
This document is downloaded from DR‑NTU (https://dr.ntu.edu.sg)
Nanyang Technological University, Singapore.

Algorithms for extracting text from degraded
document images

Chen, Yan

2007

Chen, Y. (2007). Algorithms for extracting text from degraded document images. Doctoral
thesis, Nanyang Technological University, Singapore.

https://hdl.handle.net/10356/2545

https://doi.org/10.32657/10356/2545

Nanyang Technological University

Downloaded on 20 Mar 2024 16:20:16 SGT



 

Algorithms for Separating Text from the Background in 

Scanned Document Images 

 
 

 
 
 
 
 
 
 

Chen Yan 
 
 
 

 
School of Computer Engineering 

 
 
 

 
 

A thesis submitted to the Nanyang Technological University in fulfillment of the 

requirement for the degree of Doctor of Philosophy 

 
 

2007 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 

Table Of Contents 

ACKNOWLEDGEMENT.................................................................................................I 

ABSTRACT...................................................................................................................... II 

LIST OF FIGURES ........................................................................................................IV 

LIST OF TABLES ..........................................................................................................IX 

CHAPTER 1 ...................................................................................................................... 1 

INTRODUCTION............................................................................................................. 1 

1.1 BACKGROUND.......................................................................................... 1 

1.2 OBJECTIVES ............................................................................................. 9 

1.3 CONTRIBUTIONS OF THIS DISSERTATION................................................ 10 

1.4 ORGANIZATION OF THIS THESIS ............................................................. 11 

CHAPTER 2 .................................................................................................................... 13 

REVIEW OF DOCUMENT THRESHOLDING AND SEGMENTATION 

METHODS ...................................................................................................................... 13 

2.1  REVIEW OF PRE-PROCESSING METHODS ................................................ 13 

2.2  REVIEW OF THRESHOLDING METHODS .................................................. 15 

2.3  REVIEW OF SEGMENTATION METHODS.................................................. 40 

2.4  SUMMARY.............................................................................................. 49 

CHAPTER 3 .................................................................................................................... 51 

IMPROVEMENT OF THE QIR ALGORITHM........................................................ 51 

  

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 

3.1  REVIEW OF QIR ALGORITHM................................................................. 51 

3.2  PROPOSED IMPROVED QIR .................................................................... 55 

3.3  EXPERIMENTAL RESULTS....................................................................... 58 

3.4  SUMMARY.............................................................................................. 69 

CHAPTER 4 .................................................................................................................... 72 

 MEAN-GRADIENT THRESHOLDING TECHNIQUE ........................................... 72 

4.1  LOCAL CHARACTERISTIC ANALYSIS ..................................................... 73 

4.2  PRE-PROCESSING METHOD.................................................................... 78 

4.3  PROPOSED LOCAL ADAPTIVE MEAN-GRADIENT TECHNIQUE ................ 80 

4.4  EXPERIMENTAL RESULTS....................................................................... 82 

4.5  SUMMARY............................................................................................ 105 

CHAPTER 5 .................................................................................................................. 108 

DECOMPOSE THRESHOLDING APPROACH ..................................................... 108 

5.1  THE PROPOSED DECOMPOSE ALGORITHM ........................................... 109 

5.2  IMPROVED DECOMPOSE ALGORITHM................................................... 123 

5.3  EXPERIMENTAL RESULTS..................................................................... 127 

5.4  SUMMARY............................................................................................ 139 

CHAPTER 6 .................................................................................................................. 141 

INDEPENDENT COMPONENT ANALYSIS BASED SEGMENTATION .......... 141 

6.1  INDEPENDENT COMPONENT ANALYSIS ................................................ 142 

6.2  ICA BASED SEGMENTATION ALGORITHM APPROACH.......................... 145 

6.3  EXPERIMENTAL RESULTS..................................................................... 153 

  

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 

6.4  SUMMARY............................................................................................ 162 

CHAPTER 7 .................................................................................................................. 163 

CONCLUSION AND FUTURE RESEARCH ........................................................... 163 

7.1  ACHIEVEMENTS ................................................................................... 164 

7.2  CONTRIBUTIONS .................................................................................. 166 

7.3  DISCUSSION AND SUGGESTIONS FOR FUTURE WORK........................... 169 

BIBLIOGRAPHY......................................................................................................... 171 

APPENDIX 1: EXPERIMENTAL RESULTS OF ORIGINAL QIR AND 

IMPROVED QIR.......................................................................................................... 187 

APPENDIX 2: EXPERIMENTAL RESULTS OF MEAN-GRADIENT METHOD 

AND OTHER 3 THRESHOLDING METHODS ON 4 DIFFERENT DOCUMENT 

TYPES............................................................................................................................ 196 

APPENDIX 3: EXPERIMENTAL RESULTS OF DECOMPOSE ALGORITHM 

AND OTHER 6 METHODS........................................................................................ 214 

APPENDIX 4: EXPERIMENTAL RESULTS OF ICA-BASED SEGMENTATION 

ALGORITHM............................................................................................................... 224 

 

  

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 

Acknowledgement 

I would like to acknowledge and express my deepest gratitude to my 

supervisor, Associate Professor Graham Leedham, for his intellectual 

guidance, advice and support rendered during the research and development 

of this report. Without his patience, understanding and encouragement, I 

cannot stick to and dip into my project. He has also constantly helped me to 

proof read all my papers and reports as well as updating me on the latest 

technological advances relating to the areas of my work. 

Many thanks also Professor T. Srikanthan for providing me a very 

good and harmonic research environment and advanced facilities at the 

Centre for High Performance Embedded Systems (CHiPES). 

I would also like to extend my thankful to the staff of CHiPES, 

especially Ms Boh-Nah Kiat Joo and Mr Chua Chiew Song, they kindly 

assisted me in many aspects, and provided me with all the convenience I 

need. 

Lastly but not the least to my husband, Zheng Xuebin for his 

understanding and encouragement during my research studies here in NTU. 

 

    i

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 

Abstract 

Documents usually contain a large amount of information and have been the 

primary information medium in our society. From handwritten or printed letters and 

words, signed cheques and contracts in our normal life to the covenants between 

countries, documents are an important medium of record and their importance in law still 

cannot be replaced by any other medium. For newly created electronic documents, 

searching based on keywords or phrases is relatively straightforward as the documents 

are created using appropriate software which makes them easily compatible with other 

software enabling keyword searching to be readily performed. However, many older 

documents only exist in paper form and are usually converted to computer form by 

scanning the documents and storing them as images in appropriate formats. Popular 

image formats are Adobe pdf, Postscript and TIFF. Images scanned in these formats can 

only be displayed or printed using computer tools. It is not possible to search them by 

keywords unless sophisticated image-processing (such as image segmentation, image 

layout analysis, image understanding and image classification) tools are applied. This 

makes document image analysis an important research area. 

The main objective of this research is to automatically separate text from the 

background in degraded scanned document images and locate individual words in the 

text. In this thesis, techniques are presented to extract the handwritten text from the noisy 

or degraded background. This is accomplished through a multi-stage technique, which 

analyses the feature vectors in a local block and then chooses the most appropriate 

threshold method in a database for each block. The multi-stage algorithm is suitable for 
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any document and is demonstrated on four different types: historical documents, form 

documents, newspaper images and cheque images. 

Qualitative and quantitative comparison of several thresholding algorithms is 

reported. Quantitative comparison of thresholding and separation techniques is achieved 

through the calculation of ‘recall’, the proportion of complete correct words retained in 

the document after thresholding and ‘precision’, the proportion of correctly detected 

words to apparently detected words retained in the document. Independent Component 

Analysis is investigated as a means of separating touching and overlapping of descenders 

and ascenders on adjacent lines of the extracted text.  
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Chapter 1 

Introduction 

1.1 Background 

Documents usually contain a large amount of information and have been the 

primary information medium in our society for many years. From handwritten or 

printed letters, signed cheques, legal contracts, application forms to the treaties 

between countries, documents are an important recording media. And their acceptance 

in law still cannot be replaced by any other recording medium.  

Whilst paper documents continue to perform an important role in the world, 

the storage space and safety equipment required to keep important papers has become 

a major problem. Many companies and organizations systematically convert their 

records from hardcopy paper versions to electronic versions. This reduces the large 

volume of paper storage to a few Giga-bytes of data on magnetic or optical disc and 

occupies a tiny fraction of the original storage space. These digital data documents 

can then be made available on-line and accessible to many people over a wide 

geographical area for electronic searching and reviewing. 

One of the major difficulties with these electronic document archives is the 

difficulty of searching for keywords or phrases in the documents.  

For newly created electronic documents, searching is relatively 

straightforward as the documents are usually created using appropriate software 
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which makes them easily compatible with other software (e.g. Adobe Acrobat), thus 

enabling keyword searching to be readily carried out.  

However, many older documents were created using handwriting or 

typewriter/printer and only exist in paper form. These are usually converted to 

computer compatible form by scanning the documents and storing them in the 

appropriate image format. The more popular image formats include Adobe pdf, 

Postscript and TIFF. Images scanned and stored in these formats can only be 

displayed or printed using computer tools. It is not possible to search them for 

keywords unless sophisticated image-processing (such as image segmentation, image 

layout analysis, image understanding and image classification) tools are applied. This 

makes document image processing an important research area. Esposito et al. (1993) 

 [27] and Suen et al. (1993)  [84] described the main components of a document 

management system, which included the main document image processing tools.  A 

block diagram of a typical document management system is shown in Figure 1.1.  

In the ‘Scanned Document’ stage, the scanner is the main component. Scanned 

documents are usually grey-scale or colour images. Normally, to minimisc digital 

storage space, grey-scale representations are chosen. As such, this research is 

constrained to grey-scale scanned images. Scanners usually come with software, such 

as Adobe's Photoshop product, that allows a captured image to be resized and 

modified. The software allows the images to be saved in different image formats such 

as .bmp, .tiff, .gif or .JPEG.  

The recognition system and analysis requires access to all information of the 

original image, and requires uncompressed images that do not take up large storage 

space. Bitmap (BMP) format requires large storage and thus is not usually used. GIF 

and JPEG formats are mainly used for Internet graphics. The TIFF format describes 
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image data that comes from scanners and allows images to be saved as compact 

digital files without any loss of data.  As a result, the image scanned in the ‘Scanned 

Document’ of Figure 1.1 is frequently saved in TIFF format.  

 

          Figure 1.1 The Block Diagram of a Document Management System 

In the ‘Pre-processing and Segmentation’ stage of Figure 1.1, an important 

step or process is binarization, which should ideally separate the text from the 

background by setting the text to 0 (black) and setting the background to 1 (white). 

The quality of this binary image can directly affect the subsequent processing steps. 

All black pixels are assumed to be foreground or useful pixels while all white pixels 

are assumed to contain no information and are background pixels. The black 

foreground pixels may subsequently be processed as binary pixels (to save 

computation time) or may be restored to their original (non-white) grey scale value to 

allow the extraction of detailed features. In many applications all significant details of 

the handwriting or printing, including faint skate-on and skate-off pen strokes at the 

beginning and end of strokes must be retained as these features often contain essential 
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features necessary for recognition or validation. Binarization is performed using an 

appropriate thresholding technique. A number of researchers have obtained interesting 

results in this area. However, the results are not ideal, and most of the reported 

techniques normally deal with constrained image types, such as printed images, 

handwritten images, or engineering drawing maps with clear text on a homogeneous 

white background.  

The resulting binary image is then segmented into independent words and 

subsequently used in the ‘Layout analysis’ stage as well as the ‘Optical Character 

Recognition (OCR)’ stage. Layout analysis is the process of constructing a layout 

hierarchy of document components whereby the document is constructed in terms of 

paragraphs, text columns and graphic sections. The document understanding step 

seeks to detect the logical properties of the layout components, such as title, author, 

abstract, etc. This step can be considered as the classification of layout components. 

Ejiri (1989)  [26] showed that document understanding can be summarized in three 

steps:  

1. Extracting features and analyzing structures; 

2. Matching these results with models; 

3. Controlling the process using the models or the matched results. 

The ‘Optical Character Recognition (OCR)’ stage recognizes characters in the 

binary image. The OCR results are sent as textual information to the ‘Document 

Understanding’ stage for capturing the layout structure of a document, geometric 

information and textual feature. 

The ‘Document Classification’ stage aims to categorize documents into user-

defined classes. For example, in a library, a librarian may want to classify the 

documents according to different authors, or different genre, and in a postal sorting 

    4

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 1: Introduction 

 
office, an officer may want to classify letters according to different destination 

countries or cities, etc. 

After extracting the information about the document during the ‘Document 

Classification’ stage, the document can be reconstructed. 

Finally, since textual, graphic and layout information is managed, the 

document can be efficiently stored and subsequently retrieved. The ‘Multimedia 

Editor’ is used to edit a new digital version of the document for keyword searching on 

the website or in the digital library.  

Layout analysis and OCR modules require clean noise-free binary images 

which retain all useful information. The qualities of the binary image and word 

separation accuracy are significant to the subsequent processing. Binarization and 

segmentation are arguably the two most important steps in a document processing 

system. 

There are currently millions of historical documents stored in museums, 

libraries and government record offices all over the world. These documents contain 

important and interesting information that was written and recorded in handwritten 

letters and notes, during the past few hundreds years before the invention of 

typewriters and even printing. In order to ensure the preservation of these delicate 

documents, whilst also providing wider access to scholars and researchers, the 

documents are frequently scanned and made available as high-resolution images. 

Given the current state-of-the-art in computer recognition and processing of script, 

most of these historical documents are currently impossible to read automatically.  To 

facilitate future automatic searching and analysis of the words and content in the 

documents, it is necessary to separate the useful pixels containing document content 

such as handwriting, drawings, pictures and other information representing useful 
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artifacts, from the background pixels representing the paper on which the useful 

information is written.  

This is a non-trivial task as the documents are frequently degraded due to poor 

storage and have been damaged over time resulting in content which is often difficult 

for a human to decipher. Historical handwritten document images frequently contain 

handwriting that was written by ink pen hundreds of years ago. The long storage time 

and adverse storage environments at some time in their past make the pen strokes fade 

or run and the quality of the document paper degrade, even producing some spots or 

darkened areas due to mould or bacterial growth.  

As shown in Figure 1.2, a typical historical document image may include 

double-sided noise where writing on the reverse side of the paper has soaked through 

the paper and merged with writing on the front of the paper, ghosting noise where 

writing on the reverse side has soaked through giving the appearance of writing on the 

front of the paper, and varying background contrast due to varying changes in the 

paper colouration over time. These are the typical problems encountered in historical 

document images.  

In order to automatically process handwriting in the wide range of historical 

document images, it is first necessary to separate the handwriting from the 

background and then separate the individual handwritten lines and words. Many 

historical document images contain florid handwriting, which frequently exhibits 

extravagant loops in ascenders, descenders and upper case letters as shown in Figure 

1.3(a)~(d). These often result in touching or overlapping of words on adjacent lines. 

Separating the lines and words is difficult as the overlapping words on adjacent lines 

are often degraded to such as extent by poor storage environment and other damage 

inflicted over several hundred years that they are difficult for a human to decipher. 
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The segmentation of touching or overlapping words on adjacent lines is an important 

stage in the processing of historical cursively written documents. 

 

Figure 1.2 Example of a Typical Historical Document Image 
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(a) 

   
 (b)   (c)    (d) 

 

Figure 1.3 (a) Typical Degraded Historical Document Image; (b)~(d) Connected 

character components extracted from image (a)  
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1.2 Objectives 

Numerous techniques have previously been proposed for single-stage 

thresholding of document images to separate the written or printed information from 

the background. Whilst these global or local thresholding techniques have proven 

effective on particular sub-classes of documents, none is able to produce consistently 

good results on the wide range of documents and image qualities that exist in general 

or the image qualities encountered in degraded historical documents.  

Also, whilst a number of separation techniques have proven effective at 

segmenting words correctly if the handwritten text lines are not overlapping or 

touching, none has been shown able to produce consistently good results on the wide 

range of document images containing touching or overlapping handwritten strokes.  

The objectives of this thesis are:  

1. To investigate, compare and evaluate thresholding algorithms for the 

separation of text from background in scanned document images. The 

documents to be studied are poor quality grey-scale images from several 

document types, including historical documents, forms, newspapers and 

cheques. The primary goal is to separate text for subsequent processing 

(for example OCR or forensic analysis). The study is not concerned with 

the location or separation of diagrams or pictures embedded within the 

text. 

2. To propose and evaluate thresholding algorithms in order to separate text 

from background in scanned historical document images. The historical 

document images are ones which have become degraded due to age, 

handling or paper quality making the task difficult. 
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3. To investigate techniques to separate the overlapping words on adjacent 

lines of historical document images resulting from florid handwriting in 

ascenders, descenders and upper case letters. 

1.3 Contributions of this Dissertation 

There are many avenues for research in document processing. The study 

reported in this thesis has developed new algorithms to separate and segment 

foreground words in degraded document images and especially historical document 

images. This research has led to the following contributions and original results: 

1. An improved QIR (Quadratic Integral Ratio) technique for extracting the 

handwritten text from noisy backgrounds. It is an effective global 

thresholding method for aged and poor quality grey-scale image.  

2. A mean-gradient technique, which analyses the mean-gradient in local 

regions for different types of document images. The mean-gradient 

thresholding method was published in Proc. 7th Int. Conf. on Document 

Analysis and Recognition, Edinburgh, Scotland, Vol. 2, pp 859-865, 

2003. 

3. A multi-stage technique, which analyses the block information in local 

areas after which the most appropriate threshold method for that area is 

determined. Some thresholding techniques can only be effectively 

applied to one type of image. The multi-stage technique was published in 

Proc. 17th Int. Conf. on Pattern Recognition, Cambridge, United 

Kingdom, Vol.1, pp 445-448, 2004.  
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4. A decomposition technique depending on features extraction for 

degraded historical document image thresholding. These features can be 

usefully used in knowledge-based segmentation/separation. The 

technique was published in Proc. 9th Int. Workshop on Frontiers in 

Handwriting Recognition, Tokyo, Japan, pp 239-244, 2004; and in IEE 

Proceedings on Vision, Image and Signal Processing, Vol. 152, No. 6, 

pp 702–714, 2005. 

5. New segmentation techniques, separating overlapping or touching words 

on adjacent lines in handwritten documents. The segmentation technique 

was published in the Proc. 8th Int. Conf. on Document Analysis and 

Recognition, Seoul, Korea, 2005; and is under review by the journal 

Pattern Recognition Letters. 

1.4 Organization of this Thesis 

Chapter 1 has provided an introduction to the project and describes the 

motivation, the need and the importance of the project. Objectives and the research 

contributions are also presented. 

Chapter 2 presents a review of binarization and segmentation techniques 

reported in the literature. The general definition of thresholding is discussed, followed 

by its development. Subsequently, a review of existing techniques in this field is 

presented. The review includes pre-processing, global thresholding, local 

thresholding, post-processing and evaluation methods for each binarization technique. 

The last section of Chapter 2 presents a review of segmentation techniques.  
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Chapter 3 considers a global thresholding technique called QIR (Quadratic 

Integral Ratio), and an improved QIR method is described. The last part of the 

chapter presents the experimental results of the improved QIR algorithm. 

Chapter 4 proposes a mean-gradient based local adaptive algorithm. A 

background subtraction method is used to remove noisy or patterned backgrounds. 

Experiments on four types of images: historical document images, form images, 

newspaper images and cheque images are illustrated and compared with existing 

techniques. 

Chapter 5 proposes a multistage structure for degraded historical document 

images. A decompose multistage algorithm is described to separate degraded text 

from degraded background.  An improved decompose multistage algorithm is also 

described. Experiments on historical document images and comparison with existing 

techniques are presented. 

Chapter 6 proposes an ICA (Independent Component Analysis) based 

segmentation algorithm to separate touching and overlapping lines in degraded 

document images as encountered in many historical documents. Experiments on 

historical document images are presented. 

Chapter 7 summarises the results and presents the conclusions of the study. 

Avenues for future research are also included.  
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Chapter 2 

Review of Document Thresholding and 

Segmentation Methods 
This chapter first provides a literature review of pre-processing methods for 

document images, and then moves on to review thresholding methods for document 

images. Finally, segmentation methods for handwritten images are reviewed.  

2.1 Review of Pre-processing Methods 

Everyday, many of us spend a considerable amount of our time processing paper 

documents. This document processing involves human visual processes, which have 

become highly adapted to extracting information in the presence of noise. Currently, no 

automatic visual system is able to compete with human vision in complex images where 

noise and degradation is present.  However, there are a number of shortcomings with 

human vision when applied extensively: it is time consuming, prone to errors when 

applied for long periods, and costly. Because of the increasing competition in the 

business world, a quicker and more convenient computerized processing algorithm for 

documents is in demand. Before high level automatic document processing can be 

achieved, pre-processing methods need to be applied to the original scanned document 

images. 
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To achieve automatic processing of documents, an original paper document is 

usually scanned or imaged to produce a grey-scale image which is subsequently 

binarized. There are, as noted in Chapter 1, numerous features, which contribute towards 

corrupting an image with various kinds of noise, including characteristics of the scanner 

or camera, non-uniform illumination, etc. In addition, the document may be degraded due 

to inappropriate storage and handling. 

To remove the unwanted noise from the image, a pre-processing step can be 

applied before it is presented to the binarization step. In the pre-processing step, a noise 

pre-filter will normally be applied to the scanned image.  

Fan et al. (2001)  [28] described three desirable properties of a pre-filter:  

- It should completely remove the impulsive noise which could cause 

misclassification due to directly using the thresholding algorithm;  

- It should make the selection of threshold more accurate and robust;  

- It should retain edges and corners of objects for subsequent processing. 

Among numerous methods of pre-filtering, Gaussian and median filtering are the 

most commonly used filters. The Gaussian filter can be used to filter out spurious points 

(noise) in an image, and to soften edges. In general, the median filter allows high spatial 

frequency detail (edges and other sharp details) to pass while removing noise on images. 

It is good at removing impulsive noise, but its output is ragged and not smoothed. One of 

the major problems with the median filter is that it is relatively expensive, in terms of 

computation time, and complex to compute.  

Fontanot & Ramponi (1993)  [31] proposed a simple quadratic filtering technique 

for pre-processing. They selected a filter with fixed coefficients, but the spatially 

    14

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 Chapter 2: Review of Document Thresholding and Segmentation Methods 

 
invariant filter was incapable of adapting to the images that had spatially varying 

statistics. From the experimental result presented, the quadratic filter may not work well 

for images, which have different characteristics in different locations. 

