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Abstract: Machine learning is a fundamental aspect of artificial intelligence that involves the development of 

algorithms and models that allow computers to learn and make predictions or decisions without explicit 

programming. With the development of neural networks, back-propagation algorithms and deep learning, 

machine learning has made breakthroughs in the fields of image recognition, natural language processing and 

handwriting recognition using machine learning techniques. The advent of deep learning has revolutionized  

the field of handwriting recognition, using convolutional neural networks, recurrent neural networks, and 

sequence-to-sequence models to provide solutions that go beyond machine learning methods and significantly 

improve the accuracy and robustness of handwriting recognition systems. But challenges remain, including 

the need for large labelled datasets, computational resources and addressing potential biases. As research in 

deep learning techniques continues to drive handwriting recognition closer towards  realisability, machine 

learning approaches remain at the forefront.  
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1. Introduction 

Handwriting recognition [1], also known as Handwritten Text Recognition (HTR) or Optical 

Character Recognition (OCR) for handwritten documents, is a field within image analysis that focuses 

on the conversion of handwritten text into machine-readable and editable text. This technology plays 

a crucial role in digitizing historical documents, personal notes, and other handwritten materials that 

may be challenging for traditional OCR systems designed for printed text. Handwriting recognition 

systems employ advanced algorithms and machine learning models to analyze the shapes, strokes, 

and patterns in handwritten characters, enabling the extraction of meaningful textual content. 

One of the primary challenges in handwriting recognition lies in the inherent variability of 

individual handwriting styles. People exhibit diverse writing habits, making it necessary for 

recognition systems to adapt and learn from various writing samples. Modern handwriting 

recognition systems often leverage deep learning techniques, such as convolutional neural networks 

(CNNs) [2, 3] and recurrent neural networks (RNNs), to capture complex spatial and temporal 

dependencies within handwritten text. Training these models on large datasets with diverse 

handwriting styles helps improve accuracy and generalization.  

The applications of handwriting recognition are multifaceted. Beyond the digitization of 

historical documents, it finds utility in forms processing, where handwritten information on paper 

forms is automatically extracted and processed. In educational settings, handwriting recognition aids 

in grading handwritten exams and assessments. Additionally, it enhances the user experience in 

digital devices by enabling handwritten input on touchscreens and stylus-equipped devices. As 

technology continues to advance, handwriting recognition systems are becoming more sophisticated, 

contributing to the seamless integration of handwritten content into the digital landscape. 
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2. Background of Machine Learning 

Machine learning (ML) [4, 5] forms a foundational aspect of artificial intelligence (AI) and 

involves the development of algorithms and models that enable computers to learn and make 

predictions or decisions without being explicitly programmed [6]. The roots of machine learning can 

be traced back to the mid-20th century when pioneers like Alan Turing and Arthur Samuel laid the 

groundwork for the concept [7]. Initially, machine learning algorithms were relatively simple, 

focusing on rule-based systems and decision trees. However, as computational power increased and 

datasets became more extensive, the field evolved to encompass more complex technique [8]. 

In the early days of machine learning, the emphasis was on supervised learning, where 

algorithms were trained on labeled datasets to make predictions or classifications [9]. The advent of 

neural networks and the backpropagation algorithm in the 1980s contributed to significant 

advancements, but practical applications were limited due to computational constraints. The field 

experienced a renaissance in the 2010s, driven by the availability of large datasets and powerful 

GPUs. Deep learning, a subset of machine learning, gained prominence, enabling the training of 

complex neural networks with multiple layers, leading to breakthroughs in image recognition, 

natural language processing, and other domains [9, 10]. 

Machine learning is categorized into three main types: supervised learning, unsupervised 

learning, and reinforcement learning. Supervised learning involves training a model on labeled data 

[11], while unsupervised learning deals with unlabeled data and focuses on discovering patterns and 

relationships [12, 13]. Reinforcement learning revolves around an agent learning by interacting with 

an environment and receiving feedback in the form of rewards or penalties [14]. The background of 

machine learning reflects a continuous journey of innovation and refinement, marked by the 

interplay of algorithmic developments, increased computing power, and the availability of diverse 

and extensive datasets. Regarding the types of machine learning as shown in Table 1. 

