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 INTRODUCTION 

1.1. Chapter Overview 

The definition of Optical Character recognition (OCR), offline Handwriting 

Recognition (HWR) and Deep learning are provided in this chapter. It is followed by the 

challenges in offline handwriting and contributions of the thesis. Finally, an overview of 

the structure of the thesis is provided. 

1.1. Definition of Terms 

Optical Character Recognition (OCR) is conversion of scanned images of machine 

printed or handwritten text, numerals, letters, and symbols into a computer processable 

format such as ASCII without any human intervention. There are two types of OCR in 

terms of the input namely, online, and offline recognition. In online recognition, the 

characters are recognised as they are drawn. Furthermore, the order of strokes are 

available and successive points are represented as a function of time [1][2]. On the other 

hand, offline recognition is performed after the writing or printing has been completed. 

In other words, its input is an image or a scanned document [3]. As mentioned above, 

input to an OCR system could refer to handwritings or machine printed documents. 

Handwriting recognition (HWR), on the other hand only refers to recognition of offline 

or online handwritten images on character or script level. Therefore, HWR is more 

challenging compare to the recognition of typed characters since there is no standard form 

for individuals’ handwritings.  

An OCR system consists of several components. Fig. 1 shows the elements in a 

typical OCR system. As can be seen from the Fig. 1, firstly the document is scanned 

through an optical scanner. Secondly the crucial pre-processing phase is applied. Pre-

processing is critical for an OCR system since the outcomes of this step are going to be 

the input of the recogniser in the next step. Generally, in the pre-processing phase 

binarization, noise removal, normalization, segmentation, and feature extraction steps are 

performed. Finally, in the classification step, the recognition is performed. In addition to 

those steps, an extra post-processing phase could be adopted in which verification is 

performed in order to improve the performance.  
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Figure 1 Components of a typical OCR system 

The way people learn things is based on experience. The more the experience, the 

better the learning gets. Deep learning (DL) is a type of machine learning technique that 

uses experience based learning like humans do[4]. They learn patterns, features on large 

amount of data using a multi-layered neural network. The term “deep” derives from the 

depth and the complexity of hidden layers used in the network. Traditional neural 

networks usually have 2-3 hidden layers whereas deep networks generally consist of more 

complex and numerous layers as can be seen in the Fig. 2. The hidden layers extract key 

features using the output of the previous layer. The earlier features are usually more 

primitive like edges however having more hidden layers enables it to extract more 

complex and abstract representation of features[5]. Additionally, deep learning 

algorithms require a large set of data to provide desirable performance. Therefore, 

carrying out supervised or unsupervised learning tasks with deep networks generally 

require a big computational power.  

 

 

Figure 2 Neural Network and Deep Learning Diagram[5] 

Unlike traditional machine learning algorithms, deep learning does not require a 

separate feature extraction step. Instead, features are extracted within the network. In 

terms of OCR, an input to a deep learning algorithm is the raw image not a set of features 

as in traditional machine learning algorithms. Results of deep learning provided a 

tremendous improvement in processing images, video, speech, and audio as well as in 

healthcare and self-driving cars. 
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1.2. Challenges in Offline Handwriting Recognition 

Offline handwriting recognition is a task which is carried out after the handwriting 

has been performed. The time between the handwriting and recognition can be very short 

or it can be tens or hundreds of years as in the case of historical documents.  

Tappert defines five difficulty levels for handwritten characters (Fig. 3) which are 

namely boxed discrete characters, spaced discrete characters, run-on (touching or 

overlapping) discretely written characters, pure cursive handwriting, and mixed cursive 

and discrete characters[6]. Recognition of stage 1-boxed discretely written characters are 

considered the easiest to recognise and stage 5-mixed cursive and discrete characters are 

the most difficult.  

 

Figure 3 Five stages of handwritten word recognition problem [6] 

In real life, handwritings can be performed in various ways depending on the writer 

such as writing same characters in different ways, using different styles of handwritings, 

quality of the ink, overlapping characters and readability. Readability is an issue that is 

worth mentioning since it may be challenging to read certain handwritings for human 

beings. The real problem with handwritings occur when it is performed cursively and/or 

the letters are joined-up(overlapping)[7]. For example, a cursively written letter u and v 

after one other can easily be mistaken as the letter w. Therefore, recognition of such 

handwritings without knowing the context of the document can be an issue.  

The language of the handwriting is also an important factor determining the 

performance in HWR. In certain languages such as Hindi and Arabic, the characters are 

written in a way that is very difficult to segment. Additionally, high usage of diacritical 

marks also brings about a challenge in other languages. Availability of handwritten 

character, word and full text datasets in a language is also a defining factor for the 

recognition of that language. With advancements in machine learning especially deep 

learning algorithms, the need for large datasets has increased over the years. 
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Another challenge in HWR is the existence of multilingual documents. With 

globalisation, the number of multilingual documents is increasing and there is little study 

covering input. Advanced object detection-based systems started to offer good results on 

this domain. 

The last issue to mention derives from the quality of the images. In offline 

handwriting recognition, a scanner or a digital camera is usually used to digitalise the 

document. Low resolution pictures and pictures taken from awkward angles also make 

the recognition task more difficult. Additionally, the condition of the original document 

and the quality of the ink are also issues to consider especially in the case of historical 

documents. 

1.3. Main Contributions 

Two separate deep learning based offline handwritten character recognizer systems 

which could possibly be applied to several languages are proposed in this study. The 

major contributions are put forward below: 

i. A new CNN architecture for handwriting recognition 

A CNN architecture that outperforms other architectures on a multilingual 

handwritten character dataset was proposed. 

ii. Generation of a multilingual handwritten character dataset (T-H-E Dataset) 

A large dataset consisting of Turkish, Hungarian, and English handwritten 

characters was generated and published. 

iii. Augmentation of the dataset with synthetic characters 

Using Deep Convolutional Generative Adversarial Networks (DCGANs), synthetic 

characters based on the proposed dataset were generated and used for the recognizer 

system. 

iv. Handwriting recognizer system for Turkish, Hungarian, and English 

A segmentation-based handwriting recognition system for Turkish, Hungarian, and 

English handwritings was created using the proposed CNN architecture. 

v. Generation of a handwritten character dataset for Object Detection 

By systematically locating proposed characters in T-H-E Dataset onto a larger 

image (416×416) and tagging the location and label of the characters, a small 

dataset was proposed for training and testing Object Detection algorithms on such 

domain. 
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vi. YOLOv5 based handwritten text recognizer 

Adopting a brand new and popular object detection algorithm, YOLOv5s, a 

segmentation free handwriting recognizer was proposed. 

vii. Publications 

During the thesis studies, five conference proceedings and one journal article based 

on the research conducted on the thesis were published. The details of the 

publications can be found in the Appendix section. 

1.4. Organization of the Thesis 

This study consists of eight chapters. The first chapter includes the definition of 

terms, main challenges in offline HWR and contributions of the thesis. The second 

chapter presents the concept of handwriting and alphabets including a brief explanation 

of Turkish, Hungarian, and English alphabets. It is followed by an overview of a general 

HWR system. The steps in traditional machine learning based HWR and DL approach 

are explained separately in the chapter. The experiments carried out on different stages 

of HWR and their results are put forward in the third chapter. Additionally, the generation 

process of a CNN architecture and evaluation of it is also included in this chapter. 

The proposed multilingual dataset, T-H-E Dataset, is explained in the fourth 

chapter. In the fifth chapter, using DCGANs, the generation of synthetic characters based 

on the T-H-E Dataset is represented. A segmentation based multilingual handwriting 

recognition system based on the proposed CNN model is explained in the sixth chapter. 

In the seventh chapter, a segmentation free handwriting recognition system based on 

YOLOv5 is showed. The eight and the last chapter includes the conclusion and future 

works.  
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 LITERATURE REVIEW 

2.1. Chapter Overview 

The concept of handwriting and alphabets are explained in this chapter focusing on 

the properties of three alphabets namely Turkish, Hungarian, and English. It is followed 

with a detailed overview of offline handwriting recognition system. Additionally, a 

detailed explanation of deep learning and popular DL algorithms are also given in this 

chapter. 

2.1. The Concept of Handwriting and Alphabets 

Alphabet is defined as a group of symbols and characters representing the phonemic 

structure of a language[8]. The earliest findings of an alphabet dates back to 1500 BC 

used by Phoenicians. In the modern world, the commonly used alphabets include Arabic, 

Chinese, Cyrillic, Greek, Hebrew, and Latin alphabets. Sample words from those 

alphabets are shown in the Table 1 below. 

Table 1 Representation of Different Alphabets 

Alphabet The representation of the sentence “how are you” 

Arabic كيف حالك 

Chinese 你好嗎 

Cyrillic Как поживаешь 

Greek Πώς είσαι 

Hebrew מה שלומך 

In this thesis, mainly three alphabets are going to be mentioned namely the English, 

Hungarian and Turkish alphabet. All three alphabets are examples of Latin script 

alphabets meaning that they all use letters of Latin script. The characteristics of the above-

mentioned alphabets and handwritings are explained below. 

2.1.1. Properties of English Alphabet 

English alphabet consists of 26 letters and every letter has its lower- and upper-case 

representation which can be seen in the Fig. 4 below. 
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Figure 4 English Alphabet 

The 26 letters that comprise the English alphabet are used in the ISO basic Latin 

Alphabet which is a Latin script base alphabet used as an umbrella term in grouping Latin 

script base alphabets. 

The concept of English handwritten character recognition is a very well-studied 

area, and recognition rates are satisfactory. Therefore, in this study the recognition of 

these letters is going to form the base for comparison using English benchmark databases. 

2.1.2. Properties of Turkish Alphabet and Handwriting 

Turkish Language consists of 29 letters as shown in the Fig. 5 below. 23 letters in 

this alphabet are the same as ISO basic Latin script and the remaining 6 letters are 

additions with diacritical marks which are symbols below or above a letter. The additional 

characters of the language generate a challenge for recognition purpose such as removal 

of the diacritical marks at the noise removal phase. 

 

Figure 5 Turkish Alphabet 

In Turkey, there is not a standard for the type of handwriting however using cursive 

handwriting is encouraged at primary school. Therefore, some people use cursive 

handwritings and others choose not to. Based on that, a successful Turkish handwriting 

recognition system should be able to perform well on all 5 categories of handwriting 

defined by Tappert[6]. 
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2.1.2.1. Previous Studies on Turkish Handwriting Recognition 

The first studies on Turkish handwriting recognition dates to 2003. The first paper 

in 2003 was on handwritten uppercase letters by Çapar et al..The data set for the study 

was gathered from the students in Istanbul Technical University which consisted of about 

20000 uppercase and 7000 digit samples. For the feature selection many methods were 

used namely Karhunen-Loéve Transform (KLT), Zernike Moments, Angular Radial 

Transform (ART) and Geometric Features. As for classification Artificial Neural 

Networks, K-Nearest Neighbour, Nearest Mean, Bayes, Parzen and Size Dependent 

Negative Log-Likelihood (SDNLL) methods were employed. The results offered that 

KLT and ART classified by SDNLL gives the best result by 93,3 % for Turkish characters 

in their experiments [9]. In 2003, Yanıkoğlu and Kholmatov presented a study on Turkish 

handwriting recognition based on a lexicon-based recognition approach and a Turkish 

prefix recognizer. The performance of the system ranged from 53% to 57% depending on 

the writing type for the lexicon-based approach and between 38% to 41% for the parser-

based approach. The performance was not surprising for the authors since the OCR engine 

was not trained with Turkish characters [10].  

In 2004, Vural et al. proposed the online handwriting recognition for Turkish. In 

order to create the data set, they used a tablet PC interface. Hidden Markov Models 

(HMM) were adopted to train letter and word models. The proposed model performed 

94% in recognizing handwritten words from a 1000-word lexicon [11]. This study is 

different from the others since it focuses on online handwriting recognition for Turkish 

where all the others focus on offline recognition. In 2006, Şekerci and Kandemir put 

forward another study for Turkish handwriting recognition. They collected the data from 

172 people with 29 lowercase and 29 uppercase letters per person. Total of 9976 print 

characters (nun cursive) were collected. K-n neighbour method was used for classification 

and a dictionary was used for verification. The results showed that the system performed 

100% on print letters [12]. Later in 2007, Şekerci wrote his master thesis on recognising 

connected and slant handwritten Turkish texts. Dataset was collected from 172 persons. 

Each person provided 29 uppercase, 29 lowercase characters and 10 digits. In total, 

11696-character examples were gathered. In order to detect satire horizontal histogram 

graphic was adopted for satire finding and vertical histogram graphic was used for 

character finding. Later for character recognition, correlation algorithm was employed, 
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and K-n neighbour method was used for classification of the letters. The experiments 

resulted in 93% performance of digits, 90,4% for uppercase letters and 91,2% for 

lowercase letters [13]. Aydemir et al. developed two different Ottoman and Turkish 

handwritten recognition systems using Hidden Markov Model (HMM) and Recurrent 

Neural Network (RNN) in 2014. Many different data sets were applied namely IFN/ENIT 

dataset, which is created for Arabic language, is used because of the similarity between 

Ottoman and Arabic, IAM dataset is used which consists of Latin characters. 

Additionally, Civil Registration and Nationality (CRN) dataset was also adopted. 

Comparing the results of both system, the system using the RNN provided %8 higher 

accuracy rate then system using HMM [14]. 

2.1.3. Properties of Hungarian Alphabet and Handwriting 

Hungarian Language consists of 44 letters (Fig. 6). All 26 letters from ISO basic 

Latin script are included in Hungarian alphabet and additionally 9 others have diacritical 

marks. The remaining 8 letters are examples of diagraphs such as “sz”, “ty” and 1 trigraph 

“dzs”. These characters of the language generate a challenge for recognition purpose such 

as removal of the diacritical marks at the noise removal phase. Another challenge in 

recognising Hungarian handwriting is that in Hungary there is a tradition of using cursive 

scripts. Cursive character of the handwriting brings about the challenge to the 

segmentation phase. Therefore, Hungarian Handwriting recognition is challenging 

compare to other Latin handwritten scripts. In addition to the challenges brought about 

with the way of writing, the lack of the studies conducted for Hungarian character 

recognition is another one. By the time this work was carried out, no studies conducted 

in English language in the field could be found apart from the ones carried out by the 

research group of the author of the thesis.  

  
Figure 6 Hungarian Alphabet 
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2.2. Offline Handwritten Character Recognition 

OCR refers to the recognition of characters which can be machine printed, or 

handwritten. Additionally, handwriting recognition also refers to two types of 

handwritings namely online and offline. Online handwriting recognition is carried out 

during the writing process generally on a tablet or using a special pen[15]. The recognition 

is performed after the writing process has been completed in offline handwriting 

recognition[16]. 

In traditional machine learning techniques, a handwritten document is firstly 

digitalized and then pre-processed to make it ready for feature extraction. Then, feature 

extraction is applied to get the distinctive features of the image. Finally, the image is 

classified based on the feature vector provided by feature extraction step. There can be an 

additional step in between feature extraction and classification called, feature selection 

which is applied to determine the most distinct features and eliminate the ones that do not 

have such value. In terms of classification, Support Vector Machines (SVM), Multilayer 

Perceptron (MLP) and Hidden Markov Models (HMM) are amongst popular 

classifiers[17]–[19]. 

In terms of deep learning algorithms, the digitalized document is process directly 

without a separate feature extraction phase. The deep network, extracts features and 

performs classification. 

In this section, components of a traditional machine learning based, and deep 

learning based offline handwriting recognition systems are explained separately 

alongside with earlier works on offline handwriting recognition. 

2.2.1. Optical Scanning 

The first step of an offline OCR system is digitalizing of the physical documents. 

Optical scanners and digital cameras are commonly used to perform the conversion of the 

documents into a digital form. The quality of the scanning or the captured image plays a 

key role in the performance of the recognition since the result of this phase makes up the 

input for the other steps. Depending on the quality of the scanner, scanning process 

usually generates a more quality representation of the image for an OCR than capturing 

the image with a digital camera. 
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2.2.2. Pre-processing 

Handwritten documents can be presented in several ways for example a historical 

handwritten paper can be found on a very large paper with a special ink and an exam 

paper of a student is usually written on an A4 sized white paper written with a pen. In 

order to create a standard way to represent different inputs, pre-processing techniques are 

adopted. In other words, raw data better be pre-processed to make it more suitable and, 

in some cases, applicable to an HWR system. This process establishes the path between 

handwriting and recognition. The pre-processing for offline handwriting recognition 

consists of many steps which usually include binarization, noise removal, normalisation, 

skew correction, slant removal and segmentation. According to different needs, different 

steps may be included or excluded.  

2.2.3. Binarization (Thresholding) 

Image binarization is used in order to convert a coloured or grayscale handwritten 

image into a binary image in which the image is only represented with black and white 

colours (black pixel value=0 and white pixel value=1). This process helps to reduce the 

size of the image and therefore speed the image processing up. In order to determine the 

colour of the pixel in binarization, a threshold value is used. The pixel values greater than 

the threshold is set as a white pixel and the rest are set as black. Two types of thresholding 

methods namely global and local (adaptive) thresholds are used in OCR systems [20]. In 

global thresholding, one threshold is used for the entire document. It is ideal for images 

with a bimodal histogram, minimal noise and not having a small object area. There are 

several techniques in the literature for picking the optimal global threshold for example 

Otsu’s thresholding technique is amongst the most popular ones [21]. On the other hand, 

local thresholding uses different threshold values for each pixel according to the local 

area information [22]. 

2.2.4. Skew Correction and Slant Removal 

When it comes to handwriting recognition, it is crucial to take into different 

handwriting styles into consideration. Performing handwritten texts with various skew 

and slant are amongst the most common ones. Skew correction is used when the document 

needs to be aligned with the coordinate system as can be seen in the Fig. 2. Inaccuracies 

in the scanning process and the style of handwriting may result in tilted or curved lines 
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within the image. Most popular approaches for skew correction includes correlation, 

projection and Hough transform [23], [24].  

Slant refers to the tilt of the handwriting in the vertical axis as can be seen in the 

Fig. 7 Slant of handwritten texts varies from person to person (no slant, right slant, or left 

slant). Several methods are proposed for slant removal purpose. Examples of popular 

techniques are projection, calculation of the average angle of near-vertical elements, 

projection and Bozinovic- Shriari Method (BSM) [25], [26]. 