Fan et al. (2001)  [28] presented a coplanar pre-filter as a pre-processing method. 

The method exploited the co-planarity of the grey-level distribution of neighbouring 

pixels, which can remove impulsive noise, apply piecewise smoothing and achieve sharp 

edge preservation. The output of the coplanar filter is sharper than those of Gaussian and 

median filters. The coplanar filter outperforms Gaussian, median and the quadratic filters, 

it allows piecewise smoothing and can better retain the edges and corners. 

Using a pre-filter before thresholding can significantly improve the performance 

of the subsequent document image binarization result. 

In Section 3.2.1, a new Window-based Enhancement Method is proposed for 

enhancing contrast of the document to obtain a sharper histogram. Gonzalez & Woods 

(1993)  [33] proposed a closing method, which is an effective method to remove 

unwanted image background. This method will be described particular in Section 4.2, as 

a pre-processing step of the proposed local adaptive mean-gradient technique, which will 

be proposed in Chapter 4. 

2.2 Review of Thresholding Methods 

The primary task in any document processing system is to extract the information 

(usually text) from the background. This is commonly referred to as thresholding. 

In the published literature, thresholding methods can be divided into two types: 

those that use static (global) thresholds and those that use dynamic (local) thresholds. 
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Neural network approaches to image thresholding have also been investigated by 

researchers in recent years. 

 Definition 1: Thresholding - a technique, which transforms a grey-scale 

image into its binary version representing objects and background, 

respectively. It can be categorized into two methods: Global & Local. 

 

Sezgin & Sankur (2004)  [78] categorized the thresholding techniques into six 

groups according to the extracted information on which they were based. 

1. Histogram shape information 

2. Histogram entropy information 

3. Clustering of grey-level information 

4. Image attribute information 

5. Spatial context information 

6. Local adaptation 

2.2.1 Global Thresholding Algorithm 

Global thresholding is the simplest binarization method. Only one threshold value 

is selected for the entire image according to globally extracted information.  

 Definition 2: Global Threshold - One grey scale thresholding value is 

chosen for the whole image. 

Histogram and entropy based global techniques are two of the mature global 

methods.  

The global thresholding methods can be classified as: 

1. Histogram shape-based techniques 

    16

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 Chapter 2: Review of Document Thresholding and Segmentation Methods 

 
2. Histogram entropy-based techniques 

3. Others 

2.2.1.1 Histogram Shape-Based Techniques 

The global information of an image can be obtained from the histogram of the 

image. The features of the peaks, valleys, and curvatures in the smoothed histogram are 

analyzed using histogram shape based global thresholding techniques to determine the 

final global threshold value. 

Thresholding algorithms based on histogram shape information are summarized in 

Table 2.1. The histogram-based techniques produce good results on bimodal histogram 

images, even when the image has strong noisy background. However, these histogram-

based techniques cannot solve the problem when the histogram of the objects overlaps 

with that of the background.  

The popular global thresholding algorithms seek to find the best single cutting 

point of the histogram to separate the object pixels from the background, Gonzalez 

&Woods (1993)  [33]. 

Otsu’s method (1979)  [64], is an early, but still popular histogram-based global 

threshold algorithm. It proposed a criterion for maximizing the variance of the between-

class of pixel intensity to perform thresholding. It is a class separability method. It can 

achieve good performance with simple documents where the background and foreground 

are clearly distinct in the histogram. However, Otsu’s algorithm is very time-consuming 

for image binarization because of its inefficient formulation of the between-class 

variance, and the performance varies with data sets. 
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Cheriet et al. (1998)  [12] applied a recursive Otsu’s algorithm for cheque image 

segmentation. This technique is more flexible than Otsu’s thresholding. At each 

recursion, the technique segments the object with the lowest intensity from the input 

image. This process continues until there is the darkest object left in the image.  

Table 2.1 Histogram Shaped Based Global Thresholding Techniques 

Technique Author Year Main Features Major Field 

1 Otsu  1979 
Class Separability 

Method 
Image 

2 Boukharouba et al.  1985 
Distribution Function 

Based 
Image 

3 Sezan  1985 
Histogram Shape 

Information Analysis 
Image 

4 Papamarkos et al.  1994 
Distribution Function 

Based 
Image 

5 Don  1995 
Noise Attribute 

Feature-Based 
Printed & Mail Image 

6 Liu & Srihari  1997 Stroke-Based Printed Image 

7 Cheriet et al. 1998 
Recursive Otsu 

Algorithm 
Cheque Image 

8 Solihin & Leedham  1999 IR Class Based Handwritten Image 

9 Negishi et al.  1999 
Automatic Reference 

System 

Old Handwritten 

Literature Image 

10 Liao et al. 2001 
A Fast Version of 

Multilevel Otsu  
Picture Image 

 

Don (1995)  [22] proposed a histogram-based global technique that utilizes noise 

attribute features from the image. It is based on a noise model to overcome the difficulty 

created when some objects do not form prominent peaks in the histogram. The 
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experimental results show that this method is very effective for printed and mail 

document images. 

Liu & Srihari (1997)  [54] proposed a local thresholding method based on global 

histogram feature extraction. It was a two-level threshold selection. The technique was 

based on texture features (stroke-width based) to extract characters from the run-length 

featured texture (histogram based) background. It is a flexible method in global 

techniques for printed document images. 

Negishi (1999)  [61] presented an automatic reference system based on Otsu’s 

histogram thresholding method to extract text and then the connected components were 

extracted using a labelling method. This method can process very large size images 

because of its advantage of saving memory and reducing processing time, but it cannot 

provide good results for degraded historical handwritten documents with different types 

of noise in different areas of the image because of its global process characteristics. 

Solihin & Leedham (1999)  [83] described two global techniques: Native Integral 

Ratio (NIR) and Quadratic Integral Ratio (QIR). These two histogram shape based 

methods developed from Integral Ratio, which is a new class of global thresholding 

techniques. 

The Integral Ratio Class  [83] is a collection of all two-stage thresholding 

techniques, it classifies the pixels of an image into three classes: foreground, background, 

and a class between them, which is defined as the fuzzy class. The new class can be used 

for all two-stage thresholding methods. In the first stage, the fuzzy area of the histogram 

is found by using an Integral Ratio Function. In the second stage, a final threshold value 

T is found in the range of the fuzzy area. The NIR and QIR use different Integral Ratio 
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functions to find the range of the fuzzy class in the first stage. In the second stage, 

features of the writing instrument were used to determine the final threshold value. 

However, in general a global threshold cannot be selected before the fuzzy class was 

found.  

QIR achieved better results than NIR from the experiments carried out. But both 

of them use a simple method to determine the final threshold value. An improvement of 

the QIR method in the second stage is carried out as part of the research reported in this 

thesis and described in Chapter 3. Because of the limitations of histogram-based global 

thresholding, NIR and QIR do not work well in some images, which do not have obvious 

bimodal peaks in the histogram (A bimodal histogram indicates that the two peaks 

correspondingly refer to the object pixels and the background pixels). 

The QIR algorithm was applied to four different kinds of image database:  

1) Historical Document Images; 2) Form Document Images; 3) Cheque Document 

Images; 4) Newspaper Document Images. The experimental results are presented in 

Chapter 3. 

The original grey-scale scanned handwritten image ‘Image_1’ in Figure 2.1 was 

processed by the QIR technique and is shown in Figure 2.2:  

 

 

Figure 2.1 Original handwritten ‘Image_1’ 
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There are several difficult aspects of thresholding in Figure 2.1: faint stroke in ‘C’ 

and ‘g’, small dot between words, and faint hole in characters and digit numbers.  

 

   Figure 2.2 Binarization of ‘Image_1’ by using QIR Algorithm 

The QIR global algorithm retains the faint strokes and small dots in Figure 2.2. 

However, the faint holes in words are lost. Further analysis of the QIR algorithm is 

described in Chapter 3. 

Boukharouba et al. (1985)  [6] and Papamarkous et al. (1994)  [67] proposed 

histogram distribution function based techniques; Sezan (1985)  [79] presented a global 

technique based on histogram shape information analysis. Liao (2001)  [53] proposed a 

criterion for maximizing the between-class variance of pixel intensity to perform picture 

thresholding. 

Histogram shape based thresholding methods, as its name suggests, are based on 

shape information of the grey-scale histogram, which are efficiency of computation for 

thresholds of an image. However, they cannot provide good results for degraded 

historical document images which include different complex characteristics in different 

image areas. 

2.2.1.2 Histogram Entropy-Based Techniques Review 

Entropy can be used to separate the global thresholding classes. For example, the 

optimal threshold value can be calculated by maximizing the sum of the foreground and 
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background entropies. i.e., maximally separate region intensities of the foreground and 

background. Shannon’s entropy information theory has been used in image segmentation 

for many years. 

Histogram entropy information based global thresholding techniques are 

summarised in Table 2.2. The techniques use entropy information of the foreground and 

the background to find the global thresholding value. These techniques have good 

performance when applied to high contrast images. 

Pun (1981)  [70] presented a maximum entropy based method. It used Shannon’s 

concept to define the entropy of an image, which assumed that an image is presented by 

its grey level histogram. Pun used this concept to derive an expression for an upper bound 

of a posteriori entropy. The expression was finally used to threshold an image.  

Kapur et al. (1985)  [43] achieved an improvement of Pun’s (1981)  [70] method. It 

is a histogram analysis and maximum entropy based global technique, which uses the 

maximum of the sum of the entropy of the grey-level distribution of the foreground and 

background. Kapur et al. (1985)  [43] showed a technique, which demonstrated good 

performance for picture images. 

Johannsen & Bille (1982)  [36] and Sahoo (1988)  [75] also presented two global 

thresholding methods based on maximum Shannon Entropy. Leung & Lam (1996)  [51] 

presented a spatial information analysis based technique that maximized the segmented 

scene spatial entropy to determine the final thresholding value.  

Abutaleb (1989)  [1] used an entropy-based global technique for picture images, 

and Beghdadi (1995)  [3] proposed an entropy-based global technique by using a block 

source model. 
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Table 2.2 Histogram Entropy Based Global Techniques 

Technique Author Year Main Features Major Field 

1 Pun 1981 
Maximum Shannon’s entropy 

method; 
Image 

2 Johannsen & Bille  1982 Maximum entropy method Image 

3 Kapur at el.  1985 Improved of no. 1. 
Picture 

Image 

4 Pal & Pal 1988 Higher order entropy based 
Picture 

Image 

5 Sahoo  1988 
Maximum Shannon’s Entropy 

based 
Image 

6 Abutaleb  1989 Entropy-based 
Picture 

Image 

7 Chang et al.  1994 Minimize Relative Entropy based; Image 

8 Beghdadi et al.  1995 
Entropy based using a block 

source model 
Image 

9 Brink  1995 
Spatial information analysis; 

Minimum spatial entropy based 
Image 

10 Leung & Lam  1996 

Spatial information analysis; 

Maximum segmented scene spatial 

entropy 

Image 

11 Wang  2002 
Relative entropy based;  

Extend from no. 7 

Picture 

Image 

 

Pal & Pal (1988)  [66] presented a higher order entropy method for object 

extraction and summarized several entropy methods used in image processing. 

Chang et al. (1994)  [9] presented a spatial context thresholding algorithm that 

minimizes relative entropy. It used spatial dependence (co-occurrence probability) of the 
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pixels. Wang (2002)  [98] extended this relative entropy based technique to picture 

images. 

Brink (1995)  [8] proposed a minimum spatial cross-entropy based global 

thresholding algorithm. The cross-entropy was interpreted as a measure of data 

consistency between the original and the binarized images. This is a spatial information 

analysis technique. 

Histogram entropy-based techniques utilize spatial probability information like 

maximum entropy of foreground-background regions (e.g.  [70] and  [43]), or minimizing 

the cross-entropy (e.g.  [8]) between the original and binarized image to produce optimal 

global thresholding.  

2.2.1.3 Other Global Techniques 

In addition to histogram and entropy informatics theory, other global information 

can also be used in global thresholding.  

Global thresholding techniques based on other information are summarised in 

Table 2.3. The first three methods in Table 2.3 are edge information based global 

thresholding techniques. These techniques are sensitive to noise. The other methods in 

Table 2.3 are based on different information. 

Weszka & Rosenfeld (1978)  [100] used a co-occurrence matrix to compute the 

sum of transitions between the object and background.  

Kohler (1981)  [48] and Wang & Haralick (1984)  [96] proposed an edge analysis 

based global multi-threshold technique. 

Kittler & Illingworth (1986)  [47] presented a popular method that uses a 

minimum error criterion for threshold determination. This technique models the 
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histogram as two distributed classes that form bimodal histogram peaks. The threshold 

value is found by minimizing the classification error between the two classes. 

Gorman (1994)  [34] presented a global method based on local features, which 

used connectivity-preserving measure. The method determined threshold values at 

intensities between region levels where region break-up is least likely. 

Table 2.3 Other Global Thresholding Techniques 

Technique Author Year Main Features Major Field 

1 Weszka & Rosenfeld  1978 

Co-occurrence matrix is used 

to compute the sum of 

transition between the object 

and the background. 

Image 

2 Kohler  1981 Edge Analysis Image 

3 Wang & Haralick  1984 Edge Analysis Image 

4 Kittler & Illingworth  1986 Minimum Error Based Image 

5 Gorman  1994 Connectivity-Preserving 
Measure; 

Document Image 

6 Said et al. 1996 Extended Formal Model Business Forms & 
Check Images 

7 Gu et al.  1998 
Differential Top-Hat 

Transform Based 
Scene Image 

 

Said et al. (1996)  [76] used an extended formal model. 

Gu et al. (1998)  [35] used the differential top-hat transform to extract characters 

from scene images. The main disadvantage is that the parameters used in the technique 

are fixed, so problems arise when the input images have variable contrast. 

In summary, the main advantages of global thresholding techniques are: they are 

convenient to use and generally involve fast computation. However, using global 

thresholding techniques may lose some local information and may not achieve good 
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results in the presence of noise, high illumination, low or variable contrast images, but its 

computation is relatively fast. If an image has non-uniform background, then a local 

thresholding technique may need to be applied. 

2.2.2 Local Thresholding Algorithms  

Local thresholding determines the threshold values for a single or group of pixels 

locally and adjusts the threshold dynamically based on the neighbourhood information of 

each pixel.  

 Definition 3: Local (Adaptive or Dynamic) Threshold – Compute a 

separate threshold for each pixel based on the neighborhoods of the pixel. 

Local techniques work well for poor contrast and noisy background images. 

However, the techniques are not always good when applied to clean documents. They 

work slowly and will often enhance and retain useless background information.  

In a grey-scale image, the neighbourhood information of each pixel can represent 

the variation of the local area. The local area can be a window, which is centred on the 

pixel, or can be a line of the input image. There are various descriptions for variation of 

the local area in different local thresholding algorithms.  

Local thresholding can be classified into five classes according to the local area 

analysed: 

1. Local Adaptive-Based 

2. Clustering-Based 

3. Object Attribute-Based 

4. Spatial Information-Based 

5. Training-Based 
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2.2.2.1 Local Adaptative-Based Techniques 

Local thresholding methods, which adapt the threshold value depending upon the 

local image characteristics, can be classified as local adaptative-based techniques. 

Locally adaptive based local thresholding techniques are summarised in Table 2.4. 

 

Table 2.4 Locally Adaptive Based Local Thresholding Techniques 

Technique Author Year Main Features Major Field 

1 
Giuliano 

et al. 
1977 

Contrast measure method used 

five 9*9 windows 

Printed Document 

Image 

2 Yasuda et al.  1980 
Base on Local intensity change 

(max/min and contrast) 
Check Image 

3 
White & Rohrer 
(Integrated Function 

Algorithm) 
1983 Gradient-Based method 

Printed & 

Handwritten Image 

4 
White & Rohrer 
(Dynamic Threshold 

Algorithm)  

1983 
Running average is used as a 

threshold at each pixel location.

Printed & 

Handwritten Image 

5 Bernsen  1986 Locally based on neighbors Image 

6 Palumbo 1986 

A second deviation contrast 

measure based method 

(Improvement of No.1) 

Document Image 

7 Niblack  1986 
Local Mean and Local 

Standard Deviation; 
Image 

8 
Yanowitz 

& Bruckstein  
1986 

Binarized using the Threshold 

Surface; 
Image 

9 Eikvil et al.  1991 
The pixels inside a small 

window S are threshold on the 
basis of clustering of the pixels 

inside a large window L. 

Document Image 

10 
Manjunath  

& Chellappa  
1991 

Feature extraction based 

(Boundary Detection) 
Images 

11 Parker 1991 Gradient-Based Hand printed Image 
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12 
Chen 

& Takagi  
1993 Run length coding based Image 

13 Kamel &  Zhao  1993 Stroke-Model-Based 

Printed / 

Handwritten 

Document Image 

14 Wang & Pavlidis  1993 Adaptive Thresholding Handwritten Image 

15 
Liang 

& Ahmadi  
1994 Morphological Operation Printed Image 

16 Ohya et al.  1994 
Connected-component 

Analysis 
Image 

17 
 

Oh  
1995 Bright-Average Scheme Document 

18 Trier & Taxt  1995 

Edge Information-Based; 

Improvement of “ Integrated 

Function Algorithm” 

Circuit Image 

19 Liu et al. 1997 Edge Detection Based Check Image 

20 Djeziri et al.  1998 
Use Filiformity as the closet 

description of the local feature 
Check Image 

21 Ye et al. 1999 
Local thresholding based on 

Bernsen (1986) method 
Check Image 

22 Zhao & Yan  1999 
Utilize geometrical features 
combined with grey level 

analysis 
Blueprint Image 

23 Yang & Yan  2000 A modified logical method Printed Image 

24 Zhang & Tan  2001 
Improvement of Niblak’s 

Algortihm 
Handwritten Image 

25 
Rangsanseri  

& Rodtook  
2001 

Update locally the threshold 
value whenever the Laplacian 

sign of the input image changes 
along the raster-scan line. 

 

Printed Image 

26 Sharma 2001 
Adaptive Linear Filtering 

Scheme 
Printed Image 

27 Ye et al.  2001 Stroke-Model-Based Check Image 
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Giuliano et al. (1977)  [32] used a contrast measure local thresholding technique 

for document images. 

Yasuda et al. (1980)  [105] proposed a local intensity change based local 

technique. It was determined by image contrast. 

White & Rohrer (1983)  [101] presented two thresholding algorithms: Dynamic 

Threshold Algorithm and Integrated Function Algorithm. Dynamic Threshold Algorithm 

uses a running average as a threshold at each pixel location.  

An Integrated Function Algorithm is a gradient-based local thresholding 

technique. Firstly, the differential image of the original image is obtained. Secondly, an 

integrated function is used to extract the sequence of +, -, and 0 in the differential image, 

and take the pixels between sequences “+ -” and “- +” as objects. The Integrated Function 

Algorithm is based on boundary characteristics to reject unwanted background patterns. 

The algorithm is sensitive to noise and edges.  

Trier & Taxt (1995)  [92] presented an improvement of the Integrated Function 

Algorithm. It is a local technique based on edge information. 

Bernsen (1986)  [4] proposed a local thresholding technique based on neighbours. 

It has been proven to be a fast algorithm. The disadvantage is that it does not work on 

background regions with varying grey-level and ‘ghost’ images. The contour pixels, 

which distinguish dark backgrounds from brighter ones, are classified as object pixels, 

called a ‘ghost’.  

Ye et al. (1999)  [106] developed a local thresholding technique based on the 

method proposed by Bernsen (1986). 
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Niblack (1986)  [60] presented his method based on the calculation of the local 

mean and local standard deviation. The method obtains an adaptive threshold by varying 

the slicing level according to the local variance of the image. The size of the 

neighbourhood should be small enough to preserve local details, but at the same time 

large enough to suppress noise. There is a weighted value for the local standard deviation, 

which is used to adjust how much of the total printed object boundary is taken as a part of 

the given object. In Trier & Taxt (1995)  [91], the Niblack algorithm was reported to 

perform well and fast. The threshold is decided by: 

),(),(),( yxsKyxmyxT ×+=                                                                       Eq (2-1) 

where m(x, y) and s(x, y) are the average of a local area and standard deviation values, 

respectively. 

Zhang & Tan (2001)  [110] proposed another improved version of Niblack’s 

method. In comparison with the Niblack (1986)  [60] algorithm, the improved version is 

less sensitive to noise and edges; and it is good at shadow boundary detection. The 

threshold is determined by: 
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where K and R are empirical constants. 

Zhang & Tan’s improved Niblack method is used in Chapters 4 and 5 for 

comparing performance with other thresholding methods. 

A local gradient-based thresholding algorithm was proposed by Yanowitz & 

Bruckstein (1989)  [103]. In this algorithm, the thresholding was determined by 

interpolating the image grey level at points where the gradient is high, indicating 
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probable object edges. The gradient map of the image was used to point at well-defined 

portions of object boundaries. It demonstrated that both the location and grey levels at 

these boundary points are a good choice for determining local thresholds. In Trier & Taxt 

(1995)  [91], Yanowitz’s algorithm was found to be the best of eleven thresholding 

techniques they investigated.  

Eikvil et al. (1991)  [25] proposed an adaptive thresholding technique. According 

to the technique, the pixels inside a small window S were thresholded on the basis of 

clustering of the pixels inside a large window L. The principle of the technique is that a 

large window L with a small window S in the centre is moved across the image in a zig-

zag fashion, in steps equal to the size of S. Window S is labelled as print (foreground) or 

background on the basis of the clustering of the pixels inside L. 

Parker (1991)  [68] used a local intensity gradient to propose a local thresholding 

technique. The local intensity gradient was based on the local contrast estimated by the 

grey level difference between a pixel and its neighbours. This technique produced good 

performance for handwritten and printed document images. 

Kamel & Zhao (1993)  [44] used a stroke-model-based technique, which 

emphasized the local linearity of character strokes. According to the experimental results, 

the technique works better for printed or handwritten document images than the methods 

proposed by Palumbo et al. (1986)  [65], which is an improvement of a method in 

Giuliano et al.  [32] and Liu et al. (1997)  [55]. This method extracts baselines from bank 

checks by searching for a pair of opposite edges in a predefined distance to threshold the 

image. Yang & Yan (2000)  [104] proposed an improved logical method for printed 

images. 
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Wang & Pavlidis (1993)  [97] assumed the grey-scale image as a surface with 

topological features corresponding to the shape features of the original image. Each pixel 

of the image was classified as: peak, pit, ridge, ravine, saddle, flat, or hillside. Rules can 

be built based on the estimated first and second directional derivatives of the underlying 

image intensity surface. The characters can be extracted according to the rules and the 

features. 

