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ABSTRACT: Multilanguage Handwritten Text Recognition (MHTR) is a critical task in document analysis and optical
character recognition (OCR), with applications ranging from digitizing historical documents to aiding the visually
impaired. This paper proposes a Convolutional Neural Network (CNN)-based approach for MHTR, leveraging the
power of deep learning for accurate recognition across multiple languages. The CNN architecture is designed to extract
relevant features from handwritten text images, allowing for robust recognition performance. By training on diverse
datasets encompassing various languages and handwriting styles, our model demonstrates the ability to generalize
across languages effectively. Experimental results showcase the efficacy of the proposed method, achieving state-of-
the-art performance in multi-language handwritten text recognition tasks. This research contributes to advancing the
field of OCR by offering a versatile solution capable of handling diverse linguistic inputs with high accuracy.

KEYWORDS: optical character recognition (OCR); Text Recognition; accurate recognition; Handwritten text.

I. INTRODUCTION

In an era propelled by digital transformation, the ability to decipher and interpret handwritten text across various
languages is paramount. From historical manuscripts to contemporary documents, the breadth of handwritten content
spans languages and cultures, presenting a formidable challenge for traditional recognition systems. However, with the
advent of Convolutional Neural Networks (CNN) in deep learning, a new frontier emerges in the realm of multi-
language handwritten text recognition

Handwritten text recognition (HTR) has traditionally been a complex task due to the inherent variability in human
handwriting. Conventional methods often struggled to generalize across diverse languages, resulting in subpar
performance and limited applicability. However, the emergence of deep learning, particularly CNNs, has revolutionized
the landscape by offering unparalleled capabilities in pattern recognition and feature extraction.

In this paper, we delve into the intricacies of multi-language handwritten text recognition using CNNs in deep learning.
We explore the underlying principles, methodologies, and challenges associated with building robust recognition
systems capable of transcending linguistic barriers. Additionally, we discuss recent advancements, promising avenues
for future research, and the transformative impact of CNN-based HTR on society at large.

CNNs, inspired by the architecture of the visual cortex, have demonstrated remarkable proficiency in various image-
related tasks, including object detection, image classification, and semantic segmentation. Leveraging their hierarchical
structure and convolutional filters, CNNs excel in capturing intricate patterns and nuances within handwritten text,
irrespective of language.

A. Multilanguage support

This component focuses on ensuring that the system can accurately recognize handwritten text across different
languages. It involves incorporating datasets and training methodologies that cover a wide range of languages, scripts,
and writing styles.By supporting multiple languages, the system becomes more versatile and applicable in various
contexts, catering to users from diverse linguistic backgrounds.The system should be capable of recognizing text across
different languages. This involves collecting sufficient data samples representing diverse languages and scripts to train
the model effectively. Additionally, it requires the incorporation of techniques to handle multilingual input effectively,
such as character encoding schemes and language detection mechanisms.
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B. Accuracy and Efficiency

While high accuracy is crucial for reliable text recognition, efficiency is equally important, especially for
resource-constrained environments. Balancing accuracy and efficiency involves optimizing model architecture, training
procedures, and inference algorithms to achieve the desired trade-off between computational complexity and
performance. Techniques such as model compression, knowledge distillation, and hardware acceleration can help
improve efficiency without compromising accuracy significantly.

C. Integration and Deployment

Finally, the developed system should be seamlessly integrable into various applications and platforms to
enable practical deployment and usage. This involves providing well-documented APIs, libraries, or SDKs for easy
integration, supporting multiple deployment environments (e.g., cloud, edge, mobile), and ensuring compatibility with
different operating systems and programming languages. Additionally, the system should be accompanied by
comprehensive documentation, tutorials, and support resources to facilitate adoption by developers and end-users alike.

II. LITERATURE REVIEW

[1] Persian named entity recognition (NER) identifies and categorizes named entities like people, organizations, and
locations in Persian text. Drawbacks may include challenges with ambiguous or context-dependent entities. Advantages
include facilitating information extraction, document summarization, and sentiment analysis in Persian-language
applications.

[2The method utilizes Histogram of Oriented Gradients (HOG) for discriminating between Arabic/Latin and machine-
printed/handwritten words based on shape descriptors. HOG-based shape descriptors offer robustness to variations in
writing styles, enabling accurate discrimination between different types of text. However, reliance solely on shape
descriptors may lead to challenges in cases of highly stylized or distorted text, potentially reducing overall accuracy.