 

Figure 7 a) Skew and b) Slant 

2.2.5. Noise Removal 

The quality of the document is improved by using noise reduction methods such 

as filtering and morphological operations (erosion, dilation etc.). Normalization also 

provides a tremendous reduction in data size by thinning and extracts the shape 

information of the characters [24], [27]. 

Most popular techniques for noise removal include filtering and morphological 

operations. Filters are usually aimed at smoothing, sharpening, thresholding, removing 

background and adjusting contrast [28]. Commonly used filters for noise removal include 

linear filtering, median filter, adapting filtering and averaging filter. As for the 

morphological operations, they replace the convolution operation by the logical 

operations. There are numerous morphological operations designed for noise removal 

such as thickening and thinning the characters; connecting the broken strokes and 

decomposing the connected strokes[25], [28]. 

2.2.6. Segmentation 

Segmentation phase is used to determine the regions of the texts on the document 

which are going to be recognised in the following steps. It is necessary to identify the 

region of the handwritings on a document from figures and graphics[29]. This is a crucial 

step for character recognition considering that the success of the recognition highly 

depends on a successfully segmented image[30], [31]. Depending on the recognition level 

(character level or script level) and the algorithm used for the recognition, segmentation 
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can include various steps such as line segmentation, word segmentation, character 

segmentation. Correlatively, based on the algorithm, the number of segmentation types 

applied might also differ. For instance, in full text recognition line segmentation is 

generally adopted and in another case in which words are segmented using bounding 

boxes, line segmentation step can be skipped.  

In terms of handwriting recognition, the document is usually divided into lines, 

then into words. Having the words segmented, there are two approaches to the 

segmentation namely holistic approaches and analytical approaches as can be seen in the 

Fig. 8 Holistic approaches (segmentation free) refer to the recognition of the words as a 

whole using a lexicon without further segmenting them. Analytical approaches can be 

categorised into two sections namely implicit and explicit segmentation.  

 

Figure 8 Categorization of Segmentation Techniques 

Implicit Segmentation: Segmentation of the characters and recognition are carried 

out at the same time in this approach[31], [32].  

Explicit Segmentation: This approach is the classical approach in which a word is 

divided into characters and then individual characters are recognised. Therefore, the 

performance of the explicit segmentation plays a key role in recognition[33]. 

2.2.7. Size Normalization 

The image size of the input plays an important role in the performance of the 

recognition. The need for size normalisation derives from several reasons such as 

variation of handwritten characters and paper size. Extracting key features can be applied 

more accurately if there is a fixed size in the input image even in the case of the advanced 

deep learning-based systems.  
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2.3. Components of Traditional Machine Learning Based Handwriting 

Recognition 

Different from DL, in traditional machine learning the features should be harvested 

manually using different techniques. Subsequently, a classifier is used to perform the 

recognition. In this section, popular feature extraction, feature selection and classification 

methods are explained. 

2.3.1. Feature Extraction 

In the feature extraction phase, significant features of a character are extracted. 

The result of the classification is directly affected by the features extracted since the 

feature vectors are going to be the input for the classifier. Therefore, it is crucial to extract 

the key features. Depending on the classifier, the features can be extracted manually and 

fed into the classifier such as Hidden Markov Model (HMM) or Support Vector Machines 

(SVM) or as in deep learning applications, the features can be extracted automatically 

while training the network.  

Several feature extraction methods have been proposed for character recognition 

purpose in the literature. It is possible to group those into three categories namely 

distribution of points, structural analysis and transformations and series expansions. 

2.3.1.1. Distribution of Points: 

In this category, features are extracted based on the statistical distribution of 

points. These features are usually tolerant to distortions and style variations[34]. Key 

feature extraction methods in this category are explained below. 

Projection Profiles:  

Profiles refer to the distance from the border of the image until the next white 

pixel. As can be seen in the Fig. 4 below, different profiles can be used as feature vectors 

such as left, right, top, and bottom profiles. 
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Figure 9 Right, left, top and bottom profiles of a character 

As can be seen in the Fig. 9, it is crucial to apply normalization to the images before 

extracting features otherwise it would be difficult to extract meaningful features from the 

images. 

Extremas of the character image:  

It returns the x and y coordinates of the 8 extremas of the image namely top-left, 

top-right, right-top, right-bottom, bottom-right, bottom-left, left-bottom and left-top as 

can be seen in Fig. 10. 

 

Figure 10 Extremas 

Similarly to the previous method, it can be seen that normalization of the images 

before feature extraction is essential. 

Centre of gravity: 

It refers to the (x, y) values of the centre of gravity of the character image. In 

addition to those, the distance between the bottom of the character and the y coordinate 

of the centre of gravity and the distance from the left end of the character and x coordinate 

of the centre of gravity are also used as feature vectors. 

Density:  
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The colour density of the character image is used as the feature vector. 

Area:  

It represents the actual number of pixels in the region, returned as a scalar. 

The proportion of width and length:  

It is the result of dividing the width of the character into the length of the character. 

Number of regional minimas and maximas:  

After applying horizontal and vertical projections, the number of regional maximas 

and regional minimas for both vertical and horizontal projection are used as features. 

2.3.1.2. Structural analysis 

This type of features represents the geometric and topological structures of a 

character. The most common types include endpoints, loops and strokes[29][35]. It is 

worth mentioning that these types of features are highly affected by any noise in the input 

data. As can be seen in the Table 2, any noise in the character image would cause a change 

in the feature vector thus a noise free input is crucial for the recognition. 

Table 2 An example feature-set of noise free character image and a noisy character image 

Character image #endpoints #connected components #isolated small areas 

 
4 2 2 

 5 3 3 

No of endpoints:  

It represents the number of pixels having only 1 connected neighbour in an 8 

connected image. 

No of branch points:  

It represents the number of pixels having at least 3 neighbours that are 1s in an 8 

connected image. An example of endpoint, branchpoint and loop is given in the Fig. 11 

below. 
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Figure 11 a) endpoint, b) branch point, c) loop 

Euler number:  

The Euler number represents the total number of objects in the image minus the 

total number of holes in those objects. 

Number of loops:  

The vector represents the number of holes in the image. 

Number of small components:  

The feature vector represents the number of isolated areas with the area smaller than 

7 in the character image.  

Sum of the area of small components:  

It represents the sum of all small components with less than 7-pixel area (the 

number depends on the image size).  

No of connected components:  

It represents the number of connected components in the image.  

2.3.1.3. Transformations and series expansions: 

Unlike the other two type of techniques, this type of features is not affected by the 

deformations such as size and rotation since the features are represented as a continuous 

signal[29]. Several transformations and expansions are used for this purpose and the most 

popular ones are explained below. 

Fourier Transforms:  

The Fourier transform relates a signal sampled in time or space to the same signal 

sampled in frequency. Fourier analysis breaks down a signal into its frequency 

components. The reason behind is that a simpler signal representation as trigonometric 
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sine and cosine is more favourable than the original complex signal[36]. In handwriting 

recognition, it is generally used to calculate the contour of a character. In more detail, the 

first n coefficients of the transform can represent the contour and those can also be taken 

as the n-dimensional feature vector that represents the character. The more the number of 

coefficients is, the more details are represented[37]. 

Hough Transform:  

In image processing applications, Hough transform is widely adopted for line and 

curve detection purposes[38]. Similarly, in handwriting recognition, it is used to extract 

base lines, curves, and circles in characters. The main principle of it is to find out a 

mapping between an image space and a parameter space. 

Gabor Transform: 

In Gabor transform is a window defined by a Gaussian function is used instead of 

the discrete size window in windowed Fourier Transform[39]. 

Wavelets: 

The logic behind the Wavelets is very similar to Fourier transformation, the 

difference being the extra representations of the signal at different levels of 

resolution[40].  

2.3.2. Feature Selection 

The most distinctive features for classification are selected in the feature selection 

step. This is done by eliminating the irrelevant or noisy features from the feature set thus 

decreasing the number of features to be processed in the next step. It should be noted that, 

no relevant feature that would negatively affect the classification performance should be 

deleted in this step. The main goal in this step is reducing overfitting and training time 

and increasing the classification performance. Therefore, it can be beneficial to adopt this 

step after feature selection.  

There are two types of feature selection methods namely wrapper and filter method. 

Filter method is used independently from the classification method and can be selected 

once and applied to different classifiers. However, wrapper method finds the distinctive 

features for a specific classifier. Therefore, wrapper model usually generates a more 

relative feature subset but they are more expensive in terms of time and computational 



 

19 
 

complexity than filter methods especially on large feature sets[41]. Additionally, wrapper 

method requires recalculation for each classifier unlike the filter method. Popular wrapper 

methods include Sequential Forward Selection and Genetic Algorithms. Correlation 

Based Feature Selection and Information Gain are amongst well-accepted filter methods. 

2.3.3. Classification 

Performance of a recognition system highly depends upon the classifier. The output 

of earlier stages serves the recognition stage therefore it is key to have a suitable classifier 

which can work efficiently on the provided feature set. Popular classifiers are explained 

below. 

Multilayer Perceptron 

The multilayer perceptron is a feedforward artificial neural network consisting of 

at least three layers namely, input, output and hidden layer which can be seen in the Fig. 

12 below [42]. The input layer contains the inputs features of the network. The first hidden 

layer receives the weighted inputs from the input layer and sends data from the previous 

layer to the next one. Finally, the output layer presents the classification.  

An MLP consisting of one hidden layer is a shallow network however having more 

hidden layers, it is one of the most traditional types of deep learning architectures having 

every element of a previous layer connected to every element of the next layer. In the 

next section, a detailed explanation of deep learning is going to be provided. In offline 

HWR domain, application of the multilayer perceptron (MLP) ensures high recognition 

accuracy when performing a robust training[19], [42]–[47]. 
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Figure 12 Basic Architecture of a Multilayer Perceptron Neural Network[48] 

Support Vector Machines: SVM classifier carries out the classification by 

mapping all the input data to a value in a higher dimensional space. The data is classified 

by coming up with an optimum N-dimensional hyper plane which separates data into 

positive and negative examples[5]. Common applications of SVMs include text 

categorization, face detection and image classification[49]–[52]. Additionally, SVMs 

have successfully been used in recognizing handwritten characters as a single classifier 

[53]–[55] and in hybrid systems[56]–[58]. 

Rough Sets Theory: Rough Sets is a mathematical tool which deals with 

uncertainty and vagueness [6]. The idea is based on the assumption that with every object 

of the universe of discourse, it is possible to associate some information. Objects 

characterized by the same information are indiscernible in view of the available 

information about them. The indiscernibility relation generated in this way forms the 

mathematical basis of the theory. The rough sets theory provides a technique of reasoning 

from imprecise data, discovering relationships in data and generating decision rules [7]. 

Not requiring any preliminary or additional information about data like probability 

distributions in statistics is rough sets theory’s main strength [8]. Hybrid applications of 

RST in offline HWR can be found[59]–[62]. 

Bayesian Networks: Bayesian classifiers are the statistical classifiers based on 

Bayes Theorem. They are able to predict class membership probabilities such as the 

probability that a given tuple belongs to a particular class[9]. Bayesian networks are a 

model representing uncertain knowledge about a complex phenomenon and allowing real 
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reasoning from data. They effectively represent a domain of knowledge, as a causal graph, 

permitting learning the dependency relationships that can help us make decisions and 

manage all incomplete data[10]. Bayesian Networks works especially well on offline 

HWR in which the characters are segmented [63], [64]. 

2.4. Deep Learning 

In this section a general description of deep learning is provided followed by a brief 

history of the field. Then, DL architectures are represented with their application fields.  

2.4.1. Definition 

Deep learning is subtopic of machine learning that is capable of performing both 

supervised and unsupervised learning using a similar structure of human brain as it is self-

teaching and learns by filtering information through multiple hidden layers [65]. DL is 

made of multiple processing layers in order to learn representations of data with multiple 

levels of abstraction [4]. It is based on a hierarchically layered system in which each layer 

of nodes is responsible for extracting distinct features using the previous layers output. 

The further you go with the layers; the more advanced features can be extracted. 

Applications of deep learning includes speech recognition, Natural Language Processing 

(NLP), image and video processing [66], [67]. While it is not necessarily new, deep 

learning has recently seen a surge in popularity as the computational power of machines 

have increased in the past years thus making it possible to work on large input data and 

execute such calculations in relatively short time. 

2.4.2. A Brief History of Deep Learning 

The studies can be linked to deep learning dates back to 1943. Pitts and McCulloch 

put forward a computer model based on the neural networks of the human brain 

“threshold logic” to mimic the thought process[68][69]. Later, at the beginning of the 

1960s Kelly came up with a simple continuous Back Propagation Model[70]. Then it was 

followed by Bellman and Dreyfus in 1962, developing a simpler version based only on 

the chain rule[71]. In 1965, an early deep learning algorithm was proposed by Ivanhnenko 

and Lapa in 1965 [72]. They used models with polynomial (complicated equations) 

activation functions, that were then analysed statistically. From each layer, the best 

statistically chosen features were then forwarded on to the next layer[73], [74].  
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In 1979, Fukushima developed the first convolutional neural networks that which 

was a hierarchical, multi-layered artificial neural network (ANN) [75]. Not much later, 

Linnainmaa, a master student in Finland, wrote a code for backpropagation however it 

was not applied until mid-80s [76].  

Support vector machine (SVM) was put forward by Cortes &Vapnik in 1995 [77]. 

[78]. Two years later in 1997, another popular deep learning algorithm, LSTM (long 

short-term memory) for recurrent neural networks was developed by Hochreiter and 

Schmidhuber [79]. By the end of the 1990s, developments in processing power of 

computers and GPUs led to an increase in the adaptation of deep learning algorithms that 

could be comparable with the adaptation of SVM in the field. In 2006, Deep Belief 

Networks (DBN) was introduced by Hinton et al. Two years later in 2009, Deep Boltzman 

Machines (DBMs) were introduced by Salakhutdinov & Hinton [80]. In 2010, 2011 and 

2012 Cireşan et al. carried out several experiments using deep learning for handwritten 

character recognition on MNIST and NIST databases [19], [81]–[84]. In order to 

overcome overfitting in the set, a dropout method was introduced by Hinton et al. in 2012 

[85]. The method was widely used not only because of its good performance but also 

because of its simplicity of implementation [73].  

Deep learning today is commonly used in almost every field of life such as 

advertising, military, and medicine. Some of the popular applications include self-driving 

vehicles, social media (for example automatic friend tagging on Facebook) and Google 

Translate. Especially for the past 6 years, universities and large companies organised deep 

learning research groups and labs that can be seen in the Table 3 below.  

Table 3 Popular Deep Learning Research Groups/ Labs 

Research Group/ Lab Field 

Google Research/ Google Deepmind NLP, IP 

Facebook Fair NLP, CV 

Twitter Cortex NLP, IP, CV 

Microsoft DLTC NLP, CV 

In addition to above mentioned companies several prestigious universities such as 

University of Toronto, New York University, Stanford University, and Oxford University 

also have DL Research Groups. 
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There are several factors that led deep learning to such success today. Some of the 

factors that had an affect this success are presented below [86]: 

• Emerging of high-quality labelled datasets, 

• Parallel computing with GPUs, 

• Variety in the available software platforms such as Tensorflow (Google Brain), 

Caffe 2 (by Berkeley Vision and Learning Center), CNTK (by Microsoft 

Research) and Theano (by University of Montreal), 

• New regularization techniques resulting in less overfitting such as dropout, batch 

normalization, and data-augmentation.  

2.4.3. Deep Learning Algorithms 

In this section commonly used deep learning architectures such as Deep Boltzmann 

Machines and Deep Auto Encoders and their applications are briefly presented alongside 

with an in-depth explanation of Convolutional Neural Networks.  

Convolution Neural Networks (CNNs): A classic CNN architecture consists of 

an input layer, an output layer and hidden layers. An input can be a 1D signal, 2D image 

or 3D video. Thereafter, the input goes through a serious of hierarchical layers including 

convolutional layers, pooling layers in order to extract distinct features in the input. 

Finally, extracted features form the input layer of a Fully Connected multilayer 

perceptron (MLP) at the very end of the architecture for recognition. A brief CNN 

architecture can be seen in Fig. 13 below. 

 

Figure 13 Convolutional Neural Network Architecture [87] 

As can be seen from the Fig. 13 above, there can be several layers for feature 

learning purpose and output from one layer becomes the input for another. Based on this 

hierarchy, the further layers tent to produce higher level features. Three most common 

types of layers are namely convolutional layer, activation layer (ReLU-Rectified Linear 
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Unit) and pooling layer. Depending on the nature of the input, these layers can be applied 

in different numbers and sizes. However, it is notable that the greater the number of 

layers, the more difficult the calculations become. 

Convolution Layer: In this layer, a convolution filter is applied to the input matrix 

to generate feature maps as can be seen in Fig. 14. The size of the filter is pre-determined 

according to the input matrix. For example, for a 32×32 matrix the first layer usually 

consists of a 5×5 filter. For larger sized inputs, filters that are 12×12 can also be 

found[88]. 

 

Figure 14 Convolution Filter [89] 

Activation Layer (ReLU): ReLU operation replaces all negative pixel values in the 

feature map by zero [90]. Thus, it allows faster and more effective training. 

Pooling Layer: Pooling layer aims at reducing the size of the feature maps for the 

next convolution layer generally by applying a sum, avg or max filter to the feature map 

as can be seen in Fig. 15. However, the reduction does not necessarily result in data loss, 

but eliminates the least significant data resulting in easier computation in the upcoming 

layers[90][91]. The operation performed by this layer is also called subsampling or 

downsampling. 

 

Figure 15 A 2×2 Max Pooling Layer with Stride of 2 [92] 
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Applications of CNN are mostly focused in the field of Natural Language 

Processing (NLP) and image/ video processing.  

Recurrent neural networks (RNNs): 

In neural networks, all the inputs are independent from outputs. However, in RNNs 

the output from previous step is the input to the current step which solves issues in cases 

like when it is required to predict the next word of a sentence. Proposal of RNNs solved 

this issue with the help of a Hidden Layer [73].  

This type of networks is more successful with sequential data such as speech 

recognition, music generation and DNA sequence analysis [93]–[95]. 

Long Short-Term Memory (LSTM): 

An LSTM network is a type of recurrent neural networks (RNNs) [79]. An LSTM 

network for sequential data classification consists of a sequence input layer, an LSTM 

layer, a fully connected layer, a softmax layer, and a classification output layer. 

LSTMs have high performance on learning, processing, and classifying sequential 

data. Common areas of application include sentiment analysis, NLP, speech and text 

recognition. 