Liang & Ahmadi (1994)  [52] used morphological operation for text extraction and 

background pattern removal. It worked effectively for printed images. 

Ohya et al. (1994)  [62] used a connected-component analysis based local 

thresholding algorithm. The algorithm assumed the grey level within character objects is 

homogeneous. The disadvantage is that fixed parameters are used, so that problems will 

arise when the input images have variable contrasts. 

Oh (1995)  [63] used a bright-average scheme, which replaced the average value in 

local windows by the average of the maximum in the columns and rows. 

Djeziri et al. (1998)  [20] proposed a local thresholding technique based on 

extracting handwritten information by means of an intuitive approach that is close to 

human visual perception, defining a topological criterion specific to handwritten lines, 

which is called filiformity. The experimental results showed that it has better 

performance than Palumbo (1986) et al.  [65], Liu et al. (1997) and White & Rohrer 

(1983) (Dynamic Threshold Algorithm)  [101] for check images. 

Zhao & Yan (1999)  [109] utilized geometrical features combined with grey level 

information analysis to determine the local threshold values for blueprint images. 

    32

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 Chapter 2: Review of Document Thresholding and Segmentation Methods 

 
Rangsanseri & Rodtook (2001)  [72] proposed a local thresholding technique, 

which used Laplacian sign to describe the variation of the local area. This local technique 

is based on updating the threshold value whenever the Laplacian sign of the input image 

changes along the raster-scan line. In an image, where the sign of a pixel has changed, we 

find the edges of the image’s components, so the Laplacian sign of the image presents the 

physical alteration of the image. The Laplacian sign image is derived from Differential of 

the Gaussian (DoG) algorithm. The technique is sensitive to edges and noise, because it is 

based on edge information. It works well when applied to noiseless low contrast images. 

However, the binary output will retain some useless noise if the technique is applied to an 

image with noisy background. 

Ye et al. (1999)  [107] also used a stroke-model-based local thresholding 

algorithm. The stroke-based model needs to account for both grey level features and local 

geometric features. 

 

In all these techniques, the threshold values are determined locally or adjusted 

dynamically based on the criterion function of each pixel. The criterion functions include 

the local intensity change  [60], stroke width of the characters  [44], surface fitting 

parameters  [97], gradient and edge information  [103]. The locally adaptive techniques 

show better performance in variable background intensity images due to non-uniform 

illumination. In existing locally adaptive-based techniques, they applied the same process 

to a whole image even through there were always different characteristics at different 

areas in the image.  

    33

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 Chapter 2: Review of Document Thresholding and Segmentation Methods 

 
2.2.2.2 Clustering-Based Techniques 

Clustering-based methods cluster the grey level samples into two parts as 

background and foreground (objects) or alternately model the grey level as two Gaussian 

distributions. 

Cluster-based techniques are summarised in Table 2.5. 

 

Table 2.5 Clustering Based Local Thresholding Techniques 

Technique Author Year Main Features Major Field 

1 Taxt et al.  1989 Clustering Measure; Document Image 

2 Qian & Chew  2001 Mapping of Double-Sided Handwritten Image 

 

Taxt et al. (1989)  [88] presented a clustering measure thresholding technique. The 

image was divided into non-overlapping windows; a mixture of two Gaussian 

distributions approximated the histogram in each window, where the pixels were 

classified using the quadratic Bayes’ classifier. 

Qian & Chew (2001)  [71] calculated the difference between both sides of an 

image to estimate the threshold value. The experimental results showed that the technique 

had relatively better performance for double-sided noisy background in handwritten 

images. However this method cannot work for other noise encountered in degraded 

historical documents, like ‘ghosting’ and ‘dark background’. 

Clustering-based techniques perform better when removing signal-dependent 

noise. The images binarized using these methods show no obvious loss of useful 

information. 
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2.2.2.3 Object Attribute-Based Techniques 

Object attribute-based methods search for a measure of similarity such as fuzzy 

similarity, shape, edges, and number of objects between the grey-level and the binarized 

images. 

Object attribute based techniques are summarised in Table 2.6.  

 

Table 2.6 Object Attribute Based Local Thresholding Techniques 

Technique Author Year Main Features Major Field 

1 Tsai  1985 
Moment-Preserving 

Thresholding 
Picture Image 

2 Hertz & Schafer 1988 
Attribute Information 

Analysis 
Picture Image 

 

Tsai (1985)  [94] investigated moment-preserving local thresholding. The 

threshold value at which the original and threshold images have the closest moments was 

determined to be the optimal threshold. 

Hertz & Schafer (1988)  [38] proposed an image attribute information analysis 

based technique. Matching of edge fields of the original grey level image was used to 

determine the binarized image.  

The techniques search for a measure of similarity between the grey level image 

and the binarized image. They perform better with variable background intensity and very 

low contrast images but changeless background texture. 
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2.2.2.4 Spatial Information-Based Techniques 

The spatial methods use the probability mass function models taking into account 

the correlation between pixels on a global scale. 

Spatial information based techniques are summarised in Table 2.7. 

 

Table 2.7 Spatial Information Based Local Thresholding Techniques 

Technique Author Year Main Features Major Field 

1 Deravi & Pal  1983 Second-order statistic Image 

2 Kittler & Illingworth  1985 Image statistic based Image 

 

Deravi & Pal (1983)  [21] proposed a second-order statistics based technique, 

which is an earlier threshold method depending upon local statistics. 

Kittler & Illingworth (1985)  [46] presented an image statistic based technique. 

This technique produces good results in some cases but the performance varies with data 

sets. 

Spatial information based techniques use probability models to account the 

correlation between pixels. The techniques show good results with variable background 

intensity and very low contrast images. 

2.2.2.5 Training-Based Techniques 

Sample training techniques are an active research topic widely used in OCR areas. 

They can also be used in binarization systems.  

Two techniques are summarised in Table 2.8. 
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            Table 2.8 Training Based Local Thresholding Techniques 

Technique Author Year Main Features Major Field 

1 Chigusa et al.  1992 
Hopfield Neural Network 

Based 
Image 

2 Guo & Ma  2001 
Hidden Markov Model 

(HMM) Based 

MachinePrinted 

Image 

 

Chigusa et al. (1992)  [16] introduced a new binarization method for image 

segmentation based on a Hopfield Neural Network. The threshold of each neuron can be 

decided adaptively to be proportional to the grey level value of the corresponding input 

pixel, and then the stable state of the network will be assigned as the output image.  

Guo & Ma (2001)  [23] separated handwritten material from printed text using a 

Hidden Markov model (HMM). It uses small set of machine printed texts for classifier 

training. 

Training based local thresholding techniques work better on variable background 

with complex patterns. However, the training based techniques are difficult to implement 

in hardware because of their complex computation structure and limitation of the training 

database selection. 

The training based thresholding method is more natural than some simple 

binarization techniques, and should have a significant future in image segmentation.  

Sezgin & Sankur (2004)  [78] summarises 44 binarization methods. Before that, 

Sahoo et al. (1988)  [75] did a survey of more than 20 thresholding methods. Weszka 

(1978)  [99], Weszka & Rosenfield (1985)  [100], Palumbo et al. (1986)  [65] and Zhang 

(1996)  [108] summarise most of the binarization methods published. 
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There are several published papers that have summarized and compared 

thresholding methods. Trier & Jain (1995)  [90] described details of eleven local 

thresholding techniques and presented a goal directed evaluation of binarization methods. 

In their review the methods reported by Eikvil et al. (1991)  [25] and Bersen (1986)  [4] 

were the most promising techniques.  

2.2.3 Post-processing Methods 

After thresholding, because of the limitations of some techniques, the binarization 

result may retain some unwanted ‘ghost’ noise, which will affect the visual result. The 

aim of the post-processing for binary images is to remove binary noise and false 

information to improve the final results. 

Trier & Taxt (1994)  [89] introduced a post-processing method in their paper. 

Firstly, the average gradient value was calculated at the edge of each printed object. 

Secondly, if objects had an average gradient below a threshold, then the objects can be 

labeled as misclassified and will be removed. The threshold was chosen by 

experimentation.  

Yang & Yan (2000)  [104] used run-length information to detect the false 

information. 

Post-processing is quite important for improving the binary result. After this step, 

the binarization procedure in Figure 1.1 is completed. The evaluation of the binarization 

system is presented in the Section 2.2.4.  

    38

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 Chapter 2: Review of Document Thresholding and Segmentation Methods 

 
2.2.4 Evaluation Methods for Binarization  

A human expert evaluates the binarized images according to his or her visual 

criteria. However, to formulate a binarization evaluation, some quantitative effectiveness 

measures are needed. In this section, some definitions for binarization effectiveness are 

described. 

Salton (1989)  [77] described the well knows measures of Recall and Precision to 

show the effectiveness of a text retrieval system. 

 

 Definition 4 – Recall is the ratio of the number of relevant words in 

document returned to the total number of relevant words in the document for 

the user query in the collection.  

Recall = Correctly Detected Words / Total Actual Words; 

 

 Definition 5 – Precision is the ratio of the number of relevant words in 

document returned to the total numbers of words in the document for a given 

user query. 

Precision = Correctly Detected Words / Total Detected Words. 

 

This standard measure is used to compute the effectiveness of document 

algorithm analysis. The criterion of what denotes correct detection is an important point, 

which needs to be defined.  

Solihin & Leedham (1999)  [83] suggested that the binary result should have the 

following characteristics: 
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1.  Retain all details of the handwriting, including faint skate-on and skate-off 

pen strokes at the beginning and end of strokes; 

2. The background paper image, which contains dark colored and/or patterned 

background should be removed, and 

3. Handwriting produced by a wide variety of pens such as a fountain pen, 

ballpoint pen, fiber-tip pen, and pencil is retained. 

In Chapter 4, Recall and Precision are used to evaluate a new thresholding 

algorithm. 

2.3 Review of Segmentation Methods 

 Definition 6: Segmentation – In image analysis, segmentation is the 

partitioning of a digital image into multiple regions (sets of pixels), according 

to a given criterion. The goal of segmentation is typically to locate objects of 

interest and is sometimes considered a computer vision problem.  

Grey-level thresholding is the simplest segmentation process, although numerous 

segmentation techniques have previously been proposed for document images. These 

segmentation techniques can be categorized into five classes:  

1. Shape-based Techniques 

2. Model-based Techniques  

3. Region-based Techniques 

4. Neural Network-based Techniques  

5. Other Techniques 

These techniques are reviewed below. 
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2.3.1 Shape-based Techniques 

In shape-based techniques, the handwriting shape or texture information is 

analysed to determine the segmentation points. Handwriting segmentation using shape-

based techniques normally results in an unnatural shape due to overlapping or touching 

stroke reconstruction. Shape-based segmentation techniques for handwritten images are 

summarised in Table 2.9. 

Sabourin & Plamondon (1988)  [73] presented a technique based on the extraction 

of textured regions characterized with local uniformity in the orientation of the gradient 

for handwritten signature images. 

Fujisawa et al. (1992)  [30] proposed a new method, which was based on the 

extraction of connected pattern components, and then spatial interrelations between 

components were measured to group them into meaningful character patterns, from 

images. Stroke shapes are analyzed in the case of touching characters. Machii et al. 

(1993)  [56] presented a stroke information based method, which works well in online 

handwritten data segmentation. 

In Strathy et al.’s technique (1993)  [87], the contour chains were subdivided into 

four regions: valleys, mountains, holes, and open regions. Individual points of interest in 

the outer contour were then identified. The separating path was assumed to pass between 

some pair of these significant contour points. Naoi et al. (1994)  [59] investigated a global 

shape interpolation based method, which can provide good results for handwritten 

characters overlapping a border. Congedo et al. (1995)  [18] proposed a multiple 

segmentation algorithm based on contiguous row partition which works sequentially on 

the binary image until an acceptable segmentation is obtained for handwritten numeric 
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strings. Amara et al. (1996)  [2] presented a new method of recursive estimation of linear 

segments or circles parameters by a Kalman extended filtering method for handwritten 

drawing images. 

Shi et al. (1997)  [82] investigated a new system, composed of several document 

analysis modules: a pre-processing module, a segmentation module based on a thorough 

stroke analysis using contour representation of the strokes, and a recognition module. The 

new system has been proposed for unconstrained handwritten numeral strings. 

Bishnu & Chaudhuri (1999)  [5] presented a new method of recursive contour 

following in one of the zones across the height of the word to determine the extents 

within which the main portion of the character lies for handwritten Bangla (an national 

language of Bangladesh and the second most popular language in India) text. Kim et al. 

(2001)  [45] proposed a gap-based method for segmenting of handwritten Korean text 

lines into separate words.  

Mestetskii et al. (2002) [58] investigated a new technique based on approximating 

a binary raster image with a set of polygons and building a continuous skeleton of those 

polygons. These polygons and skeletons are then used to extract lines, remove spots and 

artifacts, extract words from lines and extract strokes from words. Feldbach & Tonnies 

(2003)  [29] presented a new method, which combines semantic a-Priori-Knowledge with 

local shape features for historical documents (handwritten dates). 

In Suwa & Naoi’s (2004)  [85] technique, candidate segmentation paths are 

calculated using both graph theory techniques and heuristic rules. The boundaries of the 

digits are calculated to make the width of the touching strokes uniform. 
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Table 2.9 Shape - based Segmentation Techniques 

Technique Author Year Main Features Major Field 

Sabourin & 
Plamondon 1988 

Based on the extraction of textured regions 
characterized with local uniformity in the 

orientation of the gradient 

Handwritten signature 
image 

Fujisawa et al. 1992 
Based on extraction of connected pattern 

components Stroke shapes are analyzed in 
the case of touching characters. 

Form images 

Machii et al.  1993 Strokes information based method On-line handwritten 
data 

Strathy et al.  1993 

The contour chains are subdivided into 
four regions: valleys, mountains, holes, 
and open regions. Individual points of 
interest in the outer contour are then 

identified. The separating path is assumed 
to pass between some pair of these 
significant contour points (SCPs).  

Touching 
unconstrained 

handwritten digits 

Naoi et al. 1994 Global shape interpolation based method Handwritten characters 
overlapping a border 

Congedo et al. 1995 
A multiple segmentation algorithms based 

on contiguous row partition work 
sequentially on the binary image until an 

acceptable segmentation is obtained 

Handwritten numeric 
strings 

Amara et al. 1996 
A method of recursive estimation of linear 

segments or circles parameters by a 
Kalman extended filtering method 

Handwritten Drawing 

Shi et al. 1997 

The system is composed of several 
document analysis modules: pre-

processing module, segmentation module 
based on a thorough stroke analysis using 
contour representation of the strokes and a 

recognition module. 

Unconstrained 
Handwritten Numeral 

Strings 
 

Bishnu & 
Chaudhuri  1999 

A method of recursive contour following 
in one of the zones across the height of the 
word to find out the extents within which 

the main portion of the character lies. 

Handwritten (Bangla 
Language)  

Kim et al.  2001 
A gap-based method for the segmentation 

of handwritten Korean text lines into 
separate words 

Handwritten Korean 
word 

Mestetskii et al.  2002 

Based on approximating a binary raster 
image with a set of polygons and building 
a continuous skeleton of those polygons. 
Polygons and skeletons are then used in 

extraction of lines, removing of spots and 
artifacts, extraction of words from lines 
and extraction of strokes from words. 

Handwritten 
Documents 

 

Feldbach & 
Tonnies 2003 Combining Semantic A-Priori-Knowledge 

with Local Shape Features 

Handwritten Historical 
Documents from the 

18th and 19th century 

Suwa &  
Naoi 2004 

Candidate segmentation paths are 
calculated using both graph theory 

techniques and heuristic rules.  

Simply and multiply 
connected digits 
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Feldbach & Tonnies (2003)  [29] presented a new method, which combines 

semantic apriori knowledge with local shape features for historical documents 

(handwritten dates). 

In Suwa & Naoi’s (2004)  [85] technique, candidate segmentation paths are 

calculated using both graph theory techniques and heuristic rules. The boundaries of the 

digits are calculated to make the width of the touching strokes uniform. 

The shape-based segmentation techniques are based on analysis of edges and 

texture etc information. This kind of technique works well on documents that have 

independent handwritten words placed all over the article but always fail on overlapping 

or touching words. 

2.3.2 Model-based Techniques 

Model-based techniques are, as the name suggests, based on creating models of 

segment handwriting. The model-based techniques normally focus on separating 

handwriting from other obvious interference marks cutting across the text. The similarity 

of these stroke characteristics with overlapping words on adjacent lines, this type of 

techniques is unlikely to provide good results.   

A summary of published model-based techniques is given in Table 2.10. 

Table 2.10 Model - based segmentation techniques 

Technique Author Year Main Features Major Field 

Su et al.  1997 Based on multiple direction projection 
planes model  

Printed documents 
that have interference 

marks and cutting 
across text 

Cheung et al.  2002 Model-based, bi-directional matching 
Segmentation 

bb and bs datasets in 
the CEDAR database 
with 633 handwritten 

city name images 
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Su et al. (1997)  [86] proposed a new method based on a multiple direction 

projection plane model, which works well on interference marks and lines cutting across 

the text in printed documents.  

Cheung et al. (2002)  [14] presented a model-based, bi-directional matching 

segmentation method for segmenting handwritten city names written in the address on an 

envelope. 

Model-based segmentation techniques depend on the characteristics of the images 

under investigation. These techniques work well for images that conform to the 

assumption of the model. 

2.3.3 Region-based Techniques 

Region-based techniques are based on analysis of the information in different 

classes of regions of the image.  

A summary of region-based techniques is given in Table 2.11. 

Chen & Wang’s method (2000)  [13] used background and foreground analysis to 

segment handwritten connected numeral strings.  

Breuel (2001)  [7] proposed an algorithm, which evaluated a large set of curved 

cuts through the image of the input string using dynamic programming and selected a 

small “optimal” subset of cuts for segmentation. 

Zhao et al. (2001)  [111] proposed a two-stage approach for handwritten Chinese 

characters. A string was first coarsely segmented according to the background skeleton 

and vertical projection after image pre-processing. The segmentation paths are evaluated 

at the fine segmentation stage. 
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Table 2.11 Summary of Region-Based segmentation techniques 

Technique Author Year Main Features Major Field 

Cheriet et al.  1992 Background region based method  Connected digits 

Chen & 
Wang  2000 

Use background and foreground 
analysis to segment handwritten 

connected numeral string 

Connected numeral 
string; 150 images of 
handwritten for test 

Breuel 2001 

The CPSC algorithm evaluates large 
set of curved cuts through the image of 

the input string using dynamic 
programming and selects a small 

“optimal” subset of cuts for 
segmentation. 

 

Letters in Roman 
alphabets, 

Zhao et al.  2001 

A two-stage approach: A string is first 
coarsely segmented according to the 

background skeleton and vertical 
projection after a proper image pre-
processing. At the fine segmentation 
stage that follows, the segmentation 

paths are evaluated. 

Handwritten Chinese 
Character 

 

Sadri et al. 2004 Foreground and background features 
based method 

Unconstrained 
Handwritten Numeral 

Strings 
 

Sadri et al. (2004)  [74] presented a foreground and background features based 

method for unconstrained handwritten numeral strings. 

Region-based techniques focus on connected handwriting, but do not provide 

good results on overlapping strokes on adjacent lines. 

2.3.4 Neural Network-based Techniques 

Neural network-based methods are summarised in Table 2.12.  

Yamamoto et al. (1993)  [102] proposed a Hopfield neural network based technique, 

which can segment handwritten Japanese character strings. Japanese characters are 

difficult to segment into one meaningful string due to the irregular character size and 

disposition. This method is essentially a pre-processing method, based on expressing 
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Japanese characters as energy function in the Hopfield neural network so that the network 

can perform segmentation. This method was reported to achieve a correct segmentation 

rate of 82.8%. 

 

Table 2.12 Neural Network - based Segmentation Techniques 

Technique Author Year Main Features Major Field 

Yamamoto et al.  1993 Hopfield neural network based Handwritten Japanese 
character string 

Eastwood et al.  1997 Neural network based Handwritten words 

Hamid et al.  2001 
Pre-segmentation points for connected 
blocks of characters. A neural network 

is subsequently used to verify the 
accuracy of these segmentation points. 

Arabic handwritten 
text image 

Chen & 
Zhen 2002 HMM based method Handwritten Chinese 

character 
Daekeun & 

Gyeonghwan  2003 A neural network based method  Handwritten numeral 
strings 

 

  

Eastwood et al. (1997)  [24] proposed neural network training method for 

handwritten word segmentation. The neural network was training using a large database 

of hand-segmented images. However, it cannot work well on overlapping or connected 

handwritten words.  

In Hamid & Haraty’s (2001) method  [37], pre-segmentation points for connected 

blocks of characters were identified first. Then a neural network was subsequently used 

to verify the accuracy of the segmentation points. 

Chen & Zhen (2002)  [15] proposed an HMM based method for handwritten 

Chinese characters. The method first adopted the HMM method to produce the 

segmentation paths and applied two rules to reduce the redundant paths, then the left 

candidate paths dissected the text line in radicals or pseudo-radical components. In the 
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second stage, the proposed method used three new criteria: aspect ratio, gap ratio and 

longer edge criteria to calculate the clustering cost matrix and used a dynamic 

programming technique to produce the optimal clustering scheme. This method proved 

very effective for offline handwritten Chinese text segmentation. 

Daekeun & Gyeonghwan (2003)  [19] proposed a neural network based method 

for various types of touching characters observed frequently in numeral strings. Potential 

segmentation points were located using the neural network by active interpretation of the 

features collected from the primitives. Also, the run-length coding was used to represent 

images.  However, this method was not effective for overlapping words on adjacent lines. 

The neural network-based techniques can work on different languages but most of 

them cannot work well for connected handwriting, and even less so for overlapping 

words. 

2.3.5 Other Techniques 

Other techniques are based on shape analysis, word/stroke models and region 

classification and have also been used to segment text.  

Table 2.13 summarises some of the other segmentation techniques. 

Plamondon & Privitera (1999)  [69] proposed a segmentation method that partly 

mimics the cognitive-behavioral process used by humans to recover motor-temporal 

information from the image of a handwritten word. 