Table 1. Types of machine learning. 

Types of machine learning Machine learning approach 

Supervised learning Training a model on labeled data 

Unsupervised learning 

Dealing with unlabelled data and 

focusing on discovering patterns and 

relationships 

Reinforcement learning 

Learning around an agent, receiving 

feedback in the form of rewards or 

punishments through interaction with 

the environment 

3. Traditional ML Approaches to Handwriting Recognition 

Handwriting recognition, a challenging task within the realm of image analysis, has been 

approached using various traditional machine learning (ML) techniques [15]. One common method 

is feature extraction [16], where relevant characteristics of handwritten text, such as line thickness, 

curvature, and spatial distribution, are identified. These features serve as the input for classical ML 

algorithms like Support Vector Machines (SVM) [17, 18] or k-Nearest Neighbors (k-NN). SVM, for 

instance, can create a hyperplane to separate different classes of handwritten characters [19, 20], while 

k-NN makes predictions based on the majority class among its nearest neighbors [19]. 

Another traditional approach involves Hidden Markov Models (HMMs), which have been 

applied to capture the temporal dependencies in handwriting sequences [13]. HMMs are probabilistic 

models that consider the likelihood of transitions between hidden states, making them suitable for 

modeling the dynamics of handwriting strokes [21]. By representing each character as a sequence of 
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states, HMMs can be trained to recognize patterns and transitions, facilitating the identification of 

handwritten characters. 

Ensemble methods, such as Random Forests or AdaBoost, have also found application in 

handwriting recognition. These techniques combine the strengths of multiple weak learners to create 

a robust and accurate model[22]. In the context of handwriting recognition, ensemble methods can 

integrate diverse features and classifiers to enhance overall performance [23], mitigating the impact 

of variability in writing styles. 

Feature engineering plays a crucial role in traditional ML approaches to handwriting 

recognition. Researchers and practitioners design and select relevant features that encapsulate the 

distinctive aspects of handwriting. The success of these approaches depends heavily on the ability to 

extract discriminative features and design effective classifiers [24]. While traditional ML methods 

have made significant contributions to handwriting recognition, the field has witnessed a paradigm 

shift with the rise of deep learning, which has demonstrated superior performance in capturing 

intricate patterns and representations in handwritten text. The traditional ML handwriting 

recognition method is shown in Figure 1. 

 

Figure 1. Traditional ML handwriting recognition methods. 

4. Deep Learning Approaches to Handwriting Recognition 

The advent of deep learning [25, 26] has revolutionized the field of handwriting recognition, 

offering powerful solutions that surpass the capabilities of traditional machine learning methods [27]. 

Convolutional Neural Networks (CNNs) have played a pivotal role in this transformation [23]. CNNs 

excel at learning hierarchical representations of input data, making them well-suited for image-based 

tasks like handwriting recognition [28]. In the context of character recognition, CNNs can 

automatically extract relevant features from images of handwritten text, learning patterns at different 

levels of abstraction [29].  

Recurrent Neural Networks (RNNs) have also been instrumental in advancing handwriting 

recognition, particularly in dealing with the sequential nature of handwriting. RNNs are designed to 

capture dependencies over time [30], making them effective for recognizing patterns in the temporal 

sequences of strokes and characters [31]. Long Short-Term Memory (LSTM) networks, a type of RNN, 

are commonly used to model the temporal dynamics of handwriting, allowing for more accurate 

recognition of cursive and connected writing styles. 

One of the groundbreaking approaches in deep learning [32] for handwriting recognition is the 

use of sequence-to-sequence models with attention mechanisms. These models, often based on 

architectures like the Encoder-Decoder framework, are capable of taking in a sequence of input data 

(handwritten text) and generating an output sequence (recognized text) [33]. Attention mechanisms 

enable the model to focus on relevant parts of the input sequence during the decoding process, 

allowing for more precise and context-aware recognition [34]. 

