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Abstract 

Yes, handwriting recognition is a challenging area of pattern recognition, but it has been greatly 

improved with the help of artificial intelligence, specifically, neural networks. Neural networks 

are very useful for tasks like pattern recognition, classification, and prediction, which makes 

them ideal for character recognition tasks. 

In the approach you mentioned, the neural network is trained using handwritten image words 

as input, which allows the network to learn the variations and nuances of different handwriting 

styles. This enables the network to accurately identify the input characters and convert them 

into their digitalized versions 

Besides handwriting recognition, neural networks are also useful in a variety of other areas, 

such as speech recognition, natural language processing, computer vision, and even plagiarism 

detection in text. Neural networks have shown great potential in solving complex problems that 

cannot be easily expressed as a set of rules or steps 
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INTRODUCTION: 

Handwriting recognition has been a 

challenging problem in the field of 

computer vision and pattern recognition for 

decades. The traditional approach to solving 

this problem was through rule-based 

techniques, which relied on carefully 

designed feature extraction methods and 

complex algorithms. However, with the 

recent advancements in deep learning 

techniques, there has been a significant 

improvement in the performance of 

handwriting recognition systems. Deep 

learning algorithms have been able to learn 

directly from raw input data and extract 

meaningful features, which has led to an 

increase in accuracy and efficiency. In this 

context, handwriting detection using deep 

learning has emerged as a promising area of 

research with numerous applications in 

fields such as document analysis, automatic 

text recognition, and handwriting 

generation. 

 

PROPOSED STATEMENT:  

 Our proposed approach for handwriting 

recognition uses deep learning 

techniques. 

 The approach aims to use convolutional 

neural networks to extract meaningful 

features from diverse handwriting 

styles. 

 The deep learning model will be 

carefully designed to achieve high 

accuracy in handwriting recognition. 

 Pre-processing of the handwriting 

samples will be performed to ensure 

that they are properly aligned and of a 

consistent size and format. 

 We believe that our proposed approach 

has the potential to achieve state-of-the-

art performance in handwriting 

recognition. 

 The system has numerous applications 

in fields such as document analysis, 

automatic text recognition, and 

handwriting-based authentication 

systems. 

LITERATURE SURVEY:  

 A Comprehensive Survey of Deep 

Learning for Handwritten Character 

Recognition" by Abdullah Almaksour, 

et al. This survey paper provides an 

overview of various deep learning 

techniques for handwritten character 

recognition, including CNNs, recurrent 

neural networks (RNNs), and hybrid 

models. 

 Handwriting Recognition Using 

Convolutional Neural Networks with 

Variable-Length Sliding Windows" by 

Daniel Keysers, et al. This paper 

proposes a CNN-based approach that 

uses variable-length sliding windows to 

capture the different scales of 

handwriting strokes. 

 Offline Handwriting Recognition with 

Multidimensional Recurrent Neural 

Networks" by Alex Graves, et al. This 

paper proposes a multidimensional 

RNN architecture for offline 

handwriting recognition that can handle 

variable-length sequences of strokes. 

 

METHODOLOGY:  

 Data collection: A large dataset of 

handwriting samples is collected, 

which should contain a diverse range of 

handwriting styles, sizes, and shapes. 

 Data pre-processing: The handwriting 

images are pre-processed to normalize 

the size, orientation, and contrast. This 

step may also involve removing noise 

and artifacts from the images. 

 Data augmentation: The dataset is 

augmented with additional samples by 

applying transformations such as 

rotation, scaling, and shearing. This 

step increases the diversity of the 

dataset and helps the model generalize 

better. 

 Model selection and design: The deep 

learning model is selected and designed 

to achieve high accuracy in handwriting 

recognition. The model typically 

includes convolutional neural networks 
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(CNNs) for feature extraction and fully 

connected layers for classification. 

 Training: The model is trained on the 

pre-processed and augmented dataset 

using a suitable optimization algorithm, 

such as stochastic gradient descent 

(SGD). The training process involves 

minimizing a loss function that 

measures the difference between the 

predicted and actual handwriting labels. 

 Validation and tuning: The trained 

model is validated on a separate 

validation set to ensure that it is not 

overfitting to the training data. The 

model may also be fine-tuned by 

adjusting hyper parameters such as 

learning rate and batch size. 

 Testing: The final model is tested on a 

separate test set to evaluate its 

performance on unseen data. The 

performance metrics such as accuracy, 

precision, recall, and F1-score are 

calculated to assess the model's 

performance. 