Veloso et al. (2000)  [95] presented a morphological based method for handwritten 

words, and Tripathy & Pal (2004)  [93] proposed the water reservoir approach – the 

concept is applied to unconstrained Oriya handwritten text. (The alphabet of the modern 
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Oriya script consists of 11 vowels and 41 consonants.) The basic characters of Oriya 

script are shown in Figure 2.3. 

Table 2.13 Other Segmentation Techniques 

Technique Author Year Main Features Major Field 

Plamondon & 
Privitera  1999 

A segmentation method that partly mimics 
the cognitive-behavioral process used by 

human subjects to recover motor-temporal 
information from the image of a 

handwritten word. 

Data bases of 
handwritten word 

images representing 
names of international 

cities written by six 
different writers where 
each writer was asked 
to write six different 

city names 
Veloso et al.  2000 A morphological based method Handwritten words 
Tripathy & 

Pal  2004 Water reservoir – concept based scheme Unconstrained Oriya 
handwritten text 

 

 

Figure 2.3 Basic Character of Oriya Script 

2.4 Summary 

The quality of the thresholding result when separating foreground from 

background is decisive for subsequent analysis of the document content. It requires 

retention of the full information content on a clear white background. In some 

applications, such as forensic document analysis, or scholastic analysis of the writing 

style, we are interested in the detailed greyscale or color variations of the pen strokes or 
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printing. In others, such as studying the content of the documents, a binary image is 

sufficient.  

In the review of the publications, no existing thresholding algorithm reported in 

the literature produces good performance for all types of document images, although this 

is an important requirement for a Document Management System. 

In Chapters 3, 4 and 5, several knowledge-based techniques, which demonstrate 

superior performance for a wider range of document image types, are specified and 

evaluated. 

Whilst the reviewed separation techniques have proven effective at segmenting 

words correctly if the handwritten text lines are not overlapping or touching, none has 

been shown able to produce consistently good results on the wide range of document 

images containing touching or overlapping handwritten strokes. The florid handwriting 

frequently encountered in historical documents exhibits extravagant loops in ascenders, 

descenders and upper case letters. These often result in touching or overlapping of words 

on adjacent lines. 

In Chapter 6, a new segmentation algorithm, called the ICA (Independent 

Component Analysis) Segmentation Algorithm is proposed and investigated for this 

difficult task. 
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Chapter 3 

Improvement of the QIR Algorithm 

As observed in Chapter 2, global thresholding techniques provide fast and 

straightforward implementation in software or hardware for some forms of images.  

The Quadratic Integral Ratio Technique (QIR)  [83] (Solihin & Leedham, 1999) 

mentioned in Chapter 2, is an outstanding global two-stage thresholding approach based 

on histogram shape.  

In order to achieve better and comprehensive research in document image 

segmentation, especially for degraded historical images, an improved QIR algorithm is 

examined in this chapter and a performance comparison of these two algorithms is 

described later in the experimental results. 

3.1 Review of QIR Algorithm 

Solihin & Leedham (1999) presented two global techniques: Native Integral Ratio 

(NIR) and Quadratic Integral Ratio (QIR). These two histogram shape based methods 

were developed to form a new class of global thresholding techniques: Integral Ratio. As 

described in Section 2.2.1.1, the Integral Ratio Class classifies the pixels of an image into 

3 classes: foreground, background, and fuzzy class. In the first stage, parameters A and C 

(which separate foreground, fuzzy and background pixels respectively as illustrated in 
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Figure 3.1) are estimated using  Integral Ratio Function; in the second stage, a final 

threshold value T was found in the range between A and C. 

 

            Figure 3.1 Fuzzy Area Determined by Parameter A and C 

 

The NIR and QIR used different Integral Ratio functions to find parameters A and 

C in their first stage.  

NIR works on real histogram to determine A and C based on Integral Ration 

functions as shown in Eq (3-1) and Eq (3-3). QIR deals with a quadratic approximation 

(as shown in Eq (3-5)) of the real intensity histogram instead of working on the real 

histogram as in NIR. As shown in Figure 3.2, three points are selected as P1 = (x1,y1), P2 

= (x2,y2), and P3 = (x3,y3), and a quadratic curve can be generated by Eq (3-5) ~ Eq (3-9). 

The value of U can be calculated based on Eq (3-10) so that the final value A can be 

generated from Eq (3-11). Value C can be obtained in a similar procedure. 
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where pf is foreground peak value and pb is background peak value as shown in 

Figure 3.1. 

 

 
Figure 3.2 Quadratic Approximation of Foreground Curve in Histogram 
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where (x1,y1) (x2,y2) and (x3,y3) are P1, P2 and P3’s coordinates respectively. 

 

In the second stage, NIR and QIR used the quality of pen inking to find the final 

threshold value.  

 

In Solihin & Leedham’s experiments, QIR performed better than NIR but both of 

them use a hasty method to determine the final threshold value. Because of the limitation 

of histogram-based global thresholding, NIR and QIR do not work well in some images 

that do not have the obvious bimodal peaks in the histogram. (A bimodal histogram has 

two peaks and the two peaks correspond to the object pixels and the background pixels 
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respectively.) An improved QIR method is proposed for non-obvious bimodal peaks 

observed in the histograms of historical handwritten document images. 

3.2 Proposed Improved QIR 

Many images do not show obvious bimodal peaks in their histogram. For this kind 

of image, QIR cannot clearly locate the boundary between the foreground and the fuzzy 

area. An incorrectly chosen fuzzy area will affect the definition of the final threshold 

value. The original QIR algorithm fails in many cases due to degraded historical 

document images rarely contain obvious bimodal peaks in their histogram. 

 The outline of the improved QIR thresholding algorithm is: 

1. Fuzzy area classification: Integral Ratio (IR) classification (first stage of 

original QIR technique); 

2. Global cut point determination: Second Integral Ratio (IR) classification 

(instead of finding the final threshold value depending on the quality of pen 

inking). 

3.2.1 Pre-processing 

Although the histogram of document images can describe global information 

about an image, the unstable characteristic of document images will result in an unruly 

histogram. This problem means histogram-based thresholding methods cannot always 

produce good results, for example it may produce over-thresholded results. QIR also 

suffers from this problem as it seeks to find two peaks and model them. To improve the 

QIR method for thresholding document images, a new pre-processing method is proposed 
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in this section: Window-based Enhancement Method (for enhancing contrast of the 

document to obtain a sharper histogram).   

Enhancing the image before applying the histogram-based global thresholding 

algorithm will help to produce a more obvious bimodal histogram. The objective of this 

window-based enhancement is to enhance the contrast of words to the background of the 

document image so that the histogram becomes a bimodal without changing the major 

contents of the image. It is based on the average stroke width of words in the input 

document image.  

The stroke width based window-based enhancement method can be divided into 

two steps. 

(1) Enhancing the original image with a window function. 

Using a (w1×W)×(w2×W) window to enhance the image by finding the maximum 

and minimum grey value in the window, where W is the average stroke width of the 

document words, w1 and w2 are weight values for adjusting the size of region to be 

enhanced, and default setting w1=w2=4 according to the experience. 

(2) Comparing the pixels’ values minus the minimum grey value and the 

maximum grey value minus the pixels’ values. If the former is larger, the Pixel is closer 

to the highest grey value than the lowest value in this window; hence we need to set the 

threshold value of the Pixel to the highest grey value. If the former is smaller, then set the 

Pixel to the lowest grey value. 

There are numerous enhancement methods in image processing area. This method 

is chosen here is because it is fast and effective. 
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The enhancement of the original document image can provide a more obvious 

two-peak histogram, which can help to find the better cutting point for fuzzy area 

classification in the first stage of the QIR algorithm. However, the enhancement enhances 

both the useful and noise information in the original image. IR (Integral Ratio) class  [83] 

is used to remove the unwanted noise after enhancement which is based on fuzzy area 

classification. 

IR class is used to find the pixels which are classified in background class. If the 

pixel’s grey-level is in the background class, it will be set to background value (for 

example, B=230 for 256 grey-level historical image). 

3.2.2 Fuzzy Area Classification and Global Threshold Determination 

In binarization of a historical handwritten document image, the main goal is to 

retain the useful information (the handwriting) and discard the unwanted information 

(background and noise). In order to achieve this goal, a good global cut point must be 

determined in the fuzzy area. 

The second stage is the main improvement in the Improved QIR compared to the 

original QIR. The global cut point determination of the Improved QIR does not depend 

on the quality of pen inking, but classifies the fuzzy area by Integral Ratio (IR) 

classification. 

In the first stage of the Improved QIR, the histogram is classified as three classes: 

foreground, background and fuzzy classes by using IR class. The boundary of the fuzzy 

area is determined by parameters A and C. 
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In the second stage, IR class is used again to determine the best global threshold 

in the fuzzy class. Equations Eq (3-12) & Eq (3-13) based on the IR (Integral Ratio) class 

are used to estimate the best threshold of the histogram in the fuzzy area: 

∫
∫

+

+

= C

tA

tA

A

dxxh

dxxh
tf

)(

)(
)(        Eq (3-12) 

)(maxarg tfT =        Eq (3-13) 

where A and C have already been calculated in the first step. 

Eq (3-13) is solved to get the final threshold value T’= A + T. 

Some experimental results of the Improved QIR compared to Original QIR are 

shown in the next section. 

3.3 Experimental Results 

The experiment results of Original QIR and Improved QIR are shown in this 

section. The first part compares the binary results of original QIR algorithm which was 

applied on bimodal and single peak histogram images. The experiment results of the pre-

processing and Improved QIR are shown in the second part. 

3.3.1 Experimental Results using the Original QIR Algorithm 

QIR algorithm is a histogram-based thresholding algorithm. It works well on 

bimodal histogram image, but cannot provide good result on those images which include 

single peak in histogram. 
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3.3.1.1 Application on a Bimodal Histogram Image 

The performance of the QIR algorithm is highly dependent on whether the images 

have obvious bimodal histograms. Figure 3.3 shows an example of a general newspaper 

image, which has obvious bimodal peaks in the histogram as illustrated in Figure 3.4. 

There are two obvious peaks in the histogram (Figure 3.4) at grey levels of 

approximately 90 and 215. In order to see the detailed information of the words, the small 

black box region in Figure 3.3 is zoomed in as shown in Figure 3.5. 

 

            Figure 3.3 Original grey-scale image 
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Peak 2

Peak 1

           Figure 3.4 Histogram of Figure 3.3 

 

Figure 3.5 Enlarged Region of Figure 3.3 

In Figure 3.5, there is a small amount of double-sided noise that affects the quality 

of the image. (Note: this becomes less pronounced when printed using a laser printer so is 

difficult to reproduce here.) The QIR thresholding algorithm’s binary result of Figure 3.5   

is shown in Figure 3.6. 

 

Figure 3.6 Binary Result_1 of Figure 3.5 Using Original QIR Algorithm 
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However, for images, which have single or less obvious peaks in the histogram, 

the QIR algorithm is not able to locate the best cutting point within the fuzzy area. The 

final binary result is not ideal. An example for a single-peak histogram is illustrated in the 

next section.  

3.3.1.2 Application on a Single Peak Histogram Image 

As mentioned in Chapter 1, there are several difficulties in thresholding: faint 

stroke, small dot, faint hole in words and digits. If an image does not have bimodal 

histogram peaks, even though the background of the image is very clear, the thresholding 

results of histogram-based global techniques will not be acceptable. Such as in the 

example is shown in Figures 3.7 ~ 3.10, which is an image with clear background, but its 

histogram is a single peak as in Figure 3.9. To observe the thresholding result in detail, 

the squared region in Figure 3.7 is shown in detail in Figure 3.8.  

Figure 3.8 and it’s binary result (Figure 3.10) shows that Original QIR 

thresholding is less effective on some types of stokes: faint stroke, small dot, and faint 

digit hole.  

Figure 3.9 has one obvious peak at the background (at greyscale 215) and one 

non-obvious peak at the foreground of the histogram (somewhere between greyscale 100 

and 150). The binary result of Figure 3.8 after using the QIR thresholding algorithm is 

shown in Figure 3.10. 

The binary result in Figure 3.10 shows that some faint strokes are lost; some 

smaller spaces inside words or digits are also not retained, resulting in the blurring of the 

words or the digits.  
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The original QIR algorithm produces good performance for images where there 

are obvious bimodal peaks in histogram. However, it cannot find idea final global 

threshold value in the second stage for those images which have unimodal peak 

histogram as shown in Figures 3.7 ~ 3.10 .  

 

  

Figure 3.7 Second Grey-scale Image 
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Figure 3.8 Enlarged Region of Figure 3.7 

 

Figure 3.9 Histogram of Figure 3.7 

 

 

Figure 3.10 Binary Result of Figure 3.8 using the original QIR Algorithm 

    63

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 3: Improvement of the QIR Algorithm  

 
3.3.2 Experimental Results using the Improved QIR Algorithm 

Most cases of degraded historical handwritten document images do not have an 

obviously bimodal histogram. For example, the single histogram peak of ‘Image_A’ 

(Figure 3.11(a)) which contains noise and handwritten characters is shown in Figure 3.12.  

 

Figure 3.11 (a) Original Historical Image ‘Image_A’ (b) QIR Binarization Result  

 

The original handwritten image on Figure 3.11(a) has many obvious occurrences 

of double-sided inking. Because of the long history of this particular document, ink has 

penetrated from the other side of the paper. This is a quite common noise effect in 

historical handwritten documents. The histogram of the original image is illustrated in 

Figure 3.12. 

The histogram of ‘Image_A’ contains no obvious bimodal peak. This means that 

the object pixels are easily confused with the noise pixels. In this kind of image, the 

original QIR cannot clearly locate the boundary between the foreground and the fuzzy 

area. The binarization result is shown in Figure 3.11(b). The incorrectly chosen fuzzy 

area will affect the definition of the final threshold value. QIR fails in single-modal 
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histogram images in many cases. The improved QIR thresholding algorithm can solve 

these problems. 

 

Figure 3.12 Histogram of the Original image in Figure 3.11(a) ‘Image_A’ 

  

3.3.2.1 Enhancing the Original Image 

In order to produce obvious bimodal histogram, an enhancement pre-processing is 

applied to original image. The histogram of the enhanced original image is shown in 

Figure 3.13. Compared to Figure 3.12, Figure 3.13 has a more obvious bi-model 

histogram (peaks at greyscale values of approximately 90 and 230). This helps QIR to 

find a better cutting point in the first stage. The enhanced ‘Image_A’ is showed in Figure 

3.14. It shows that both the useful and noise information in the original image are 

enhanced. 
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Figure 3.13 Histogram of The Enhanced Image 

 

 

Figure 3.14 Enhanced ‘Image_A’ 

3.3.2.2 Noise Removal using Integral Ratio (IR) Class 

The Integral Ratio (IR) Class can be used to find background area from image 

histogram so that the pixels in this area can be set to grey level 220. This removes the 

noise from the background. The original and processed ‘Image_A’ are illustrated in 
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Figure 3.15. From the processed image in Figure 3.15, it can be observed that most of the 

unwanted double-side noise was removed. 

   

(a)     (b) 

Figure 3.15 (a) Original ‘Image_A’; (b) Enhanced Image (Right) 

 

3.3.2.3 Using Integral Ratio (IR) Class in the second step of the QIR Algorithm 

The comparison of results from the original QIR and the Improved QIR (with and 

without pre-processing) are shown in Figure 3.16. Improved QIR (Figure 3.16(c)) 

compared to Original QIR (Figure 3.16(a)) can keep more descenders’ strokes and loops 

between strokes; however over-thresholding happens in some faint strokes location 

(Figure 3.16(c)). In order to further demonstrate the Improved QIR Algorithm compared 

with the original QIR Algorithm, the pre-processing method is used for both original QIR 

and Improved QIR as the first step.  

It is apparent that the Improved QIR with pre-processing (Figure 3.16 (d)) can 

retain more stroke information and reduce noise around handwritten characters. This will 

improve later processing of the handwriting. 
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Figure 3.17(a) shows the enlarged region of Figure 3.15(a). There is some double-

side noise, which is hard to remove; faint strokes and faint word holes are also very 

difficult to retain.  

Let’s compare how the original QIR and Improved QIR work on this section of 

the image. The original QIR retains most of the useful information as shown in Figure 

3.16(a) but some detailed information such as the holes in loops has been lost and many 

strokes are connected. These make the binary result in Figure 3.17(a) quite hard to 

recognize. Figure 3.18(b) shows the binary result of original QIR with the proposed pre-

processing method. The result shows that there are still some strokes connected together, 

which are not easy to recognize. The binary result of the Improved QIR is shown in 

Figure 3.17(c). The Improved QIR retains weak stroke and holes in loops that make the 

result much more clearly because of the fuzzy area classification. Figure 3.17(d) shows 

the binary result of Improved QIR with pre-processing method. As shown, the pre-

processing method can avoid over-thresholding on faint strokes. 

Figure 3.18 shows another comparison of the original QIR and the improved QIR 

on historical images. In this example, the original QIR provides a too high final threshold 

so that many faint strokes are broken. For the improved QIR algorithm, it keeps more 

useful information such as faint strokes and holes between connected strokes. 

The Original QIR and Improved QIR were applied to 15 historical handwritten 

images. Two of them are shown in the Appendix 1 and others are shown in an attached 

CD. The images are aged and poor quality grey-scale image, which are degraded making 

the task difficult. The experimental results show that the Improved QIR has better 

performance than the Original QIR in correctly keeping thin strokes. 
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(a)     (b) 

   

(c)     (d) 

        Figure 3.16 (a) Original QIR Binarization (b) Qriginal QIR with Pre-processing (c) 

Improved QIR (d) Improved QIR with Pre-processing 

3.4 Summary 

In summary, for improving the binarization result, three steps were added in the 

Improved QIR global thresholding algorithm: 

1. Enhance the image before binarization; 

2. Double-side noise removal by using the IR Class; 
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3. Use the IR Class in the second step of the QIR algorithm. 

The Original QIR and Improved QIR were applied to 15 historical handwritten 

images. Two of them are shown in the Appendix 1 and others are shown in an attached 

CD. The images are aged and poor quality grey-scale image, which are degraded making 

the task difficult. The experimental results show that the Improved QIR has better 

performance than the Original QIR in correctly keeping thin strokes. 

Although QIR and the Improved QIR work better than other global thresholding 

algorithms  [83], they cannot work well in some very hard low-contrast and noisy 

handwritten images, and global thresholding algorithm cannot correctly extract most of 

local information. 

In order to extract the most useful information in a hard degraded historical 

image, a local based mean-gradient thresholding algorithm is considered in the next 

chapter. 

 

(a) Original Image 

 

(b) Result of Original QIR Algorithm with Pre-processing 

 

(c) Result of Improved QIR Algorithm with Pre-processing 

Figure 3.17 Enlarged Region of Figure 3.16  
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(a) 

 
(b) 

 
(c) 

Figure 3.18 (a) Original Historical Image_B; (b) Effect of Original QIR; (c) Effect of 

Improved QIR 
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Chapter 4 

 Mean-Gradient Thresholding Technique 

 

Converting a scanned grey scale image into a binary image while retaining the 

foreground (or regions of interest) and removing the background is an important step in 

many image analysis systems, including Document Management Systems.  

As discussed in Chapters 1 and 2, original documents are often dirty due to 

smearing and smudging of text and aging, and frequently, after scanning, exhibit a 

unimodal greyscale histogram meaning that global thresholding techniques will generally 

fail to produce satisfactory results.   

In this chapter, a local mean-gradient global technique is proposed for four 

popular but different and difficult document image types: historical images, form images, 

cheque images and newspaper images to produce effective thresholding.  

This chapter describes initial pre-processing, the proposed local adaptive Mean 

Gradient Technique, followed by experimental results and conclusion. 

The mean-gradient thresholding methods described in this chapter was published 

in Proc. 7th Int. Conf. on Document Analysis and Recognition, Edinburgh, Scotland, Vol. 

2, pp 859 -865, 2003. 
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4.1 Local Characteristic Analysis  

A number of global and local thresholding techniques have been previously 

proposed as described in Chapter 2. All the reported thresholding methods have been 

proven effective in constrained pre-processing environments with predictable images. 

However, none of them has demonstrated to be effective in all cases of general document 

image processing.  

In order to propose an effectively local adaptive threshold method, the analysis of 

local characteristics of grey-scale document image is necessary.  

4.1.1 Grey-Scale Image Analysis 

It was shown in Chapters 2 and 3 that the use of histogram-based global 

thresholding is limited in practice, because most documents have content producing non-

obvious peaks in the histogram. Because of this, the local information is a very important 

feature to threshold a grey-scale image. This section focuses on the characteristics of a 

grey-scale image. 

Figure 4.1 is a grey-scale historical handwritten image for analyzing the 

properties of a grey-scale scanned image. On Figure 4.1, it can be seen that the more 

information in a local area, the more variation in intensities. The variances can be used to 

represent the local information. The image shown in Figure 4.1 is divided into 16 blocks 

in Figure 4.2 in order to show the variation in each local area.  

Variance is the main characteristic of a grey-scale image. The definitions of 

variance and standard deviation are described in the next section. 
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In order to analyze the local information of a grey-scale image, we firstly divide 

the image into some smaller blocks, and observe the variation of grey level for each 

block. These variations can be treated as one form of local information. 

 

    Figure 4.1 Grey-scale Scanned Image: ‘Image_B’ 

4.1.2 Definition of Variance and Standard Deviation 

The variance is a measurement of how spread-out a distribution is. The spread of 

a variable is the degree by which scores on the variable differ from each other. It is 

computed as the average squared deviation of each number from its mean. The formula 

for the variance in a population is 
1

)( 2
2

−

−
= ∑

N
X µ

σ  where µ is the mean and N is the 

number of scores.  
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 Definition 7 – Variance: If ( )XE=µ  is the expected value (mean) of the 

random variable X, then the variance is ( ) ( )( )2var µ−= XEX  . 

It is the expected value of the square of the deviation of X from its own mean. In 

other words, it can be expressed as "The average of the square of the distance of each 

data point from the mean". The variance of random variable X is typically designated as 

, , or simply . ( )Xvar 2
Xσ 2σ

When the variance is computed in a sample, the statistic 
1

)( 2
2

−

−
= ∑

N
MX

S  

(where M is the mean of the sample) can be used. S is a biased estimate of ; however, σ

1
)( 2

2

−
−

= ∑
N

MX
S  is an unbiased estimate of . 2σ

Since samples are usually used to estimate parameters, S2 is the most commonly 

used measurement of variance. The standard deviation is the square root of the variance. 

It is the most commonly used measurement of spread. 