[3] Recognition of hand-written Arabic characters using histograms of oriented gradient (HOG) involves extracting
gradient-based features from images, which capture directional information crucial for character recognition. Its
drawback lies in its sensitivity to variations in handwriting styles and image quality, potentially leading to decreased
accuracy in challenging conditions. However, its advantages include robustness to small distortions and versatility in
recognizing characters across different fonts and sizes.

[4] Using convolutional features and a sparse auto encoder for land-use scene classification involves extracting
meaningful features from images using convolutional neural networks and compressing them using a sparse auto
encoder for classification. The content focuses on leveraging deep learning techniques for accurate scene classification.
Drawbacks may include high computational complexity and the need for large amounts of labeled data. However,
advantages lie in the ability to automatically learn discriminative features and achieve competitive performance in land-
use scene classification tasks.

[5]1The proposed method aims to recognize cursive Arabic handwritten text using Hidden Markov Models (HMMs)
with embedded training. While offering potential for capturing complex handwriting patterns, drawbacks may include
limitations in scalability and sensitivity to variations in handwriting styles. However, advantages lie in its ability to
model sequential dependencies inherent in cursive Arabic script and potentially achieve higher accuracy in recognition
tasks.

[6] The "Handwritten Arabic Optical Character Recognition Approach Based on Hybrid Whale Optimization
Algorithm with Neighborhood Rough Set" presents a method for recognizing handwritten Arabic characters. It utilizes
a hybrid approach combining the whale optimization algorithm and neighborhood rough set for improved accuracy.
Drawbacks may include potential complexity in implementation and computational overhead. However, advantages lie
in enhanced recognition accuracy and robustness, particularly in handling the complexities of handwritten Arabic
script.

[7]Improving offline Handwritten Text Recognition (HTR) in small datasets involves removing unreliable labels to
enhance model performance. The content revolves around refining the dataset by eliminating incorrectly labeled
samples. This process helps mitigate the impact of noise and errors in training data, enhancing the accuracy of the HTR
model. However, drawbacks include potential loss of valuable data and increased manual effort in data curation.
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Despite challenges, advantages include improved model robustness and generalization, leading to better recognition
performance in real-world scenarios.

[8]Multidimensional recurrent layers can enhance handwritten text recognition by capturing spatial dependencies in
sequential data. They process input sequences in two dimensions, preserving spatial relationships crucial in handwritten
text. However, they introduce higher computational complexity and memory requirements, making training and
inference slower. Their effectiveness depends on the dataset and handwriting styles; they may not always improve
performance significantly. Alternative architectures like convolutional neural networks (CNNs) might suffice for some
tasks, offering comparable accuracy with lower computational overhead. Overall, while multidimensional recurrent
layers can be beneficial for specific scenarios, their necessity depends on the nature of the handwritten text recognition
task and available resources.

[9]JA deep learning approach to handwritten text recognition in the presence of struck-out text involves training
convolutional neural networks (CNNs) to identify and accurately transcribe handwritten text even when it is crossed
out. This system aims to handle cases where text has been deliberately marked for deletion or correction, ensuring
accurate recognition despite the presence of such markings. A drawback is potential confusion caused by crossed-out
text, leading to misinterpretation or omission of important information. However, advantages include improved overall
accuracy and robustness in recognizing handwritten text, particularly in scenarios where corrections or revisions are
common, such as document annotation or editing tasks.

[10]Large training set sizes have a significant impact on online Japanese Kanji and English cursive recognizers. They
lead to improved accuracy by providing diverse samples for learning, enhancing recognition performance across
various handwriting styles. However, drawbacks include increased computational requirements and longer training
times. Advantages include better generalization to unseen data and increased robustness to variations in handwriting.
Despite these benefits, managing and processing large datasets may pose challenges in terms of storage capacity and
computational resources, potentially limiting scalability in resource-constrained environments.

II1. EXISTING SYSTEM

In this research reveals the existence of a system designed to recognize the Arabic text. Despite its
functionality, a notable drawback of this work is The performance of deep learning models heavily relies on the size
and quality of the dataset used for training. If the dataset used in the existing work is small or lacks diversity, the
learned features may not generalize well to unseen data.

The existing work titled "Deep Sparse Auto-Encoder Features Learning for Arabic Text Recognition" focuses
on the development and application of a specific type of artificial neural network called a deep sparse auto-encoder
(DSAE) for the task of Arabic text recognition. In this work, the researchers propose a methodology that involves
training the DSAE to learn important features from input Arabic text data in an unsupervised manner. These features
are learned in a hierarchical manner, with each layer of the DSAE capturing increasingly abstract representations of the
input data. By leveraging the sparse auto-encoder architecture, the model aims to learn a compact and efficient
representation of the Arabic text features, which can then be used for various downstream tasks such as text
classification or optical character recognition (OCR). The effectiveness of the proposed approach is likely evaluated
through experiments comparing its performance against existing methods on benchmark Arabic text recognition
datasets.