Restricted Boltzmann Machines (RBMs): 

RBM are created based on BMs with some restrictions added onto it, therefore 

making it simpler. Its architecture consists of visible and hidden graphs that have a 

symmetrical connection different that the BMs by removal of the connections between 

hidden units, and the connections between visible units shown in Fig. 16 [66], [73], [80].  

 

Figure 16 Representation of Restricted Boltzman Machines [73] 

Their applications include dimensionality reduction, regression, classification, and 

feature learning. 
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Deep Boltzmann Machines (DBMs): 

DBMs are formed by stacking RBMs together as can be seen in Fig. 8(b) below 

[80]. Similarly to the RBMs, DBMs also consists of visible and hidden graphs that have 

symmetrical connections. In a DBM, all connections are undirected between different 

layers.  

Deep Belief Networks (DBNs): 

Deep Belief Networks was proposed by Hinton et al. presenting that that DBMs can 

be trained in a stacked greedy manner [78]. Similar to the DBN architecture, every layer 

in DBNs is connected to the next and the previous layers. However, there is no vertical 

commination between nodes as can be seen in Fig. 17(a). Although DBN is referred as a 

stacked RBM, the architecture consists of one-layer RBM with extended layers devoted 

to generating patterns of data rather than putting one RBM on the top of another. 

Similarly, to the last layer of CNNs, the last layer for a supervised learning is usually 

softmax layer or clustering for unsupervised learning. DBN are vastly used in large scale 

image recognition and image production.  

 

 (a) (b) 

Figure 17 Representation of (a) Deep Belief Network and (b) Deep Boltzmann Machine [66] 

The difference between DBNs and DBMs can be seen in the Fig. 17 above. The top 

two layers of a DBN and DBM form an undirected graph however unlike undirected 

connections in all layers in DBM, in DBN the remaining layers form a belief network 

with directed, top-down connections. The undirected form of DBMs results in better 

learning performance on complex patterns compare to DBNs. 

Deep Auto Encoders (DEAs) (Variational Autoencoders (VAEs)): 
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Deep Autoencoders are deep neural networks having the same number of neurons 

in the input and at the output layer as can be seen in Fig. 18 below.  

 

Figure 18 Representation of Deep Autoencoders[96] 

As can be seen in the figure above, the layers of DEAs are RBMs. The encoder part 

of the architecture works as a dimensionality reducer by compressing the input data by 

making sure that significant data is not lost but the size of the data is reduced largely. The 

decoder part reproduces the uncompressed version of the data. Common uses of the 

network include NLP and image/ video processing. 

 EXPERIMENTS 

3.1. Chapter Overview 

In this section, experiments carried out to the evaluate above mentioned pre-

processing methods are represented. In addition to that, steps for finding a suitable CNN 

architecture for handwritten character recognition is also included in this chapter. 

3.2. Experiments on Binarization 

To carry out the experiment, handwritten pages were scanned in 600 DPI and saved 

in .png file format. Subsequently, the images were binarized using two different global 

thresholding methods. Firstly, the threshold value was given manually by looking at the 

histogram of the image. Then, Otsu’s Global Thresholding was adopted using imbinarize 

function provided by MATLAB 9.3 environment [21], [97].  
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(a)  (b) (c)  
Figure 19 Global Thresholding Applied to the Image: (a) original image, (b) manual thresholding, (c) 

Otsu's Thresholding 

As can be seen from the Fig. 19, Otsu’s thresholding resulted in sharper images 

compare to manual thresholding. 

3.3. Experiments Regarding Segmentation 

This experiment adopts explicit segmentation and performs line, word, and 

character segmentation, respectively. 

3.3.1. Line Segmentation 

In this experiment, in order to perform line segmentation different methods have 

been applied such as smearing, Hough Transform (HT), Watershed Transform (WT) and 

Horizontal Projection. WT did not perform well since it tried to segment not only lines 

but also words and individual characters at the same time. The image is segmented into 

many regions which are not necessarily meaningful. In order to overcome this, WT was 

applied to a smeared image in which regions are more apparent. In order to perform the 

smoothing with smearing, run length smoothing algorithm was applied to the image. This 

algorithm smears consecutive white pixels along the horizontal direction [98]. WT was 

tried on different smearing levels. However, the results were not satisfactory to be adopted 

in our system. The results of the WT can be seen in the Fig. 20.  

(a)  (b)  

(c)  (d)  
Figure 20 Segmentation with Watershed Transform: (a) original image, (b) segmentation of the original 

image with watershed transform, (c) smeared image, (d) segmentation of smeared original image with 

watershed transform 
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As another widespread method for several years, HT was applied to the image in 

order to find and then segment the lines [38], [99]. In contrary to WT, HT performed well 

for handwritings. The results can be seen in Fig. 21. The green lines show the detected 

lines. 

 
Figure 21 Line Detection with Hough Transform 

Finally, Horizontal Histogram Projection was adopted for Turkish Handwriting 

Recognition purpose. This method is generally used for character, word and line 

segmentation [100]–[102]. Horizontal Projection provides the histogram of the sum of 

the black or white pixels. It can be seen from the Fig. 22, the histograms clearly indicate 

where a line ends and another one starts in both images.   

(a)   

(b)   
Figure 22 Horizontal Histogram Projection of the Images: (a) projection of the original image, (b) 

projection of the smoothened image 

A threshold value can be used separate the lines. However, any set threshold value 

might lead to cutting the tails of the words since there are overlaps between the lines 

caused by the tails of the letters. Instead, a very effective and simple method was adopted. 

As can be seen from the Fig. 23, after smoothing the histogram, finding the regional 

minima gives a great result for segmentation. The first histogram (a) is the histogram of 

the number of white pixels in each row and the second histogram (b) is the smoothened 

histogram a, by using ‘smooth’ operator. The last one (c) is the histogram of the regional 

minimas. In MATLAB, ‘imregionalmin’ sets the regional minimas into 1 where and the 
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rest into 0. This provides a straightforward way for finding the pixel where the lines 

should be separated. 

(a) (b) (c)  

Figure 23 Histograms of the lines: (a) histogram of the number of white pixels, (b) smoothened 

Histogram (a), (c) histogram of regional minimas 

3.3.2. Word Segmentation 

Similarly to the line segmentation, a vertical projection method can be applied for 

word segmentation. As can be seen from the Fig. 24, vertical projection of an ordinary 

line has zero-pixel count at gaps between the words and within the words. In other words, 

any section of the line where there is not ink would be zero pixels at the vertical 

projection.  

 

 

Figure 24 Vertical Projection of a Line 

Gaps between the letters may also give zero-pixel count at vertical projection. In 

order to overcome the challenge, the length of the consecutive zero pixels were taken into 

consideration. For this purpose, mean of five smallest consecutive zero counts were set 

as the threshold. As an alternative threshold, a set 7 pixels also gave very similar result. 

Subsequently to this process, the words were segmented. A point worth mentioning is by 

segmenting the words this way; diacritical marks and parenthesis are also segmented. 

However, elimination of those at this stage would be more convenient than trying to 

eliminate those at the recognition phase. Therefore, another threshold was adopted in 

order to ignore segments including the diacritical marks which are smaller than the 

threshold. An example histogram of a line containing diacritical marks can be seen in Fig. 

25.  
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Figure 25 An example showing the histogram of an image with diacritical marks 

3.3.3. Character Segmentation 

Several methods for character segmentation have been adopted over years. It is 

possible to group those into two categories as explicit segmentation and implicit 

segmentation [33]. Explicit Segmentation refers to partition of the word into individual 

characters. Then, the recognition is performed according to the results of segmentation. 

Therefore, the accuracy of the segmentation is very important for a successful 

recognition. Implicit Segmentation on the other hand tries to match any input over the 

image with its alphabet. It basically searches all possible locations across the whole word 

signal [103]. The recognition is performed at the same time with segmentation.  

     

(a) (b)  
Figure 26 Vertical projection of two words (a), (b) 

In our work, explicit segmentation was adopted. Vertical Projection of the words 

was calculated, and the individual characters were segmented according to the low pixel 

count at the point. However, when it comes to letters, a low number of pixels at a certain 

vertical line do not necessarily indicate a connection between letters. As can be seen from 

Fig. 26 and 27, it may also be the letter itself.  

 

 

Figure 27 Vertical projection of a Word 

In order to distinguish between letters and the connecting lines, another measure 

was adopted before segmenting according to the threshold. The threshold is the centre 

line which is acquired by the horizontal projection of the word. And the line containing 

the highest pixel run is considered as the centre line [20]. If the pixel count is below 

threshold at a certain vertical line, then location of the white pixels is checked. If they 
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belong to the upper part of the image, then there is no segmentation. On the other hand, 

if the white pixels are below or over the centre line then the segmentation is performed. 

This way, letters having low pixel count at their top are segmented correctly (h, m, n, r, 

t). Another addition to the algorithm is about the very last pixels. The algorithm ignores 

the low number of pixels in the very end of the image, in order to avoid segmentation of 

the ends of the letters into several pieces. 

3.3.4. Evaluation of the Segmentation 

Segmentation accuracy indicates how precise the prediction of the segmented image is. 

However, accuracy alone cannot be relied on in judging the performance of the given 

segmentation [104]. That is where the application of a confusion matrix can help. By 

setting the predicted segmentation against the true segmentation, not only the overall loss 

can be calculated, but the cost of different types of segmentation errors are also revealed 

by each cell of the matrix [105]. Table 4 shows the confusion matrix. In the table below, 

'a' is the number of correct negative predictions, and 'b' shows the number of incorrect 

positive predictions, while in the following row 'c' is the number of incorrect negative 

predictions, and 'd' indicates the number of correct positive predictions [106].  

Table 4 Confusion Matrix 

 
Predicted 

Negative Positive 

Actual 
Negative a b 

Positive c d 

 

Four measures for evaluation were adopted namely accuracy, precision, recall and 

f measure. Table 5 represents those results of the line segmentation, word segmentation 

and character segmentation methods adopted. Line segmentation method worked very 

well with the data set. The accuracy for line segmentation is 96% for projection of 

histogram method. As can be seen in the Table 5, HT and WT did not perform as well as 

the projection of histogram method.  

Table 5 Results 

 Line Word Character 

Method Projection of Histogram HT WT Projection of Histogram Projection of Histogram 
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Accuracy 

(%) 
96 79 38 94 82 

Precision 0,96 0,85 0,43 0,98 0,85 

Recall 1 0,91 0,55 0,96 0,95 

F-measure 0,98 0,88 0,55 0,97 0,89 

 

In case of word segmentation, the accuracy was 94%. Words written very close to 

each other created the biggest miss-segmented words group. This challenge usually 

comes with cursive handwriting. Finally, character segmentation phase was completed, 

and the accuracy rate was only 82%. The method adopted did not perform very well on 

cursive handwritings. However, after modification certain difficulties were overcome. 

Segmentation of individual characters in cursive script is still problematic when it comes 

to real life documents with low quality.  

3.4. Experiments on Feature Extraction and Classification Methods 

In order to find the most suitable feature extraction methods for the study, the set 

of feature vectors are fed to the classifiers and the accuracy values of the classifications 

are used as the decision rule. Therefore, three different classifiers namely Support Vector 

Machines (SVM), Rough Sets Theory (RST) and Bayesian Networks (BN) are adopted 

for the classification purpose. The classification is carried out using the WEKA machine 

learning tool [4]. The reason behind the selection of the classifiers is that those classifiers 

take very little time to build the model in WEKA.  

The classification task was carried out with and without applying feature selection. 

For the same data set, a supervised Correlation-based feature selection algorithm provided 

by WEKA is applied to the features. Additionally, the results of the classification without 

any feature selection are also given. Finally, the recognition is performed with three 

different cross validation values which are 5, 7- and 10-fold cross validation. 

Results are represented in three different tables which represent features according 

to distribution of points, structural analysis, profile features, respectively. Although 

profile features belong to distribution of points group, they are represented by a large 

feature vectors therefore it can be beneficial to see if they are distinctive on their own. 

Thus, three different tables are created.  
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As can be seen from the Table 6, the accuracy for SVM with feature selection goes 

up to 94.4% followed by BN and RST. Although 94.4 % accuracy is the highest accuracy 

value recorded in three tables, it is not an ideal accuracy value for an OCR system. But it 

is a promising result considering that it is possible to combine the distribution of points 

features with others features in order to increase the accuracy. Thus, these features should 

be used for the system. 

Table 6 Accuracy values using the Distribution of Points Features 

 No Feature Selection Feature Selection 

 5 fold 7 fold 10 fold 5 fold 7 fold 10 fold 

SVM 88.2474 % 88.0412 % 88.866 % 92.7835 % 94.433 % 92.7835 % 

RST 83.6654 % 83.6654 % 83.8125 % 91.6932 % 91.9965 % 91.9965 % 

BN 85.567 % 85.567 % 84.9485 % 93.6082 % 93.4021 % 93.6082 % 

 

Adopting only structural analysis features give the lowest accuracy values amongst 

the others due to the fact that the small number of features extracted. As can be seen in 

the Table 7, using only these features, accuracy can only go up to 69.8 percent. However, 

these features can be adopted with other values in order to distinguish certain characters 

such as characters with diacritical marks. Later on, it is planned to use these features in 

the second classifier where it is crucial to distinguish the letters with diacritical marks. 

Table 7 Results using the Structural Analysis features 

 No Feature Selection Feature Selection 

 5 fold 7 fold 10 fold 5 fold 7 fold 10 fold 

SVM 69.6907 % 67.6289 % 69.8969 % There are not many features in 

total so there is feature selection 

significantly lowers accuracy 

RST 63.5052 % 63.7113 % 62.6804 % 

BN 60.4124 % 60.2062 % 61.2371 % 

 

Table 8 is an important table since it is based on one type of features. Although it 

is only based on profile features, it is a distinctive feature on its own. By only adopting 

profile features, up to 93.4 % of the characters were correctly classified. It can easily be 

said that projection profiles feature is one of the most distinctive features of all that have 

been adopted. 
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Table 8 Results using the Projection Profiles Features 

 No Feature Selection Feature Selection 

 5 fold 7 fold 10 fold 5 fold 7 fold 10 fold 

SVM 86.3918 % 84.9485 % 87.4227 % 88.866 % 89.8969 % 89.4845 % 

RST 85.0122 % 83.2548 % 84.0045 % 88,0412 % 88.4536 % 88,0412 % 

BN 84.9485 % 84.1237 % 84.1237 % 93.1959 % 93.4021 % 91.3402 % 

 

Looking at the Tables above it can be said that adaptation of one type of feature 

extraction methods is not enough for an OCR system. Hybrid methods should be tested, 

and the best combinations should be retrieved from the feature pool.  

3.5. Finding the Suitable CNN Architecture 

In this study, a CNN architecture is going to be adopted. Therefore, it is crucial to 

investigate the previous studies in the field of handwriting recognition to decide on the 

hyperparameters (number of layers, filter shapes, number of nodes) for the architecture. 

The literature review is provided in the next section. 

Related Works 

In this section, application of CNNs into the handwriting recognition problem is 

presented. One of the earlies applications of CNN like method into handwriting 

recognition was conducted in 1989 by LeCun et al. on Handwritten Zip Code Recognition 

[107]. Their model employed 3 hidden convolutional layers for feature extraction 

followed by a Backpropagation Neural Networks. The results showed 1.6% 

misclassification on training set, 8.1% on test set. 

Classic CNN architectures include popular models such as LeNet-5 [108], AlexNet 

[109], GoogleNet [110] and VGG [111]. Out of these models, LeNet-5 originally 

designed and widely adopted for the field of handwriting recognition [108] (digit 

recognition on MNIST database [112]).  

Simard et al. applied a CNN on to the MNIST database in 2003 [113]. Their CNN 

model consisted of two convolutional layers with 100 hidden units fed to the MLP. The 

results proposed that the error rate could go down to record breaking 0.4% using novel 

elastic training image deformations.  
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Ranzato et al. together with LeCun who was one of the creators of the LeNet model 

proposed another model for recognising digits on MNIST dataset and Caltech- 101 set of 

object categories in 2007 [108], [112], [114], [115]. They used a two layered method to 

extract features for a multi-stage Hubel-Wiesel type architecture. State- of-art accuracy 

was achieved on handwritten digits from the MNIST dataset with 0.62% error rate for 

supervised and 0.64% for unsupervised learning. 

In 2010, Cireşan et al. applied 5 different MLPs with 2 to 9 hidden layers on the 

MNIST database for handwritten digit recognition [19], [112]. The best version out of the 

5-variation performed 0.35% error rate exceling the previous works by 0.04 %. Later in 

2011, Cireşan et al. conducted a study on handwritten characters using a seven deep 

CNNs trained on characters on NIST and MNIST databases in 2011 [84], [112], [81]. 

Their results indicate an advancement in the error rate compare to the previous studies by 

approximately 0.1% on digit recognition and 9% advancement in the 52 class Latin 

character recognition. Next year in 2012, Wu et al. applied their Cascaded heterogeneous 

5 layered CNN model to the same MNIST database for handwritten digit 

recognition[116]. In comparison to the previous study conducted by Cireşan et al. on the 

same database [19],their study outperformed the previous one by bringing the error rate 

down to 0.23%.  

Nui& Suen in 2012 adopted a hybrid CNN–Support Vector Machine (SVM) 

classifier for recognizing handwritten digits [58]. Feature extraction was performed using 

CNN and SVM was the classifier on the MNIST dataset. The recognition rate of the 

hybrid system was 99.81% without rejection, and a recognition rate of 94.40% with 

5.60% rejection.  

In 2015, Li et al. proposed a CNN-based handwritten character recognition 

framework and they applied it on handwritten digit (MNIST) and Chinese character 

(CASIA) datasets [112], [117]. The results showed that the error rate was 0.18% for 

MNIST dataset and 3.21% for CASIA dataset. Later in 2016, a study by Elleuch et al. 

was conducted on Arabic handwritten character datasets HACDB and IFN/ENIT by 

integrating two classifiers; CNN and SVM with dropout method in order to decrease 

overfitting [57]. Their model was similar to Nui& Suen’s work since they also used 4 

layered CNN for feature extraction and SVM as the classifier [58]. The model resulted in 
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2.09% error rate on 24 class HACDB, 5.83% on 66 class HACDB and 7.05% on 56 class 

IFN/ENIT database. 

Proposed CNN Architecture 

Various experiments have been carried out to figure out the architecture that works 

the best for such input. In order to have a base for the desired architecture, the Lenet5 

architecture [108], which can be seen in the Fig. 28 below, was used with a modification 

in the output layer to match the class size of the input. It is important to use an established 

CNN model as a base to see the effects of the modifications on the architecture. LeNet-5 

is a suitable model for the recognition of images with small input sizes and widely adopted 

for the field of handwriting recognition. 

