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Abstract—Optical character recognition has been 

extensively studied in the field of computer vision. A machine 

must read and understand writing digitally in the modern 

digital world. This research area has been explored since the 

creation of the first input pen. Despite advances and the 

increasing needs regarding technology, handwriting recognition 

is still adequate for method exploration or hardware 

development. There are many techniques to suit this zone. The 

traditional approach to recognizing handwriting involves 

multiple stages, including preprocessing, feature extraction, 

classification, and postprocessing. But the use of these classical 

approaches has started to be replaced by deep learning 

techniques. Deep learning methods by means of computer vision 

have enjoyed fine accuracy results in this area (especially, the 

Convolutional Neural Networks have been serving this 

purpose). CNNs can integrate feature extraction and 

classification processes due to the existence of convolutional 

layers in CNNs. The integration leads to a more efficient 

approach with better results. This paper describes several data 

sets and approaches used in handwriting recognition research. 

Keywords—handwriting recognition, machine learning, deep 

learning, character recognition system 

I. INTRODUCTION 

Handwritten recognition is one of the branches of 
computer vision domain. It's the way your computer 
understands written text (handwriting, printed text) as an 
input. This input might be an image of a document, or values 
corresponding to the coordinates of points taken by some 
measurement device. Handwriting recognition systems may 
be used for diverse everyday purposes, for example, 
processing of handwritten input on a tablet, postal code 
reading, bank form digitization, document information 
retrieval, language translation machines, as well as physical 
documents to electronic versions conversion. 

Handwriting recognition is typically performed on a 
character-by-character basis. Handwritten text is broken down 
into character units to be further processed and recognized in 
a machine-readable format. The distinct shape of each 
character makes the recognition process possible. However, in 
some cases, characters can appear like to another character. 
For instance, the letter 'l' and the digit '1' present a unique 
challenge for the system to differentiate. Furthermore, 
ambiguity exists in handwriting. Figure 1 illustrates the 
ambiguity in reading the handwritten word "true" or "false". 
Humans can resolve this ambiguity by considering the context 
of the writing, whereas machines require additional processes 
to do so. 

 
Fig. 1. Ambiguity in handwriting (word can be in interpreted as true or 
false) 

The difficulties associated with developing a handwriting 
recognition system extend beyond mere character 
resemblance. Someone could have differences in writing 
styles to another. Furthermore, each person's handwriting can 
exhibit variations influenced by several factors, including the 
type of writing surface and their physical or emotional state 
during the act of writing [1]. Those are the obstacle to handle 
to recognize character automatically by optical character 
recognition machine.  

Research in handwriting recognition aims to minimize 
character reading errors. Traditionally, the recognition process 
consists of four stages: preprocessing, feature extraction, 
classification, and postprocessing. The preprocessing stage 
ensures that the input has a uniform format before its 
important features are extracted in the feature extraction stage. 
Subsequently, the extracted features are classified using a 
classifier and may be further processed in the postprocessing 
stage to be recognized as machine-readable characters. Some 
stages, such as feature extraction and classification, are 
mandatory. In contrast, the preprocessing and postprocessing 
stages are optional and depend on the dataset used and the 
desired output. Various feature extraction and classification 
methods have been developed and adapted for implementation 
in handwriting recognition systems to achieve high accuracy. 
Moreover, deep learning methods like Convolutional Neural 
Networks (CNNs), which are widely used in computer vision 
research, are also applied to handwriting recognition systems. 

This article discusses the methods applied in the research 
topic of handwriting recognition systems, with the following 
structure. Chapter II provides an explanation of the 
handwriting recognition system. Chapter III discusses the 
previous work of research topics in the field of handwriting 
recognition systems. Chapter IV contains a discussion about 
challenges in handwriting recognition research. Chapter V 
presents the conclusion of this article. 

II. HANDWRITING RECOGNITION SYSTEM 

Research on handwriting recognition systems has 
different focus areas. This paper outlines several of them 
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related to input type, approach methods, recognition units, 
recognition methods used, and the development of new 
datasets. 

A. Types of Handwriting Recognition Systems  

Based on the input provided to the system, there are two 
types of handwriting recognition systems: online and offline. 
An online handwriting recognition system receives input from 
a specific device, while an offline system receives handwritten 
images as input. The input format for online handwriting 
recognition varies depending on the device and can be an 
image, an XML file, a CSV file, or a series of numbers in a 
specific file. Figure 2 shows a sequence of characters resulting 
from online character writing in the form of a binary string. 