Transfer learning is another key aspect of deep learning in handwriting recognition [35]. Pre-

trained models [36] on large datasets, such as those for general image recognition, can be fine-tuned 

for handwriting-specific tasks with smaller datasets [37]. This transfer of knowledge from broader 

domains to handwriting recognition enhances the model's ability to recognize diverse writing styles 

and improves overall performance, especially in scenarios with limited labeled data [38]. 
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The use of deep learning has significantly improved the accuracy and robustness of handwriting 

recognition systems [39]. Neural networks can automatically learn intricate features and 

representations from raw data [40], reducing the need for manual feature engineering. However, 

challenges remain, such as the requirement for large labeled datasets, computational resources, and 

potential biases in the training data. As deep learning techniques continue to evolve, they are likely 

to play an increasingly crucial role in advancing the state-of-the-art in handwriting recognition. 

Regarding modules for deep learning methods as shown in Table 2. 

Table 2. Modules for deep learning method. 

Module Correspond Vantage 

CNNs 

Play a key role in 

changing the field of 

handwriting recognition 

Expertise in learning 

hierarchical representations 

of input data makes them 

well suited for image-based 

tasks 

RNNs 
Advancing handwriting 

recognition 

Capturing transformations 

over time allows them to 

efficiently recognize patterns 

in time series of strokes and 

characters 

The use of 

sequence-to-

sequence models 

with attention 

mechanisms 

A pioneering approach in 

handwriting recognition 

Ability to focus on the 

relevant part of the input 

sequence during decoding 

for more accurate perceptual 

recognition 

Transfer learning 

Key aspects of deep 

learning in handwriting 

recognition 

Can be fine-tuned for 

handwriting-specific tasks 

with smaller data sets, 

improved overall 

performance 

5. Common Handwriting Datasets 

The development and evaluation of handwriting recognition systems heavily rely on the 

availability of diverse and well-annotated datasets. These datasets serve as benchmarks for 

researchers and practitioners to assess the performance of different algorithms and models. One 

widely used dataset in the field of handwriting recognition is the IAM Handwriting Database. The 

IAM dataset contains samples of English text written by various individuals, capturing a range of 

writing styles and variability. It includes both unconstrained text, such as sentences, as well as 

isolated words and lines, making it suitable for evaluating systems in real-world scenarios. 

Another notable dataset is the CEDAR (Center for Document Analysis and Recognition) 

Benchmark Database. The CEDAR dataset encompasses a comprehensive collection of handwritten 

forms, including historical documents [41], census forms, and other document types. It is particularly 

valuable for assessing the performance of handwriting recognition systems in document analysis and 

processing tasks [41, 42]. The dataset offers a mix of challenges, including different writing styles, 

noise, and variations in document layout. 

The RIMES dataset, derived from the French National Railway Company (SNCF) database, is 

focused on unconstrained handwriting recognition. It consists of handwritten text samples in both 
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Latin and Arabic scripts, covering various contexts such as letters, administrative documents, and 

invoices [43]. The diversity of writing styles and the inclusion of multiple languages make the RIMES 

dataset a valuable resource for training and evaluating handwriting recognition systems in 

multilingual and multicultural contexts. 

In addition to these, the MNIST dataset, although primarily known for digit recognition, has 

been influential in the early development of handwriting recognition algorithms. MNIST consists of 

28x28 pixel grayscale images of handwritten digits, providing a simple yet effective benchmark for 

character recognition tasks [44, 45]. While not as complex as datasets specifically designed for 

handwriting recognition, MNIST has served as a starting point for researchers entering the field and 

exploring basic principles of image-based recognition [46]. 

These datasets, among others, have played a crucial role in advancing the state-of-the-art in 

handwriting recognition. As the field continues to evolve, the need for more extensive and diverse 

datasets becomes apparent to address the challenges posed by real-world applications and the 

variability in individual writing styles. Common handwritten datasets are categorised as shown in 

Figure 2, ingredient and specificities of common handwritten datasets are as shown in Table 3. 

 

Figure 2. Common handwritten datasets. 

Table 3. Common handwritten datasets. 

Common 

handwritten 

dataset 

Ingredient Specificities 

IAM 

Unconstrained text, 

Samples of English texts 

prepared by different 

individuals 

Suitable for evaluating 

systems in realistic 

scenarios 

Cedar data 

set 

Comprehensive collection 

of handwritten forms, 

historical documents, 

census forms and other 

types of forms 

Evaluate the performance 

of handwriting recognition 

systems in online 

document analysis and 

processing tasks. 