 

Figure 28 LeNet-5 Model [108] 

A CNN has two types of hyperparameters as can be seen in the Table 9 below. The 

first type determines how the network is trained and the second type determines the 

network structure.  

Table 9 CNN Hyperparameters[118] 

Training Hyperparameters Hyperparameters related to Network structure 

Learning rate Fully connected layers 

Momentum Convolutional layers 

Learning rate decay Number of filters 

Maximum number of epochs Filter size 

Weight decay  

Early stopping patience  

Dropout rate  

Batch size  

 

In this work, size of the training set as well as maximum number of epochs, batch 

size, number and size of the convolutional layers, number and size of filters are going to 
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be changed for the experiments. Other hyperparameters that are going to be fixed are 

given in the Table 10 below. 

Table 10 Hyperparameters Kept the Same 

Hyperparameters Values 

Activation Function for Hidden Layers ReLU 

Activation Function at Output Layer Softmax 

Optimizer Adam 

Learning Rate 0,01 

 

The experiments are run on Google Colab[119]. Google Colaboratory or "Colab" 

for short, lets anybody to write and execute python code through the web browser for free 

with some limitations. Limitations include the maximum 12 hours lifetime and 

disconnections from the virtual machines in case of leaving it idle for long. It is well 

suited for machine learning applications such as developing and training neural networks 

using popular libraries such as PyTorch, TensorFlow, Keras, and OpenCV. Executions 

are run on Google's cloud servers, using Google hardware including GPUs and TPUs. 

Dataset: 

The entire_augmented version from T-H-E Dataset including 156000 instances 

from 78 classes is used to find the most suitable architecture as can be seen in the Fig. 29 

below. In depth details about the T-H-E Dataset is provided in the next chapter. 

  

Figure 29 Samples from the Dataset 

3.5.1. Experiment 1 

The first experiment was carried out to find the optimal batch size on Lenet5 

architecture. Batch size refers to the number of samples processed before the model is 

updated. Ideally, the batch size should be the power of 2 and a common use would be a 
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range between 16 and 256 for small datasets. In general, using a small batch size makes 

the training process faster since the weights are updated after each propagation. If we 

used all samples during propagation, we would make only 1 update for the network's 

parameter[120]. For instance, having 1000 training examples with batch size of 250, it 

would take 4 iterations to complete 1 epoch. 

In this experiment the number of epochs was set to 10 since the aim of the 

experiment is not having the highest accuracy but finding the ideal batch size keeping the 

other hyperparameters fixed.  

Table 11 Experimental Results on the Batch Size 

Batch Size Accuracy (%) Confidence Rate  

16 0.6415 ±0.002773 

32 0.6601 ±0.002733 

64 0.6718 ±0.002726 

128 0.6677 ±0.002717 

256 0.6304 ±0.002697 

 

3.5.2. Experiment 2 

In the second experiment the number of epochs was determined using the LeNet5 

model. Number of epochs is the number of times the entire training set goes past through 

the network. The maximum number of epochs are usually determined by the validation 

loss. As long as there is a decrease in loss, the learning should continue[118]. There is no 

limit to number of epochs, it can be between 1 and infinity however a very high number 

cause over fitting and very low number may not show the real potential of the network.  

In this experiment, the batch size of 64 is going to be used principally based on the 

results in the previous experiment. 
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Figure 30 Training and Validation Loss 

The figure above shows the change in training and validation loss over 60 epochs. 

Looking at the figure, 50 epochs are going to be used in the rest of the evaluation process. 

3.5.3. Experiment 3 

Pooling-layer parameters are examined in this experiment. Average filter and max 

filter are compared with two different size (2×2 and 3×3) and stride (1 and 2) values on 

Lenet5 model.  

First, all four experiments were carried out for max filter. Based on the results, the 

better performing stride value for each size is applied using average filter. It should be 

noted that average filter results in blurring the image. 

Table 12 Results on Average and Max Filter 

Filter Type Size  Stride Accuracy (%) 

Average 

2×2 
1 - 

2 0.49042 

3×3 
1 0.5353 

2 - 

Max 

2×2 
1 0.6069 

2 0.6801 

3×3 
1 0.6171 

2 0.5905 
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3.5.4. Experiment 4 

The first convolutional layer of a CNN extracts basic features such as edges from the 

input image. These features are called low-level features, providing minimal information 

about the input image. As we move further in the network, the extracted features get 

higher level, representing more meaningful information about the input. These features 

are called mid-level features. Complex, high-level features are found in the final layers 

of the network. Several experiments were run to find the ideal number of hidden layers 

to extract meaningful and distinct features. As a base, LeNet5 architecture in Fig 31 was 

used. 

 

Figure 31 The LeNet5 architecture used in the study 

Several modifications were applied to the base model starting with finding the best 

division in the input. Based on the commonly used distribution of the sets, 4 different 

distribution was tested. Additionally, the effect of shuffling the data was also evaluated 

as can be seen in the first 6 rows of the Table 13 below.   

Table 13 Evolution of the CNN Architecture 

# Architecture Accuracy Precision Recall F-score 

1 LeNet5-Shuffled 

Train 65%, Valid 15%, Test 20% 
0.6505 0.7020 0.6182 0.6574 

2 LeNet5-not shuffled 

Train 65%, Valid 15%, Test 20% 
0.6809 0.7242 0.6582 0.6896 

3 LeNet5-Shuffled 

Train 60%, Valid 20%, Test 20% 
0.6709 0.7321 0.6316 0.6781 

4 LeNet5-Not-Shuffled 

Train 60%, Valid 20%, Test 20% 
0.6773 0.7031 0.6653 0.6837 
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5 LeNet5-Shuffled 

Train 70%, Valid 15%, Test 15% 
0.6294 0.6748 0.6047 0.6378 

6 LeNet5-Shuffled 

Train 70%, Valid 20%, Test 10% 
0.6431 0.6851 0.6148 0.6480 

7 Smaller filter size at shallow layers 

(3×3) 
0.6857 0.7325 0.6577 0.6931 

8 Double the convolutional layer at the 

beginning 

(2×2,3×3) 

0.6758 0.6951 0.6649 0.6797 

9 Double the convolutional layer at the 

beginning and increasing filter size 

(2×2×16, 3×3×32, 5×5×64)  

0.7093 0.7228 0.7020 0.7123 

10 Double the convolutional layer at the 

beginning and decreasing filter size 

(2×2×64, 3×3×32, 5×5×16) 

0.5852 0.6585 0.5440 0.5958 

11 Larger kernel size at the end 

2×2,3×3,3×3,5×5 

16,32,64,128 

0.7291 0.7404 0.7237 0.7319 

12 1 fully connected layer at the end 0.6879 0.7006 0.6813 0.6908 

13 Insert one more layer 0.7122 0.7261 0.6066 0.6610 

14 Use padding on pooling 0.7210 0.7327 0.7155 0.7240 

15 Change size of Fully Connected layers 0.7325 0.7447 0.7262 0.7353 

 

It is known that using small filters in the shallow layers lets us collect as much local 

information as possible and using larger filter size at the end of the network represents 

more high-level features[121], [122]. Based on that assumption, the size of the first 

convolutional filter was decreased in the row 7. Similarly, the size of the convolutional 

layer at deeper layers should increase. Affects can be seen in the row 11 of the table 

above. 

In terms of fully connected layers, the original LeNet5 modified for this study has 400 

(5×5×16) nodes connecting to 120 nodes and later those 120 nodes connecting to 84 

nodes. Finally, 84 nodes connect to 76 nodes representing the class labels. In the Table 

14 below, the changes made in the fully connected layers and the performance change is 

given. Convolutional layers have a greater impact on classification accuracy than fully 

connected layers. It should be noted that high sized fully connected layers drastically 

increase the number of parameters thus resulting in a costly training. Additionally, row 
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15 in the Table 13 above shows that having a single fully connected layer has a lower 

accuracy value than having two appropriately sized layers. 

Table 14 Effects of different sized fully connected layers 

Size of FCL 1 Size of FCL 2 Accuracy (%) 

120 84 0.6809 

150 90 0.6985 

200 84 0.6631 

300 84 0.6185 

 

Based on the experiments carried out, the CNN architecture giving the best results for 

such input is shown in the Figure 32 below. 

 

Figure 32 CNN Architecture with the best Results 

In the next section, the results of the experiments are explained. 

3.5.5. Results 

Several experiments were carried out to find a suitable CNN architecture which is 

able to extract the most distinct features and classifies the characters most accurately on 

such dataset. The LeNet-5 architecture was used as the base for the experiments and at 

every step, a parameter was changed to analyse the effect of the change. In the first two 
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experiments the ideal batch size and number of epochs were determined. The results show 

that batch size of 64 and 50 epochs are the optimal values for such input. The third 

experiment was conducted on finding the best pooling layer parameters. Max and average 

pooling were applied with different stride values (1 and 2) and filter sizes (2×2 and 3×3). 

Max pooling with stride of 2 and 2×2 filter size outperformed the other parameters. 

Finally, the ideal number of hidden layers are examined in the Experiment 4. Numerous 

changes were made to investigate the difference in the performance. Firstly, the ideal 

division of the input set was determined by adopting different sizes for training, 

validation, and test sets in the first 5 staps of the experiment. Additionally, the effects of 

shuffling the data were also tested in these experiments. The results showed that, 65% 

training, 15% validation and 20% test set on unshuffled data gave the highest accuracy 

by 68.07% and 0.6896 f-score value. 

Differently from the LeNet-5, using small filters at the shallow layers give better 

accuracy considering the 32×32-pixel input size. Similarly, increasing the filter size and 

number of filters gradually has a positive effect on the classification performance. 

Additionally, using double convolutional layers at the end decreases accuracy whereas 

using double convolutional layers in the middle boosts the performance. 

In terms of number and size of the fully connected layers, using a single layer 

instead of double appears to reduce the performance. Additionally, having a smooth 

decrease in the number of nodes also effects the performance positively. 

Looking at the confusion matrix of LeNet-5 and the proposed architecture, the 

highly misclassified characters are mostly the upper and lower-case forms of the same 

characters. The highly misclassified characters are shown in the Table 15 below. 

Table 15 Highly Misclassified Characters 

 Accuracy Highly Misclassified Characters 

LeNet5 0.6809 c-C, i- İ j-J, o-O, p-P, ü-Ü, ű-Ü, x-X, v-V, z-Z 

Proposed Architecture 0.7325 c-C, i- İ, l-I, s-S, o-O, p-P, x-X, v-V, w-W, z-Z 

 

3.5.6. Evaluation 

A CNN architecture was proposed based on numerous experiments in the previous 

section. Looking at the results of the experiments, effects of certain changes can be 
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generalised. Firstly, results indicate that using small filters the early steps help collection 

as much local information as possible. Similarly, the larger filters extract more distinct 

global features. Therefore, it is logical to use small filter sizes at the beginning and 

gradually increasing the size and the number of filters as the architecture goes deeper. 

Experiments showed that decreasing the filter throughout the architecture decreases the 

classification performance.  

The effects of the filter size and number of filters are also investigated. The results 

show that, doubling the convolutional layers at the beginning with the same filter size and 

number of filters (2×2×16) gives lower accuracy value than doubling the layers with 

increasing filter size (2×2×16 followed by a 3×3×32). Additionally, not using padding on 

max pooling had a negative effect on the performance since it caused data loss. For 

example, a 15×15×32 input to max pooling without padding would give 7×7×32 output. 

However, adaptation of padding would allow us to get a 8×8×32 output for the same input 

thus preserving the important data. As can be seen in the Table 14, gradually decreasing 

the size of fully connected layers also have a positive effect on the performance. It should 

be noted that adding too many fully connected layers would result in an increase in the 

number of calculations since it contains most of the model parameters. 

Looking at the highly misclassified characters, it might be beneficial to merge the 

upper and lower-case forms of some characters as in the T-H-E Dataset 

merged_augmented version in the HWR system and restore the upper and lower-case in 

the post-processing step to the original version. Thus, eliminate the errors caused by 

misclassifying upper and lower-case versions of the same letters. Additionally, certain 

misclassifications such as lower-case version of letter L, ”l”, and upper-case version of i, 

“I”, are going to be eliminated in the post-processing phase using the dictionary. It is 

natural for those letters which have almost the same representation to be misclassified in 

a context free recognition. Therefore, it is hoped that better classification performances 

are going be recorded with post-processing phase. 

A CNN architecture was created in this section. The proposed architecture is going 

to be used in the deep learning based offline handwriting recognizer in the Chapter 6. 
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 A MULTILINGUAL HANDWRITTEN CHARACTER DATASET 

4.1. Chapter Overview 

In this chapter, the details about the created multilingual handwritten character 

database are provided. Firstly, the motivation of creating such dataset and similar datasets 

are mentioned. Then, the structure of the proposed dataset is given. Lastly, the evaluation 

of the dataset is  

4.2. T-H-E Dataset 

Handwritten text datasets can be found in several forms, such as, full-page 

handwritten images, handwritten sentences, handwritten words and handwritten 

individual characters. However, the majority of the available datasets focus on a single 

language ignoring the existence of multilingual texts. As a result of globalization, 

multilingual handwritten texts are increasingly generated. By raising the number of 

multilingual datasets, the success on the single language handwriting recognition could 

similarly be achieved for multilingual handwritten texts. It is worth mentioning that 

offline handwriting recognition, of a single language, remains an unresolved problem, 

since there is no standard form in handwriting, unlike in print documents. Despite the 

available datasets for English characters, recognition of offline handwriting remains a 

challenge for several languages, such as, Turkish and Hungarian. In the case of Turkish, 

some researchers used datasets of their own which are not publicly available [9], [11], 

[12], [59], [123]. In order to be able to develop algorithms which deliver solid 

performance on handwritings with diacritical marks, handwritten character datasets on 

alphabets including a high number of diacritical marks are needed. In this paper we 

present a freely available character dataset consisting of 78 classes (Table 1) referring to 

52 classes for English characters (26 upper-case+ 26 lower-case), 8 classes for special 

Turkish characters (4 upper-case+ 4 lower-case), 4 classes for Turkish and Hungarian 

joint characters (2 upper-case+ 2 lower-case) and 14 classes for special Hungarian 

characters (7 upper-case+ 7 lower-case) [59]. The two main reasons behind creating such 

dataset are lack of offline datasets for recognition of languages with special characters 

such as Turkish and Hungarian and secondly contributing to the existing Latin character 

datasets with a variety of handwritings collected from Hungarian and Turkish citizens. In 

addition to those motives, the proposed dataset offers an easier platform for designing 

multilingual unified recognition systems. 
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Handwritings collected from merely Turkish citizens mostly contain texts which 

are written using discrete characters only whereas texts written by Hungarians mainly 

consist of cursive characters. Gathering handwritings from both nations give the diversity 

to the dataset and such feature is believed to provide a positive impact on the classification 

process. In the next section, the earlier offline handwritten English character datasets and 

multilingual recognition systems are going to be represented. 

4.3. Related Works 

In machine learning, having access to right data in right format allows the 

researchers to develop, advance and assess their learning techniques. Therefore, 

regardless of the language of the handwriting, the condition and amount of the input data 

plays a crucial part in the performance of any handwriting recognition system. In this 

paper, we present a digitized, preprocessed, and labeled image dataset which consists of 

handwritten letters from three different languages. In the literature, handwritten character 

datasets can be found for several languages however, when it comes to multilingual 

handwritten character datasets, not many can be found. In order to be able to establish a 

multilingual recognition system, researchers either merge single language character/word 

datasets or adopt existing multilingual word datasets. The examples of multilingual 

handwriting recognition systems are presented in the following section. The majority of 

the studies focus on the recognition of English and French, due to the fact that there are 

existing datasets for those languages. In 2012, Wshah et al. used the IAM dataset [124] 

for English, the AMA dataset for Arabic [125] and the LAW dataset for Devanagari [126] 

together with a synthetic dataset in order to evaluate the proposed multilingual word 

spotting system [127]. Kozielski et al. carried out a study on recognizing real-world 

handwritten images in English and French in 2014 [128]. IAM, RIMES and Maurdor 

datasets [129] were used to train and evaluate their multilingual system. Bluche and 

Messina proposed a multilingual handwriting recognition system which was trained on 

datasets in English, French, Spanish, Portuguese, German, Italian and Russian in 2017 

[130]. They used IAM, RIMES [131] and Maurdor datasets alongside with private 

collections they collected for those languages without available public or private datasets 

to evaluate their model. Lately in 2019, Swaileh et al. proposed a unified multilingual 

handwriting recognition system which was trained and evaluated using IAM and RIMES 

datasets for English and French respectively [132]. 
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The abovementioned studies are all carried out on a combination of word or 

document-based datasets in different languages. The following section puts forward the 

most popular offline English handwritten character datasets. One of the earliest 

handwritten Latin character dataset, the CEDAR dataset, dates back to 1994, it consists 

of both handwritten words, such as, city names and postal codes and characters containing 

separated letters and numbers [133]. The separated letters and characters were put into 62 

classes (26 upper-case+ 26 lower-case+ 10 digits) consisting of approximately 50000 

samples. A year later, in 1995, the NIST Special Dataset 19 Hand printed Forms and 

character dataset was published containing full page binary image of handwritten forms 

and also characters (digits and letters) segmented from those forms (128×128). In the 

NIST dataset there are 62 labelled classes for digits ‘0-9’, characters ‘a-z’ and ‘A-Z’. 

Later in 1998, MNIST (Modified-NIST) dataset was created containing only digits 

(70000 samples) and it became a benchmark for digit recognition purposes [108]. In 2016, 

the 2nd version of the NIST dataset was published with full page binary images of 3699 

handwritten sample forms and 814255 sample digits and characters of the same 62 classes 

[84]. It is possible to say that NIST dataset has become a benchmark for character 

recognition problem. Finally in 2017, EMNIST dataset, an extension of the MNIST 

dataset was published [83], [134]. EMNIST dataset is superior to its previous versions by 

many features such as number of instances, the balanced representation of characters, 

grayscale representation and the variety of classes provided. It contains 814255 samples 

of letters and digits (28×28). In addition to NIST and MNIST, EMNIST not only provides 

two class hierarchies namely By Class (every character into a different class with a 

different label) and By Merge (similar characters into the same class with the same label) 

but also provide four more options namely: balanced dataset which is easy to apply due 

to its balanced subset of all the By Merge classes; letters dataset generated to increase the 

number of errors occurring from case confusion by merging all of the uppercase and 

lowercase classes, to form a balanced 26-class classification task; digits dataset being a 

balanced subset of the digits dataset containing 28000 samples of each digit and a copy 

of MNIST dataset. Fig. 33 below shows the distribution of the different letters in the 

EMNIST By Class dataset. 
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Figure 33 Representation of the letters in the EMNIST By Class dataset [83] 

Finally in 2006, distinctly from previous datasets, a cursive character dataset C-

Cube (Cursive Character Challenge) came out [135]. The C-Cube dataset includes 57293 

characters including 26 upper and 26 lower case versions of each Latin letter. In our 

previous works, we adopted C-Cube data set after changing the way data was represented 

in the original dataset [136]. 