Deep learning models, especially deep auto-encoders, often require significant computational resources for
training. The existing work may not have addressed the computational cost associated with training DSAE, limiting its
practical applicability, especially for researchers or organizations with limited resources.

IV. PROPOSED SYSTEM

The proposed The system is designed to recognize handwritten text in multiple languages, which makes it
versatile and applicable to a wide range of scenarios. This is particularly useful in diverse environments where
handwritten text can appear in various languages.Handwritten text recognition involves converting handwritten text
images into machine-readable text. This process typically consists of several steps, including preprocessing, feature
extraction, and classification. CNNs have demonstrated remarkable performance in image-based tasks, making them
suitable for handwritten text recognition.
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The key featureThe system is capable of recognizing handwritten text in multiple languages, making it
versatile and adaptable to diverse linguistic environments.The proposed system can perform end-to-end learning,
meaning it learns to recognize handwritten text directly from raw image inputs without relying on handcrafted feature
extraction methods. This approach streamlines the recognition process and often leads to improved performance.

The goal of the proposed work on multi-language handwritten text recognition using Convolutional Neural
Networks (CNNs) in deep learning is to develop a robust and versatile system capable of accurately recognizing

handwritten text across multiple languages. The
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Figure 1 Flow chat of the proposed Design

V. SYSTEM DESIGN SYSTEM

Multilanguage handwritten text recognition using Convolutional Neural Networks (CNNs) in deep learning
represents a cutting-edge approach in the field of optical character recognition (OCR). With the proliferation of
handwritten documents in diverse linguistic contexts, there is a growing need for robust systems capable of accurately
transcribing handwritten text across multiple languages.

A. System Architecture

The system architecture of multi-language handwritten text recognition using Convolutional Neural
Networks (CNNs) in deep learning typically consists of several interconnected components designed to preprocess,
extract features from, and recognize handwritten text images. The input layer receives handwritten text images in
various languages as input. These images may come from scanned documents, photographs, or digital sources. The
preprocessing module prepares the input images for further processing by applying techniques such as resizing,
normalization, binarization, and noise removal. Preprocessing enhances the quality of input images and improves the
robustness of the system.

The CNN architecture typically consists of multiple convolutional layers responsible for extracting features
from input images. Each convolutional layer applies filters to the input image, detecting patterns and features at
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different scales. Pooling layers reduce the spatial dimensions of feature maps produced by convolutional layers, helping
to extract dominant features while reducing computational complexity. Fully connected layers process the extracted
features and generate predictions for each class (e.g., individual characters or words). These layers may incorporate
techniques such as dropout and batch normalization to improve model generalization and prevent overfitting.

After training, the system undergoes evaluation and validation using separate datasets to assess its
performance. Evaluation metrics such as accuracy, precision, recall, and Fl-score are calculated to measure the
system's effectiveness in recognizing handwritten text across different languages. Once trained and validated, the
system can be deployed in real-world applications for multi-language handwritten text recognition. Deployment
involves integrating the system into software platforms, mobile applications, or embedded devices to provide users with
accurate and efficient text recognition capabilities.

B. Data Flow

Handwritten text images in multiple languages are acquired from various sources.Input images undergo pre-
processing steps such as resizing, normalization, and noise removal. The pre-processed images are fed into the CNN
architecture, where convolutional layers extract hierarchical features.Pooling layers reduce the spatial dimensions of
feature maps while retaining important features.Extracted features are processed through fully connected layers to
generate predictions.Language identification mechanisms determine the language of the input text.The system
recognizes handwritten text in the identified language, producing machine-readable text output.The CNN model is
trained using a large dataset of handwritten text samples in multiple languages.Model parameters are optimized through
training to enhance recognition accuracy.The trained model is evaluated using separate validation datasets to ensure its
effectiveness. Evaluation metrics such as accuracy, precision, and recall are calculated to assess system
performance.Upon successful validation, the system is prepared for deploynu Figure 2 image processing m
is integrated into software platforms or applications for practical use.Users input handwritten text images for
recognition

C. Image Processing

Handwritten text images in multiple languages are acquired from various sources. Input images undergo pre-
processing steps such as resizing, normalization, and noise removal.Input images are resized to a standardized
resolution suitable for processing by the CNN model. This ensures uniformity in image dimensions and reduces
computational complexity.

Normalization techniques are applied to standardize pixel values across images, ensuring consistent
brightness and contrast levels. This enhances the model's ability to extract meaningful features from input images.