An important attribute of the standard deviation as a measure of spread is that if 

the mean and standard deviation of a normal distribution are known, it is possible to 

compute the percentile rank associated with any given score. Standard deviation can be 

used to describe the variation of a local area. 

Figure 4.2 show that standard deviation describes the variation in each of the 16 

image blocks shown in Figure 4.1. Analyzing the standard deviation value in each block, 

we can observe that there is only a little amplitude change of the standard deviation 

values between blocks. This shows that the standard deviation cannot obviously describe 

the difference between each block in detail, especially for those blocks which include 
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heavy strokes. It’s difficult to separate the blocks which include only heavy strokes from 

the blocks include both faint and heavy strokes. In this case, another parameter is needed 

to describe the strokes’ characteristics. 

 

    Figure 4.2 The Standard Deviation (STD) in Each Block 

4.1.3 Definition of Mean-Gradient Value 

 Definition 8 - Texture Gradient is the change of image intensity 

(measured or perceived) along some direction in the image, often 

corresponding to either a change in distance or surface orientation in the 3D 

world containing the objects creating the texture - Shapiro & Stockman (2001) 

 [81]. 

From the definition above, the gradient of the intensity image I(x,y) is: 

    76

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 4: Mean-Gradient Thresholding  Technique  

 

⎥⎦
⎤

⎢⎣
⎡

∂
∂

∂
∂=∇ y

yxI
x

yxIyxI ),(,),(),(      Eq (4-1) 

The mean-gradient of the intensity image I(x,y) in directions x and y is: 

∑∑
−

=

−

= ×
⎥⎦
⎤

⎢⎣
⎡

∂
∂

∂
∂

=
1

0

1

0

),(,),(
i

x

j

y yx
y

yxI
x

yxI

G      Eq (4-2) 

 

    Figure 4.3 Mean-Gradient (MG) of Each Block 

 

The mean-gradient value for each block of Figure 4.2 is produced using Eq (4-2) 

as shown in Figure 4.3. From Figure 4.3, it can be observed that the more characters 

(with heavy strokes) there are in a block, the higher the gradient value. Compared to 

standard deviation, the mean gradient is more sensitive to the variation between blocks, 

and one important property is that mean-gradient is sensitive to edges, so that it can 
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correctly show the valuation of the strokes of characters. The more heavy stokes in the 

block, the higher gradient value. Comparing Figure 4.2 and Figure 4.3, it can be seen that 

the standard deviation is less sensitive to strokes. 

For assessment the Mean-Gradient method was applied to 40 document images: 

10 historical document images, 10 form document images, 10 cheque document images 

and 10 newspaper document images. The results of the analysis show that the property of 

the mean-gradient is sensitivity to edges and noise (All these images are shown in 

Appendix 2 and the attached CD). In order to remove the unwanted noise and patterns, a 

new background subtraction method for removing noise can be used. 

4.2 Pre-processing Method 

Scanned images may contain many unknown artifacts and unwanted patterns as 

shown in Figure 4.5. In order to remove the unwanted artifacts and patterns as much as 

possible, a background subtraction technique can be used during pre-processing. 

This method consists of two steps. Firstly, the background of an image is modeled 

by removing the handwriting from the original image using a closing algorithm, as 

illustrated in Gonzalez & Woods (1993)  [33], with a small disk as a structuring element. 

The closing algorithm when applied to a greyscale image where the characters of interest 

are darker than the background tends to remove these darker areas. Figure 4.4 shows an 

original grey-scale cheque ‘Image_C’. The background of Figure 4.4 is illustrated in 

Figure 4.5. 

Secondly, the background is subtracted from the original document image leaving 

only the handwriting of interest. Figure 4.6 is the final result after subtracting Figure 4.5 
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from Figure 4.4. Figure 4.6 shows that most of the unwanted pattern and noise are 

removed. However, this method sometimes causes the removal of some wanted details, 

especially weak strokes in the document images. 

 

 

         Figure 4.4 Original Grey-scale Cheque ‘Image_C’ 

 

                   Figure 4.5 Unwanted Artifacts and Patterns of ‘Image_C’ 

 

        Figure 4.6 Noise and Pattern Background Removed ‘Image_C’ 
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4.3 Proposed Local Adaptive Mean-Gradient Technique  

After examining the local information of a grey-scale image and the noise 

removal methods, a new local adaptive thresholding technique is proposed. 

The outline of the mean-gradient thresholding algorithm is: 

1. Pre-processing: Window-based enhancement and Background Subtraction 

2. Mean value and Mean-Gradient value calculation of each local area 

3. Thresholding 

4.3.1 Pre-processing  

(1) Image Enhancing. In Chapter 3, a simple enhancement method was described. 

This method can also be used in our new mean-gradient algorithm to obtain a clear 

enhanced image. 

(2) Background Subtraction. This method is effective for noise removal when the 

intensity on an image is not constant. 

These two pre-processing steps can produce a clear, higher contrast grey-scale 

image for subsequent processing.  

4.3.2 Local Adaptive Mean-Gradient Thresholding Technique 

This Mean-Gradient thresholding technique can be regarded as a new variant of 

Niblack’s local thresholding method, Niblack (1986).  
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The mean-Gradient thresholding technique is based on the mean greyscale value 

and mean-gradient value. The threshold value for a block (local area) is calculated as: 

),(),(),( yxGkyxMyxT ×+=       Eq (4-3) 

where the parameters M(x,y) and G(x,y) are the local mean and local mean-gradient 

respectively calculated in a window centred at (x,y), and k is a user defined negative 

weighted value. The formula for mean-gradient can be found as Eq (4-2) in Section 4.1.3. 

Mean-Gradient is sensitive to noise, and as such, the technique can be improved 

by adding a pre-condition when selecting a threshold level: a constant C, which is the 

local contrast value equal to the maximum grey value minus the minimum grey value in 

the window. The weighted mean-gradient value can be combined with local mean value 

to detect stroke details from document images when the local contrast is very low 

( ).  RC ≤

In summary: 

If  , RC ≤

then ),(),(),( yxGkyxMyxT ×+= ; 

Else , where k = -1.5, R = 40. ),(5.0),( yxMyxT =

Parameters R = 40 and k = -1.5 are the values which can produce best 

thresholding result during the experimental testing of the proposed technique applied to 

four different types of images.  

More experimental results are described in the following section. 
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4.4 Experimental Results  

4.4.1 Qualitative Comparison of thresholding Methods 

The mean-gradient thresholding method was applied to four types of images – 

historical document, newspapers, forms, and cheques. These were used to test the 

performance of the method because the images have varying resolutions, sizes, as well as 

contrast to ensure realistic comparison of performance of the method with other 

techniques.  

The threshold results are separately presented in four groups, each containing ten 

images:  

1. Historical handwritten Document Image 

2. Form Document Image 

3. Newspaper Document Image 

4. Cheque Document Image 

There are four published techniques that will be compared between these four 

groups of images: 

1. Improved Niblack’s Algorithm,  Zhang  & Tan (2001); 

2. Original QIR’s Algorithm, Solihin & Leedham (1999);  

3. Yanowitz and Bruckstein’s Algorithm, Yanowitz & Bruckstein (1989); 

4. Mean-Gradient Algorithm, Leedham et al. (2003). 

Techniques 1 to 3 are published global or local techniques which are outstanding 

techniques in thresholding research area. Figures 4.8 to 4.11 show the comparison of 

these four thresholding algorithms. The detected foreground area is restored as the 

greyscale value from the original images. The area determined as background is set to 
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230 in all cases for better visual comparison. Each group of figures consists of: one 

original grey-scale image from that group and four greyscale restored images obtained 

using the above four algorithms.  

4.4.1.1 Group 1: Historical Handwritten Document Image 

As discussed in an earlier chapter, historical documents will frequently contain a 

significant amount of noise in the background due to the long storage time and handling. 

Nevertheless, some strokes were originally connected and some become connected due to 

spreading of the ink to form overlapped strokes. This makes the original handwritten 

word very difficult to recognize. Weak strokes and faint words will always affect the 

reading quality. To provide better visual comparison of how well the thresholding 

methods separate the useful foreground from the noisy background, all detected 

foregrounds are restored to the greyscale value of the original input images in the same 

position; the pixels classified as background are all set to 230 for good visual comparison. 

Figures 4.7(b) to (e) are the greyscale restored images to show how well the four 

techniques work on the historical handwritten image shown in Figure 4.7(a).  

Figure 4.7(b) shows that Improved Niblack’s Algorithm cannot retain all weak 

strokes, and it filled some holes in words. The connected strokes make the reading quality 

worse. 

In Figure 4.7(c), the QIR Algorithm did not successfully retain weak words, and 

filled the holes in words. It performed well for faint words. As with the Improved 

Niblack’s Algorithm, it was not able to correctly segment the overlapped words. 

 

 

    83

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 4: Mean-Gradient Thresholding  Technique  

 

 

Figure 4.7(a) Historical Image 
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Figure 4.7 (b) Effect of the Improved Niblack Algorithm 

on the image shown in Figure 4.7(a) 
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Figure 4.7 (c) Effect of the Original QIR Algorithm 

on the image shown in Figure 4.7(a) 
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Figure 4.7 (d) Effect of the Yanowitz and Bruckstein’s Algorithm 

on the image shown in Figure 4.7(a) 
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Figure 4.7 (e) Effect of the Mean-Gradient Algorithm 

on the image shown in Figure 4.7(a) 
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Yanowitz and Bruckstein’s Algorithm removed some text along with the 

unwanted noise (See Figure 4.7 (d)). This affected the reading quality. Yanowitz and 

Bruckstein’s Algorithm retained holes in words, and faint words. However, it is not 

possible to detect the overlapped strokes without noise. The Mean-Gradient technique 

(Figure 4.7 (c)) retained the holes in words and faint words, and correctly detected the 

overlapped strokes with less noise. However, it did not retain the weak connected strokes 

in some words. 

4.4.1.2 Group 2: Form Document Image 

The challenge of separating foreground from the form images is exacerbated by 

lots of short lines underneath and overlapped with the printed or handwritten words. This 

makes words difficult to clearly detect. 

Figure 4.8(a) shows a printed form document image with typed words. The 

printed text appears faint, and the typewritten words overlap with lines underneath them.  

Figures 4.9(b) to (e) show the restored foreground greyscale images using the four 

different thresholding methods. 

After applying the improved Niblack’s algorithm (See Figure 4.8(b)), the faint 

strokes were connected together so that is difficult to read the words. The Improved 

Niblack’s Algorithm failed to clearly detect the words with overlapping lines, and faint 

strokes are broken in some words.  
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Figure 4.8 (a) Original Form Image 

 

Figure 4.8 (b) Effect of the Improved Niblack’s Algorithm 

on the image shown in Figure 4.8(a) 
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Figure 4.8 (c) Effect of the Original QIR Algorithm 

on the image shown in Figure 4.8(a) 

 

 

Figure 4.8 (d) Effect of the Yanowitz’s Algorithm 

on the image shown in Figure 4.8(a)     
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Figure 4.8 (e) Effect of the Mean-Gradient Algorithm 

on the image shown in Figure 4.8(a) 

 

Figure 4.8(c) shows the result using the QIR algorithm. Some strokes of the faint 

words overlapped. For the overlapping words with lines, the QIR Algorithm correctly 

detected parts of strokes. Compared with Figure 4.8(b), Figure 4.8(c) contains more 

useful information and removed unwanted impulse noise. In Figure 4.8(d), it can be seen 

that Yanowitz’s Algorithm also retained faint words but did not clearly detect the words, 

which were overlapped by lines.  

The Mean-Gradient technique, Figure 4.8(e) clearly retained the faint words’ 

strokes, and correctly detected the strokes, which connected with form lines. Although 

Figure 4.8(c) still shows some broken strokes so that some words cannot be recognized, 

the qualitative impression is that the Mean-Gradient technique works better than the other 

three techniques. 
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4.4.1.3 Group 3: Newspaper Document Image 

A newspaper is usually folded, so that fold-over lines are frequently observed in 

the images of scanned newspaper. Let us examine the results that the techniques 

produced for this case as illustrated in Figure 4.9. 

 

Figure 4.9(a) Section of an Original Newspaper Image 

The use of the Improved Niblack’s Algorithm in Figure 4.9(b) retained the dark 

and weak fold-over lines. It is sensitive to noise so that some impulse noise remains here 

and there in the restored greyscale image. This leads to poor reading quality. 
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Figure 4.9 (b) Effect of the Improved Niblack’s Algorithm 

on the image shown in Figure 4.9(a) 

 

In Figure 4.9(c), the QIR algorithm also did not remove unwanted fold-over lines 

or detect the words which overlap with the fold-over line. 
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Figure 4.9 (c) Effect of the Original QIR Algorithm 

on the image shown in Figure 4.9 (a) 

 

Yanowitz and Bruckstein’s Algorithm also failed to remove the fold over lines. 

Figure 4.9(d) shows that the algorithm can detect the text that overlapped with the 

foldover lines, but it cannot remove the foldover lines, and it also cannot retain all the 

details of some words. 
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Figure 4.9 (d) Effect of the Yanowitz and Bruckstein’s Algorithm 

on the image shown in Figure 4.9(a) 

 

The result of the mean-gradient method in Figure 4.9(e) shows a clear binary 

image without fold-over lines. The Mean-Gradient technique removed unwanted noise of 

the fold-over lines and retains most of the word details. Compared to the other three 
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algorithms, Mean-Gradient works well for removing fold-over lines and correctly  retains 

words in newspaper images. 

 

 

Figure 4.9 (e) Effect of the Mean-Gradient Algorithm 

on the image shown in Figure 4.9(a) 
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4.4.1.4 Group 4: Cheque Document Image 

 

Figure 4.10(a) shows a scanned image of a cheque. Frequently, a cheque can 

include all kinds of patterned background, which are designed by the banks. One of the 

important requirements in binarization of cheque images is to detect and extract the text 

from the patterned backgrounds. The four techniques are compared below using the 

image in Figure 4.10(a) of a patterned background scanned cheque. 

 

 

Figure 4.10(a) Original Cheque Image 

 

The Improved Niblack’s Algorithm detected the text that overlapped with the 

pattern background as shown in Figure 4.10(b). It lost details of some useful words and 

still contains a considerable amount of unwanted pattern and noise.  
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Figure 4.10 (b) Effect of the Improved Niblack Algorithm 

on the image shown in Figure 4.10(a) 

 

Figure 4.10(c) shows that the QIR method also cannot remove the patterned 

background, while the detected text overlapped with the patterns, which leads to the 

result that some words will be confused in the future word segmentation or recognition. 

 

 

Figure 4.10 (c) Effect of the Original QIR Algorithm 

on the image shown in Figure 4.10(a) 

 

Yanowiz’s Algorithm failed to remove patterns from the image, and its ability to 

be edge sensitive makes it confuse the boundaries of useful words with useless pattern, so 
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that many detected words have sharp edges. Yanowiz’s Algorithm is not suitable for 

processing this kind of cheque image. 

 

Figure 4.10 (d) Effect of the Yanowiz’s Algorithm 

on the image shown in Figure 4.10(a) 

In Figure 4.10(e), the unwanted patterned background is almost removed by the 

Mean-Gradient Method, and the faint strokes were retained well for soft reading.  

 

Figure 4.10 (e) Effect of the Mean-Gradient Algorithm 

on the image shown in Figure 4.10(a) 

 

Compared to the other three methods, the Mean-Gradient Method retains more 

detail of the handwriting while removing the background in different types of document 

image. For the further following steps of segmentation and recognition, what we really 
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are interested in is the retained greyscale pixels and the Mean-Gradient Method can 

provide the most useful foreground information, but the least useful background. 

4.4.2 Quantitative Comparison of Thresholding Methods 

A comparison of the restored greyscale image results for qualitative comparison 

was detailed in the previous section. In this section, two performance metrics are used to 

quantify the quality of the four thresholding methods on the four different types of 

document images. 

The well known Information Retrieval standard measures, precision and recall 

(Definitions 4 and 5 in Section 2.2.4), were used to compare the performance of the 

proposed method with the other three thresholding algorithms.  

Precision and Recall are defined as follows: 

 

Precision = (Correctly Detected Words / Total Detected Words)×100%, 

Recall = (Correctly Detected Words / Total Actual Words)×100% 

 

The Precision and Recall calculations in this thesis are defined as word – based 

revaluation methods, which can be used to compare the performance of different 

thresholding methods for degraded binary handwriting document images. According to 

Solihin & Leedham’s  [83] suggestions, there are 3 main aspects to describe the quality of 

detected binary words. 1. Whether all details of handwriting are retained or not, eg: faint 

skate-on and skate-off pen strokes at the beginning and the end of strokes; 2. is the 

patterned/noisy background removed? 3. are all handwriting retained? Each word in the 
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original greyscale image is compared using human vision with the corresponding word(s) 

in the binary image(s) using the conditions mentioned above. 

The Precision value describes how many correct words remain in the binary 

image, and the Recall value describes how many correct words are detected out from 

original image. The Precision and Recall values can be used to quantity, the effectiveness 

of document thresholding algorithm. Before the evaluation calculation, the criterion for 

correct detection is an important step, Solihin & Leedham (1999).  

The results of Precision and Recall values for evaluating the Mean-Gradient 

Technique with other three techniques are showed in Tables 4.1 to 4.4.  

Table 4.1 Precisions and Recall Evaluations for Historical Document Images 

1 

(215 Words) 

2 

(120 Words) 

3 

(80 Words) 

4 

(230 Words) 

5 

(443 Words) 

6 

(183 Words) 

Image No  

 

 

 

Algorithm 
P 

(%) 

R 

(%) 

P  

(%) 

R 

(%) 

P 

 (%) 

R 

 (%) 

P 

(%) 

R 

(%) 

P 

 (%) 

R 

(%) 

P 

 (%) 

R 

(%) 

Mean-
Gradient 

96 92 73 69 96 96 96 92 73 69 96 96 

QIR 78 75 64 53 72 72 78 75 64 53 72 72 

Yanowiz’s 51 51 68 68 98 98 51 51 68 68 98 98 

Improved 
Niblack 

37 37 40 40 76 76 37 37 40 40 76 76 

7 

(121 Words) 

8 

(85 Words) 

9 

(91 Words) 

10 

(103 Words) 
Average 

Image 
No 

 
 
 

Algorithm 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 
P (%) R (%) 

Mean-
Gradient 

88. 87 77 77 98 98 100.00 100.00 89 87 

QIR 84 82 80 80 98 98 100.00 100.00 81 79 

Yanowiz’s 93 92 85 85 100 100 96 96 84 84 

Improved 
Niblack 

91 91 79 79 73 73 88 88 74 74 

P.S: P = Precision; R = Recall. 

 

In Table 4.1, the ranked order of average Precision and Recall values from high to 

low are: Mean-Gradient Algorithm, Yanowitz’s Algorithm, Original QIR Algorithm and 
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Improved Niblack’s Algorithm. Compared to the other three algorithms, the Mean-

Gradient Algorithm can detect more words in the original historical images. 

In Table 4.2, the order of average Precision and Recall values for the Form 

Document Images from high to low are: Mean-Gradient Algorithm, Original QIR 

Algorithm, Improved Niblack’s Algorithm and Yanowitz’s Algorithm. Compared to the 

other three algorithms, the Mean-Gradient Algorithm produces cleaner and less noisy 

result in the original form images. 

 

Table 4.2 Precisions and Recall Evaluations For Form Document Images 

1 

(101 Words) 

2 

(199 Words) 

3 

(68 Words) 

4 

(101 Words) 

5 

(49 Words) 

6 

(160 Words) 

Image No 

 

 

  

Algorithm 
P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

 (%) 

P 

 (%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

Mean-
Gradient 

93 93 54 52 70 67 85 84 100 100 96 96 

QIR 94 94 95 95 73 73 75 75 91 91 95 94 

Yanowiz’s 88 88 73 73 14 14 4 4 0 0 25 25 

Improved 
Niblack 

63 63 80 80 75 75 12 12 94 94 80 64 

7 
(418 Words) 

8 
(342 Words) 

9 
(45 Words) 

10 
(164 Words) Average 

Image 
No 
 
 
 
 

 
Algorithm 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

Mean-
Gradient 

99 99 94 94 100 100 88 86 88 87 

QIR 16 4 22 7 100 100 98 98 76 73 

Yanowiz’s 17 17 21 21 100 100 2 2 34 34 

Improved 
Niblack 

27 27 30 30 100 100 93 93 65 64 

P.S: P = Precision; R = Recall. 

 

In Table 4.3, the order of average Precision values for Cheque Document Image 

from high to low are: Mean-Gradient Algorithm, Original QIR Algorithm, Improved 
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Niblack’s Algorithm and Yanowitz’s Algorithm. Recall values for Cheque Document 

Image from high to low are: Mean-Gradient Algorithm, Improved Niblack’s Algorithm 

and Yanowitz’s Algorithm and Original QIR Algorithm. Compared to the other three 

algorithms, the Mean-Gradient Algorithm can detect more words in the original cheque 

images from complex pattern background. 

Table 4.3 Precisions and Recall Evaluation for Cheque Document Images 

1 
(21 Words) 

2 
(51 Words) 

3 
(32 Words) 

4 
(31 Words) 

5 
(24 Words) 

6 
(35 Words) 

Image No 
 
 
 
 

Algorithm 
P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

Mean-
Gradient 

95 95 79 76 93 93 83 83 100 100 83 74 

QIR 95 95 47 21 90 90 42 22.58 37 37 6.6 2.8 

Yanowiz’s 52 52 0 0 14 14 59 59.38 79 79 70. 70 

Improved 
Niblack 

56 56 55 22 62 62 62 62.50 58 58 22 22 

7 
(46 Words) 

8 
(33 Words) 

9 
(13 Words) 

10 
(72 Words) Average 

Image No 
 
 
 
 

Algorithm 
P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

Mean-
Gradient 

97 97 96 96 92 92 92 80 91 89 

QIR 79 41 100 51 11 72 96 88 60 45. 

Yanowiz’s 100 100 100 100 0 0 53 53 52 52 

Improved 
Niblack 

93 93 96 96 40 40 11 11 55 52 

P.S: P = Precision; R = Recall. 