4.4. Data Set 

The T-H-E Dataset includes handwritten letters from multiple alphabets, namely 

from English (ISO Basic Latin Alphabet), Turkish and Hungarian. However, since the 

dataset includes many Latin characters, it is very easy for other researchers to modify the 

data set for their needs (add/ remove special characters) and use it as a whole. The 

characters included in the dataset are presented in Table 16 below. 

Table 16 Characters in the Dataset 

 Lower case Number of instances  Upper case Number of instances 

English 

Characters 

a 2000 A 2000 

b 2000 B 2000 

c 2000 C 2000 

d 2000 D 2000 

e 2000 E 2000 

f 2000 F 2000 

g 2000 G 2000 

h 2000 H 2000 

i 2000 I 2000 

j 2000 J 2000 

k 2000 K 2000 

l 2000 L 2000 

m 2000 M 2000 

n 2000 N 2000 

o 2000 O 2000 

p 2000 P 2000 

q 2000 Q 2000 
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r 2000 R 2000 

s 2000 S 2000 

t 2000 T 2000 

u 2000 U 2000 

v 2000 V 2000 

w 2000 W 2000 

x 2000 X 2000 

y 2000 Y 2000 

z 2000 Z 2000 

Turkish Special 

Characters 

ç 2000 Ç 2000 

ğ 2000 Ğ 2000 

ı 2000 İ 2000 

ş 2000 Ş 2000 

Turkish and 

Hungarian Joint 

Characters 

ö 2000 Ö 2000 

ü 2000 Ü 2000 

Hungarian 

Special 

Characters 

á 2000 Á 2000 

é 2000 É 2000 

í 2000 Í 2000 

ó 2000 Ó 2000 

ő 2000 Ő 2000 

ú 2000 Ú 2000 

ű 2000 Ű 2000 

Total Number 

Of Characters 
39 78000 39 78000 

 

In order to generate the dataset, handwriting samples were collected, in an ethical 

way, from 200 participants who predominantly were at that time, high school and 

university students (Turkish and Hungarian citizens mixed), in a controlled environment. 

The participants were given a blank white paper and were asked to write the given text in 

their native language in their own handwriting. It can be said that there was less noise 

found in the images, since the paper used was new and blank. Then, the papers were 

scanned at 300 DPI. Subsequently, the images were thickened using morphological 

thickening provided by the MATLAB 9.3 environment [97] and line, word and character 

segmentation was performed [137]. These steps usually include a noise removal step, in 

order to get rid of the noise occurring in the scanned documents. However, the noise 
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removal step was skipped in order to maintain every diacritical mark in the images. The 

character segmentation phase includes several processes, namely, separating each 

character, getting rid of the white space around each character and binarization of the 

character, using Otsu’s Algorithm [21]. Finally, every character is normalized to a 28×28 

pixel shape. A representation of the sample characters, after the normalization step, can 

be found in Fig. 34. 

 

Figure 34 Sample Characters from the T-H-E Dataset 

4.5. Structure of the Dataset 

Including characters from several alphabets, the T-H-E dataset is established in six 

versions, to provide for ease of use and flexibility when switching between alphabets, for 

different researchers with different approaches. The abovementioned six versions are 

explained below: 

entire_augmented: This version represents the entire dataset. It includes all the 

28×28 pixel binary characters from the three alphabets together forming a balanced 

dataset with 156000 characters belonging to 78 classes (Table 16). 

tr_augmented: It consists of merely 12 Turkish special characters (6 upper-case 

and 6 lower-case). 2000 samples of each character can be found in this version forming a 

24000-character dataset. 

hu_augmented: Similar to the tr_augmented version, this includes 18 Hungarian 

special characters only (9 lower-case and 9 upper-case) forming a 36000-character 

dataset. 

en_augmented: The fourth version includes 2000 samples of 52 English characters 

(26 upper-case and 26 lower-case) forming a 104000-character dataset. 

This representation enables us to merge English letters with Hungarian special 

characters and work only on Hungarian characters by just putting two versions together. 

A fair warning should be provided about the Turkish alphabet; putting tr_augmented and 

en_augmented together does not result in the Turkish alphabet since there are no letters 

‘q’, ‘w’ and ‘x’ in the Turkish alphabet. The users may want to exclude those 3 letters (3 
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lower-case and 3-upper-case) from the en_augmented in order to work on Turkish 

alphabet accurately. 

merged_augmented: This version is derived from the entire_augmented version 

which includes all the characters from different alphabets together. The characters having 

a similar way of representation in their upper-case and lower-case form are put into the 

same class in this version such as lower case ‘o’ and upper case ‘O’. The characters 

merged are shown in the Table 17 below. In this group there are 55 classes and 156000 

samples. However, only in this version are the number of instances, in each class, not 

balanced. Some classes have 2000 samples, while merged ones, are represented in 4000 

samples. 

Table 17 Merged Characters 

 Merged Classes Number of Instances  Merged Classes Number of Instances 

1 c- C 2000 13 s-S 2000 

2 i-I 2000 14 ş-Ş 2000 

3 í- Í 2000 15 u-U 2000 

4 ı-İ 2000 16 ú -Ú 2000 

5 j-J 2000 17 Ü-Ü 2000 

6 k-K 2000 18 ű- Ű 2000 

7 m-M 2000 19 v-V 2000 

8 o-O 2000 20 w-W 2000 

9 ó- Ó 2000 21 x-X 2000 

10 Ö-Ö 2000 22 y-Y 2000 

11 ő- Ő 2000 23 z-Z 2000 

12 p-P 2000    

 

entire_raw: The original handwritten characters (1000 instances for every 78 

classes) are put forward in the sixth version. Using this version, it is possible to 

experiment different distortion techniques and their impact on the classification 

performance can be tested. 78000 characters from 78 different classes, can be found in 

this version. 

One important point to be noted is that there are 4 special characters (ü, ö, Ü and 

Ö) which are used both in Turkish and Hungarian, therefore, they repeat in tr_augmented 
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and hu_augmented versions. Another crucial point was discovered during the handwriting 

collection process concerning those 4 joint characters. In the Hungarian alphabet, there 

are two special characters ‘ő’ and ‘ö’ which are apparently represented in one single 

character ‘ö’ in Turkish alphabet (Similarly, letter ‘ü’ and ‘ű’ are presented as ‘ü’). The 

shape of the accent over the letter does not make a difference in the Turkish alphabet 

(based on the handwritings collected), however, they represent two different characters 

in the Hungarian alphabet. Therefore, it is crucial to understand the differences before 

carrying out the recognition. In order to avoid confusion, in this dataset, the Turkish and 

Hungarian joint characters, ‘ö’ and ‘ü’, were carefully segmented by adding only short, 

slanted versions into these classes, by avoiding some of the Turkish participants’ 

handwritings. Users might want to merge the classes ‘ö’ and ‘ő’ into one single class, if 

they are training for a Turkish recognition, instead of just discarding the letter ‘ő’ (the 

same applies for ‘ü’ and ‘ű’). 

4.6. Data Augmentation 

Augmenting the input image by applying distortions in order to increase the 

variance and therefore, performance, is a very common use both in character and text 

recognition [113], [138], [139]. Examples of different distortions such as shifting, scaling, 

skewing, and compression is represented in the popular MNIST dataset. 

As represented in the previous section, the T-H-E dataset contains 2000 samples of 

every character. However, this number includes 1000 original handwritten characters and 

1000 generated characters from those 1000 original characters. The number of 

handwritten characters was increased, by augmenting the existing characters by applying 

distortions on the original characters. 

The augmentations include affine transformations and elastic distortions. Every 

single handwritten character is distorted randomly once using one of the distortions. If it 

is desired to have an even larger dataset, the same random distortion algorithm can be run 

on the original set time after time, generating 78000 randomly distorted character images 

at every attempt (the source code used for randomly generating images can be 

downloaded together with the dataset). The distortion methods applied on two different 

characters can be seen in the Fig. 35 below. 
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Tilting randomly to the left or right using Piecewise Linear Transformation: 

tilting right (50% chance) refers to moving the top left corner to the right randomly by 7 

to 14 pixels and lowering it randomly by 5 to 12 pixels; tilting left (50% chance) refers 

to moving the bottom right corner to the left and top randomly by 1.1 to 1.5 times 28. 

After the tilt operation image is resized to the 28×28 pixel keeping the aspect ratio [140]. 

Adding Fisheye Effect: This effect was given by applying either barrel (50% 

chance) or pincushion effect (50% chance) randomly to the original image with a random 

distortion amount between 0.1 and 0.9 [141]. 

Rotating: Rotation of the images randomly to the left (50% chance) or right (50% 

chance) is applied by MATLAB [97]. Rotating to the left and right refers to randomly 

rotating the input by 5,10,15,20 or 25 degrees then resizing the result to fit the 28×28 

matrix. 

 

Figure 35 Adopted Distortion Methods Applied to Two Different Characters 

4.7. Evaluation of the T-H-E Dataset 

Deep learning is subtopic of machine learning that is capable of performing both 

supervised and unsupervised learning, using a feature, similar to the human brain, which 

is the ability to grasp patterns and recognize things accordingly [65]. Recent studies 

propose that deep learning algorithms outperform the traditional machine learning 

algorithms in the case of image classification since they do not deal with handcrafted 

features as can be seen in the Fig. 36 [66], [112], [142]–[144]. 
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Figure 36 (a) Traditional Machine Learning Workflow vs. (b) Deep Learning Workflow [142] 

Deep learning is made of multiple processing layers in order to learn representations 

of data with multiple levels of abstraction [4]. It is based on a hierarchically layered 

system, in which, each layer of nodes, is responsible for extracting distinct features using 

the previous layers’ output. The further you go with the layers; the more advanced 

features can be extracted. In this study, a deep learning algorithm called Convolutional 

Neural Networks (CNN) is going to be adopted in order to evaluate the T-H-E dataset 

[75], [107]. 

A CNN architecture consists of an input layer, an output layer and hidden layers. 

An input can be a 1D signal, 2D image or 3D video. Thereafter, the input goes through a 

serious of hierarchical layers including convolutional layers, pooling layers in order to 

extract distinct features in the input. Finally, extracted features form the input layer of a 

Fully Connected MLP at the very end of the architecture for recognition. A brief CNN 

architecture can be seen in Fig. 37 below. 

 

Figure 37 Convolutional Neural Network Architecture [77] 

Classic CNN architectures include popular models such as LeNet-5 [108], AlexNet 

[109], GoogLeNet [110] and VGG [111]. Out of these models, LeNet-5 is the most 
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suitable model for the recognition of images with small input sizes and widely adopted 

for the field of handwriting recognition [108]. 

Convolution Layer: In this layer, a convolution filter is applied to the input matrix 

to generate feature maps as can be seen in Fig. 38. The size of the filter is pre-determined 

according to the input matrix [88]. 

Activation Layer (ReLU): ReLU operation replaces all negative pixel values in the 

feature map by zero [90]. Thus, it allows faster and more effective training. 

 

Figure 38 LeNet-5 Model [56] 

Pooling Layer: Pooling layer aims at reducing the size of the feature maps for the 

next convolution layer generally by applying a sum, average or max filter to the feature 

map. However, the reduction does not necessarily result in data loss, but eliminates the 

least significant data resulting in easier computation in the upcoming layers [90], [91]. 

The operation performed by this layer is also called subsampling or downsampling. 

4.8. Experiments 

In this section two small scale experiments are represented, to confirm the validity 

and applicability of the proposed dataset. Additionally, third experiment compares the 

entire_augmented and merged_augmented datasets. As mentioned in the related works 

section, EMNIST dataset [83] has become a standard benchmark for handwriting 

character recognition purpose. Therefore, in order to evaluate the proposed dataset, the 

same LeNet-5 architecture was applied on both on the proposed dataset and EMNIST 

By_Class dataset with 20 epochs in the MATLAB 9.3 environment [97]. One important 

point to mention is LeNet-5 architecture requires 32×32-pixel images as the input. For 

that reason, all 28×28 images were widened to 32×32 images by adding black pixels to 

the margins of the images (left, right, bottom, and top). Another point to mention is the 

difference in the color of the input images in two datasets. The proposed dataset consists 

of characters 28×28-pixel binary images for every 78 class. However, the EMNIST 
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By_Class dataset includes 28×28 grayscale images for 52 classes representing the lower 

and upper case of English Alphabet (see Fig. 1). 

In terms of validation parts, a similar validation partition to the evaluation of the 

EMNIST dataset [83] is applied. Every class was divided into two parts namely train and 

test parts without using validation. The training part consists of 900 and testing part 100 

characters (90% and 10% for the experiment 3). 

It should be noted that the first two experiments are carried out in order to evaluate 

the usability of the T-H-E dataset by comparing its results with a part of the EMNIST 

dataset which is the benchmark in the field. Having comparable results with EMNIST 

dataset is the main goal of the experiments. Therefore, the performance of the recognition 

is not paramount. 

4.8.1. Experiment 1 

The first experiment represents the comparison of en_augmented set and EMNIST 

By_Class dataset under equal conditions in terms of the input size and the colors of the 

input images. In order to have the same sample size for both datasets, 1000 characters out 

of 2000 characters for each class label in en_augmented set were randomly picked 

(52×1000=52000). As mentioned above, in EMNIST dataset characters are represented 

in 28×28 grayscale images in comparison to the binary 28×28 images in the T-H-E 

dataset. Therefore, for the first experiment, randomly chosen 1000 characters from all 52 

letter classes (26 upper case and 26 lower case) from the EMNIST By_Class dataset were 

binarized using Otsu’s algorithm [21]. 

4.8.2. Experiment 2 

The second experiment is carried out very similarly to the first one. The only 

difference being that the original grayscale input images from the EMNIST dataset are 

kept as they are. 

4.8.3. Experiment 3 

In the last experiment entire_augmented and merged_augmented datasets are 

compared using the LeNet-5 architecture. Although the input sizes are the same in both 

versions (156000), entire_augmented has 78 class labels whereas merged_augmented 

only has 55 class labels. The difference in the size of the output is expected to result in 

the favor of the merged_augmented version with smaller class labels however, it should 
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also be noted that merged_augmented is an unbalanced set referring to the fact that not 

every class has the same number of instances (some have 2000 characters and others 

4000). One of the previous studies conducted by the authors showed that the unbalanced 

nature of the dataset has a negative impact on the classification performance [136]. 

4.9. Results 

This section puts forward the results of above-mentioned three experiments. 

MATLAB 9.3 environment was used for carrying out the experiments using the LeNet-5 

architecture for feature extraction and classification. In first two experiments, the input 

was classified into 52 classes, whereas in the third experiment, two inputs had a different 

number of output sizes (78 and 55). Although, 20 epochs were set for the network, the 

experiments stopped after the 17th epoch in all 4 cases. The Fig. 39 below is a screenshot 

from the results of the en_augmented version of the proposed dataset in the 1st experiment. 

In the image, every column represents an epoch, and it can clearly be seen that the 

accuracy does not change significantly after the 3rd epoch. 

The classification accuracies, 95% confidence intervals and highly misclassified 

letters, for all five inputs, in all three experiments, are shown in the Table 18 below. By 

looking at the results of Experiment 1 and 2, it can be seen that the portion randomly 

picked from the en_augmented dataset performed the best under such conditions compare 

to the randomly picked 52000 characters from the EMNIST By_Class dataset. Having 

the same input size and number of classes, the difference in the results could be explained 

by the fact that characters in the T-H-E dataset mainly consists of the handwritings of 

high school and university students. This may have brought about a more standardized 

way in handwriting. Although, the classification accuracy is slightly lower than 80%; as 

can be seen in the Table 19 below; misclassified letters are predominantly the same letters 

with their upper- or lower-case versions. 
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Figure 39 Classification Performance of the T-H-E Dataset 

Looking at the different representations of EMNIST by_class dataset in Experiment 

1 and Experiment 2, grayscale representation of the input images gave slightly better 

performance than the binary versions of the same images. As mentioned earlier, in this 

section the performance of the classifier was not crucial since the comparison was on the 

input not on the classifier. We believe that, adopting more sophisticated methods for 

classification and using a larger input set, with the participation of a more diverse group 

of people, rather than substantially students, could have a positive impact on the 

classification performance. 

Table 18 Classification Performances 

 Input Input Size and 
#Classes 

Classification 
Accuracy 

95% 
Confidence 
Interval 

Misclassified 
Letters 

Ex
p.

1 

en_augmented 52000- 52 79.12% 1.10% y-Y, z-Z, x-X 

EMNIST binary 52000- 52 74.77% 1.18% p-P, t-T, J-m 

Ex
p.

2 

EMNIST grayscale 52000- 52 75.58% 0.75% p-P, t-T, J-m 

Ex
p.

3 

entire_augmented 156000- 78 71.65% 0.60% x-X, y-Y,p-P, 
ő-Ő 

merged_augmented 156000- 55 82.49% 0.71% 

(i-I)-(í-Í), 
(ö-Ö)-(ő-Ő), 
(z-Z)-(x-X), 
r-(v-V) 
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The comparison of the 78-class entire_augmented set and 55-class 

merged_augmented set in the experiment 3 resulted in favor of the merged set. The overall 

accuracy for the entire_augmented version was recorded 71.65% whereas; the 

merged_augmented version had 82.49% accuracy. The performance difference in both 

datasets was mainly caused by the misclassification of the upper and lower-case letters. 

More specifically in the entire_augmented version, the letters ‘x’, ’y’, ’p’ and ‘ő’ were 

highly misclassified with their uppercase forms as can be seen from Table 18. However, 

in the merged_augmented form of the dataset, most of the misclassification was caused 

by inaccurately classifying similar letters such as ‘ö’ and ‘ő’. A clearer and more detailed 

representation of the highly misclassified letters are demonstrated in the Table 19 below. 