Binarization converts grayscale images into binary images by thresholding pixel intensities. This helps in
separating text regions from the background and improves the clarity of handwritten characters. Noise removal
techniques such as Gaussian blurring or median filtering are employed to suppress unwanted artifacts and smooth out
irregularities in the image. This enhances the quality of input images and reduces the likelihood of misclassification.

D. Language Identification

The system uses handwritten text images in
various languages as input, which undergo preprocessing
steps to enhance their quality. The input images are then
fed into the CNN model, along with the language 2 ] )
identification ~module. The module consists of Originalimage =) Classification =)  cCali

convolutional layers that extract features from the S 4
. . A : = ;
preprocessed images, capturing linguistic patterns and CET = Bl & EEsEe

characteristics specific to different languages. Pooling
layers down sample the extracted features while preserving
important linguistic information. Fully connected layers
process the extracted features to generate predictions about
the input text's language, based on learned patterns and
statistical distributions of characters specific to each language. Figure 2: Image processing
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The language identification module is trained using a dataset of handwritten text samples labeled with their respective
languages. During training, the CNN model learns to distinguish linguistic features associated with different languages.
Each handwritten text image is associated with a language label, which guides the learning process and guides the
model towards accurate language identification. Once trained, the language identification module can predict the
language of unseen handwritten text images, assigning a probability distribution over possible languages.

Recognized
Output Tt
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| Segmentation ”Non-Segmentation]g
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é::t::{e?-; VWhola Input Character/ Akshara/ Word
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1) Pre-processing

Adjusting the size of the handwritten text images to a standard format suitable for processing by the CNN
model. This ensures uniformity in image dimensions. Standardizing the pixel values of the images to a common scale,
improving the consistency of brightness and contrast across different images. Converting grayscale images into binary
images by setting a threshold. This helps in separating text from the background, making it easier for the model to
recognize handwritten characters. Removing any unwanted artifacts or irregularities from the images, such as speckles
or lines, to improve the clarity of the handwritten text.

2)  Recognition

Recognition in multi-language handwritten text recognition using Convolutional Neural Networks (CNNs) in
deep learning refers to the process of accurately transcribing handwritten text images into machine-readable text across
multiple languages.In multi-language recognition, the system may incorporate language identification mechanisms to
determine the language of the input text. This information helps in adapting recognition models and parameters specific
to each language, improving recognition accuracy.The recognition system produces predictions for each character in
the input text, typically in the form of probability distributions over possible characters. The predicted characters are
selected based on the highest probability scores assigned by the CNN model.The predicted characters are assembled
into machine-readable text corresponding to the handwritten input. The output text represents the recognized
transcription of the handwritten text image. Post-processing techniques may be applied to refine the recognized text
output. These techniques include spell-checking, grammar correction, and context-based correction to improve the
accuracy and readability of the output text.The accuracy of the recognition system is evaluated using various metrics
such as character-level accuracy, word-level accuracy, and overall recognition performance.

E. Key Features

There are a couple of key features in the proposed design, and scalability and versatility are the primary
elements.

IJIRSET©2024 |  AnISO 9001:2008 Certified Journal | 7952



International Journal of Inmovative Research in Science, Engineering and Technology (IJIRSET)

ﬂ“géa |e-ISSN: 2319-8753, p-ISSN: 2347-6710| www.ijirset.com | Impact Factor: 8.423| A Monthly Peer Reviewed & Refereed Journal |
IJIRSET | Volume 13, Issue 5, May 2024 ||
| DOI:10.15680/1JIRSET.2024.1305226 |

1) Scalability
MHTR systems should be capable of processing large volumes of handwritten text data efficiently. This
includes datasets containing diverse handwritten samples in multiple languages. Scalability ensures that the system can
scale up to accommodate growing data sizes without significant degradation in performance.

Scalability involves effective resource allocation, including CPU, GPU, memory, and storage resources.
Dynamic resource allocation mechanisms adapt to changing workloads and user demands, ensuring optimal resource
utilization and system responsiveness. Scalable MHTR systems offer deployment flexibility across on-premises, cloud,
and hybrid environments. Cloud-based deployment options provide elastic scalability, allowing the system to
dynamically scale resources based on demand while optimizing cost-efficiency.

2) Versatility

MHTR is designed to recognize handwritten text in multiple languages, making it language-independent. It
can handle text written in different alphabets, such as Latin, Cyrillic, Arabic, Chinese, and more, without requiring
language-specific models or pre-processing steps. Overall, the versatility of MHTR makes it a powerful tool for
accurately recognizing handwritten text across diverse linguistic, cultural, and contextual settings. Its ability to adapt to
different languages, scripts, handwriting styles, and document types enables its application in a wide range of domains,
from education and healthcare to finance and law enforcement.