 Deployment: The trained model can be 

deployed for real-world applications, 

such as document analysis, 

handwriting-based authentication 

systems, and automatic text 

recognition. 

 

Overall, the methodology for handwriting 

recognition using deep learning involves 

careful data collection, pre-processing, and 

augmentation, followed by the selection and 

training of an appropriate deep learning 

model. The trained model is then validated, 

tested, and deployed for real-world 

applications. 

 

FEASIBILITY STUDY:  

A feasibility study for handwriting 

recognition using deep learning would 

typically assess the technical, economic, 

and operational aspects of the proposed 

system. Here are some key considerations: 

 

Technical feasibility: 

 Availability of suitable hardware and 

software resources for deep learning, 

such as GPUs and deep learning 

frameworks like jupyter. 

 Availability of a large dataset of 

handwriting samples with diverse 

styles, sizes, and shapes. 

 Availability of pre-trained models and 

transfer learning techniques to speed up 

the development process. 

 Adequate expertise and knowledge in 

deep learning, computer vision, and 

pattern recognition. 

Economic feasibility: 

 Cost of hardware, software, and other 

resources required for deep learning. 

 Cost of data acquisition and pre-

processing. 

 Cost of training, testing, and deploying 

the deep learning model. 

 Expected return on investment from the 

proposed system, such as reduced labor 

costs, increased productivity, or 

improved accuracy. 

Operational feasibility: 

 Integration with existing software 

systems, such as text editors or 

handwriting generation tools. 

 User acceptance and usability of the 

proposed system. 

 Maintenance and support requirements 

for the system. 

 Availability of technical support and 

expertise for the proposed system. 

Based on the above considerations, it 

appears that handwriting recognition using 

deep learning is technically feasible, 

provided that suitable hardware and 

software resources are available. However, 

the economic feasibility may vary 

depending on factors such as data 

availability, training time, and expected 

return on investment. Operational feasibility 

may also depend on factors such as user 

acceptance and integration with existing 

systems. Therefore, a detailed feasibility 
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study is recommended before proceeding 

with the development and deployment of a 

handwriting recognition system using deep 

learning. 

 

INPUT DESIGN’S GOALS: 

The input design goals for a handwriting 

recognition system using deep learning 

depend on the specific requirements of the 

system and the type of data being processed. 

Here are some general input design goals to 

consider: 

 Resolution and quality of the input 

images: The input images should have 

sufficient resolution and quality to 

capture the details of the handwriting 

strokes. This may involve using high-

quality scanners or cameras to capture 

the images and applying appropriate 

image processing techniques such as 

noise reduction or contrast 

enhancement. 

 Size and format of the input images: 

The input images should be of a 

consistent size and format to facilitate 

processing by the deep learning model. 

This may involve resizing, cropping, or 

normalizing the images to a standard 

size and format. 

 Pre-processing of the input data: The 

input data may need to be pre-

processed before being fed into the 

deep learning model. This may involve 

techniques such as normalization, 

binarization, or feature extraction to 

enhance the quality of the data and 

improve the accuracy of the 

recognition. 

 Handling of variable-length input 

sequences: If the input data consists of 

variable-length sequences, such as 

handwriting samples of different 

lengths, the deep learning model should 

be designed to handle this variability. 

This may involve techniques such as 

padding, masking, or variable-length 

input processing. 

 Incorporation of context information: 

The input design should take into 

account the context information 

surrounding the handwriting, such as 

the language, the writing style, or the 

content of the text. This information 

can be used to improve the accuracy of 

the recognition and provide additional 

context for downstream applications. 

 Overall, the input design goals for a 

handwriting recognition system using 

deep learning should aim to provide 

high-quality, consistent, and 

contextually relevant input data to the 

deep learning model. 

 

OUTPUT DESIGN’S GOALS:  

The output design goals for a handwriting 

recognition system using deep learning are 

critical to the overall success and usability 

of the system. Here are five important 

output design goals to consider: 

 Accuracy: The primary output design 

goal for a handwriting recognition 

system using deep learning is to 

achieve high accuracy in recognizing 

the handwriting strokes and characters. 

The system should be designed to 

minimize the number of recognition 

errors and improve the overall accuracy 

of the output. 

 Speed and responsiveness: The system 

should be designed to provide fast and 

responsive output, allowing users to 

quickly and efficiently enter 

handwritten text into the system. This 

may involve optimizing the deep 

learning model and the processing 

pipeline to minimize the time needed to 

generate output. 