Table 19 Detailed Description of the Highly Misclassified Letters 

Input Letter Accuracy Letter Accuracy 

en_augmented 

c 72.8% C 90.1% 

x 53.9% X 48.2% 

y 25.6% Y 5.6% 

z 68.4% Z 62.1% 

EMNIST binary 

p 52.5.% P 54.1% 

t 51.9% T 52.3% 

m 54.7% J 53.3% 

EMNIST grayscale 

p 47.8% P 49.4% 

t 56.0% T 52.5% 

m 58.7% J 55.6% 

entire_augmented 

x 50.3% X 50.2% 

y 53.2% Y 67.5% 

p 31.2% P 79.8% 

ő 41.7% Ő 26.5% 

merged_augmented 

i-I 81.8% ı- İ 73.8% 

ö-Ö 87.7% ő-Ő 82.2% 

z-Z 89.6% x-X 75.6% 

r 86.3% v-V 61.9% 

 

Looking at the results, it can be said that merging upper and lower-case characters, 

have a positive effect on the class performance. Additionally, application of more 
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sophisticated classifiers might contribute to the elimination of the errors as well as 

increasing the size of the input images for the merged version. An interesting point is seen 

by looking at the results as the letter ‘Y’ only has 5.6% accuracy rate for the 

en_augmented input, whereas, it has 67.5% accuracy rate for entire_augmented input. 

Considering that both inputs are derived from the same characters, such a difference 

stands out. By looking deeper into the results, it can be seen that 83.3% of the letter ‘Y’s 

in en_augmented, are misclassified as the letter ‘y’. The only apparent explanation for 

such gap can be the variation in the sample size in two inputs. As can be seen in Table 

18, entire_augmented has 2000 samples of each character forming a 156000-character set 

whereas en_augmented used in the experiment 1 has only 1000 samples of each character 

forming a 52000-character set. The difference in the input size of the classifier and the 

sample size for each character may explain the difference in the recognition performance 

of the letter ‘Y’. By carrying out the three experiments, the usability of the proposed 

dataset was evaluated in this section. 

4.10. Conclusion 

In this paper, a free-to-use, multilingual handwritten character dataset, compatible 

with different platforms and classifiers, is presented. The handwritings were collected in 

an ethical way, from 200 participants, representing a diverse mixture of Turkish and 

Hungarian citizens. The pre-processing and segmentation phases were described and in 

addition to those steps, the augmentation techniques used for the letters, are described 

herein. Finally, the evaluation of the T-H-E dataset is carried out in three different 

experiments. In the first two experiments, the English letters proposed in the T-H-E 

dataset, are compared to the EMNIST by_class dataset, which is the benchmark for 

English handwriting recognition. The results of the experiment 1 and 2 demonstrated that 

the T-H-E dataset outperformed the randomly chosen part of the EMNIST by_class 

dataset. This could result from the fact that the handwritings in the T-H-E dataset, may 

be more standardized, since the people contributing to it were mostly high school and 

university students or alternatively, the T-H-E dataset might include a greater variety in 

handwritings since it is collected from Turkish and Hungarian Citizens, thus, presenting 

more distinct examples for the deep learning algorithm, to learn from. Besides 

outperforming the other dataset, the en_augmented version, presented very few 

misclassifications between different letters. Having a 79.12% accuracy rate, majority of 

the errors were caused by misclassifying the same letters, with their upper- and lower-
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case versions. This could easily be overlooked by merging the upper- and lower-case 

classes or at the post processing phase, of the recognition, by using a dictionary. As for 

the last experiment, the same LeNet-5 architecture was applied to two out of six different 

versions of the proposed dataset, namely, the entire_augmented and merged_augmented 

versions. Both versions had the same 156000-character input size, however, the output 

sizes differed. The version representing letters from three different alphabets separately 

both in upper- and lower-case classes included 78 letters whereas, the merged version had 

only 55 letters, merging similarly written upper- and lower-case letters into one class. 

Naturally, merging two classes into one, resulted in imbalance in the dataset, having 2000 

samples for unmerged classes and 4000 samples in merged classes. Although 

merged_augmented has an imbalanced nature, it outperformed the entire_augmented 

version with over a 10% difference in accuracy rates, having only a 0.71% confidence 

score. As mentioned for the en_augmented version above, lower- and upper-case versions 

of the same characters form the highest misclassifications in the experiments. Therefore, 

having both versions put in the same class as in the merged_augmented version eliminates 

such inaccuracies. Having the six different versions provided in the T-H-E dataset makes 

it possible to test the performance of a classifier using the entire dataset, as well as carry 

out more specific tasks, such as, effects various distortions of characters, Turkish 

handwriting recognition and Hungarian and English mixed handwriting recognition. 

Consequently, it is possible to say that the T-H-E dataset can be an alternative for 

earlier datasets, in terms of English character recognition, and outperforms those in terms 

of the variety of letters provided. In addition to being an alternative, it is the only 

handwritten Turkish and Hungarian handwritten character dataset in the field. The T-H-

E dataset could be adopted for single language recognition purposes, namely, Turkish, 

Hungarian or English character recognition systems, as well as multilingual recognition 

systems. We believe, creation of multilingual character datasets will contribute to 

advancements in recognition systems, thus to the recognition of multilingual texts. 

Alongside with handwriting recognition, it could be used as an input, to evaluate other 

supervised and unsupervised learning systems. 

In the next versions of the T-H-E dataset, we will aim at increasing the number of 

handwritten characters, as well as augmentation with meta-data regarding the 

participants, namely, the age, gender, occupation, left or right-handed, level of education 
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and nationality of the participants. It should be noted that finding a large number and 

diversity in participants, for such a purpose, is a major challenge, since the collection of 

the handwriting should be in person. While overcoming such a challenge, it may be 

possible to add other special characters from different languages, such as, Portuguese 

and/or French. We plan to add more alphabets to widen the scope of the dataset and we, 

in conjunction, plan to generate a handwritten document dataset consisting of handwritten 

documents in Turkish, Hungarian, and English. 

4.11. Dataset Availability 

All the data generated in this study including the paper are publicly available at 

https://github.com/bartosgaye/thedataset[145]. Additional data related to this paper may 

be requested from the authors. 

  

https://github.com/bartosgaye/thedataset
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 AUGMENTATION OF T-H-E DATASET WITH SYNTHETIC 

CHARACTERS-A DEEP HANDWRITTEN CHARACTER GENERATOR 

5.1. Chapter Overview 

In this chapter, using Deep Convolutional Generative Adversarial Networks 

(DCGANs), synthetic characters are created. Firstly, generative models are described 

with popular deep generative models. Then, the structure and principles of DCGANs are 

explained followed by evaluation methods for synthetic data. Finally, experiments and 

results are presented. 

5.2. Generative Models 

Generative models are used to generate new examples based on an existing 

distribution of samples. Deep generative models represent the generative models and 

algorithms based on deep learning concepts. Such algorithms have become very popular 

in the past 5 years with impressively high performing applications such as painting, music 

generation, voice generation, photo editing and image generation such as human face and 

3D images. The popularity also applies at the synthetic handwriting generation. 

Collection of handwriting from real users is a challenging task and there are not many 

examples of handwritten datasets in every language. Therefore, generative models are 

also used to generate handwritings. Commonly used deep generative models include 

Variational Autoencoders (VAEs), Generative Adversarial Networks (GANs), Deep 

Boltzmann Machines (DBMs) and Deep Belief Networks (DBNs). Detailed descriptions 

of the generative models are provided in the deep learning section of the study.  

In this chapter, a way generation of handwritten characters is represented alongside 

with popular deep generative models and the evaluation techniques for such models. 

5.3. GANS 

In 2014, GANs were introduced by Goodfellow et al. [146]. They are trained using 

two neural network models for generative modelling. The first network captures the data 

distribution, and the second model decides whether a sample is from the training data or 

has been generated by the first model as can be seen in the Fig. 40 below. In other words, 

the output generated by the generative model tries to fool the discriminator.  
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The performance of the two models are inversely proportional in a way, since the 

better the generator performs, the harder it is for the discriminator to distinguish the real 

example or a generated one. 

 

Figure 40 Structure of the GANs [147] 

In 2015, Radfort et al. proposed Deep Convolutional Generative Adversarial 

Networks (DCGANS) using the transposed convolution technique instead of the simple 

fully connected network in GANs [148], [149]. Convolution and transposed convolution 

are reverse operations. Convolution takes a large input size and decrease the size of the 

input at every step; however, the transpose convolutions increase the size. As can be seen 

in the Fig. 41 below, DCGANs generates clearer images than GANs on MNIST dataset 

[148]. In 2020, Çelik and Talu published a study in which compare to other seven GAN 

architectures  namely GAN,  InfoGAN,  SGAN,  ACGAN, WGAN-GP, LSGAN; digits 

generated by DCGANs gave the second best classification accuracy after LSGANs and 

resulted in sharp images with the least amount of noise with WGANGPs[150]. Therefore, 

in this study having a simple architecture, DCGANs were used to generate new characters 

based on the characters in the T-H-E dataset. 
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Figure 41 Comparison of the Generated Characters by GANs and DCGANs [148] 

The structure of a DCGAN can be seen in the Fig. 42 below. The generator uses a 

multiple layers of transposed convolutions and the output is the generated image. On the 

other hand, the discriminator uses a convolution to classify the input image into two 

classes namely real image or generated image.  

 

Figure 42 Structure of a DCGAN for the Generation of a 64×64×3 image [148] 

Different to the CNN layers used in the previous section, the DCGAN adopts 

transposed convolution, Leaky ReLu and Tanh activation layers which are explained 

below:  

Transposed Convolution: In convolutional layer, size of the input is decreased by 

applying a kernel. For example, a 3×3 input with a 2×2 kernel would result in a 2×2 output 

using a convolution. However, the transposed convolutional layer increases the input size 

by reversing the process. A 2×2 input with a 2×2 kernel would result in a 3×3 output 

using a transposed convolution as can be seen in the Fig. 43 below. 
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Figure 43 Transposed Convolution [151] 

Leaky ReLu Activation Layer: A threshold operation is applied to the input 

smaller than zero by multiplying it with by a fixed scalar (usually the value of the scalar 

is 0.01). 

Tanh (hyperbolic tangent) Activation Layer: It pushes the input value to the 

range [-1, 1] using Tangent Hyperbolic function.  

5.4. Evaluation of GANs 

Evaluation of the generated images by GANs is an ongoing research problem. 

Manual visual inspection has been a popular method for the purpose however it has its 

limitations such as, subjectivity, need for an expert in the field and time. Therefore, 

several qualitative and quantitative models have been proposed for the evaluation. 

Popular evaluation metrics are presented in two categories below. 

Quantitative Evaluation Methods 
These type of evaluation metrics are calculated based on specific numerical scores used 

to summarize the quality of generated images[152]. A detailed explanation of popular 

methods is given below. 

Inception Score (IS): Firstly, the class probabilities are calculated by using the 

Inception Net[110] trained on the theImageNet[153] on the generated images and these 

represent the conditional probabilities. Thereafter, marginal probability is used which is 

the probability distribution of all generated images. Finally, the KL divergence (relative 

entropy) between the conditional and marginal probability distributions give the inception 

score[152], [154], [155]. The inception score is ranked between 1.0 and the highest value 

of the number of classes supported by the classification model in which 1.0 referring to 

the lowest possible performance. 

Precision Recall and F1 Score: In terms of the evaluation of the GANs, precision 

refers to the quality of generated images, recall on the other hand presents how well the 

generated images cover the distribution of the original image[156]. It is different from the 
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IS in this case since IS does not take the original image into consideration. The F1 score 

is calculated by the harmonic average of precision and recall. These metrics rank between 

0 and 1 and ideally a high precision recall value represents a high performance. 

Frechet Inception Distance (FID): The FID attempts at improving the IS by 

comparing the statistics of generated images with the original images[157]. Similarly, 

FID uses the same Inception Net with the theImageNet input[110], [153]. However, in 

FID the calculations are done on both the generated and original images. The mean and 

covariance of images are calculated as a multivariate Gaussian for real and synthetic 

images. Thereafter, the Frechet distance (Wasserstein-2 distance) is calculated for two 

Gaussians. A lower FID score shows a better performance and 0.0 indicates the highest 

performance. 

Maximum Mean Discrepancy (MMD): This method computes the distance 

between the generator distribution and the reference distribution[158]. When the value is 

large, it shows the likeliness of the samples being from different distributions. 

Qualitative Evaluation Methods 
These types of methods are not calculated and mainly require a human judge to evaluate 

the results[159]. Commonly used methods in the literature to qualitatively inspect the 

performance are explained below. 

Nearest Neighbour (NN): This method calculates the distance between selected 

real images with generated images typically using Euclidean distance. 

Rapid Scene Categorization: The synthetic and real images are shown to judges 

for a very short time frame and they are asked to distinguish between them[146]. 

5.5. Experiments 

In this experiment, the aim is to generate 500 synthetic samples of characters from 

each class. Generated images DCGANs do not provide a class lable. Therefore each class 

was fed into the network manually and the generated images were then manually labeled. 

The dataset used to train the generator is entire_augmented version of T-H-E Dataset 

including 156000 binary samples of  handwritten characters belonging to 78 classes 

(78×2000=156000).  
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First, the input is reshaped into a 2000×28×28×1 and then batched into batches of 

size 256. The generator model takes a 100×1 noise as input and generates a 28×28×1 

character output in 50 epochs using the following steps in the Fig. 44 below. 

The first attempt was carried out using Python 3.7 environment [160] on a laptop 

having Intel Core i7 8550 U 1.8 GHz processor, 8GB DDR4 2400 MHz Memory and 

NVIDIA GeForce930MX 2000MHz dedicated and Intel UHD Graphics 620 integrated 

GPU. However, the execution was extremely time consuming ( time for epoch 1 was 

30583.19077372551 sec-8 hours 49 minutes). It should be noted that DCGANs take a 

long time to train on regular computers therefore using cloud GPU services are 

recommended. Therefore, the environment was changed to Google Colab[119]. 

 

Figure 44 The Structure of the Generator Model Adopted [161] 

As can be seen in the Fig. 44 above, the 100×1 noise vector z is the input for the 

fully connected layer (7×7×256 hidden units). The output of it if the input for the Batch 

Normalisation followed by a Leaky ReLu Activation. Later, the output is reshaped to 

7×7×256 which is the input for the transposed convolutional layer. The output again goes 

through the Batch Normalisation and Leaky ReLu Activation. Then, the output is fed to 

the second transposed convolutional layer. Finally, the final Batch Normalisation and 

Leaky ReLu Activation is applied followed by the last transposed convolutional layer. 

The final output of size 28×28×1 goes through a Tanh Activation resulting in a generated 

image. 

After the generation, the discriminator model takes generated and real images as 

input and using convolution it classifies those as real or fake (0 for fake image, 1 for the 

real image). The model adopted can be seen in the Fig. 45 below. 
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Figure 45 The Structure of the Discriminator Model Adopted [161] 

5.6. Results 

In order to determine the number of epochs on the experiments, the results were 

saved and subjectively evaluated for quality after every five epochs. Its because, 

generative models might start to create less similar images if trained long. Therefore, a 

manual inspection is needed. In the case of generating handwitten characters, the manual 

inspection is possible however, it may be challenging in case of generating more complex 

and large images. As mentioned earlier, generative models take long to run therefore 

running the model for 50 epochs gave a good enough result based on manual inspection. 

However, qualitative evaluation on its own might be misleading. Therefore, to evaluate 

the performance of the generated images, the metrics mentioned in the paper by Xu et al. 

[154] are used, using the repository for the same paper [162]. The Table 20 below includes 

sample images from epoch 1, 10, 20, 50 and 100 and the FID metric for the images 

generated at that epoch. Since the model was run on a single class at once, the numbers 

represented in the table below belong to a single class only.  

Table 20 Character Generation at Different Epochs and FID Metric 

 Epoch 1 Epoch 10 Epoch 20 Epoch 50 Epoch 100 

Visual 
     

FID 145.45 106.01 98.77 59.14 62.36 
 

The aim of generating synthetic data was to increase the number of handwritten 

characters in the T-H-E dataset. For this reason, 500 synthetic samples of each character 

are created. In the Fig. 46 below, the generated character after 50 epochs can be seen as 

well as the original characters from the T-H-E Dataset. 
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a)  

b)  

Figure 46 a) Original Characters from the T-H-E Dataset, b) Generated Characters  

As mentioned in the previous chapter, the entire_augmented version of the 

proposed dataset contains 2000 (1000 original and 1000 augmented) samples of 78 

characters from all three languages forming a 156000-character dataset. Using the 

original LeNet5 architecture, original dataset with 156000 characters and augmented 

dataset containing 195000 characters including 500 synthetic characters for each class are 

going to be classified and the performance difference is going to be evaluated. In both 

cases, the dataset is first shuffled, and the set is split into 60% training set, 20% validation 

set, and 20% test set and the experiment are run for 50 epochs with the batch size of 64. 

The accuracy values recorded can be seen in the Table 21 below. 

Table 21 Experimental Results on The Effects of Adding Synthetic Characters to the Database 

 Accuracy (%) 

Original dataset 

156000 characters 
67.09 

Dataset augmented with synthetic letters 

195000 characters 
67.32 

 

5.7. Evaluation 

Using DCGANs, 500 synthetic characters for each letter in three alphabets were 

generated in this chapter. In this section, the performance of the generative model and the 

augmentation of the T-H-E Dataset with the generated characters is going to be evaluated. 
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To evaluate the generated images qualitative and quantitative methods are used. In 

this study both methods were adopted to inspect the performance of generated characters. 

The manual inspection of the characters is not too challenging compare to more complex 

images. The change in the characters were watched every five epoch and 50 epochs gave 

an acceptable enough performance. There are two reasons behind the decision. Firstly, it 

is costly to run generative models and secondly, generative models might start to create 

less similar images if they are trained long. Additionally, the decision is supported using 

FID score. 

The classification results for the original dataset and the augmented dataset can be 

seen in the Table 21 above. The results show that augmentation has a positive effect on 

the recognition performance. Although, the change in the accuracy value might seem 

little, it proves that the generated characters do not mislead the classifier. It is a known 

fact and can be seen in the classification results, more variety and high number in the 

training set adds to the classification performance.  Collecting handwritings from people 

and processing those into a standard format with class labels are time consuming works. 