 

In Table 4.4, the order of average Precision and Recall values for Newspaper 

Document Image from high to low is: Mean-Gradient Algorithm, Yanowitz’s Algorithm, 

Improved Niblack’s Algorithm and Original QIR Algorithm. Compared to the other three 

algorithms, the Mean-Gradient Algorithm can detect more words in the original 

newspaper images, which include noisy background. 
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Table 4.4 Precisions and Recall Evaluation for Newspaper Document Images 

1 

(629 Words) 

2 

(502 Words) 

3 

(312 Words) 

4 

(344 Words) 

5 

(531 Words) 

6 

(431 Words) 

Image No  

 

 

 

Algorithm 
P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

Mean-
Gradient 

95 95 99 99 3 2 95 95 99 99 3 2 

QIR 43 42 99 99 1 1 43 42 99 99 2 1 

Yanowiz’s 91 89 94 94 7 7 91 89 94 94 8 7 

Improved 
Niblack 

90 90 83 83 3 3 90 90 83 83 3 3 
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Algorithm 
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(%) 
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(%) 

P 

(%) 
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(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

P 

(%) 

R 

(%) 

Mean-
Gradient 

100 100 100 100 75 100 100 100 77 79 

QIR 0 0 96 96 90 0 100 96 57. 48 

Yanowiz’s 99 99 98 98 75 99 99 98 75 77 

Improved 
Niblack 

41 41 97 97 60 41 41 97 59 63 

P.S: P = Precision; R = Recall. 

 

From the above, it can be concluded that the Mean-Gradient Algorithm produces 

good performance on several different image types. The other three thresholding 

techniques evaluated techniques only perform well on selected image types.  

4.5 Summary 

Yanowitz’s technique uses a median filter in its pre-processing stage to eliminate 

the noise. The effect of this filter, however, reduces the handwritten contrast and fills 

holes in both handwriting and printed characters producing thickened characters. The 

resulting binary images therefore have worse quality since these characters are not 
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distinguishable, especially if the original image has poor resolution as observed in the 

examined form and cheque images. 

The Improved Niblack’s method is simple, but it is sensitive to the constant 

values in the equation.  It is difficult to find weighted values that produce good results for 

different images. The computational complexity of the Improved Niblack’s method is: 

O(N2) for an  image. NN ×

Performance evaluation of several binarization methods has shown that the 

Yanowitz and Bruckstein’s method was one of the best binarization methods. The 

computational complexity of the Yanowitz and Bruckstein’s method is: O(N2) for an 

 image. NN ×

QIR works quite well on images that have two distinct peaks in their histograms, 

meaning high constant homogeneous images. Due to the fact that the technique depends 

on the bimodal histogram, it is not suitable for some images, such as those that have 

double-side effect as well as those that contain noisy backgrounds. The computational 

complexity of the QIR method is: O(N) for an NN ×  image. 

The Mean-Gradient technique works well to retain the high contrast strokes, and 

also it is generally successful in retaining the small holes in characters. Nevertheless it 

performs well in removing patterned backgrounds. The Mean-gradient values can be 

regarded as a variation of an image and describes the ripple gradient of an image. The 

computational complexity of the Mean-Gradient technique is: O(N2) for an  image. NN ×

Figure 4.8(e) shows the Mean-Gradient method is particularly effective at 

removing blotches and smudges in images while still maintaining the handwriting details. 

This is because large objects are considered as part of the background during the process, 
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and therefore will be subtracted from the image. For some images with very light strokes, 

the mean-gradient technique misses some of them, resulting in broken handwriting. 

The Mean-Gradient technique generally achieves better precision and recall than 

the other methods for all the categories of images. It subtracts out the ink seeping and 

double-sided effect in historical documents to produce clean binary images. The 

technique also performs well for high/low resolution as well as large/small printed 

characters present in newspapers, forms and cheques. However, with the usage of the 

background subtraction method for removing noise, it tends to over-threshold some of the 

weak handwriting, resulting in broken handwriting. 

From the comparison of the four techniques, it is concluded that a simple 

thresholding technique, which works perfectly for all kinds of images, does not exist. 

However, in a document management system, there are many different document images, 

which need to be processed. This makes it a requirement of a thresholding technique to 

perform well on many image types. Most of exiting thresholding techniques apply same 

process on the whole image. They cannot apply the best suitable process for different 

image sub-region with different conditions. A feature vectors analysis based multi-stage 

local adaptive technique (Decompose Thresholding Approach) is proposed as a solution 

to this problem.  
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Chapter 5 

Decompose Thresholding Approach 

A number of techniques have previously been proposed for thresholding 

document images. The global and local adaptive techniques have met with varying 

degrees of success. While the existing methods apply the same process to the entire 

image even if the image contains different characteristics in different area, none of them 

is able to produce consistently good results on a wide range of degraded historical 

documents. A review of previously reported thresholding techniques was given in 

Chapter 2. 

In this chapter a new thresholding structure called the decompose-threshold 

approach is proposed and compared against some existing global and local thresholding 

algorithms. The chapter first describes the decompose algorithm and its improved version 

followed by experimental analysis. A set of six thresholding algorithms, which have 

shown a superior level of performance on ‘difficult’ images, were chosen for 

incorporation in this work for performance comparison purposes. 

The decompose thresholding method described in this chapter was published in 

Proc. 17th Int. Conf. on Pattern Recognition, Cambridge, United Kingdom, Vol.1, pp 

445-448, 2004; Proc. 9th Int. Workshop on Frontiers in Handwriting Recognition, Tokyo, 

Japan, pp 239-244, 2004; and is accepted for publication in the IEE Proceedings on 

Vision, Image and Signal Processing. 
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5.1 The Proposed Decompose Algorithm 

A local adaptive analysis method, called the Decompose Algorithm, uses local 

feature vectors to find the best approach to thresholding a local area. Appropriate 

algorithm(s) are selected or combined automatically for specific types of document image 

under investigation. The original image is recursively broken down into sub-regions 

using quad-tree decomposition until an appropriate thresholding method can be applied to 

each of the sub-region. 

The proposed decompose algorithm is shown in Figure 5.1. The initial step of the 

algorithm tests whether the image has a bimodal histogram. If it does, then histogram-

based global thresholding methods, which have been proven to have outstanding results 

for bimodal histogram images can be applied. Global methods are particularly effective at 

saving processing time (complexity is equal to O(n)). The decompose algorithm focuses 

on 8-bit grey-scale images of historical handwritten documents, which generally do not 

have a bimodal histogram. The decompose algorithm is a local adaptive analysis method, 

which uses local feature vectors to find the best approach for thresholding a local area. 

Appropriate weighted values are selected automatically for the specific types of 

document image regions under investigation. Due to the characteristics of pen strokes and 

spots on the paper, there are three main classes of sub-region that can be defined: Faint 

Strokes Class, Heavy Strokes Class and Background Class. 

The outline of the decompose algorithm is: 

1. Bimodal Testing 

2. Decompose image into four equal size local regions 

3. Extract feature vectors from each local region 
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4. Perform local region classification 

5. Repeat steps 2, 3 and 4 until all regions are classified 

6. Appropriate threshold methods are applied to each region 

7. Smooth the edges of each region 

If the image does not have a bimodal histogram, it is recursively decomposed 

using quad-tree decomposition into smaller regions until an appropriate local threshold 

method can be applied to each different class region (faint strokes class, heavy strokes 

class and background class). This continues until the whole image has been decomposed 

and an appropriate threshold technique assigned to each region. The new algorithm 

analyzes the feature information of the local regions of different sizes, and determines 

and applies different threshold methods to obtain the best result. There are three 

outstanding threshold methods, which are Yanowitz and Bruckstein’s, Bersen’s and 

improved Niblack’s methods, are chosen. Section 5.1.5 describes more explanation on it. 

The complexity of this algorithm can be sufficiently described by the function 

g(n) = (1/d)n2 where n is the number of pixels in the input grey-scale historical image, d 

is the minimum size of sub region). Formally, this algorithm is "of order O((1/5)n2)". 

This function expresses the worst-case scenario when the minimum size of sub region is 

set as 5 from particular results.  

g(n) = TBinodalTest + TDecompose + max(TregionX)  (where X ≤  n2/25;  TDecompose = 

TBinodalTest = 1). For each classified sub region, feature vectors extraction and local 

thresholding cost N2 ×5, where N2 is the size of the sub region. The biggest sub region 

((n/5) ×  (n/5)) cost the longest time for computing: ((n/5) ×  (n/5)) ×  5 =  (1/5)n2.  
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Figure 5.1 Flow Chart of the Decompose Thresholding Algorithm 

5.1.1 Image Bimodality Testing 

A test for bimodality is performed on the histogram to determine whether a global 

thresholding method can be applied effectively. For an image, that has an obvious 

bimodal histogram, for example dark black ink on clean white paper, an existing 
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histogram-based global thresholding method can usually be applied to the whole image. 

Figure 5.2 shows two examples of historical images illustrating the difference between 

‘unimodal’ and ‘bimodal’ histograms. Figure 5.2(a) is the histogram of Figure 5.2(b), 

which is referred to as a unimodal historical document image. Figure 5.2(c) is the 

histogram of Figure 5.2(d), which is referred to as a bimodal historical document image. 

The unimodal historical image has various characteristics in different areas, which are 

difficult to binarize accurately using a global threshold value. The bimodal historical 

image, on the other hand, contains balances characteristics all over the whole image and 

is easier to threshold using an appropriate global threshold. 

There are two branches following the bimodal testing. One is to threshold the 

input image using the original QIR  [83] or other global method. The other branch is to 

apply the decompose approach and analyze local feature vectors to find the best approach 

for thresholding each sub-divided local area.  

A simple histogram classification method is used. If the histogram of the image 

contains two obvious peaks, and the valley between the two peaks is located, then the 

histogram is bimodal; otherwise the histogram is unimodal (or multi-modal). 

The bimodal testing is carried out in three steps: 

1. Histogram smoothing 

2. Peak number calculation 

3. Testing whether there is a clear valley between the two peaks  

If the peak number is equal to two and there is the valley between the two peaks, 

the image has a bimodal histogram. 
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(a) Unimodal Histogram of image   (b) Historical Image 

 

   
(c)Bimodal Histogram of image (d)         (d) Historical Image 

Figure 5.2 Examples of Unimodal and Bimodal Histograms  

5.1.2 Image Decomposition 

Contrast variation is a major problem in historical document images, and causes 

many of the previously reported thresholding methods to fail. Contrast variation is 
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therefore a characteristic that can be used to determine whether a thresholding algorithm 

can be applied or whether the image needs to be further decomposed. 

The input image is first decomposed into four equal size sub-images if  

(where C is the contrast of the decomposed input image, T is currently empirically set at a 

greyscale value of 180 based on experimental results of test images.), and then the sub-

image is further decomposed. It can be achieved in five steps: 

TC ≥

1. Set the input image as a sub-image; 

2. Calculate the mean value of the 24-neighbours (5×5 window) of the pixels 

that lie at coordinates )12,12( +×+× NM of the sub-image. Where   

⎪
⎩

⎪
⎨

⎧

=

=

)(
2
1...,,2,1

)(
2
1...,,2,1

imagesubofnumbercolumnN

imagesubofnumberrowM
 

3. Find the maximum mean value Maximean and minimum mean value 

Minimean of the sub-image; 

4. Contrast = Maximean – Minimean; 

5. If , the sub-image is decomposed into four smaller equal-sized sub-

images;  

TC ≥

6. Repeat steps 2 to 4 until TC < , or when the sub-image reaches . A 

sub-image, which is smaller than

6464×

6464× , has insufficient information for 

further feature extraction.  
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5.1.3 Feature Extraction  

Many feature vectors have been used in document image binarization. Most of 

them were applied to printed documents with clean (white) background but do not work 

well for degraded images. Three feature vectors are proposed in this paper, which focus 

on handwritten document images with messy background and faded writing. These 

feature vectors are extracted to measure useful information from the decomposed sub-

images. 

By observing handwritten document images, it can be seen that edge and variance 

measures change with stroke or word direction based on the characteristics of the 

handwriting. These two feature vectors are presented as WDES (Word Direction Based 

Edge Strength) and WDVAR (Word Direction Based Variance) are based on Word 

Direction based Grey level Co-occurrence Matrix (WDGLCM). Since degraded historical 

image strokes are frequently affected by noise, the MG (Mean-Gradient) feature vector is 

good at describing the effect of stroke noise. These three important features are 

considered in region classification. 

5.1.3.1 Word Direction based Grey level Co-occurrence Matrix (WDGLCM) 

Feature Vectors 

A Grey Level Co-occurrence Matrix (GLCM) contains information about the 

positions of pixels having similar grey level values. A co-occurrence matrix is a two-

dimensional array, G, in which both the rows and the columns represent a set of possible 

image values.  

A GLCM Gd is defined by first specifying a displacement vector d=(dx,dy) and 

counting all pairs of pixels separated by |d| having grey levels i and j. 
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The GLCM is defined by:      

Gd[i,j] = nij     Eq (5-1) 

where nij is the number of occurrences of the pixel values (i,j) lying at distance d in the 

image. 

The co-occurrence matrix Pd has dimension n×n, where n is the number of grey 

levels in the image. 

Lam (1996)  [49] described the grey-level gradient co-occurrence matrix 

(GLGCM). In GLGCM, nij was the number of occurrences of the pixel values (i,j) lying 

at distance d in the four directions: 0o, 45o, 90o and 135o.  

For the three fragments of handwritten document images shown in Figure 5.3, it 

can be seen that there are three main directions in the slant of the handwritten words: left 

top to right bottom, top to bottom, and right top to left bottom. In counter-clockwise 

direction, they are at 45 (or 225) degrees, 0 (or 180) degrees, and 135 (or 315) degrees.  

The three sub-images in Figure 5.3 are 6464×  pixel local areas. They are in 256-

grey level TIFF image format. The comments in Figure 5.3, ‘Direction = 1’ means the 

direction of word stroke is G1 (refer to Figure 5.4), which is equal to 45 degrees; 

‘Direction = 4’ means the direction of word stroke is G4, which is equal to 180 degrees; 

‘Direction = 3’ means the direction of word stroke is G3, which is equal to 135 degrees. 

 

 
Figure 5.3 Three Main Word Directions 
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Figure 5.4 Eight Directions of Word 

Figure 5.4 shows the 8 directions of words in counter-clockwise direction. 

Referring to Figure 5.4, the matrices of word directions can be defined as in Figure 5.5.  

 

Figure 5.5 Direction Matrices 
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The stroke direction of the input handwritten document image is determined by 

using G0~ G7. The Word Direction-Based GLCM (WDGLCM) can be determined after 

the stroke direction has been calculated. 
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etc….. 

where d is half of the typical stroke width of the word in the input document image. 

The co-occurrence matrix WDGLCM has dimension n×n, where n is the number 

of grey levels in the image. 

5.1.3.2 Word Direction Based Edge Strength (WDES) 

Edge Strength can be defined based on the WD-GLCM vector as. 
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where i and j are the coordinates of WD-GLCM, and K is the number of grey levels in the 

input image.  

Direction Based Edge Strength measures the grey level gradient differences in a 

certain direction determined by the conditions of the input image. It can provide more 

useful information for further analysis and works more effectively than simple edge 

strength based on GLCM. 

5.1.3.3 Word Direction Based Variance (WDVAR) 

Word direction based variance (WDVAR) measures the variability of grey value 

differences and hence coarseness of texture. A large value of variance indicates large 

local variation. Word Direction Based Variance is defined by WDGLCM as: 
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= =

=
K

i
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jiWDGLCM
K 1 1

2 ),(1µ ; 

5.1.3.4 Mean-Gradient (MG) 

Gradient is the change of image texture along some direction in the image, and the 

mean-gradient of the intensity image I(x,y) at location (x,y) which has been illustrated in 

Eq (4-2). 
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GN is the mean-gradient value of the sub-block in direction N given by 
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Eq(5-4) 

Where  is the x distance on N direction, Nx∂ Ny∂  is the y distance on N direction. 

Mean gradient (MG) is sensitive to small variance between strokes; it can be used 

to detect faint strokes between heavy strokes.  

5.1.4 Sub-Block Classification  

The three feature vectors described in Section 3.3.1 were used to test the local 

regions and classify them into three types: background, heavy strokes or faint strokes. 

Typical examples of these three types of region are shown in Figure 5.6.  

 

Figure 5.6 Examples of Sub-regions containing heavy strokes, background (no strokes) 

and faint strokes. 

The background of a document does not contain any useful information content. 

A background area typically has lower values of edge strength and variance. A noise-free 

background also has a small mean-gradient value.  

Heavy stroke areas have strong edge strength, variance and mean-gradient value.  

Faint stroke areas contain weak strokes, which are very difficult to detect from the 
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background. This kind of area typically has a medium value of edge strength and mean-

gradient but less variance. 

5.1.5 Applying the Thresholding Method  

Different threshold methods are applied for the above three classes of sub-images. 

The six methods described above (improved Niblack’s method  [110], Yanowitz & 

Bruckstein’s method  [103], Bernsen’s method  [4], ETM  [25], Otsu’s method  [64] and 

QIR  [83]) cannot provide ideal results for degraded historical handwritten images, 

especially for regions in the faint strokes class. Bernsen’s method, the improved 

Niblack’s algorithm and Yanowitz & Bruckstein’s method are the best of the other 

existing well-known thresholding methods described in  [91]. These three thresholding 

methods are chosen for the heavy and faint stroke classes.  

For background areas, all pixels are simply set to white (greyscale value 255) 

because there is no useful information need to be thresholded. 

5.1.5.1 Faint Strokes Class 

The sub-image in the faint strokes class contains lower edge strength because the 

pen is lightly skating over the region so that less ink is deposited on the paper. The higher 

mean-gradient value will be detected for regions if there is more noise, thus noise 

removal is required. The variance will be low because the variation of the region is low.   

One major problem for faint stroke detection is noise. Noise always affects the 

faint strokes so that the faint strokes are very difficult to detect. Another problem is faint 

strokes have very low variance which means many algorithms cannot work well on this 

kind of image area. 
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Noise removal and enhancement for the faint stroke class are needed before the 

threshold method is applied. A Wiener filter was first applied for noise removal. After 

that, the enhancement can be divided into two steps. 

1). Use a 3×3 window to enhance the image by finding the maximum and 

minimum grey value in the window using Eq (5-5) and Eq (5-6): 

Mini = min (elements in the window)       Eq (5-5) 

  Maxi = max (elements in the window)              Eq (5-6) 

2). Compare the value of Pixel - Mini and Maxi – Pixel, where Pixel stands for 

pixel-value. If the former is larger, the Pixel is closer to the highest grey value than the 

lowest value in this window; hence the value of Pixel is set to the highest grey value 

(Pixel = Maxi). If the former is smaller, then the value of Pixel is set to the lowest grey 

value (Pixel = Mini).  

Yanowitz & Bruckstein’s method works well on retaining detailed information of 

handwriting and hence it can retain more information of faint strokes. It was applied to 

the faint stroke class. 

5.1.5.2 Heavy Strokes Class 

There are two sub-classes in the heavy stroke class. One contains heavy strokes 

only; the other contains some faint connection strokes alongside heavy strokes. 

Bernsen’s method works well because those regions have high contrast, which 

can work well for high contrast heavy strokes. It was applied to the heavy strokes region. 

The contrast threshold value for the experiment of Bernsen’s method was set to 180. 

Practically, the range of contrast value for heavy strokes regions is 190 ~ 220 (for a 8-bit 

greyscale image).  
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The improved Niblack method is sensitive to edge information, and is able to 

clearly maintain the faint strokes, which are connected to heavy strokes. It was applied to 

the heavy strokes region with some faint connection strokes.   

5.2 Improved Decompose Algorithm 

The quality of the thresholding result when separating foreground from 

background is decisive for subsequent analysis of the document content. It requires 

retention of the full information content on a clear white background. In some 

applications, such as forensic document analysis, or scholastic analysis of the writing 

style, we are interested in the detailed greyscale or colour variations of the pen strokes or 

printing.  

Although the proposed decompose algorithm is effective on a wide range of 

degraded historical images, Yanowitz & Bruckstein’s method fails to clearly keep faint 

loops inside the faint descender strokes. The proposed weighted mean-gradient 

thresholding method can provide better performance at keeping these faint loops, but it 

will over-threshold some strong stroke regions. This means it cannot work well for the 

various characteristic degraded images based on unchangeable weighted value. The 

improved decompose algorithm combines the decompose structure and the mean-gradient 

thresholding method with different weighted values for different sub-region classes. 

The second version is an improved decompose algorithm which recursively 

decomposes a document image into sub-regions until appropriate weighted values can be 

selected to determine an appropriate single stage thresholding method for each region. 
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The single stage thresholding method, which is a novel mean-gradient based method, was 

described in Chapter 4. 

The improved decompose algorithm is also a local adaptive analysis method, 

which uses local feature vectors to find the best approach for thresholding a local area. 

Compared to the original decompose algorithm, the appropriate weighted values are 

selected automatically for mean-gradient thresholding method (base on the specific types 

of document image regions under investigation) instead of choosing different 

thresholding techniques for different sub-regions. The original image is recursively 

broken down into sub-regions using quad-tree decomposition until an appropriate 

weighted mean-gradient thresholding method can be applied to each sub-region. 

The new improved decompose algorithm analyzes the feature information of the 

local regions with different sizes, and applies a new mean-gradient based threshold 

method with appropriate weighted values to obtain the best result, as illustrated in 

Figure 5.6. The grey block of Figure 5.7 is the improved part (Appropriate Weighted 

Mean-gradient Threshold Method) in the Improved Decompose Algorithm. 

5.2.1 Faint Handwritten Image  

a). Enhancement. Enhancement method is the same as the one used in the 

Decompose Algorithm 

b). Mean-Gradient Thresholding. A new weighted method based on mean-

gradient direction is proposed for thresholding faint strokes.  

Handwritten English or Western-style scripts normally contain strokes written in 

several directions. In this method a different matrix is used to detect different mean-
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gradients in eight different directions (G0 ~ G7) as described in Section 3.3 and shown in 

Figure 5.4. 

The matrices G0 ~ G7 are convolved with the sub-block to discover the maximum 

mean-gradient value. The sub-block direction is the one in G0 ~ G7 that produces the 

largest mean-gradient value. For example, consider the sub-block shown in Figure 5.5. 

The largest mean gradient value exists at the convolution of G3 with the sub-block, 

indicating that the direction of strokes in Figure 5.6 is 135 degrees.  

 

Figure 5.7 Flowchart of Improved Decompose Algorithm 
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The mean directions of the area’s strokes are calculated as N, and then the mean-

gradient method is applied using N to obtain the binary output.  

    ),(),(),( yxGkyxwMyxT N+=      Eq (5-7) 

where T is the threshold value,  M is the mean value of sub-block, w and k are weighted 

value, GN is the mean-gradient value of the sub-block at direction N given by Eq (5-4). 

