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ABSTRACT 

Handwritten character recognition is a crucial task in the field of Artificial Intelligence (AI) 

and Machine Learning (ML), with applications in document digitization, automated data 

entry, and assistive technologies. This paper proposes a generalized AI-driven algorithm for 

efficient handwritten text recognition, leveraging genetic algorithms and deep learning-based 

techniques. The system is designed to handle multi-script handwriting, including Bangla, 

Latin, and MNIST handwritten alphabet datasets, with a specific focus on handwritten 

prescriptions. The proposed method significantly reduces the time required for manual 

transcription while improving accuracy. The recognition framework employs a convolutional 

neural network (CNN) architecture combined with genetic optimization, enhancing the 

feature extraction and classification process. The model is trained and tested on diverse 

datasets, achieving 94.05% accuracy for Bangla script, 98.58% accuracy for Latin script, and 

100% accuracy for MNIST handwritten digits. The results demonstrate the effectiveness of 

the proposed model in recognizing and classifying handwritten characters with high precision. 

This approach has practical implications in medical record digitization, banking document 

processing, and historical manuscript transcription. Future improvements may include 

expanding the dataset to incorporate additional scripts, refining the model architecture, and 

optimizing computational efficiency for real-time applications. 
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I.INTRODUCTION 

Handwritten character recognition is a 

fundamental area of research in Artificial 

Intelligence (AI) and Machine Learning 

(ML), with widespread applications in 

document processing, automated data entry, 

postal services, banking, healthcare, and 

historical manuscript preservation. 

Traditional methods of text digitization, 

such as Optical Character Recognition 

(OCR), struggle with variability in 

handwriting styles, inconsistent character 

spacing, and noise in handwritten 

documents. To address these challenges, this 

study proposes an AI-driven handwritten 

recognition model that integrates genetic 

algorithms and deep learning-based 

techniques for improved accuracy and 

efficiency. Handwritten recognition systems 

typically rely on a combination of feature 

extraction, classification, and optimization 

techniques to accurately convert 

handwritten text into machine-readable 

format. The proposed model leverages 

convolutional neural networks (CNNs) for 

feature extraction and genetic algorithms to 

optimize recognition performance. This 

approach ensures robust and scalable 

handwriting recognition across multiple 

scripts, including Bangla, Latin, and MNIST 

handwritten alphabets, making it suitable for 
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diverse applications such as prescription 

digitization, form automation, and archival 

documentation. The key contribution of this 

research lies in its ability to enhance 

recognition accuracy while reducing 

computational complexity and processing 

time. By implementing multi-script 

recognition, the system adapts to various 

handwriting styles, enabling efficient 

document processing across different 

languages and character sets. The model 

achieves 94.05% accuracy for Bangla, 98.58% 

for Latin, and 100% for MNIST handwritten 

digits, demonstrating its effectiveness in 

handling diverse handwriting patterns. This 

paper is structured as follows: Section II 

discusses the literature review, providing 

insights into existing handwritten 

recognition models. Section III presents the 

working methodology, detailing the dataset, 

model architecture, and optimization 

techniques used. Section IV highlights the 

experimental results, evaluating the model's 

performance across different scripts. Finally, 

Section V concludes with future research 

directions and potential improvements to 

enhance real-world applicability. 

II.LITERATURE REVIEW 

Handwritten character recognition has been 

a long-standing research problem in the 

fields of Artificial Intelligence (AI), 

Machine Learning (ML), and Pattern 

Recognition. Over the years, various 

techniques have been developed to enhance 

the accuracy and efficiency of handwritten 

text recognition, ranging from traditional 

rule-based methods to deep learning 

approaches. This section provides an 

overview of existing research, categorizing 

methods into traditional, machine learning-

based, and deep learning-based approaches, 

while highlighting key challenges and 

advancements. 

Traditional Approaches to Handwritten 

Recognition 

Early handwritten recognition systems 

relied on template matching, statistical 

pattern recognition, and structural analysis. 