RIMES 

Sample handwritten text in 

Latin and Arabic and 

various situations 

Effective training and 

evaluation of handwriting 

recognition systems in 

multilingual and 

multicultural contexts 
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MNIST 
28x28 pixel grayscale image 

of handwritten digits 

Provides a simple and 

effective benchmark for 

character recognition tasks 

6. Challenges of Handwriting Recognition 

Handwriting recognition, also known as Handwriting Optical Character Recognition (HOCR), 

faces several challenges that impact its accuracy and efficiency. One significant challenge lies in the 

inherent variability of human handwriting. Individuals exhibit diverse writing styles, making it 

difficult to create a universal model that accurately recognizes all variations. Factors such as the size, 

slant, and spacing of characters further contribute to the complexity of the recognition process [47]. 

Another challenge is the presence of noise and distortions in handwritten text. Environmental 

conditions, writing tools, and the medium on which the text is written can introduce irregularities, 

smudges, or uneven strokes that complicate the task of accurately identifying characters. Advanced 

algorithms and machine learning techniques are employed to mitigate these issues [48], but achieving 

complete robustness remains an ongoing challenge. 

The lack of standardized datasets poses a third obstacle. Unlike printed text, which follows 

specific fonts and formatting, handwritten samples lack consistency. Obtaining a comprehensive and 

diverse dataset that adequately represents the wide range of handwriting styles is essential for 

training accurate recognition models. Without such datasets, the performance of handwriting 

recognition systems may suffer when confronted with unfamiliar patterns. 

Lastly, contextual understanding and language modeling present challenges in handwriting 

recognition [49]. Unlike isolated character recognition, understanding the context and meaning of a 

sequence of handwritten words or sentences requires more advanced natural language processing 

capabilities. Developing models that can accurately interpret the semantics of handwritten content is 

a complex task [50], especially when dealing with cursive writing or languages with complex 

character combinations [51]. Addressing these challenges is crucial for enhancing the overall 

performance and applicability of handwriting recognition systems in various domains, such as 

document processing, digital note-taking, and accessibility technologies. The challenges of 

handwriting recognition are shown in Figure 3.  

 

Figure 3. Challenges of handwriting recognition. 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 December 2023                   doi:10.20944/preprints202312.1301.v1



 7 

 

7. Conclusions 

In conclusion, the field of handwriting recognition has witnessed a transformative journey with 

the evolution of machine learning methods. Traditional approaches, such as feature extraction and 

classical machine learning algorithms, laid the groundwork for recognizing handwritten characters, 

relying on engineered features and rule-based systems. However, the advent of deep learning 

marked a paradigm shift, empowering handwriting recognition systems with the ability to 

automatically learn intricate features and representations from raw data. 

Deep learning approaches, particularly Convolutional Neural Networks (CNNs), Recurrent 

Neural Networks (RNNs), and sequence-to-sequence models, have demonstrated unprecedented 

success in capturing the complexities of handwriting. CNNs excel in extracting hierarchical features 

from image-based inputs, while RNNs, especially Long Short-Term Memory (LSTM) networks, 

adeptly model the temporal dependencies inherent in handwriting sequences. The incorporation of 

attention mechanisms in sequence-to-sequence models further enhanced the precision and context-

awareness of handwriting recognition. 

Transfer learning strategies, leveraging pre-trained models from broader domains, have 

addressed challenges related to limited labeled handwriting datasets, enabling models to adapt and 

generalize effectively. The use of common datasets like IAM, CEDAR, and RIMES has played a 

pivotal role in benchmarking the performance of different algorithms, fostering research and 

innovation in handwriting recognition. 

Despite the remarkable progress achieved through machine learning methods, challenges 

persist, including the need for large labeled datasets, computational resources, and addressing 

potential biases. The ongoing evolution of deep learning techniques, coupled with advancements in 

data augmentation and unsupervised learning, holds promise for overcoming these challenges and 

further advancing the accuracy and applicability of handwriting recognition systems in diverse real-

world scenarios. As research continues to push the boundaries of what is achievable, machine 

learning methods remain at the forefront of unlocking the full potential of automated handwriting 

recognition. 
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