5.2.2 Heavy Handwritten Image 

There are two sub-classes in the heavy stroke class. One contains heavy strokes 

only; the other contains some faint connected strokes alongside heavy strokes. 

The proposed weighted method is applied on these two sub-classes with different 

weighted value w and k. Practically, the formula for thresholding with a different 

weighted value for specific cases is: 
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where  

Eq (5-8) 

The values of w and k in Eq (5-8) are obtained from experimental results in the 

training of the Mean-Gradient threshold method.  

To avoid blocking effects at the boundary of the sub regions, a smoothing matrix 
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1A  was convolved with the area, which is a 5 by 5 window centred 
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on the edges of each region before the mean-gradient based thresholding method is 

applied.  

5.3 Experimental Results  

The decompose algorithm was trained using 10 historical document images 

obtained from the Library of Congress, which contained considerable background noise 

or variation in contrast and illumination. (The images are shown in Appendix 3 and the 

attached CD). 

The first version of the decompose structure is highly effective for images which 

contain different conditions at different locations; however, it fails on faint loops in some 

cases because there is no existing good threshold method for faint stroke detection. In 

order to improve the algorithm it is necessary to retain faint loops in descender strokes. 

The proposed weighted mean-gradient method, which can retain faint strokes by 

extracting the direction information from the image, is used in the Improved Decompose 

Algorithm. The new method has superior performance on all test images compared to the 

other six methods evaluated. Some results of the Improved Decompose Algorithm and 

the other six methods when applied to the original image of Figure 1.2 are shown in 

Figure 5.11. Other detailed images can be viewed on the attached CD. 

5.3.1 Experimental Results of Decompose Algorithm  

There are two important steps in the proposed Decompose Algorithm: 

1. Determination of stroke direction 
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Direction of stroke slant in the words in the handwritten historical document 

images is an important factor to WDES and WDVAR features. The mean direction 

calculated from each region affects the value of WDES and WDVAR directly. 

2. Classification of the local region  

In order to apply the best appropriate threshold method on different regions of 

degraded historical image, the regions are classified into three classes: Background 

Region, Faint Region and Heavy Region. 
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 Figure 5.8 Tracing of Point Direction 
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5.3.1.1 Stroke Direction of Image 

The Stroke Direction of an image is measured by convolving the eight Direction 

Matrices (shown in Figure 5.6: G0 ~ G7) with the local area of the image one-by-one to 

obtain matrices M0~M7 respectively. Matrices M0 ~M7 are the same size matrices and 

contain grey-scale values with direction information on each pixel (point). The tracing of 

the direction at each pixel (point) in pseudo code is shown in Figure 5.8. 

Practically, in the experiment, 6464×  is the best size to measure the stroke 

direction. The result is not accurate if the size of the local area is too small, and too many 

calculations will be required to get an accurate result if the local area size is too big. 

5.3.1.2 Local Region Classification 

In order to apply the best appropriate threshold method to each region, 

classification of each local region is needed. Some experimental results from the 300 

training images are shown in Table 5.1 and Figure 5.9. The example in Figure 5.9 is 

using region size . In practice, the local region can be larger than , it 

depends on the quad tree decomposition results. Here, 

6464× 6464×

6464×  pixel local regions are 

used for easier visual comparison. 

The left part of Figure 5.9 shows two background class images, which contain 

only noise and no stroke information.  It is observed that background areas exhibit low 

edge strength and low mean-gradient value, but may have high variance, which is usually 

produced by noise.   

 

    129

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 5: Decompose Thresholding Approach  

 

 

Figure 5.9 Local Region Classification & Feature Extraction 

 

Table 5.1 Experimental Result of Area Classification from Training Image Group 

Heavy Strokes Class Name 
Feature 
 Name Background Faint Strokes With some 

faint strokes 

Only 
heavy 
strokes 

Edge Strength 1 ES≤13 ≤ 14≤ES≤40 ES≥41 

Variance 1≤V 30 ≤ 10≤V≤44 V 45 ≥

Mean-Gradient 1≤G 2 ≤ 3≤G≤10 3≤G≤10 G≥10 

Note: ES: Edge Strength, V: Variance; G: Mean-Gradient. 

The middle part of Figure 5.9 shows two faint stroke areas, which include noise 

and faint handwritten strokes. This area contains stronger edges, variance and higher 

mean-gradient value than a background area.  

The right part of Figure 5.9 shows two areas that contain heavy strokes. These 

regions have strong edges, strong variance and high mean-gradient value. The upper 

image in the heavy class contains only heavy strokes. Compared to the upper image, the 

lower image contains not only heavy strokes but also a light stroke connecting ‘e’ and ‘n’. 

This faint stroke results in a lower mean-gradient value. 
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5.3.1.3 Decompose Algorithm  

From an aesthetic and subjective point of view, the decompose structure performs 

better than other single-stage local methods. It detects feature vectors of different areas 

and then applies appropriate methods to avoid losing important useful information. 

The proposed method was evaluated using these six thresholding algorithms on 10 

historical images selected from the Library of Congress where considerable background 

noise or variation in contrast and illumination exists with varying resolution, sizes, and 

contrast.  

The standard measures, recall (Definition 4) and precision (Definition 5) were 

used to evaluate the performance of the proposed methods. For recall value calculation, 

the number of words, which are correctly separated from the background and accord with 

the following tight requirements, were counted. The correctly detected words were then 

divided by the total number of handwritten words in the original images. For precision 

calculation, the correctly detected words were divided by the total detected words in the 

original images. 

Figure 5.10 shows the recall and precision values of the seven threshold methods, 

and the average Recall and precision values are presented in percentage of the content of 

each image. From the table, it is apparent that the proposed Decompose Thresholding 

method produced significantly better recall and precision results than the other individual 

six methods.  
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Figure 5.10 Evaluation of the 7 Algorithms by Recall and Precision Value 

Decompose: Proposed Decompose Threhsolding Method 
ImNiblack: Improved Niblack’s Method 

Yan&Bru: Yanowitz/Bruckstein’s Algorithm 
ETM: Eikvil/Taxt/Moen’s Method 

QIR: QIR Algorithm 
Otsu: Otsu’s Algorithm 

Bernsen: Bernsen’s Method 
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Of these six methods, Bernsen’s method works well on clear background and high 

contrast historical images, but it is a contrast-based method so it is sensitive to the noise 

in the images. ETM’s method uses a manual value to determine the difference between 

two windows. It works well for both faint and heavy handwriting, but failed when there 

was a noisy background. Yanowitz’s method can retain very detailed strokes but still 

retains useless noise points. The improved Niblack technique can retain detailed stroke 

information but is sensitive to noise. QIR and Otsu’s technique only work well on 

bimodal histogram images. 

From an aesthetic and subjective point of view, the Decompose-Threshold 

Approach is better than other local threshold methods. The other local and global 

threshold methods apply the same process to the whole input images, but ignore the fact 

that degraded historical images always contain different characteristics at different 

regions.  The Decompose-Threshold Approach detects feature vectors of different sub-

areas and then applies appropriate methods on different local regions to avoid losing 

important useful information. 

The decompose-threshold structure is highly effective for the images, which 

contain different conditions at different locations.  

5.3.2 Experimental Results of the Improved Decompose Algorithm 

Of these six methods, Bernsen’s method works well on clear background and high 

contrast historical images, but it is a contrast-based method and so is sensitive to the 

noise in the images. ETM’s method uses a fixed value to determine the difference 

between two windows. It works well for both faint and heavy handwriting, but fails when 

there is a noisy background. Yanowitz’s method can retain very detailed strokes but still 
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includes much useless noise. The improved Niblack technique can retain detail of strokes 

but is sensitive to noise. QIR and Otsu’s technique only work well on bimodal histogram 

images and so do not perform well on these degraded document images. 

The same 300 historical images were selected from the Library of Congress on-

line database to train the algorithms. The images were chosen to have varying resolutions, 

sizes, and contrast to ensure correct comparison of performance between the algorithms. 

In these selected images, some historical images still have acceptable quality even 

through they were created many years ago, but many of them contain considerable 

background noise or variation in contrast and illumination. The scanned images were 

characterized by high resolution with varying contrast of the handwriting.  

The Improved decompose algorithm was evaluated and compared with these six 

thresholding algorithms on a further 300 historical images selected from the Library of 

Congress. The standard measure, recall and precision  [41], were again used to 

quantitatively compare the relative performance of the proposed methods at retaining the 

word information in the documents.  

Table 5.2 shows the recall and precision values of the seven threshold methods. In 

the table, the 300 example historical images are classified into six groups, with 50 images 

per group. The grouping was random. Average recall and precision values are presented 

as mean values using 50 images per group for each of the seven thresholding methods. 

The table also shows the average recall value of the 300 example images. From Table 5.2 

and Figure 5.12, it is apparent that the improved decompose algorithm produced 

significantly better recall and precision results than the other six methods.  
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                       Figure 5.11(a) Result of Improved Decompose Algorithm 

    135

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 5: Decompose Thresholding Approach  

 

   

 Figure 5.11(b). ETM’s Algorithm      Figure 5.11(c) Improved Niblack’s Technique 

   

   Figure 5.11(d). Bernsen’s Method                             Figure 5.11(e) Otsu’s Technique 
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Figure 5.11(f) Yanowitz’s Algorithm                   Figure 5.11(g) QIR Technique 

 

Table 5.2 Comparison of Precision & Recall for the Seven Algorithms 
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 (%) 
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Bersen 86 84 63 62 66 66 65 65 61 60 56 56 

ETM 89 89 79 77 78 78 77 77 75 75 71 71 

Im-Niblack 94 94 87 87 84 84 83 83 80 80 81 81 

Improved 
Decompose 

97 97 91 91 89 89 93 93 92 92 93 93 

Otsu 89 89 70 70 68 68 67 67 65 63 59 59 

QIR 91 91 72 72 74 74 74 74 71 70 68 68 

Yanowitz 94 94 87 87 87 87 87 87 87 86 89 89 
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Figure 5.12 Evaluation of 7 Algorithms in 10 groups (30 images/group) 
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5.4 Summary 

From oberservations during the experiments reported in this chapter, degraded 

historical handwritten images normally contain the following characteristic: 1) Varying 

contrast; 2) Varying stroke quality; 3) Many marks or blotches which do not contain any 

information. A number of techniques have previously been proposed for thresholding 

document images. However, none of them can provide ideal results for degraded 

historical handwritten document images. Because of varying contrast and noise 

conditions across the image, applying the same processing to the whole image is not 

flexible and will not produce good results.  

The effectiveness of the two algorithms is assessed on 300 ‘difficult’ document 

images extracted from the Library of Congress on-line database of historical documents. 

Six thresholding algorithms were used for comparative evaluation comprising four local 

thresholding methods: Improved Niblack’s method  [110], Yanowitz & Bruckstein’s 

Method  [103], Bernsen’s method  [4], ETM  [25] and two global methods: Otsu’s method 

 [64] and QIR  [83]. 

The improved Niblack method  [110] works well on Heavy handwriting image 

blocks, because it is sensitive to edge information. Bernsen’s method  [4] also works well 

on Heavy handwriting image blocks because a heavy image has high contrast. Compared 

to the other five methods, it also works well on faint handwriting images. Yanowitz & 

Bruckstein’s  [103] method works well on various kinds of document image, but is not 

good when there is a noisy background, especially in images where there is double-sided 

noise (where the ink has seeped through the paper from the other side). ETM  [25] works 

well for both faint and heavy handwriting images. Otsu’s method  [64] can achieve good 
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performance with simple documents where the background and foreground are clearly 

distinct in the histogram. However, Otsu’s algorithm is very time-consuming for image 

binarization because of its inefficient formulation of the between-class variance, and the 

performance varies with data sets. QIR  [83] works well for bimodal histogram images. 

Bersen’s, Yanowitz’s, Niblack’s, Otsu’s, QIR and the ETM thresholding methods have 

been evaluated and compared in  [50] and  [91]. 

 

Degraded historical images often exhibit varying image qualities. Satisfactory 

thresholding results can rarely be obtained if only a single global or local method is 

applied to the whole image. 

The decompose algorithm recursively breaks down an image into sub-regions 

using quad-tree decomposition and extracts local features from each sub-region until an 

appropriate thresholding method can be applied to each sub-region. 

The improved decompose algorithm is demonstrated as effective at improving the 

result. The three feature vectors proposed in this chapter can accurately classify the 

different regions so that the appropriate weighted value can be applied to the mean-

gradient based threshold method. The new proposed weighted mean-gradient based 

threshold method is based on the local mean gradient value for the word direction. It can 

retain faint strokes by the direction information from the image. 

 

 

 

    140

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 6: Independent Component Analysis based Segmentation  

Chapter 6 

Independent Component Analysis based 

Segmentation 
Many document images contain florid handwriting, which frequently exhibits 

extravagant loops in ascenders, descenders and upper case letters. These often result in 

touching or overlapping of words on adjacent lines. Separating the lines and words is 

difficult as the overlapping words on adjacent lines are often degraded to such an extent 

they are difficult for a human to decipher due to the damage caused by poor storage and 

handling over several hundred years. The segmentation of touching or overlapping words 

on adjacent lines is an important stage in the processing of historical cursively written 

documents. 

In this chapter, an Independent Component Analysis (ICA)-based segmentation 

algorithm is proposed, which can be used effectively on degraded document images 

containing many different kinds of overlapping and touching words in adjacent lines. 

This chapter first describes Independent Component Analysis and then goes on to 

describe the ICA based Segmentation Algorithm Approach proposed in this work. 

Experimental results are presented at the end of the chapter along with a summary.  

The mean-gradient thresholding method described in this chapter was published 

in Proc. 8th Int. Conf. on Document Analysis and Recognition, Seoul, Korea, Vol.2, pp 

680-684, 2005 and is under review by the journal Pattern Recognition Letters. 
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6.1 Independent Component Analysis 

Independent component analysis (ICA) is a statistical and computational 

technique for revealing hidden factors that underlie sets of random variables, 

measurements, or signals, and is widely used in image processing  [39]. It is noted  [39] 

that ICA defines a generative model for the observed multivariate data, which is typically 

given as a large database of samples. The data variables of the model are assumed to be 

linear or non-linear mixtures of some unknown latent variables, and the mixing system is 

also unknown. The latent variables are assumed to be non-Gaussian and mutually 

independent of each other and referred to as the independent components of the observed 

data. These independent components can be found by ICA. 

6.1.1 Definition of Independent Component Analysis (ICA) 

ICA can be seen as an extension to principal component analysis and factor 

analysis. ICA is a much more powerful technique, however, capable of finding the 

underlying factors or sources when the classic methods fail completely. The definition of 

ICA from Hyvarinen’s survey  [40] made in 1999 is as follows: 

 Definition 9 - ICA of a random vector x consists of estimating the 

following generative model for the data: 

x=As 

where the latent variables (components) si in the vectors s=(s1,…,sn)T are 

assumed independent. The matrix A is a constant m × n ‘mixing’ matrix. 

This is the simplest and widest used definition in most research on ICA. There are 

also other ICA definitions which can be found in the literature  [17],  [42].  
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6.1.2 Identifiability of the ICA Model 

The ICA was chosen in this algorithm based on the three identification points of 

the ICA model, as described by  [40]: 

1. All the independent components si, with the possible exception of one 

component, must be non-Gaussian; 

2. The number of observed linear mixtures N must be at least as large as the 

number of independent components M, i.e., N M; ≥

3. The matrix A must be of full column rank. 

 

 
Figure 6.1 ICA-based segmentation approach  

 

Imagine that Figure 6.1 is a perceptual system called the ICA-based segmentation 

approach, which is exposed to a series of small rectangular size image patches, which 

contain overlapping handwritten word components from a larger image. 

Each image patch is represented by the vector x1, x2 and x3.  
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s 1 is the separated independent component one: overlapped 

words image; s2 is the separated independent component two: upper class word image; s3 

is the separated independent component three: lower class word image.  

The independent components are based on handwriting image components, which 

are represented by a non-linear matrix. This is consistent with point 1 above which states 

that all independent components must be "non-linear". Point 2 above declares that the 

number of observed linear mixtures N in x must be larger than the independent 

component M. From Figure 6.1, the number of independent components M is equal to 

three, and N, the column number of x is equal to the size of image patches containing 

overlapped words. The size of the image patches is much larger than three because the 

original image patch contains two words. Besides, the matrix A is full column rank and is 

consistent with point 3. 

In conclusion, ICA can be used in overlapped word segmentation after studying 

typical historical document images that contain overlapped words.  
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6.2 ICA based Segmentation Algorithm Approach 

Whilst many existing separation techniques have proven effective at segmenting 

words correctly if the handwritten text lines are not overlapping or touching, none has 

been shown able to produce consistently good results on the wide range of document 

images containing touching or overlapping handwritten strokes.  

The new segmentation algorithm called the ICA (Independent Component 

Analysis) Segmentation Algorithm is described for segmenting the overlapping/touching 

loop strokes observed in historical document images. The ICA-based Segmentation 

Algorithm focuses on 8-bit grey-scale images of historical handwritten documents, which 

contain overlapping or touching words on adjacent lines (as shown in Figure 6.3 and 

Figure 6.6). 

The first step of the novel ICA-based segmentation algorithm is the first level 

separation of the overlap words, which produces a blind source matrix (vector matrix) 

based on the original overlapping word components and the first level separated words.  

In the second step, a fast ICA algorithm  [112] is performed to calculate the 

weighted value matrix before the separated words are re-evaluated. Fast ICA is based on 

a fixed-point iteration scheme maximizing non-gaussianity as a measure of statistical 

independence. It is an efficient and popular algorithm for independent component 

analysis. Finally, the readjusted weighted value matrix is applied on the vector matrix to 

obtain the word components separately. 

The flowchart of the whole algorithm is shown in Figure 6.2. 
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   Figure 6.2 Flowchart of the ICA-based segmentation algorithm 

6.2.1 Vector Matrix (VM) Building for ICA Model Training 

The crucial part of the proposed algorithm is to build an effective Vector Matrix 

(VM), which is the source matrix for training the ICA model. The outline of building the 

Vector Matrix for the ICA-based segmentation algorithm is: 

1. Pre-processing and Thresholding 

2. Overlapping Word Component Detection 

3. Overlapping Word Component Area Classification 

4. Fuzzy Area Loops Classification 

5. Classify Word Components and Restore Grey-Scale Value  

6. Achieving Vector Matrix 

These stages are described in more detail below. 

    146

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 6: Independent Component Analysis based Segmentation  

 
6.2.1.1 Pre-processing and Thresholding 

The Decompose Thresholding Algorithm was described in Chapter 5 for 

thresholding degraded historical document images. The decompose algorithm has been 

demonstrated to be excellent for thresholding the degraded historical document image 

compared with other six algorithms. 

An improved version of the Decompose Thresholding Algorithm, where the 

document image is recursively broken down into sub-regions using quad-tree 

decomposition until a suitable thresholding weighted value is chosen for mean-gradient 

thresholding method, which can be applied to each sub-region. Mean-gradient 

thresholding method  [50] which is sensitive to edges so that it works well in keeping 

strokes’ internal loop and faint tips of words from sub-regions. The subsequent step after 

obtaining a binary image is to segment the handwritten words.  

6.2.1.2 Touching/Overlapping Word Components Detection 

  
    (a)       (b) 

  
    (c)       (d) 

Figure 6.3 Illustration of loops touching and overlapping with characters on adjacent 

lines  
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The extravagant loops in ascenders, descenders and upper case letters encountered 

in many historical documents often result in touching or overlapping of words on 

adjacent lines. And in most cases, the touching and overlapping of strokes happen in the 

characters which include loop descenders, such as ‘f’, ‘g’, ‘j’, ‘y’ and so on as shown in 

Figure 6.3(a) ~ (d). Those touching words can be detected by component labeling 

function (bwlabel) from Matlab.   

6.2.1.3 Touching/Overlapping Words Region Classification 

In order to separate the overlapping and touching words on adjacent lines, area 

classification of the touching/overlapping region is needed for subsequent processing. 

The detected overlapping word components are first separated into Top Area, 

Bottom Area and Fuzzy Area. This classification is dependent on a left-to-right mapping 

histogram.   

1. Top Area: the pixels in the first peak range (as shown in Figure 6.8(a)) of the 

histogram; 

2. Bottom Area: if the last part of the histogram is flat, then the area from the 

last peak of the histogram to the end of the histogram is classified as Bottom 

Area; if the last part of the histogram is a peak, then the whole range of the 

peak is classified as Bottom Area; 

3. Fuzzy Area: the unassigned area between the Top Area and Bottom Area is 

defined as Fuzzy Area. 
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6.2.1.4 Fuzzy Area Loop Classification. 

Firstly, the Laplacian of Gaussian method is used to find edges by looking for 

zero crossings after filtering the image with a Laplacian of Gaussian filter. This operator 

works well on most historical handwriting binary image.  

Secondly, the closed edges in the Fuzzy Area are retained, because most overlap 

words contain closed loops in the strokes overlapped area. These closed edges are the 

edges of the loops inside the Fuzzy Area’s strokes. Normally, the maximum loop is the 

major part of the overlapped stroke area. 

Finally, the Center Point Distance, the distance between the center point of two 

closed loops, is measured for each pair of closed loops in the Fuzzy Area to determine the 

closest loops. According to the position of two loops, they can be classified into upper 

loop or lower loop. These two loops are the major roles in handwriting overlapped 

component elementary classification. 

6.2.1.5 Word Component Grey-Scale Value Restore 

Firstly, the upper loop is dilated N times, where N is equal to the width of the 

word strokes in pixels. The grey scale value of the connected words located in the dilated 

area is restored. The area higher and near the upper loop is simply separated from the 

overlapping words. Secondly, the lower loop can be restored using the same process to 

separate the lower word from the overlapping words. In order to increase the accuracy of 

the separation in the overlapped region, the separated words and overlapping word 

components are used as the source signals to train the ICA model. 
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6.2.1.6 Building the Vector Matrix 

The major task in this stage is to produce an effective Vector Matrix (VM) x as a 

source signal matrix for training the ICA model to separate the overlapping words. The 

VM for ICA-based Segmentation Algorithm is a 3-by- (i × j) matrix, where i and j are the 

row and column numbers of the whole overlap words component respectively. As shown 

in Figure 6.4(a), A is the overlap words component which has m×n images, B is the first 

level separated upper word, and C is the first level separated lower word.  