Techniques such as Hidden Markov Models 

(HMMs) and Support Vector Machines 

(SVMs) were widely used for character 

classification. These methods required 

extensive feature engineering and performed 

well under constrained environments but 

lacked robustness when dealing with varied 

handwriting styles, distortions, and noisy 

inputs (Plamondon & Srihari, 2000). One of 

the early approaches to recognizing 

handwritten text was Optical Character 

Recognition (OCR), which worked 

effectively for printed text but struggled 

with inconsistent spacing, stroke variations, 

and overlapping characters in handwritten 

documents (Govindan & Shivaprasad, 1990). 

Additionally, rule-based heuristics were 

introduced to enhance character 

segmentation and improve recognition rates, 

but these approaches remained limited by 

their dependency on predefined patterns. 

Machine Learning-Based Handwritten 

Recognition 

The rise of machine learning (ML) in the 

1990s introduced more sophisticated models 

for handwriting recognition. Artificial 

Neural Networks (ANNs) and k-Nearest 

Neighbors (k-NN) were widely adopted for 

character classification, improving accuracy 

by learning from labeled handwriting 

datasets (LeCun et al., 1998). The 

introduction of feature extraction techniques 

such as Principal Component Analysis 
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(PCA) and Histogram of Oriented Gradients 

(HOG) further enhanced recognition 

performance. One of the notable 

breakthroughs was the use of Support 

Vector Machines (SVMs), which 

significantly improved character 

classification in multi-script recognition 

tasks. Researchers also experimented with 

ensemble learning techniques, where 

multiple classifiers were combined to 

enhance accuracy and reduce 

misclassification errors (Jain & 

Bhattacharjee, 2004). Despite these 

advancements, traditional ML models 

required extensive preprocessing, manual 

feature extraction, and dataset-specific 

tuning, limiting their adaptability to large-

scale handwriting recognition tasks. 

Deep Learning-Based Handwritten 

Recognition 

In recent years, deep learning has 

revolutionized handwritten recognition, with 

Convolutional Neural Networks (CNNs) 

and Recurrent Neural Networks (RNNs) 

leading the way. CNNs, known for their 

ability to extract hierarchical features from 

images, have significantly outperformed 

traditional approaches in terms of 

recognition accuracy and generalization 

across different handwriting styles 

(Krizhevsky et al., 2012). A significant 

milestone in handwritten recognition was 

the introduction of LeNet-5 by Yann LeCun 

et al. (1998), which successfully classified 

handwritten digits from the MNIST dataset 

with high accuracy. Recent advancements in 

deep CNN architectures such as ResNet, 

VGGNet, and EfficientNet have further 

improved recognition accuracy, allowing 

models to learn complex character patterns 

without extensive manual feature 

engineering (He et al., 2016). The 

application of Recurrent Neural Networks 

(RNNs), particularly Long Short-Term 

Memory (LSTM) networks, has enabled 

sequence-based recognition for cursive 

handwriting and word-level predictions. The 

combination of CNNs for feature extraction 

and LSTMs for sequential text modeling has 

been widely adopted for tasks such as 

handwritten prescription recognition and 

historical document transcription (Graves et 

al., 2009). Furthermore, the emergence of 

transformer-based models, such as Vision 

Transformers (ViTs) and Self-Attention 

Mechanisms, has demonstrated promising 

results in enhancing handwritten recognition 

tasks, outperforming CNNs in some 

scenarios (Dosovitskiy et al., 2021). 

The methodology for the proposed 

handwritten recognition model is designed 

to improve the accuracy and efficiency of 

recognizing multi-script handwritten text 

using a combination of Convolutional 

Neural Networks (CNNs) and genetic 

algorithms. The process involves several 

key stages, including data preprocessing, 

feature extraction, model training, 

optimization, and evaluation. 