Generative models bring about an ease in this field by generating original characters 

without the need for the abovementioned processes. Based on these, the synthetic 

characters are a good alternative for augmenting the T-H-E Dataset. 
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 DEEP LEARNING BASED OFFLINE HANDWRITING RECOGNIZER  

6.1. Chapter Overview 

In this chapter a segmentation based offline handwriting recognizer is given. The 

recognizer uses the deep learning architecture and the dataset augmented with synthetic 

characters mentioned in the previous two chapters. Firstly, the earlier works are 

mentioned followed by the elements in the recognizer system. Finally, examples from the 

recognizer are shown with results. 

6.2. Literature Review 

There are two approaches for the handwriting recognition problem. The first 

approach tries to solve it by classifying single-characters as in the case of MNIST and the 

second approach is full-word classifications. Recent studies on both approaches include 

deep learning algorithms. In this section, key studies on offline handwriting recognition 

on Latin characters are presented. 

Graves and Schmidhuber combined multidimensional recurrent neural networks and 

connectionist temporal classification for handwriting recognition purpose in 2008[16]. 

The input the Multi-Dimensional Long Short-Term Memory Recurrent Neural Networks 

(MDLSTM) system is raw pixel data unlike previous systems thus it is applicable to any 

language. The system outperformed any other system attending the ICDAR 2007 Arabic 

recognition contest. Next year in 2009, Graves et al.[18] published a study in which they 

compare the HMM based online and offline handwriting recognition with their proposed 

approach for hard to segment data based on a novel type of recurrent neural network. On 

IAM database using bidirectional LSTM(BLSTM) architecture to gain long-range 

bidirectional contextual information and the CTC output layer allowing the system to 

train on unsegmented sequence data, the proposed system had around 74%-word accuracy 

in offline recognition compare to 64% for HMM based approach. In 2014, Zamora-

Martínez et al. applied two different system for offline HWR namely BLSTM and hybrid 

HMM/ANN models[163]. The mail aim of the study was to determine how the dictionary 

size (55K and 103K) and application of Neural Network Language Models (NN 

LMs)[164] to estimate word probabilities effect the overall system. The results indicated 

that hybrid HMM/ANN system performed better with large vocabularies and worked 

better with NN LMs than the BLSTM NN system. A report was published by Yan in 2016 

on offline HRW and she applied Faster R-CNN (FRCNN) object detection model for 
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handwritten character and word recognition[165]. The database used was IAM Database 

with synthetic handwriting she generated. The study showed that such method was not 

very useful on cursive handwritten images without knowing the context of the text. The 

same year, Doetsch et al.[166] proposed an attention based RNN[167] based end-end 

offline handwriting recogniser. The experiments were carried out on the RIMES[131] 

database. Their research consisted of two parts, the first part was the recognition of 

isolated word recognition with class label of 82 characters and full text lines as the second 

having 96 characters as the class labels. The network was applied on the line images or 

word images. The result of the study showed that end-to-end systems are also a good 

alternative to traditional hybrid HMM systems. Similarly to the previous study, Bluche et 

al. proposed an attention based end to end recognition system[168]. In the system the 

attention is implemented with a MDLSTM[16]. Differently from the previous study by 

Doetsch et al., this study applies the network onto the paragraph images using IAM 

Database[124]. In 2018, Wigington et al.[169] presented a model that jointly learns text 

detection, segmentation, and recognition using Region Proposal Network to find the start 

position of text lines and CNN-LSTM network using 2017 ICDAR HWR dataset[170], 

IAM and RIMES datasets. The proposed system outperformed the winner of the 2017 

ICDAR handwriting recognition competition. In 2019. Chung and Delteil proposed a 

CNN- BLSTM[171] based system tested on IAM Database[172]. The results showed that 

the proposed system reduced computational costs compared to existing methods. 

6.3. Proposed Method 

The proposed recognizer consists of three main components namely, pre-

processing, classifier and post-processing as can be seen in the Fig. 47 below. 

 

Figure 47 Structure of the Recognizer 

Input
• Handwritten Page

Pre-processing

• Noise Removal
• Binarisation
• Segmentation
• Normalisation

Classifier
• Feature extraction
• Classification

Post-Processing

• Character based
• Probabilistic
• Dictionary
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6.4. Input 

The input to the proposed system is a handwritten document in English, Hungarian 

or Turkish language. The system is capable of recognising documents in mix languages 

as well, therefore the document can also be multilingual. The document is digitalised 

preferably with a scanner with at least 600 DPI however the system also works well with 

high resolution pictures taken with a mobile phone or digital camera. 

6.5. Pre-Processing 

This step includes several processes namely noise removal, binarization, 

segmentation of lines and characters, and normalisation of the segmented characters. 

6.5.1. Noise Removal 

In this step, the input image goes through a morphological closing operation. 

6.5.2. Binarization 

Otsu’s thresholding is applied for binarizing the image[21]. 

6.5.3. Segmentation process 

The segmentation process starts with the line segmentation. The binary image is 

segmented into separate lines using Maximally Stable Extremal Regions (MSER) 

algorithm[173]. MSER detects regions which stay nearly the same through a wide range 

of thresholds. 

Detection of separate lines is followed by character segmentation step. Firstly, the 

core-zone of the segmented line is detected. The zone between the upper baseline and 

lower baseline is called core-zone and the majority of the connections are carried out in 

this zone in cursive handwritings. The logic behind the core-zone is finding the zone in 

which most of the handwritings are performed. The upper and lower baselines are 

calculated using horizontal projection of the text line as mentioned in the section 3.3.1. 

Looking at the projection of the line from top to bottom, where there is a big increase in 

the number of white pixels is the upper baseline; and looking from bottom to top, the 

place where there is a big jump in the white pixel count is the lower baseline. The big 

jump is calculated by finding the first and the last regional minima on the smoothened 

histogram. The core zone is the zone between these two lines. Segmentation of the 

characters are performed based on the core zone.  
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Like the logic in the section 3.3.1, the number of white pixels is calculated for every 

vertical column in order to have a clearer understanding of the regions on the core-zone. 

Additionally, taking only core zones into consideration eliminates the segmentation errors 

caused by the tails of letters such as “y” and “g”. The columns containing zero white 

pixels are removed at the beginning of each line. After several experiments, two threshold 

values are set. The first one is to determine the minimal space between two characters 

and the second one to detect the space between words which is later used at the post-

processing step. The character segmentation is performed in three rounds. In the first 

round, looking at the sum of the white pixels, starting from the left to the right every zero-

pixel count place is assumed as a cut point representing separate characters. The 

segmented characters are saved together with the value of the beginning pixel and the 

ending pixel of the character. The consecutive zero pixels are opted out. Additionally, the 

black pixels from the top and bottom of the characters are removed. After that process, If 

the cut character has less than 3-pixel width or 4-pixel height, that character is opted out 

as noise. In the second round, touching characters are detected. By looking at the sum of 

the white pixels, places having a 1-pixel count are taken into consideration to investigate 

if they are in fact a connection. If the character has a width larger than the second 

threshold value and has a 1-pixel count sum within, then the first one-pixel count from 

the left is considered a cut point. And as in the first round, the beginning and the end 

pixels are saved for both characters after segmentation. In the third round, every character 

is sorted based on their starting pixel value and the distance between the end of each letter 

and beginning of the next letter is calculated. Using the second threshold value which is 

minimum 12 pixels, if the distance between characters is higher than 11, number of the 

ending pixel is saved as the place of the space. The result can be seen in the Fig. 48 below. 

 

 

 

 

 

After performing the segmentation, the cut characters are normalised to 28×28 size 

using the algorithm below: 

Figure 48 Character Segmentation Process 
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[x y]= size of the image 

if  

x <= 28 && y <= 28 

then add black pixels to necessary sides until the  size is 

28 (left-right or upper-lower)  

else 

x>28 || y>28  

resize the larger one to 28 keeping the aspect ratio  add 

black pixels to bring the smaller size up to 28 

end 

6.6. Feature Extraction and Recognition 

To carry out the recognition, the CNN architecture proposed in the Chapter 3 is 

adopted. The architecture of the network can be seen in the Fig. 49 below. Depending on 

the class size, the last layer representing the number of classes in the below mentioned 

architecture is going to be modified. 

 

Figure 49 CNN Architecture with the best Results 

The recognizer is going to be tested on the recognition of texts in several languages. 

Therefore, the model is trained on different datasets for the recognition of different 
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languages. The versions used to train the network for the recognition of Turkish text, 

Hungarian text, English text, and multilingual text can be seen in the Table 22 below. It 

should be noted that synthetic characters are also added to train the network. 

Table 22 The Datasets used for training the Object Detection Algorithm 

Text Language Version used from the T-H-E Dataset #classes 

Turkish en_augmented 

tr_augmented 

64 

Hungarian en_augmented 

hu_augmented 

70 

English en_augmented 52 

Multilingual entire_augmented 78 

 

6.7. Post-processing 

The post-processing unit is used to overcome misclassifications. A list of words in 

the form of a text file is used as the dictionary in this step. The structure of the text file 

can be a list of words or basically a text containing several words such as a book. In our 

work a book for English post-processing and list of words collected from several sources 

for Turkish and Hungarian post-processing is used [174], [175], [176]. 

The output of the recognition is fed to the postprocessor line by line together with 

the position of spaces between characters represented with the characters as can be seen 

in the example below: 

Output of recognition:LondonisthecaPitai,6,8,11 

In the next step, every letter in the output of the recognition step and every word in 

the dictionary is converted to lower-case characters in order to make sure that the distance 

is calculated with minimal errors. Finally, the lower-case form of the words is fed to the 

post-processor.  

Levenshtein distance is calculated for the recognised words and every single word 

in the dictionary and the minimum distanced match is given as the output[177]. This 

algorithm is used to find similarities between two strings by insertion, deletion and 

substitution of symbols and used in various areas such as text retrieval, speech recognition 
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and spell correction. Based on its performance on comparing two strings with low cost, 

the Generalized Levenshtein Distance (GLD) algorithm which is often called as “edit 

distance” algorithm is applied to calculate the distance between the recognised word and 

the words in the dictionary[178]. 

The calculation is performed recursively using the formula below, in which a and 

b refer to the string 1 and string 2; i and j refer to the character position of the string 1 and 

string 2 respectively. In the calculation, every edit referring to insertion, deletion and 

substitution of characters or symbols has cost of 1. In case there are multiple matches 

with the same distance, then the first one in the dictionary is the output.  

Equation 1 The Edit Distance Algorithm 

 

A comparison of the word “cat” and “mate” and the calculation of the distances in 

the matrix is demonstrated in the Table 23 below. 

Table 23 The Edit Distance Table 

 # C A T 

# 0 1 2 3 

M 1 1 2 3 

A 2 2 1 2 

T 3 3 2 1 

E 4 4 3 2 

 

In the final step, the matching word is compared with the original dictionary and it 

is normalised into its form in the dictionary to be able to maintain the capital letters in 

certain words. 

Output of recognition: LonDon 

Input to post-processing: london 

Output of the post-processing: London 
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Figure 50 Output of the Recognizer 

The evaluation of the post-processing method is carried out by calculating the word 

error rate before and after the implementation of the post-processer. The results are 

provided in the next section. 

6.8. Evaluation of the Recognizer 

The performance evaluation is carried out separately for Turkish, Hungarian, 

English, and multilingual texts. As for the input, the handwritten pages to generate the T-

H-E Dataset were used for single language recognition purpose (20 pages for each 

language). As for the multilingual handwriting recognition, a small set of handwritten 

pages (20 pages) containing text from all three languages were generated by 10 

participants. 

Since the detection is carried out line by line, the evaluation was also carried out 

line by line with manual supervision. Since the pages used to evaluate the recognizer do 

not belong to a dataset, they were not tagged with the actual words. Therefore, an expert 

converted those pages into strings by manually adding each word into a .txt file format. 

Every handwritten document is saved into a separate file containing one word per row.  

Then, the .txt files were used to evaluate the performance. 

The word error rate (WER) for each language is calculated to measure the 

performance. As mentioned in the previous section, the Levenshtein distance for each 

word was calculated for post-processing purpose. WER refers to the Levenshtein distance 

of the words divided by the number of words. The WER metric gives a better 

understanding of the misclassification than merely the number of misclassified words 

divided by the number of total words since it takes the distance into consideration. The 

Table 24 below shows the WER and percentage of the misclassified words for each 

language. 
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As mentioned in the previous section, in order to evaluate the effectiveness and the 

necessity of the post-processing step, the evaluation metrics are calculated before and 

after the post-processing step. The Table 24 below includes the results of both cases. 

Table 24 Word Error Rate of Handwritten Texts in Different Languages Before and After Post-processing 

 
Input WER (%) 

Percentage of 

misclassified words 
#words 

W
ith

ou
t  

Po
st

-p
ro

ce
ss

in
g Turkish Text 30.39 20.85 4758 

Hungarian Text 32.96 23.16 5012 

English Text 23.66 16.51 4826 

Multilingual Text 46.97 36.76 4062 

W
ith

  

Po
st

-p
ro

ce
ss

in
g Turkish Text 11.37 8.89 4758 

Hungarian Text 14.01 11.55 5012 

English Text 8.21 6.24 4826 

Multilingual Text 20.56 16.05 4062 

 

Looking at the Table 24 above, it is clear that both the WER and percentage of 

misclassified words are significantly higher in all four inputs when there is no post-

processing step applied. Therefore, it can be said that the post-processing step improves 

the performance of the recognizer and it is going to be applied in both deep learning based 

recognizers in this study. 

The results show that in terms of detection of single languages, the lowest 

performance was recorded in Hungarian text. The cursive nature of Hungarian 

handwriting brings about a challenge in the character segmentation phase. Therefore, the 

overall recognition is negatively affected by mis-segmented characters. The number of 

mis-classified words in Hungarian is 597 and the total Levenshtein distance of those 597 

words is 702. Which means that most of the words had approximately one change to be 

classified correctly. Additionally, Hungarian alphabet consists of several letters with 

accents. These letters are highly likely to be misclassified as one-another. This also adds 

to the high number in the WER in Hungarian text recognition. 

The reason behind English text having the highest recognition rate can be based on 

two reasons. The first one is that the number of classes are smaller in the English alphabet 

and there are not many characters that have an accent. This should have a positive effect 
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on the classification performance. The second one is that the nature of English text in the 

dataset consists of mostly print characters which are rarely overlapping thus making the 

character segmentation easier. 

Multilingual text recognition yields the highest error rate overall. The size of the 

dictionary in multilingual recognition is approximately triple the size of the single 

language dictionary. Therefore, the chances of misclassification of words are higher. In 

addition to it, having the largest class size also has a negative effect on the accuracy. 

Compare to English text recognition with 52 class size, multilingual text detection is 

expected to have a lower accuracy rate since it includes 78 class labels. 

In order to create a base of comparison for the proposed method, the pre-trained 

model on the merged_augmented version of the T-H-E dataset was used to recognize 

English handwritings in the IAM Database[124]. The IAM database includes full English 

sentences collected from approximately 400 participants, containing 82,227 words. Since 

the input to post-processor is only lower-case letters, the upper-lower case problem 

caused by the merged_augmented version is eliminated at the post-processing. The WER 

of the proposed model with the results of published models are provided in the Table 25 

below. 

Table 25 Results on IAM Dataset 

Model Test WER (%) Language model 

Proposed Model 17.4 Yes 

Bluche[179] 16.4 Yes 

Wigington[169] 23.2 No 

 

Looking at the Table 25, it should be noted that although a language model was 

used in the study by Wigington[169], the results were only provided for the version 

without language model. The difference in the WER can be explained by the lack of the 

language model. Different from the previous study, Bluche[179] provided for the both 

with and without a language model. Even though the WER without the language model 

was 24.6%, using a language model lowered the WER by over 8%. Looking at the results, 

the proposed model has 17.4%-word error rate with a 1% difference with the best 

resulting model.  
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Looking at the results, it is clear that post-processing step has a positive effect on 

the performance of the recognizer therefore it should be adopted in the system. Based on 

the results of the evaluation, it can be said that a segmentation-based approach is ideal for 

a non-cursive single language handwriting however when it comes to cursive and 

multilingual handwritings, holistic (segmentation free) approaches might yield better 

results. Additionally, testing the model on a public dataset, performance of the model is 

not too far from the state-of-the-art results. The next chapter puts forward an object 

detection-based handwriting recognition system.   
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 OBJECT DETECTION BASED OFFLINE HANDWRITING RECOGNIZER 

7.1. Chapter Overview 

In this chapter, an object detection algorithm-based segmentation free offline 

handwriting recognition system is presented. Firstly, two main object detection methods 

are explained. Later, the structure of the recognizer is given. Finally, experiments and the 

results are put forward.  

7.2. Object Detection 

Object detection refers to two different computer vision tasks carried out together 

namely image classification and object localisation. Image classification task is used to 

put a class label on the object in the image and object localisation is used to locate the 

object or multiple objects in an image and put a bounding box around the object.  

Popular methods for real-time object detection include methods based on Regions 

with CNN features (R-CNN) and You Look Only Once (YOLO) [180]–[185]. As 

mentioned in the previous chapter, object detection approach is also used in the 

handwriting recognition domain. The majority of the studies focus on R-CNN based 

methods. Therefore, in this chapter, we propose a YOLOv5s based handwriting 

recognition system. In this chapter, the R-CNN and YOLO based object detection is 

explained followed by the proposed model. 

R-CNN Based Approach 

Regions with CNN Features or Region-Based Convolutional Neural Network was 

proposed by Girshick et al. in 2014[180]. The model consisted of three modules namely, 

region proposal, feature extraction and classifier. The region of interest are determined in 

the region proposal step, using a selective search algorithm[186]. Approximately 2000 

regions that might include an object are put into rectangular boxes in the first module. 

These regions form the input of the next module which is feature extraction. A large CNN 

extracts a fixed length feature vector (4096) from each region. Lastly, the feature vector 

is fed into a set of class- specific linear SVMs.  

The downsides of R-CNNs derive from the fact that it is time consuming since 

approximately 2000 regions should be classified for each image. Thus, in 2015 a Fast R-

CNN was proposed Girshick[181]. In this version, the region proposal step using selective 

search algorithm was left out. Instead, the feature maps are created by feeding the image 
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to the CNN. In order to make sure the size of the feature map is fixed; a Region of Interest 

(ROI) pooling layer is adopted. Finally, the fix sized vector is given to the fully connected 

layer as an input and two outputs are generated using two separate layers namely softmax 

and bounding box regressor. Class of the proposed region is generated as a result of the 

softmax layer and offset values are determined by the bounding box regressor. This 

version proves to be faster than the R-CNNs, however the need to calculate possible 

regions for each image is still time consuming. Later in 2016, a Faster R-CCN (FRCNN) 

was proposed by Ren et al.[182]. In this version, instead of the selected search algorithm 

a Region Proposal Network (RPN) was put forward. RPN is used for proposing the 

regions and the type of the object to be found in the region based on pre-defined shapes 

called anchor boxes. Then, the Fast R-CNN is used to extract the features and finally give 

the two outputs namely class label and bounding box for the proposed region. 