The first row of the components in VM are the pixel intensity values of the 

overlapping words component image A, which have been converted from i × j (i is row 

numbers, j is column number) format to 1×( i × j) (1 row, i × j columns) as shown in 

Figure 6.4(b). Then the upper class component B is converted from i × j to 1×( i × j), as 

the second row of the VM shown in Figure 6.4(b), as well as the same conversion of the 

lower word image component C as the third row of the VM shown in Figure 6.4(b). 

 
Figure 6.4 Conversion from Image to Vector Matrix  
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6.2.2 ICA Model Training 

As shown in Figure 6.4(a) and Figure 6.4(b), the vector matrix x is produced after 

the first level separation of the overlapping word components. The elements x1, x2 and x3 

are the overlapping word components, the first level separated upper class word and the 

lower class word respectively. The vector matrix x=[x1 x2 x3] is the source signal of the 

ICA model. 

The ICA model used in the proposed ICA-based Segmentation Algorithm is a 

Fast ICA. The Fast ICA algorithm is a computationally efficient method for performing 

the estimation of ICA. It finds the direction for the weight vector W maximizing the non-

gaussianity of the projection WTx for the data x. It uses a fixed-point iteration scheme that 

has been found in independent experiments to be 10-100 times faster than conventional 

gradient descent methods  [112]. Another advantage of the Fast ICA algorithm is that it 

can be used to perform projection pursuit as well, thus providing a general-purpose data 

analysis method that can be used both in an exploratory fashion and for estimation of 

independent components (or sources).  

As shown in Figure 6.1, is the input source signal of the Fast ICA model, 

where x
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1 is the overlap words, x2 is the initial separated upper class word, x3 is the initial 

separated lower class word. The Fast ICA (x= As) is computed to find W=A-1, where A is 

a constant m × n ‘mixing’ matrix. 

The weighting of this linear combination (which varies with each component) is 

given by a matrix vector, A. Each component of this vector has its own associated basis 
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function, and represents an underlying ‘cause’ of the image. The vector A is determined 

by training the linear image synthesis ICA model.  

From the ICA definition, ICA of the random vector x consists of finding a linear 

transform s=Wx so that the components si are as independent as possible, where W=A-1 

 [40]. The result of running the Fast ICA program W is the weighted value matrix, and it 

multiplies with the source signal matrix to obtain the independent component si. 
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s , where s1 is the separated overlapped word 1; s2 is the separated word 2; 

s3 is the overlap area. s1 and s2 can be realigned to images which include the separated 

words respectively as shown in Figure 6.5.  

 

 

Figure 6.5 Conversion from Independent Components to Image 
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6.3 Experimental Results 

6.3.1 Decompose Threshold 

Figure 6.6(a) shows a typical degraded historical document image, and the binary 

result of the original image using the Improvement Decompose Threshold Algorithm 

described in Chapter 5 is shown in Figure 6.6(b).  

 

 

 
   (a)    (b) 

Figure 6.6 (a) Typical degraded historical document image; (b) Binary result by using 

the Improvement Decompose Threshold Algorithm 

 

This algorithm has proven effective at dealing with degraded document images 

 [11] and is used as the initial pre-processing in these experiments.    
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6.3.2 First Level Separation  

6.3.2.1 Overlap Words Component Detection 

As can be observed in Figure 6.6(a), there are some touching and overlapping 

words on adjacent lines, which are difficult to separate. In order to detach the overlapping 

words, all the connected character components in Figure 6.6(b) are first labeled. From 

observation, the size of touching and overlapping words on adjacent lines are always 

much bigger than the words in a single text line. All the connected character components 

on adjacent lines are separated out from Figure 6.6(b) as shown in Figure 6.7. 

   
 (a)   (b)    (c) 

Figure 6.7 Connected character components of Figure 6.6 

6.3.2.2 Region Classification of Touching/Overlapping Words Component 

Figure 6.8(a) shows one of the detected overlapping components in Figure 6.6. 

Figure 6.8(b) is the histogram of the number of pixels in each row of Figure 6.8(a). The 

overlapping component is classified into three areas: Top Area, Bottom Area and Fuzzy 

Area according to analysis of the histogram in Figure 6.8(b). The result is shown in 
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Figure 6.9. The fuzzy area is the region between the upper line (area) and lower line 

(bottom area).  
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(a)   (b) 

Figure 6.8 (a) Overlapping Component; (b) Histogram of the number of pixels in each 

row of (a) 

 

 
(a) 

 
(b) 

 
(c) 

Figure 6.9 (a) Top Area; (b) Fuzzy Area; (c) Bottom Area 
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6.3.2.3 Fuzzy Area Loops Classification. 

As shown in Figure 6.10(a), the two closed edges are the edges of the loops inside 

the Fuzzy Area’s strokes. The largest loop can be detected as shown in Figure 6.10(b). It 

has been observed that normally the largest loop is the major part of the overlapped 

stroke area. 

The center point distance of each of the two loops in the Fuzzy Area is measured 

to determine the closest loops as shown in Figure 6.10(a). According to the position of 

the two loops, they can be classified as upper loop or lower loop that is respectively 

shown in Figure 6.10(b) and Figure 6.10(c).  

   
         (a)   (b)    (c) 

Figure 6.10 (a) Fuzzy Area’s Loops; (b) Upper loop; (c) Lower Loop 

6.3.2.4 Word Components Grey-Scale Value Restore 

The dilated loop area is shown in Figure 6.11(a), where the grey scale value of the 

connected words region is restored in Figure 6.11(b). The area higher and near the upper 

loop is restored as shown in Figure 6.11(c). Hence, the first word is separated from the 

overlapping words. 

The lower loop can be restored using the same process as shown in Figure 6.12 to 

separate the lower word from the overlapping words. 
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    (a)  (b)  (c) 

Figure 6.11 (a) Dilated Upper Loop Area; (b) Restored Upper Loop Area; (c) Restored 

Upper Words 

  
    (a)  (b)  (c) 

Figure 6.12 (a) Dilated Lower Loop Area; (b) Restored Lower Loop Area; (c) Restored 

Lower Words 

 

 

   
(a) (b) 

Figure 6.13 (a) Blown-up version of Figure 6.11c; (b) Blown-up version of Figure 6.12 

(c) 
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The upper word in Figure 6.11(c) and the lower word in Figure 6.12(c) show the 

result of the first level separation. Figure 6.13 is the enlarged version of Figure 6.11(c) 

and Figure 6.12(c). It can be observed that the boundary of the separated stroke region 

shown in the round dotted circle is very coarse for recognition. 

6.3.2.5 Vector Matrix 

The Vector Matrix is built by the initially separated upper and lower words 

together with the overlapping word component.  

As shown in Figure 6.4, , where x
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

3

2

1

x
x
x

x 1 is the overlapping words, x2 is the 

initial separated upper class word, x3 is the initial separated lower class word.     

6.3.3 Second Level Separation based on Fast ICA Training 

The linear transform equation of ICA training is  

x=As      Eq(6-1) 

where x is the vector matrix built in Section 6.3.2, si in the vectors s=(s1,…,sn)T 

are assumed independent. The matrix A is a constant m × n ‘mixing’ weighted value 

matrix.  

Eq(6-1) can be converted to  

s=Wx      Eq(6-2) 

so that the components si are as independent as possible, where W=A-1. 

The outcome of training Fast ICA is the weighted value matrix W as shown 

below: 
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W  
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

1.86   0.03-   1.86-
2.96-   2.96-    2.96

     0.04    1.30-    1.32

 

The weighted value matrix W is multiplied to the source signal matrix x to adjust 

the separation results. The enlarged version results are shown in Figure 6.14.  

 

Figure 6.14(a) is part of the lower word of overlap words. Figure 6.14(b) shows 

the part of the upper separated word, and Figure 6.14(c) shows the overlapped area.  

   
   (a)   (b)   (c) 

Figure 6.14 (a) Lower Word; (b) Upper Word; (c) Overlapping Area 

Figure 6.15 shows the binary results of the final separated words. Within the 

dotted circle area, the much smoother boundary is shown on the overlapped area 

compared to the first level separated results in Figure 6.13. 

  
(a) (b) 

 Figure 6.15 (a) Part of Separated Upper Word; (b) Part of Separated Lower Word 

    159

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 6: Independent Component Analysis based Segmentation  

 
6.3.4 ICA-based Segmentation  

From an aesthetic and subjective point of view, the proposed segmentation can 

solve the problem of overlapping and touching words on adjacent lines problem better 

than other segmentation method. It initially separates the overlapping words into upper 

and lower words, then uses the initially separated image as the source signal to train the 

Fast ICA model to obtain the adjusted weighted value matrix, and then adjusts the initial 

separated word to obtain the final separated words. 

The ICA-based segmentation algorithm is highly effective for images which 

contain extravagant loops in ascenders, descenders and upper case letters.     

 

30 historical images, which exhibit extravagant loops in ascenders, descenders 

and upper case letters, were selected from the Library of Congress on-line database to 

train the algorithms. The images were chosen to have varying resolutions, sizes, and 

contrast to ensure correct comparison of performance between the algorithms.  

The ICA-based segmentation algorithm was further evaluated on another set of 

30historical images, which exhibit extravagant loops in ascenders, descenders and upper 

case letters, also selected from the Library of Congress database. 

From an aesthetic and subjective point of view, the ICA training structure 

performs better than other segmentation techniques. It re-evaluates the overlapping region 

and gives the best weighted matrix for the overlapping region again to obtain smooth 

separated strokes boundaries.   

The images were, as with the training set, chosen to have varying resolutions, 

sizes, and contrast. In these selected images, some historical images still have acceptable 
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quality even through they were created many years ago. The images were characterized 

by high resolution of the scanned images with varying contrast of the handwriting.  

The standard measure, recall  [108], was used to quantitatively show the relative 

performance of the proposed method at separating the overlapping words on adjacent 

lines. Table 6.1 shows the recall value of the ICA-based segmentation for the 30 example 

historical images. 

Table 6.1 Recall value of the ICA-based segmentation 

Image No. 1 2 3 4 5 6 7 8 9 10 
Number of 
Correctly 
Separated 

Components  
5 3 3 4 6 3 4 3 1 1 

Number of 
Overlapping 
Components 
in the Image  

5 3 4 4 6 3 4 3 2 1 

Recall 
Value 100% 100% 75% 100% 100% 100% 100% 100% 50% 100%

Image No. 11 12 13 14 15 16 17 18 19 20 
Number of 
Correctly 
Separated 

Components  
2 4 2 3 5 4 2 2 4 3 

Number of 
Overlapping 
Components 
in the Image  

2 4 3 3 5 4 2 3 4 3 

Recall 
Value 100% 100% 67% 100% 100% 100% 100% 67% 100% 100%

Image No. 21 22 23 24 25 26 27 28 29 30 
Number of 
Correctly 
Separated 

Components  
3 2 3 2 6 1 3 3 3 3 

Number of 
Overlapping 
Components 
in the Image  

5 2 3 2 6 1 3 3 3 4 

Recall 
Value 60% 100% 100% 100% 100% 100% 100% 100% 100% 75% 

The average recall value for the above 30 images is 93.9%, which shows that the 

ICA-based segmentation algorithm is an effective method for segmentation of overlap 
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words on adjacent lines. More experimental results are shown in Appendix 4 and the 

attached CD. 

6.4 Summary 

A number of segmentation techniques have previously been shown to be effective 

at segmenting words correctly if the handwritten text lines are not overlapping or 

touching. However, none of them has been shown able to produce consistently good 

results on the wide range of document images containing touching or overlapping 

handwritten strokes. Many historical document images contain florid handwriting, which 

frequently exhibits extravagant loops in ascenders, descenders and upper case letters. 

These often result in touching or overlapping of words on adjacent lines. 

The proposed ICA (Independent Component Analysis) Based Segmentation 

Algorithm works effectively for this kind of difficult task. The first step of the new ICA 

algorithm is to convert the original touching or overlapping word components into a 

vector source matrix. In the second step, a fast ICA model is run to calculate the weighted 

value matrix before the overlapped regions are re-evaluated. Finally, the readjusted 

weighted value matrix is applied on the vector matrix to obtain the word components 

separately. 

The proposed algorithm has excellent performance on separating the overlapping 

words, which include loops in ascenders, descenders and upper case letters on adjacent 

lines. The method can be extended to separate other overlap patterns on adjacent lines.   
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Chapter 7 

Conclusion and Future Research 
 

The research in separating and segmenting text in degraded document images is a 

crucial step in a Document Management System. Subsequent character or word 

recognition can only be performed on the characters and words that have been extracted 

accurately from a noisy background.  

An effective thresholding algorithm is the prerequisite for separating text from 

different types of scanned document for example, historical letters, forms, newspapers 

and cheque images’ background. Compared to other types of images, degraded historical 

documents are ones which have become degraded due to age, handling or paper quality 

making the task more difficult. New thresholding algorithms are needed in order to 

separate text from the background in historical document images. Furthermore, the florid 

handwriting, frequently encountered in historical documents often exhibits extravagant 

loops in ascenders, descenders and upper case letters, which result in touching or 

overlapping of words on adjacent lines. To investigate techniques to separate the 

overlapping words on adjacent lines of historical document images resulting from florid 

handwriting in ascenders, descenders and upper case letters is another important step for 

subsequent character or word recognition in a Document Management System. 
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7.1 Achievements 

There are several effective global and local thresholding algorithms that have 

been proposed in this thesis for different types of document images, especially the 

multistage approach for degraded historical document images, as well as the ICA-based 

segmentation for overlapping/touching words in adjacent lines.  

In Chapter 3, an improved QIR (Quadratic Ratio Technique) algorithm is 

proposed for document images. The improved QIR algorithm enhances the image before 

applying the binarization step. In addition, the IR (Integral Ratio) algorithm is used for 

double-sided noise removal. The original QIR  [83] has two main steps in the binarization 

stage, which are:  fuzzy area determination and final thresholding value determination in 

fuzzy area according to the specific types of author’s pen. However, it is very difficult to 

know what kind of pen the author had used. The determination method cannot provide an 

accurate cutting point at the second step. In the improved QIR algorithm, IR class is used 

to determine the final cutting point in the fuzzy area of the histogram, which is 

determined in the first step of the original QIR algorithm.  

Based on research on histogram-based global thresholding, it had been found to 

be restricted to bimodal histogram document images. However, many document images 

do not exhibit a bimodal histogram. Furthermore, the global method cannot perform well 

on some document images which contain complex features. In Chapter 4, the research 

proceeded to derive the local adaptive mean-gradient method to separate text from 

different types of document images. It is a further improved variant of Niblack’s local 

thresholding  [60] approach, based on local mean and local mean-gradient values. Four 

categories of image were examined - historical documents, newspapers, forms, and 
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cheques. They were used to test the algorithms’ performance using varying resolutions, 

sizes, as well as contrast to ensure correct comparison of performance of the algorithms.  

In Chapter 5, after proposing a local mean-gradient thresholding method for four 

different kinds of document images, a new structure, called the decompose thresholding 

approach is proposed for degraded historical images. This is the most challenging 

document type in the four types of document images considered. Although many 

thresholding algorithms have been proposed (see Chapter 2), there is a common 

disadvantage among them. Each of them can only work effectively with a limited range 

of image types. Sometimes, a technique will perform well in one type of document, but 

may totally fail in another document type. In a group of historical images, there are 

possibly all kinds of document degradations which cause noise and degradations in the 

document image (e.g. double-sided effect, low contrast, faint stroke, etc.); and it is 

difficult to decide which algorithm should be chosen for them on an individual basis. In 

this research, it was noted that there are some feature vectors that can be used to describe 

the characteristics of each image (sub-image) so that an appropriate algorithm or 

algorithms can be applied to that image or sub-image to produce high quality results. The 

local decompose thresholding is a multi-stage approach technique, which locally decides 

the best thresholding method for each block from the stage by stage analysis of the 

feature vectors of each image block. The improved decompose thresholding is based on 

analysing the information of sub-images and then choosing the most suitable weighted 

value for local mean-gradient thresholding method for them. Figures 5.10 and 5.12 and 

Table 5.2 summarize the recall values of the improved decompose thresholding algorithm 

and other six thresholding methods.  
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In Chapter 6, a new ICA (Independent Component Analysis) Segmentation 

Algorithm is investigated to separate touching/overlapping words in adjacent lines of 

degraded handwritten document images. The initial step of the algorithm is the first level 

separation of the overlapping words, which produces a blind source matrix (Vector 

Matrix) based on the original overlapping word components and the first level separated 

words. Secondly, a “fast” ICA model is performed to calculate the weighted value matrix 

before the separated words are re-evaluated. Finally, the readjusted weighted value matrix 

is applied to the Vector Matrix to obtain the separated word components. Table 6.1 

summarized the recall value of the ICA-based segmentation.  

7.2 Contributions  

In this thesis, new algorithms have been described to separate and segment 

foreground words from degraded document images especially historical document 

images.  

An improved QIR (Quadratic Integral Ratio) technique is proposed for extracting 

the handwritten text from noisy backgrounds. It has proven effective for document 

images compared to other existing global thresholding methods. It can retain more useful 

information and reduce noise around handwritten characters and has been proven to have 

better performance for bimodal histogram document images. More experimental results 

of QIR and Improved QIR are shown in Appendix 1 and the attached CD.  

A mean-gradient technique was proposed and evaluated. This technique analyses 

the mean-gradient in local regions for different types document images. It can produce 

better results on the four different image types. In contrast, the other three techniques 
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only focus on one or two document types. The comparison showed that the Mean-

Gradient technique works well in keeping high contrast strokes, and retains the small 

holes in characters. It is particularly effective in removing blotches and smudges in 

images while maintaining the handwriting details, and performs well in removing 

patterned backgrounds. Tables 4.1 to 4.4 summarize the Precision and Recall values of 

the mean-gradient method and other three thresholding methods. More experimental 

results are shown in Appendix 2 and the attached CD. 

A decompose algorithm was proposed and evaluated, which analyses the block 

information in local areas after which the most appropriate threshold method for that area 

is determined. The improved decompose algorithm is highly effective for the images, 

which contain different conditions at different locations. It can produce better 

performance on historical document images. Figure 5.10 summarizes the Recall values of 

the Decompose Threshold method, Figures 5.11 and Table 5.2 summarize the Recall 

values of the Improved Decompose Threshold method compared to other six thresholding 

methods. More experimental results are shown in the attached CD. 

From an aesthetic and subjective point of view, the multi-stage decompose 

structure performs better than other single-stage local methods. A multi-stage structure is 

proposed which depends on feature extraction, for degraded historical document image 

thresholding. It detects feature vectors of different areas and then applies appropriate 

methods to avoid losing important useful information. These features can be usefully 

used in knowledge-based segmentation /separation.  

An ICA-based segmentation algorithm for separating overlapping/touching words 

in the adjacent lines is proposed. It is demonstrated to be effective at resolving the 
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problems encountered in various forms of overlapping/touching text lines. There are 

some experimental results shown in Chapter 6. 

In the course of the research, 6 papers (2 journal papers and 4 conference papers) 

have been submitted for publication, 5 have been published and the remaining one is 

currently under review.  

Journals: 

 Y. Chen and C.G. Leedham, “Decompose Algorithm for Thresholding 

Degraded Historical Document Images”, IEE Proceedings on Vision, Image and Signal 

Processing, Vol. 152, No. 6, pp 702 – 714, 2005. 

 Y. Chen and C.G. Leedham, “Independent Component Analysis to 

Separate Overlapping Handwritten Strokes in Degraded Document Images”, submitted 

and under review by Pattern Recognition Letters. 

Refereed Conferences: 

 C.G. Leedham, Y. Chen, K. Takru, J. Tan and M. Li, "Comparison of 

some thresholding algorithms for text/background segmentation in difficult document 

images", Proc. 7th Int. Conf. on Document Analysis and Recognition, Edinburgh, United 

Kingdom, Vol. 2, pp 859 -865, 2003. 

 Y. Chen, C.G. Leedham, “The Multistage Approach to Information 

Extraction in Degraded Document Images”, Proc. 17th Int. Conf. on Pattern Recognition, 

Cambridge, United Kingdom, Vol.1, pp 445-448, 2004. 

 Y. Chen and C.G. Leedham, “Decompose-threshold approach to 

handwriting extraction in degraded historical document images”, Proc. 9th Int. Workshop 

on Frontiers in Handwriting Recognition, Tokyo, Japan, pp 239-244, 2004.  
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 Y. Chen and C.G. Leedham, ”Independent Component Analysis 

Segmentation Algorithm”, Proc. 8th Int. Con. on Document Analysis and Recognition, 

Seoul, Korea, Vol.2, pp 680-684, 2005. 

7.3 Discussion and Suggestions for Future Work 

Extracting text from degraded document image is still a crucial step in a 

Document Management System, and many aspects remain which need to be researched. 

Future work should concentrate on defining feature vectors to accurately describe the 

local texture properties. The decompose algorithm works well on handwritten documents 

containing text but does not work well on document images with big patterns or pictures. 

For example, the pictures in the newspapers images which contain big illustrations were 

not binarised well. More complete evaluation of the decompose method could investigate 

its applicability to a wider range of difficult document image, such as bank cheques and 

newspaper images. 

The ICA-based segmentation algorithm only can separate overlapping/touching 

words with loop strokes in two adjacent lines. But this is not enough for an effective 

Document Management System. Future work can be extended to separate 

overlapping/touching words with/without loop strokes crossing the three or even more 

lines of the whole document image. 

The local multi-stage thresholding structure can be implemented on Field 

Programmable Gate Arrays (FPGAs), which allows the development of digital 

architectures without requiring the complex processes used in a VLSI chip fabrication. 

FPGAs can be easily embedded in traditional system design flows to perform prototyping 
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and emulation tasks. Moreover, they are best suited to reconfigurable implementations in 

which the hardware must be dynamically adaptable to a specific problem. By exploiting 

reconfigurability, the image processing techniques can be rapidly modified to optimize 

for performance without the need to rely on alternative hardware solutions. 

The Virtex family of FPGAs could fully evaluate the proposed hardware 

techniques as they redefine the future of programmable logic that break density and 

performance barriers while offering unprecedented system level integration. High-end 

Virtex series consists of up to 2,000,000 system gates at clock speeds up to 200 MHz, and 

include many new features that address system level design methodologies for rapid 

development will enable the migration of complex algorithms and dynamic structures to 

reconfigurable platforms in an efficient manner and pave the way for area-time optimal 

VLSI implementations. 

Future research should concentrate on refining and developing robust algorithms 

that can be efficiently implemented in hardware to achieve real-time implementation of 

the multi-stage algorithm on large difficult images. 
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