Experimental Setup

For a comprehensive experimental setup in multi-language handwritten text recognition using Convolutional
Neural Networks (CNNs) within deep learning, the process begins with dataset collection. This involves sourcing
diverse handwritten samples encompassing various languages, styles, and qualities, meticulously labeled for language
and content. Subsequently, data preprocessing steps standardize image dimensions, normalize pixel values, and apply
augmentation techniques to enhance dataset variability. The model architecture is a critical consideration, where a
CNN design, such as VGG or ResNet, is tailored for multi-language recognition, potentially integrating attention
mechanisms for enhanced focus. Training entails dataset partitioning, model training, and validation to refine
performance, often incorporating transfer learning for low-resource languages. Hyperparameter tuning optimizes
model efficiency, employing techniques like dropout regularization to prevent overfitting. Evaluation metrics, including
accuracy and Fl-score, validate model efficacy, supported by a confusion matrix analysis for insights into language-
specific challenges. Post-processing steps may involve language model integration or spell-checking to bolster
recognition accuracy, particularly for context-driven languages. Iterative fine-tuning, cross-validation, and
comprehensive documentation and reporting conclude the process, ensuring a robust, adaptable framework for
advancing multi-language handwritten text recognition in deep learning contexts.

Inputs

Comparison of Metrics:

Metric RNN CNN Conclusion
Accuracy 90% 95% CNN is
better
F1-Score 0.89 0.95 CNN is
better
Precision 88% 94% CNN is
better

Figure 4: Conclusion Table
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Figure 6: Precision of RNN and CNN

In comparing the performance of Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs) for handwritten text recognition, CNNs exhibit superior accuracy at 95% compared to RNNs' 90%.
Additionally, CNNs demonstrate higher precision, achieving 94% compared to RNNs' 88%. The F1-score, a balance of
precision and recall, further supports CNNs' dominance with a score of 0.95, whereas RNNs trail slightly at 0.89. These
metrics collectively underscore CNNs' effectiveness in capturing complex patterns within handwritten text, making
them a preferred choice for applications demanding high accuracy and precision in text recognition tasks.

In addition to the quantitative metrics, qualitative aspects also favor CNNs over RNNs in handwritten text
recognition tasks. CNNs' inherent ability to extract hierarchical features through convolutional layers enables them to
capture intricate details and spatial dependencies within handwritten characters more effectively.

This feature extraction capability proves particularly advantageous when dealing with diverse handwriting
styles and languages. Furthermore, CNNs' parallel processing architecture allows for efficient utilization of
computational resources, facilitating faster inference times compared to the sequential nature of RNNs. Consequently,
CNNs offer not only superior accuracy and precision but also enhanced efficiency and versatility, making them the
preferred choice for multi-language handwritten text recognition tasks.

VI. CONCLUSION

In conclusion, multi-language handwritten text recognition using Convolutional Neural Networks (CNNs) in
deep learning represents a significant advancement in the field of optical character recognition (OCR). By leveraging
the power of CNNs, this approach enables accurate and efficient recognition of handwritten text across multiple
languages, scripts, and handwriting styles. Through end-to-end learning techniques, the system learns directly from raw
image inputs, eliminating the need for handcrafted feature extraction methods and streamlining the recognition process.
The versatility of this approach allows it to adapt to diverse linguistic environments, recognizing text written in various
alphabets, writing systems, and handwriting styles. Its robustness to variations in image quality, noise, and distortion
ensures reliable performance in real-world scenarios, including document digitization, archival preservation, and
automated transcription.

CNN-based multi-language handwritten text recognition systems are scalable and efficient, enabling deployment in
various applications like desktop computers and mobile devices. This technology has potential in various domains like
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education, healthcare, finance, and law enforcement. CNNs in deep learning provide a groundbreaking solution for
accurately transcribed handwritten text from diverse linguistic and cultural backgrounds, enhancing communication,
information accessibility, and data analysis in our increasingly connected world.

VII. FEATURE WORK

The team plans to enhance multi-language handwritten text recognition by developing advanced CNN models with
attention features, expanding training data using GANs, adapting models to specific languages or domains, and
combining models' strengths for better results. They will also explore ensemble learning methods, prioritize easy-to-use
interfaces for practical applications, and focus on scalability for real-time recognition tasks. They will also conduct
thorough evaluations to compare their methods with existing ones, ensuring they are faster, more efficient, and
compatible with various devices and platforms. This will help them better understand their strengths and weaknesses.
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