 Formatting and presentation: The 

output should be presented in a clear 

and user-friendly format, making it 

easy for users to read and interpret the 

recognized text. This may involve 

formatting the text according to 

standard conventions, such as line 

breaks or paragraph spacing, and 
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providing appropriate visual cues to 

highlight the recognized text. 

 Integration with downstream 

applications: The output should be 

designed to integrate seamlessly with 

downstream applications, such as text 

editors or word processing software. 

This may involve providing APIs or 

other integration options that allow 

other applications to access and use the 

recognized text. 

 Feedback and error correction: The 

system should provide appropriate 

feedback and error correction 

mechanisms to help users correct any 

recognition errors or mistakes. This 

may involve providing visual feedback 

on the recognized text, offering 

suggestions for correction, or allowing 

users to manually edit the recognized 

text as needed. 

 

Overall, the output design goals for a 

handwriting recognition system using deep 

learning should focus on providing 

accurate, responsive, and user-friendly 

output that can be seamlessly integrated 

with downstream applications and 

workflows. 

 

RESULT:  

Metrics helps in analyzing the performance 

quality of machine learning models in 

different areas such as efficiency and error 

proneness by using accuracy, precision 

recall,f1 score and specificity values.  

Word Error Rate :- The sum of the word 

substitutions , the  1insertions, and the 

deletions required for turning 1one1 1string 

to11 the 1other string , divided1 by1 total 

n.o 1of1 words in the1 ground truth, it is 

the1 Word error1 rate   

  

      2  

After 50 epochs of training, the Character 

Error Rate (CER) is approximately 10.72 

percent, while the Word Error Rate (WER) 

is around 26.45 percent, giving us a Word 

Accuracy of  

73.55 percent.  

    

  

  

For better results we used word beam search 

for decoding the text .Word beam 

essentially predicts the word which is near 

or comparable to a dictionary word. 

Therefore using word beam we get better 

and more accurate results.   

Testing on Unseen Data: We gave few 

inputs from our own handwriting The 

images which are used :  

Input 1:  

  

 Fig.6.1. The output for the above image1  

 

The above image fig. 6.1 says “or work on 

line level” The  first step is data processing. 

The dimensions of the above image is 

511x64. Since the image is not 128x32. We 

resize it such that it’s dimensions are 

128x32 and it is turned into a gray scale 
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image. Then we pass the image on to the 

CNN layers the  a matrix is created based on 

were there is color and were there is not. The 

matrix will have some numbers in it. For the 

first two layers of CNN will use a filter of 

size 5x5 and next 3 layers we use a filter of 

3x3 from this we extract all the features 

from the image. It is passed on to RNN 

layers were it calculates the scores for each 

character including the blank label .Then it 

is passed to the CTC decoder since all the 

words in the fig.6.1 are dictionary words  the 

word beam decoder recognizes the image 

with 100% accuracy.    

The output when above image is given as 

input is or work on line level  

  

  

Input 2:  

  

Fig.6.2. The output for the above image2  

 

The output when above image is given as 

input is hello Sorite somenchi  

The above image fig. 6.2 says “hello harita 

somanchi” The  first step is data processing. 

The dimensions of the above image is 

1368x296. Since the image is not 128x32. 

We resize it such that it’s dimensions are 

128x32 and it is turned into a gray scale 

image. Then we pass the image on to the 

CNN layers were a matrix is created based 

on were there is color and were there is not. 

The matrix will have some numbers in it. 

For the first two layers of CNN we use a 

filter of size 5x5 and next 3 layers we use a 

filter of 3x3 from this we extract all the 

features from the image. It is passed on to 

RNN layers were it calculates the scores for 

each character including the blank label 

.The name harita somanchi is not a 

dictionary word so it is difficult for the ctc 

decoder to decode the words .because of this 

reason we couldn’t get 100% accuracy  

.But the word hello is predicted accurately 

The accuracy is 78.9 percent for the above 

fig6.2.    

 

CONCLUSION:  

Handwriting recognition using deep 

learning has shown great potential to 

revolutionize the field of artificial 

intelligence. The use of deep learning 

algorithms has improved the accuracy and 

speed of handwriting recognition, making it 

a promising tool for various industries. With 

its ability to recognize handwritten text in 

different languages, it can be useful in 

education, finance, healthcare, and other 

fields. While challenges remain, such as the 

quality of input data and the design of the 

deep learning models, ongoing research and 

development offer opportunities to 

overcome these challenges and improve the 

overall performance of handwriting 

recognition systems. Ultimately, 

handwriting recognition using deep learning 

has the potential to enhance productivity 

and efficiency in a wide range of 

applications. 
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