like editing or searching. A common 

application of OCR technology is the automated conversion of an image based PDF, TIFF or JPG into a text based 

machine-readable file. OCR capabilities, the ability to extract machine-printed text from a digital image, are only one 

aspect of a data capture solution. Data can be extracted from documents in many different formats—hand printed text 

(ICR), check boxes (OMR), bar codes, etc. OCR can recognize both handwritten and printed text. But the performance 

of OCR is directly dependent on quality of input documents.  

 

The OCR is designed to process images that consist almost entirely of text, with very little non-text clutter obtain from 

picture captured by mobile camera. This application is for the Android mobile operating system that combines Google’s 

open-source OCR engine. As OCR stands for optical character recognition, OCR technology deals with the problem of 

recognizing all kinds of different characters. Both handwritten and printed characters can be recognized and converted 

into a machine-readable, digital data format. Think of any kind of serial number or code consisting of numbers and 2 

letters that you need digitized. By using OCR you can transform these codes into a digital output. The technology makes 

use of many different techniques. Put simply, the image taken is processed, the characters extracted, and are then 

recognized. Online handwriting recognition has recently been gaining importance for multiple reasons: (a) An increasing 

number of people in emerging markets are obtaining access to computing devices, many exclusively using mobile devices 

with touchscreens. Many of these users have native languages and scripts that are not as easily typed as English, e.g., due 

to the size of the alphabet or the use of grapheme clusters which make it difficult to design an intuitive keyboard layout. 

OCR system works with Tesseract algorithm which recognizes characters. Tesseract identifies characters in foreground 

pixels, called as blobs, and then it finds lines. Word by word recognition of characters is done throughout the lines. 

Recognition involves converting these images to character streams representing letters of recognized words. In short, 

recognition extracts text from images of documents 
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II. RELATED WORKS 

 

Related work in the field of character recognition and OCR technologies has seen significant advancements in recent 

years. Researchers have explored various approaches to enhance the accuracy and efficiency of these systems. One 

notable avenue of research involves the utilization of machine learning algorithms for pattern recognition. Techniques 

such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs) have been employed to extract 

meaningful features from images and improve recognition accuracy. 

 

Moreover, there has been a focus on developing robust data capture solutions that can handle diverse document formats, 

whether electronic or paper-based. These solutions aim to streamline the process of digitizing content, thereby reducing 

reliance on manual data entry and eliminating paper-based workflows. Additionally, advancements in image 

preprocessing techniques have contributed to enhancing the speed and precision of automatic text recognition systems. 

In the realm of mobile applications, efforts have been directed towards creating user-friendly interfaces for capturing and 

converting handwritten content into editable text files. Integration with smartphones and tablets allows for on-the-go 

document digitization, empowering users to easily save and manage their handwritten notes. 

 

Overall, the ongoing research in character recognition and OCR technologies, coupled with advancements in machine 

learning and mobile computing, holds promise for developing efficient and accurate systems for converting handwritten 

content into digital text files. 
 

III. IMPLEMENTATION 

 

Handwriting recognition requires much more advanced technology than OCR. Instead of using simple techniques to 

identify letter shapes, this type of OCR leverages a highly trained machine learning model and advanced computer vision 

engines to actually read what is written like a human would. The combination of highly trained machine learning models 

and computer vision engines is what makes it possible for handwriting OCR to replicate the way humans read 

handwriting.  

 

The proposed method combines the machine learning and computer vision to improve the text recognition process. It 

also combines the deep learning methods for the handwritten content recognition. It replaces our previous segment-and-

decode system, which first oversegments the ink, then groups the segments into character hypotheses, and computes 

features for each character hypothesis which are then classified as characters using a rather shallow neural network. The 

recognition result is then obtained using a best path search decoding algorithm on the lattice of hypotheses incorporating 

additional knowledge sources such as language models. This system relies on numerous preprocessing, segmentation, 

and feature extraction heuristics which are no longer present in our new system. 

 

INPUT DESIGN: Handwritten text content written in the image is considered as input to the recognition system. The 

application system uses Android mobile camera as input capturing device. Camera captures the image of document. This 

is nothing but the process of scanning. In short we can say that scanning makes original document as digital image. 

Generally, original documents are made up of the black colored text print on the white colored background. Scanning 

comes with thresholding which makes the digital image as gray scale image. Human handwriting has a high degree of 

oscillation due to the non-uniform hand muscle forces being exerted while writing.  

 

OUTPUT DESIGN: The character image is mapped to a higher level by extracting special characteristics of the image 

in the feature extraction phase. And it provides the extracted content in the form of text data representation. In this work, 

we use three types of augmentation schemes: (i) affine transformation, (ii) elastic distortion and (iii) multi-scale 

transformation both while training and testing. Under affine transformation we apply translation, scaling, rotation, and 

shearing. Here we restrict rotation to a random amount between 5 degrees, while shearing is restricted to 0:5 degrees 

along the horizontal direction which mimics the skew and cursiveness present in natural handwriting. We perform 

translation in terms of padding on all four sides, of upto 20 pixels in any direction, to simulate incorrect segmentation of 

19 words. We randomly apply a combination of the above 3 transformations to an input image.  

 

SYSTEM DEVELOPMENT: The idea behind CNNs is to combine a feature learning module with a trainable classifier, 

which often consists of a fully connected net- work. The feature learning module would replace a prior feature engineering 

stage, often performed by hand, to reduce data processing to a minimum. In fact, CNNs are intended to work with raw 

data (or data with very little preprocessing). After features have been learned from raw data, they are introduced to a 

train- able classifier. CNNs are interesting for solving many different problems since they provide invariance to 

translations or local distortions of the input. 
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IV.       CONCLUSION AND FUTURE WORK 

 

Optical Character Recognition is a technology that functions like human ability of reading the data from image. 

Automatic text recognition aims at limiting these errors by using image preprocessing techniques that bring increased 

speed and precision to the entire recognition process. In the proposed system, the written content is converted into text 

content using the pattern recognition system and the same is stored in file. The proposed method uses the Learning based 

algorithm to extract the written contents. The system recognizes the written content and stores the extracted data in the 

form of regular text data. The CNN based learning model is developed to identify the written content in image file with 

higher accuracy. 

 

In future, instead of being restricted to a fixed number of character sets, these new OCR programs will accumulate 

knowledge and learn to recognize any number of characters. The long-standing, intrinsic difficulty of character 

recognition itself has long blinded us to the reality that simple digitization was never the end goal for using OCR. And 

also the system can be improved with the assistance of the deep learning algorithm such as Boltzmann Learning Model. 

This can improve the accuracy and reduces the time to complete the conversion process. 
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