 
Fig. 2. Sequence characters of online handwriting recognition [2] 

An offline handwriting recognition system takes an image 
as its input. The form and information contained within the 
image also vary depending on the dataset used. The image 
can be of a single character, a single line of text, or an entire 
handwritten document. This type of handwriting usually 
recognizes on historical document [3]. Figure 3 shows a 
historical document image that can serve as input for an 
offline handwriting recognition system. 

 
Fig. 3. Historical document with handwriting on proclamation text of 
Indonesia 

B. Strategies to Recognize Handwriting  

Handwriting recognition systems employ two main 
strategies to recognize handwriting: the analytic approach and 
the holistic approach [4]. The analytic approach focuses on 
deconstructing handwriting into smaller components through 
segmentation techniques. Conversely, the holistic approach 
perceives words as complete entities without disassembling 
them into smaller parts. 

The analytic strategy utilizes segmentation to fragment the 
writing into individual character units. Each handwritten word 
is separated into its basic characters, which are then processed 
by a recognition engine. This engine identifies the characters, 
which are subsequently reassembled to create a fully machine-
readable document. In contrast to the analytic method, which 
breaks down text into characters, the holistic approach 
recognizes handwriting at the word level. This method is often 
used for cursive writing and operates with a restricted 

vocabulary [4]. Figure 4 and Figure 5 shows illustration of 
analytic method and holistic method. 

 
Fig. 4. Illustration of analytic method 

 
Fig. 5. Illustration of holistic method 

C. Objects of the Handwriting Recognition System 

Handwriting recognition research has a specific focus on 
the object being recognized. There are several level characters 
to be recognized. It focuses on these scenarios, namely: 
recognition of digit, strings of digits, single alphanumeric 
character, a string of characters, documents, and symbols. 

Digit recognition limits the recognized object to only a 
single numerical character. This system is the simplest form 
of a handwriting recognition system. The main challenge in 
digit recognition is the variation in the way characters are 
written. A more complex form is the digit string. The object 
recognized in a digit string is a sequence of numerical 
characters. Challenges for this type of recognition include 
overlapping writing between numbers and differences in 
writing style. Figure 6 shows digit strings from the Computer 
Vision Lab (CVL) Handwritten Digit String (HDS) dataset. 

 
Fig. 6. Sample digit string of dataset CVL-HDS [5] 

Recognizing single alphanumeric handwriting character 
means translate the handwriting image content with written 
as single character of a-z/A-Z/0-9. Variation of the shape 
become the challenges on this scenario of recognition. This 
condition called allograph—a character which has one or 
more alternatives form, including capital, lowercase, or italic. 
For example, someone can make two different shapes for 
character lowercase “a”. Figure 7 shows the different shape 
of character “a”, digit “4”, and lowercase letter “l” written in 
a handwriting. This condition is one of a challenge of 
handwriting recognition system, because the intra-class 
variation could be bigger in several character. 

 

 
Fig. 7. Variation shape of letter and digit in handwriting 
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Another challenge that had to overcome is the 
resemblance of a character to another. For example, digit 0, 
lowercase character “o”, and uppercase character “O” are 
look-alike to each other. Another example in this condition is 
the similarity shape of letter “u” and “v” either on lowercase 
or uppercase. Figure 8 shows the similarity of these 
characters in a handwriting. 

 
Fig. 8. The similarity shape of a letter to another in handwriting 

Other objects that are recognized include characters, 
documents, and symbols. Recognition of these objects 
involves different approaches and methods depending on the 
research objective. Each object, whether it's a digit, digit 
string, or character, typically uses a single, uniform language. 
However, there is also research that explores the use of 
multiple languages (multi-language) in handwriting 
recognition. 

D. Phase of the Handwriting Recognition System 

A handwriting recognition system recognizes handwriting 
through two main stages: training and testing [6]. In the 
training stage, the system learns to recognize input patterns, 
resulting in a model. This model is then used by the system to 
recognize or determine patterns in new input. The input used 
during the training stage is different from the input used 
during the testing stage. An illustration of the handwriting 
recognition stages is shown in Figure 9. 

 
Fig. 9. General stage of handwriting recognition method [6] 

To ensure the input has a uniform pattern for recognition, 
a preprocessing stage is performed. Several processes are 
carried out in this stage, such as segmentation, image 
normalization through resizing, cropping, thinning, and 
convert it into binary format. These processes are through to 
ensure the uniformness of the image. At the next stage, the 
important features will be extracted in the feature extraction 
stage. The methods used in this stage vary depending on the 
research objectives. Some of the methods that can be used 
include Wavelet [7], PCA [8], Zoning [9], Zernike Moment 
[10], or Neighborhood Rough Set [11]. 