YOLO Based Approach 

Other popular approach in object detection is YOLO which was put forward by 

Redmond et al. in 2016. The researcher Ross Girshick who was one of the mail 

contributors and authors in the development of R-CNN is also a contributor and author in 

the development of YOLO. In the first version, class probabilities and the location of the 

objects in bounding boxes are calculated with a single neural network architecture using 

the full image[187]. After application of the original image as a whole, the bounding 

boxes are predicted, and each box includes 5 predictions. The first two are the (x, y) 

coordinates of the centre of the box and the following two are w and h stand for the width 

and height of the box and lastly the confidence is the last prediction[188]. YOLO being a 

single stage object detector, consists of three components namely backbone, neck, and 

head. Backbone is a CNN which usually works as the feature extractor, the features 

prepared in the neck for the detection by combining and mixing those and finally the head 

generates the bounding boxes and predictions[189]. Commonly used backbones include 

Residual Neural Networks (ResNet)[190], Densely Connected Networks 

(DenseNet)[191] and Very Deep Convolutional Networks (VGG)[111] which are pre-

trained on image classification datasets and then fine-tuned on the detection dataset. 

Popular models for the neck are Path Aggregation Network (PaNet) [192] and Feature 

Pyramid Networks (FPN) [193] helping to extract different feature maps at different 

stages. As for the head responsible for classification and regression, YOLO[183], Region 
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Proposal Networks (RPN)[182] and RetinaNet[193] are amongst the widely adopted 

models. 

The popularity of the model derives from the fact that it is very fast, thus allowing 

real-time object detection since the calculation does not take as much time as it takes 

using R-CNN based methods. Later in 2017, Redmond and Farhadi proposed the 

YOLOv2 also known as also YOLO 9000[194]. The name YOLO9000 is used because 

this version is capable of detecting over 9000 object categories. In addition to the 

improvements in the number of object categories, other improvements such as addition 

of batch normalization and working with high-resolution input images are also made. 

Thereafter in 2018, Redmond and Farhadi announced the next version, the 

YOLOv3[184]. This version predict boxes at 3 different scales thus allowing better 

detection for small objects compare to the prior versions[195]. In 2020, Bochkovskiy et 

al. Proposed the YOLOv4 using CSPDarknet53[196] as the backbone, 

SpineNet(SPP)[197] and PaNet[192] for the neck and YOLOv3[184] as the head. This 

version outperformed the older one by 10% in accuracy and 12% in speed. The latest 

version YOLOv5 was proposed approximately a month after the previous version and it 

is still being developed and new packages and additions are added on regular basis. The 

latest release is v3.1, published on 29th of October 2020[185]. In this version, Cross Stage 

Partial Networks(CSPNet) are adopted as the backbone[196] as in the previous version. 

As for the neck and head similarly to the previous version, PaNet and YOLOv3 were 

used. In terms of performance of networks, YOLOv4 and YOLOv5 perform similarly. 

However, YOLOv5 appears to be easier to apply and faster to train whereas YOLOv4 

trains more slowly and in the long run gives better accuracy. 

7.3. Literature Review 

In terms of offline handwriting recognition using versions of YOLO is still not 

common. In this aspect, this work proposes one of the first offline handwriting 

recognizers using YOLO based models. The reason behind the lack of research in this 

field can be the difficulty of the training of the model. There are datasets containing 

objects such as bicycle and car with proper labels for YOLO models however there are 

no datasets available for handwriting recognition purpose. In terms of offline handwriting 

recognition, Santoso et al. adopted YOLOv3 object detection to recognize Kawi character 

on copper inscriptions in 2020[198]. Although, the input in the study is a historical copper 
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inscription, the main difference with our study is the nature of handwriting. The Kawi 

characters on the inscription are spaced and discretely written unlike the handwritings in 

our study. The results showed that their model had an average accuracy of 97.93% in 

recognition of Kawi characters. There are currently no other studies conducted on offline 

handwriting recognition however there are three studies conducted on handwritten digit 

recognition using YOLO based approaches. It should be noted that in digit recognition, 

the domain is generally discretely written, and the number of classes are only 10 unlike 

in handwritten characters. Therefore, it is possible to say that digit recognition is less 

challenging that character recognition. In 2020, Sun et al. proposed a YOLO based 

handwritten steel billet identification number recognizer[199]. This study is similar to the 

previous one in terms of the surface the handwriting was performed on. For training 

YOLO object detector, 120 images and as for testing 99 images were used. The results 

indicated that recognition of every number had at least 97% accuracy rate. In 2021, 

Kusetogullari et al. proposed a new historical handwritten digit database called DIDA and 

a novel deep learning architecture, named DIGITNET[200]. In their study, they also 

adopted the YOLOv3 and YOLOv3- tiny as a base of comparison for their proposed 

recognizer. Their results showed that YOLOv3 had a 48.56% and YOLOv3- tiny had 

64.48% and the proposed DIGITNET had 70.15% accuracy rate on a 200000-image 

dataset. Lastly, Hochuli et al. put forward a comprehensive study on handwritten digit 

recognition[201]. The proposed study included five different datasets with different 

difficulty levels and recognition of those included several segmentation-based and 

segmentation-free strategies including YOLO. The results showed that, YOLO 

outperformed other three segmentation free approaches on three datasets out of five. In 

the remaining two datasets, the difference in the performance of YOLO and the best 

performing method was very small. 

 The following sections provide information how the data was prepared to train the 

object detector and how the post processing was performed followed by the experiments 

and the evaluation.  

7.4. Experiments 

Looking at the recent success in object detection and the performance of YOLO 

based object detection systems was an encouragement to try this approach on the 

handwriting recognition problem. If we consider a handwritten page or simply a 
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handwritten word/ character, the two components for object detection problem namely 

object location and classification of the object are present. However, it should be noted 

that in object detection, the difference between classes is more obvious unlike in the case 

of characters. As for the object detector, based on its ease of implementation and speed, 

YOLOv5s model was used for handwriting recognition. The modifications made in the 

architecture and the input are explained below. 

7.4.1. Data-Processing 

Unlike the characters represented in T-H-E Dataset, the input to YOLOv5 is a large 

image preferably containing more than one character at different locations over the image. 

Therefore, the 28×28 pixel binary images from T-H-E Dataset were used to create suitable 

input for the object detection algorithm using some of the pre-processing steps from the 

GitHub repository of YOLOv3 implementation [202]. Firstly, the empty space meaning 

black pixels from right, left, bottom and top of the character are removed. Then, the 

character to be placed onto the 416×416-pixel space is resized by multiplying its size by 

one of the 7 fix values (0.5, 0.8, 1, 1.5, 2, 3, 4) picked randomly. Then the character is 

randomly placed onto the space. Every character has its label and its location saved in the 

format below and every line represents one character: 

 

Figure 51 Representation of the Location and the Label of the Characters 

The first number refers to the class label of the image, the second number refers to 

the location of the centre of the character on the x axis and the third number refers to the 

y axis of the centre. The fourth number is the width of the character divided by the width 

of the image (416) and the last one is the height of the character divided by the height of 

the image (416). This particular example in Fig. 51, represents a 28×28-pixel sized letter 

“a” which is placed on the top-left corner of a 416×416 image, this the class label is “0” 

referring to character “a” and the last two numbers are the width and height 28 divided 

into 416 (28/416=0.0673076923076923).  

1 2 3 4 5 
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Figure 52 Data Prepared for the Training 

There is no fix number defining the number of characters to be placed onto the 

space. The process of placing characters onto the 416×416-pixel space continues until 

one character is placed onto another exceeding the threshold which on average results in 

having 4 to 10 characters onto the space. The threshold is set to 0.02 intersection over 

union (IoU). Three examples of training data can be seen in the Fig. 52 above. 

The input images are prepared by the above-mentioned steps. Then using these 

images, the network is trained. 

7.4.2. Post-Processing 

The post-processing phase aims at excluding misclassifications generated due to 

the flaws in the recognition system. In this section, the post-processor in the previous 

chapter is used with minimal changes. 

The output of the object detection phase is fed to the postprocessor word by word. 

An example can be seen in the Fig. 53 below. Firstly, the letters in the output of the 

recognition step and every word in the dictionary is converted to lower-case characters in 

order to make sure that the distance is calculated with minimal errors. Finally, the lower-

case form of the words is fed to the post-processor. Like in the previous chapter, the 

Levenshtein distance is calculated for the recognised words and every single word in the 

dictionary and the minimum distanced match is given as the output[177]. The same 

dictionaries as in the previous chapter are adopted in this section. 
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Figure 53 Sample Results of Object Detection 

In the final step, the matching word is compared with the original dictionary and it 

is normalised into its form in the dictionary to be able to maintain the capital letters in 

certain words. 

7.4.3. Experiments 

The experiments were carried out using Google Colab. YOLOv5s repository in 

GitHub was used with certain changes for such input[203]. Firstly, the training and test 

sets were determined as 90% training and 10% test (validation) set. Then, the anchor sizes 

were changed for the needs of our input as can be seen in the Fig. 54 below.  

 

Figure 54 Modified Anchor Sizes in YOLOv5 

The performance of the recognizer is going to be tested on Turkish, Hungarian and 

English languages separately and on a multilingual text containing all three languages. 

Therefore, the network was trained separately for every input. For Turkish handwriting 

recognition, the en_augmented and tr_augmented versions from the T-H-E Dataset were 

combined and the network was trained using a 64-character (52 English+ 12 Turkish) 

dataset. It should be noted that although the Turkish alphabet does not contain letter “x”, 

“w“ and “q” they were not excluded from the dataset. As for the Hungarian text, 

hu_augmented and en_augmented versions were combined forming a dataset with a class 

label of 70. Finally, for English and multilingual texts, en_augmented and 

entire_augmented versioned were used, respectively. The versions used can be seen in 

the Table 22 in the previous chapter. It should be noted that the synthetic characters 

generated in the Chapter 5 are also included in the training sets. 
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The trained network is going to be used to detect the characters given as a word 

onto a blank 416×416-pixel image. The words are segmented as mentioned in the 

previous chapter. Firstly, using MSER algorithm the lines are detected and then the words 

are segmented based on the number of black pixels in between. The segmented words 

then are resized to fit into 416×416 image keeping the aspect ratio of the word and each 

word is placed onto a 416×416-pixel blank image resulting in a word in each image. This 

process is carried out for all the words in the 80-page long input mentioned in the previous 

chapter (20 pages for each language). 

7.4.4. Evaluations 

Similarly to the previous chapter, the performance evaluation is carried out 

separately for Turkish, Hungarian, English, and multilingual texts. Prepared images 

containing every word in a 416×416-pixel format are used as the input for the recognition. 

Since the pages used to evaluate the recognizer do not belong to a dataset, they were not 

tagged with the actual words. Therefore, an expert created the labels of the pages by 

converting those into strings as mentioned in the previous chapter. 

The word error rate (WER) for each language is calculated to measure the 

performance. The Table 26 below shows the WER and percentage of the misclassified 

words for each language. 

Table 26 Word Error Rate of Handwritten Texts in Different Languages 

 WER (%) Percentage of misclassified words #words 

Turkish Text 6.58 5.55 4758 

Hungarian Text 9.08 7.36 5012 

English Text 5.93 4.35 4826 

Multilingual Text 15.07 11.99 4062 

 

Looking at the results, it can be seen that similarly to the previous recognizer, 

multilingual text detection gives the lowest accuracy. The reason behind the high number 

of misclassifications derives from the size of the dictionary being very large.  

Additionally, since the text containing all three languages is arbitrary, a context-based 

dictionary could not be used. Using a context-based dictionary would decrease the WER 

in our opinion. Additionally, multilingual text detection is carried out with a network 
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trained on 78 letters therefore, the high number in class label also contributes to the high 

error rate. 

As for the single language recognition, recognition of English texts has the highest 

performance with only 5.93 % WER and 4.35 % of the words misclassified. The discrete 

nature in the English handwritings in the dataset and lower-class size (52 classes) have a 

positive effect on the classification performance. On the other hand, Hungarian text 

recognition has the highest error rate with over 9%. As mentioned in the evaluation of the 

previous chapter, the cursive nature of the language has a negative effect in terms of 

recognition performance. Additionally, having letters that are written in a similar way 

with an accent difference such as letter “u” - “ú” and “e” and “é” also makes the chances 

of misclassification higher. Increasing the number of training set might help with 

elimination of errors caused by the accents. 

Looking at the results, it is possible to say that object detection-based recognition 

has a great potential at single language recognition. The error rates are at an acceptable 

level and they can further be decreased with a larger training set. Additionally, instead of 

training the network with single letters, training the network with words may yield better 

results. 

  



 

93 
 

 CONCLUSIONS AND SUGGESTIONS FOR FURTHER WORK 

8.1. Chapter Overview 

In this chapter, a general conclusion of the thesis is put forward followed by future 

research directions. 

8.2. Conclusions 

Offline handwriting recognition is an unresolved research problem due to several 

factors such as use of diacritical marks, cursive nature of the handwriting, lack of 

handwritten datasets and input language. The input language plays a crucial role in the 

success of the recognition. For instance, it is possible to find very accurate handwriting 

recognition software for English language but there are not many that yields high 

performance in languages such as Turkish and Hungarian. In addition to single language 

handwriting recognition, with the number and the importance of multilingual handwritten 

text rising in the recent years as a result of globalisation, solutions for multilingual 

handwritten text recognition has come into prominence. This brought about a need for 

handwritten text or character datasets in several languages to develop multilingual 

handwriting recognition software.  

In this study, a multilingual handwritten character dataset was created and 

published on public domain. The proposed dataset, T-H-E Dataset, includes handwritten 

characters in Turkish, Hungarian and English languages in six different versions as 

mentioned in the Chapter 4. Several experiments to evaluate the proposed dataset were 

carried out and the results show that in terms of handwritten English character datasets, 

the T-H-E Dataset can be a good alternative. In addition to being an alternative, it is the 

only handwritten Turkish and Hungarian handwritten character dataset in the field. The 

proposed dataset could be adopted for single language recognition purposes, namely, 

Turkish, Hungarian, or English character recognition systems, as well as multilingual 

recognition systems. 

In addition to human-generated characters, synthetic characters based on the 

handwritten characters in the T-H-E Dataset were also generated using generative models 

namely DCGANs in the Chapter 5. The experiments on the dataset augmented with 

synthetic characters show that including the generated characters in the input improve the 

overall recognition accuracy. 
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In the past years, advancements in deep learning methods concomitantly led to 

improvements in offline HWR. In this study, using the handwritten and synthetic 

characters, two deep learning based offline handwriting recognition systems were 

proposed in the Chapter 7 and 8. The first system is a segmentation based offline 

handwriting recognizer using a CNN architecture which was proposed in the Chapter 3. 

The system consists of pre-processing, recognition, and post-processing steps. The 

proposed system works on Turkish, Hungarian, and English texts however the 

performance of the system highly depends on the style of handwriting since the system is 

segmentation based. The results indicated that the segmentation-based model yields good 

results in non-cursive single language recognition and poor results in cursive 

handwritings and multilingual texts. In order to overcome the drawback in the system, an 

object detection-based recognition is proposed in the Chapter 7. YOLOv5 algorithm is 

used to recognise handwritten texts. Firstly, the system is trained with the characters from 

the T-H-E Dataset and synthetic characters from Chapter 5 systematically scattered on a 

416×416 blank image and then handwritten words are detected using the trained 

algorithm. The results indicate that, YOLOv5 outperforms the segmentation-based 

method proposed in the previous chapter in recognition of single languages as well as the 

multilingual texts. As for the cursive handwritings, only 8.36 % of the words are 

misclassified compare to 11.55 % in the segmentation-based recognizer. Similarly, the 

WER of the recognizer is 5.65 % lower than the previous recognizer. In multilingual text 

recognition, the proposed system performs a little lower than the ideal. Although, the 

character level recognition is at an ideal level, the dictionary being very large results in 

misclassifications in the word level. Since the multilingual text is artificially created and 

it does not have a real context, it is difficult to decrease the dictionary size. In a real-life 

sample, a context-based dictionary can be used to overcome the vast of the misclassified 

words. 

It can be concluded that, the proposed handwritten character dataset in this study 

constitutes a big potential for multilingual handwriting recognition purpose as well as 

contributing to Turkish, Hungarian, and English character databases. Alongside with that, 

the proposed recognition systems get very close to the optimum recognition rates on 

handwritten single and multilingual texts. Additionally, it is hoped that the contribution 

of this thesis can be a start for further improvements and developments in the field 
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especially for Turkish and Hungarian handwriting recognition since there is still a lot to 

accomplish. 

8.3. Future Works 

Due to time constraints, some of the planned work could not be completed. The 

augmentation of the T-H-E Dataset was supposed to be completed. However, due to the 

COVID-19 pandemic the process was disturbed, and data collection for the dataset had 

to be postponed. In this section, the recommendations on further improving the T-H-E 

Dataset is presented. 

Augmentation of the T-H-E Dataset 

T-H-E Dataset consists of handwritten binary Turkish, Hungarian, and English 

characters as mentioned in the previous section. However, the dataset did not include any 

meta data regarding the user writing the characters. Therefore, the applicability of the set 

was limited to image classification applications. In order to extend the scope of the 

application of the dataset, some meta data about the user is going to be linked to the 

handwritten characters namely the age, gender, occupation, handiness (left or right-

handed) and nationality of the users. Thereby, the T-H-E dataset could also be used for 

other research fields such as handwriting identification or statistics regarding the 

nationalities, handiness, occupations, and genders. 

In addition to the meta data included in the dataset, the second version is going to 

include characters in grayscale unlike in the first version. Since, grayscale images provide 

more information than a binary image, it is believed to increase the performance of the 

classifiers as well. 

Training the Object Detection Model with Handwritten Words 

The object-detection based recognized in the Chapter 7 was trained with the 

handwritten characters scattered around a 416×416-pixel space. However, training the 

network with actual handwritten words with the tagged characters might result in better 

recognition performance. Since the handwritten characters lose some of its shape after 

segmentation. Due to time constraints, this part of the training could not be accomplished.  
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