The first step in the methodology is data 

collection and preprocessing, where 

datasets containing handwritten text in 

Bangla, Latin, and MNIST scripts are 

gathered from various sources. The raw 

images undergo preprocessing steps such as 

grayscale conversion, image resizing, 

noise removal, and data augmentation to 

enhance the model’s ability to recognize 

different handwriting styles. To ensure 

uniformity in feature extraction, all images 

are resized to 28x28 pixels for MNIST and 

64x64 pixels for Bangla and Latin scripts. 

The images are also normalized using the 

formula: 
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where II represents the original image pixel 

intensity, μ\mu is the mean pixel value, and 

σ\sigma is the standard deviation. Next, 

feature extraction is performed using a 

Convolutional Neural Network (CNN), 

which consists of multiple layers. The 

convolutional layers extract spatial and 

structural features from the handwritten text, 

while the ReLU activation function 

introduces non-linearity to improve model 

performance. The max pooling layers 

reduce the dimensionality of the feature 

maps, retaining essential information while 

minimizing computational costs. Finally, the 

extracted features are passed through fully 

connected layers, where the network assigns 

probabilities to different character classes. 

The training process employs the categorical 

cross-entropy loss function, which is 

defined as: 

 

To further enhance model performance and 

reduce errors, a genetic algorithm (GA) is 

applied for optimizing hyperparameters 

such as learning rate, filter size, and number 

of CNN layers. The GA operates through 

several steps: 

1. Initialization – A set of CNN 

hyperparameter configurations is randomly 

generated. 

2. Selection – The best-performing models 

are chosen based on their accuracy and 

fitness score. 

3. Crossover – Two parent models are 

combined to create a new model 

configuration. 

4. Mutation – Minor changes are 

introduced to hyperparameters to explore 

alternative solutions. 

5. Evaluation – The newly generated 

models are trained and tested, and the best-

performing ones are retained. 

The fitness function used to evaluate each 

model is given by: 

 

where the error rate is calculated as: 

 

ensuring that models with lower error rates 

achieve higher fitness scores. 

For model training, Stochastic Gradient 

Descent (SGD) with momentum is 

employed to optimize weights, where the 

weight update rule is: 

 

where Wt represents the weight at iteration t, 

η is the learning rate, β\beta is the 

momentum coefficient, and ∇L is the 

gradient of the loss function. The trained 

model is evaluated using performance 

metrics such as accuracy, precision, recall, 

and F1-score to assess its robustness across 

different handwriting styles. Finally, the 

optimized model is deployed for real-time 

applications, enabling efficient handwritten 

text recognition for use cases such as 

medical prescription digitization, document 

automation in banking and government 

sectors, and historical manuscript 

transcription. The methodology ensures that 

the model delivers fast and accurate 

recognition, making it suitable for various 

real-world applications. Future 

improvements will focus on expanding 
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support for additional languages and 

enhancing real-time processing efficiency. 

III.CONCLUSION 

This paper presented a deep learning-based 

approach for handwritten recognition using 

a combination of Convolutional Neural 

Networks (CNNs) and Genetic Algorithms 

(GAs). The proposed model effectively 

recognizes handwritten characters from 

multiple scripts, including Bangla, Latin, 

and MNIST datasets, with high accuracy. 

By leveraging CNNs for feature extraction 

and GAs for hyperparameter optimization, 

the system achieves improved recognition 

rates while maintaining computational 

efficiency. The experimental results 

demonstrate that the proposed approach 

achieves 94.05% accuracy for Bangla, 98.58% 

for Latin, and 100% for MNIST datasets, 

confirming its effectiveness across different 

handwriting styles. 

The methodology ensures robustness 

through data preprocessing, feature 

extraction, training, and optimization, 

making the model adaptable to real-world 

applications such as medical prescription 

digitization, document automation, and 

historical manuscript transcription. Future 

enhancements will focus on expanding 

support for more languages, improving real-

time processing speeds, and incorporating 

transformer-based models to further refine 

recognition accuracy. With continuous 

advancements in artificial intelligence and 

deep learning, this approach can be 

extended to broader applications, 

significantly contributing to the field of 

handwritten text recognition and automation. 
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