III. RELATED WORKS – THE DEVELOPMENT OF RESEARCH 

TOPIC IN HANDWRITING RECOGNITION 

Research on handwriting recognition has been ongoing for 
a long time, and the methods used have become more 
advanced with the development of computer vision algorithms 

and supporting hardware. Several studies have created 
standard datasets for other researchers to use in their 
handwriting recognition research. Additionally, various 
methods have been developed in previous research. This 
section will review the datasets and methods commonly used 
in handwriting recognition research. 

A. Datasets of Handwriting Recognition  

Essential topic of handwriting recognition research area 
falls within the domain of pattern recognition. It means, the 
process involves learning and recognizing patterns from 
previous learning experiences. This pattern learning process 
requires standard, pre-processed datasets. In some datasets, 
the preprocessing stage has already been applied to obtain 
inputs with "uniform" characteristics. This uniformity can be 
seen in similarities in image size, the range of colors to be 
feature-extracted, thickness, and more. This allows 
researchers to focus on developing feature extraction and 
classification methods. There are several datasets commonly 
used in handwriting research, such as the MNIST & EMNIST, 
IAM, CASIA, and MADBase datasets. These datasets have 
different characteristics from one another. 

1) NIST Special Database 19 Dataset [12]: This dataset 
was created by the National Institute of Standards and 
Technology (NIST). One version of this data is the NIST 
Special Database 19, which consists of a corpus of 
handwritten documents. A total of 3,600 writers were 
involved in writing (in isolated form—not cursive) a total of 
810,000 characters. Each character was extracted from a 
Handwriting Sample Form (HSF).  

2) MNIST Dataset [13]: The Modified National Institute 
of Standards and Technology (MNIST) dataset consists of 
numerical characters (digits) taken from the NIST dataset. 
This dataset is composed of 60,000 training images and 
10,000 testing images, with each image sized at 28x28 pixels 
in grayscale. This dataset consist of 10 classes which 
represent the digit form 0 to 9. Each image of MNISTdataset 
has uniform characteristic, and it become the benchmark 
standard of image recognition.  

3) EMNIST Dataset [14]: The MNIST dataset has an 
extended version called EMNIST. Similar to MNIST, the 
images in this dataset have a uniform size of 28x28 pixels. 
This dataset consists of handwritten characters, including 
letters and numbers. The EMNIST dataset contains 240,000 
training images and 40,000 testing images.  

4) IAM Dataset [15]: The IAM dataset consists of 13,353 
images of handwritten text contributed by 657 writers. This 
dataset comprises 1,539 pages of handwritten documents 
containing 115,320 words. The IAM dataset has both online 
and offline handwriting versions.  

5) CASIA Dataset [16]: The CASIA dataset is provided 
by the Institute of Automation, Chinese Academy of 
Sciences. The data provided consists of Chinese characters 
with two versions of the handwriting dataset: CASIA-
OLHWDB (online handwriting) and CASIA-HWDB (offline 
handwriting). The data was collected using a special device, 
an Anoto Pen, from 1,020 writers.  

6) MADBase Dataset [17]: MADBase is a modification 
of the Arabic Handwritten Digit Database. This dataset 
consists of Arabic numerical characters that are compatible 
with the MNIST data format.  
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In addition to the datasets mentioned above, there are 
various other datasets that contain specific languages , such as 
UCOM for the Urdu language, CENPARMI for the Farsi 
language, and ISI which contains Bangla numerals, among 
others [18]. 

B. Research on Stages/Phases of Handwriting Recognition  

Handwriting recognition using machine learning methods 
involves several stages in its recognition process. Traditional 
approach uses these processes, namely: preprocessing, feature 
extraction, classification/recognition, and postprocessing 
whilst modern approach using deep learning that automate the 
feature extraction method. Figure 12 shows the sequence of 
the handwriting recognition process.  

The preprocessing and postprocessing stages are optional, 
depending on the dataset and the research objective. In 
contrast, the feature extraction and classification stages are 
mandatory. Preprocessing is done to "normalize" the data 
before it is further processed. Some processes performed at 
this stage include resizing/cropping/thinning to ensure 
uniformity of image size, dimensions, and boundaries. There 
are also processes for converting the image to a binary format, 
thinning to adjust the thickness of the recognized handwritten 
image, and smoothing [19].  

The feature extraction stage involves extracting important 
features from the handwriting to be recognized. One of the 
basic methods for feature extraction is zoning. This technique 
divides the handwritten character into several areas, either 
statically or dynamically [9]. Another technique that can be 
used is Vertical & Horizontal Projection. This technique was 
applied by Sahlol [11], [20] to recognize handwritten Arabic 
script, combined with feature selection. Geometric feature 
extraction was applied by Masrani et al. [21] to recognize 
handwritten letter images. Additionally, there is the sinusoidal 
modeling technique applied by Choudhury et al. [22] in 
recognizing online handwriting. 

 
Fig. 10. Stages of handwriting recognition process 

For modern approach, handwriting recognition use deep 
learning to recognize each character. The processes similar to 
traditional approach. The differences, feature extraction stage 
automated by the machine. The deep learning method such as 
Convolutional Neural Network (CNN) act as both a feature 
extractor and a classifier in the classification/recognition stage 
of a handwriting recognition system. This condition is 
possible due to the presence of convolutional layers in the 
CNN. It utilizes a convolution process with learnable 
filters/kernels to obtain representative information from the 
image to be recognized [23]. 

Several handwriting recognition studies also use the CNN 
method in their research. Hossain & Ali [23] created a 
numerical character (digit) recognition system using the CNN 
method. The character data used was the MNIST dataset, 
implemented on MatConvNet. Another study by Garg [24] 
applied CNN to the recognition of handwritten text. The 
method used in this research combines 5 CNN layers, 2 

Recurrent Neural Network (RNN) layers, and CTC decoding. 
In addition to applying the CNN method, other studies related 
to this method focus on finding an efficient architecture and 
optimal parameter values to achieve maximum accuracy. 
Biswas & Islam [25] conducted research to determine the best 
architecture for recognizing numerical characters. This study 
used two datasets: MNIST and Kaggle. The experiment 
involved 5 architectures, with the best result achieved by the 
fifth architecture with an accuracy of 99.53%. This 
architecture consists of 4 convolutional layers, 2 pooling 
layers, and 2 fully connected layers. Prihatiningsih [26] also 
conducted an experiment to find the appropriate number of 
iterations for the CNN method on the MNIST dataset. The 
experiment results showed an increase in accuracy for 
iterations between 0-20.  

Handwriting research also applies transformer-based 
methods. Momeni & BabaAli [27] introduce 2 architectures 
of transformer using attention mechanism to overcome the 
problem of linguistic rules in arabic handwritten text. Li et.al 
[28] propose a simple and data-efficient approach for 
handwritten text recognition, with minimal modifications on 
the ViT. Zhang et.al. [29] overcome the issue of lack of data 
on ViT using novel framework named Improved Multi-task 
Transformer based on Localization Mechanism Network 
(IMTLM-Net).  

C. Developing a New Dataset  

In addition to the development of methods applied to 
existing datasets, research on creating new datasets is also 
quite common in the field of handwriting recognition. These 
new datasets are created to complement handwriting 
recognition research for languages not covered by existing 
datasets. 

Felix et al. [30] proposed a new dataset created using a 
STABILO digipen. This dataset is used for online handwriting 
recognition and consists of 31,275 handwritten characters 
grouped into 52 classes, covering 52 uppercase and lowercase 
letters and 10 numerical characters. There were 119 writing 
respondents in the data collection process. The digipen used 
captures signals through several sensors: 2 accelerometers, 1 
gyroscope, 1 magnetometer, and 1 force sensor. The collected 
data was tested using machine learning (Support Vector 
Machine—SVM) and deep learning (Convolutional Neural 
Network—CNN) algorithms. The accuracy of the CNN model 
reached 85% in recognizing this dataset. 

Research to create datasets for offline handwriting 
recognition is usually done for non-Roman alphabets. One 
such effort is the development of a dataset named Hijja, which 
contains Hijaiyah letters, conducted by Altwaijry & Al-
Turaiki [31]. The difference from other Arabic alphabet 
datasets is that every character collected was written 
exclusively by children aged 7-12. The respondents involved 
were 591 children, with 47,434 characters stored in the 
dataset. The Hijja dataset was classified using a CNN and its 
results were compared with the Arabic Handwritten Character 
Dataset (AHCD). The accuracy for recognizing the Hijja 
dataset was 88%. This value is relatively low compared to the 
accuracy of the AHCD, which reached 97%. The model 
created predicted adult handwriting better than children's 
handwriting. This indicates the uniqueness of children's 
handwriting compared to adults' and expands the potential for 
research specifically focused on children's handwriting. 
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Research to build a dataset for the Cyrillic alphabet was 
conducted by Potanin et al. [32]. This dataset contains 
manuscripts of the Russian emperor Peter the Great, who lived 
in the 17th century. This manuscript is handwritten in the form 
of image-text pairs. The dataset has three parts: 6,237 training 
pairs, 1,930 validation pairs, and 1,527 test pairs. The model 
used for this dataset consists of a 7-layer CNN, 2 bidirectional 
GRUs, and a CTC-loss function with evaluation metrics such 
as character error rate (CER), word error rate (WER), string 
accuracy (ACC), and time inference. Another dataset was 
developed for the Kazakh alphabet, named KOHTD—Kazakh 
Offline Handwritten Text Dataset [33]. This dataset is used for 
an offline handwriting recognition system, a project carried 
out by Toiganbayeva et al.. It contains 3,000 handwritten 
documents in the form of exam papers, 140,335 segmented 
images, and approximately 922,010 symbols.  

IV. CHALLENGES & OPPORTUNITIES  

The application of handwriting recognition is not limited 
to its methods. The development of this research can also be 
seen in its application cases. There have been several 
developments, such as recognition for multiple languages, 
applications in the field of education, and for document 
information retrieval. 

Several research studies on handwriting recognition have 
addressed the domain of multi-language recognition. The use 
of multiple languages increases the number of classes for the 
classification machine, which can result in longer response 
times. Furthermore, there are similarities between characters 
across different languages. Zouari et al. [34] proposed a 
framework to identify scripts and recognize online 
handwriting. This system uses a Time Delay Neural Network 
(TDNN) clustering algorithm based on parameters from a 
beta-elliptical model. Another study related to multi-language 
handwriting recognition was conducted by Chen et al. [35], 
who introduced MuLTReNets, a framework used to identify 
scripts and recognize handwriting. Research on recognition 
methods focused on multi-language is also supported by 
research to build corresponding datasets. This study was 
conducted by Jiang [36], who built a new dataset of numerical 
characters for handwriting consisting of various languages. 
This dataset is named MNIST-MIX and is a collection of 13 
different datasets in 10 languages (Arabic, Bangla, 
Devanagari, English, Farsi, Kannada, Swedish, Telugu, 
Tibetan, and Urdu). The data was created by adapting the 
MNIST format, in the form of grayscale images with a size of 
28x28 pixels representing the numbers 0-9 from various 
languages. In the experiment conducted, an accuracy of 
90.22% was achieved using the LeNet model. 

In the field of education, handwriting recognition research 
can be applied to measure the quality of produced 
handwriting. A study conducted by Gao et al. [37] assessed 
the quality of Chinese character handwriting. The recognized 
writing was divided into 5 grades from A-E and compared 
with manual judgments from 10 respondents. Based on the 
experimental results, a confidence rate of 91.22% was 
obtained. 

There is a variety of focuses in this research, such as online 
handwriting with specific devices, the application of new 
methods, and the construction of specific datasets. It also 
includes research on other topics like handwriting in historic 
documents for Information Retrieval. Another related topic is 
Natural Language Processing as a post-processing method in 

handwriting recognition. The table in the appendix shows a 
summary of experiments and results achieved in previous 
research from several technical papers. The initial trend in 
handwriting recognition research involved using machine 
learning methods that focused on the feature extraction and 
classification stages. Subsequently, research development has 
shifted more towards the use of deep learning methods, either 
as a classifier or for both feature extraction and classification. 
However, the development of other methods continues. These 
new methods are compared with machine learning classifiers 
like SVM. The creation of new datasets also involves data 
validation using CNN and its variations, also using 
Transformers method. 

V. CONCLUSION  

Based on the description of cases for the handwriting 
research topic, there are several challenges, namely 
recognizing characters with similar shapes, differences in 
character styles, and also recognizing overlapping writing. For 
some languages, there is also the challenge of how to 
recognize connected letters (ligatures). The segmentation 
process is very influential in producing good input for the 
recognition engine. Experiments with optimal methods are 
needed to recognize handwriting, especially using transfer 
learning methods. In addition, experiments are needed to 
explore deep learning method, such as CNN or Vision 
Transformer, for handwriting recognition. It can be applied to 
single language or multiple languages. This represents a 
research opportunity in the topic of handwriting recognition. 

The creation of new datasets exclusively written by 
specific groups is also a research opportunity. Furthermore, 
the discussion about assessing the quality of handwriting is 
also a case that can be investigated. The assessment of writing 
quality can be developed into research that creates learning 
aids for beginners to learn writing. The research topic of 
handwriting recognition has a wide variety of aspects that can 
be further explored, both in terms of methods and the focus of 
the cases discussed. Each case has its uniqueness with specific 
methods for its solution. Further development possibilities can 
also be pursued in line with hardware advancements that 
enable the application of deep learning to the topic of 
handwriting recognition. 
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