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Chapter 3 
3 Research Methodology 

3.1 Overview of method of study 
First the traditional image enhancement techniques are studied and applied with the given 

archival document images. The techniques experimented included: 

1. Histogram equalization 

2. Adaptive histogram equalization 

3. Contrast Stretching  

4. Decorrelation Stretching 

5. Color image segmentation and 

6. Spatial and Frequency domain filters 

All these techniques were made available in the application written in Matlab (called 

DocImage), so that these can even be used as a pre-processing technique before applying 

another process.  

Global thresholding and adaptive thresholding techniques are then tried out and they too 

are incorporated to the Matlab application. As mentioned in the literature survey, 

thresholding techniques are one of the heavily used approach owe to their simplicity and 

sometimes used as a part of another algorithm.  

 

Next, ink-bleed-through specific approaches were explored in the literature and first, 

image registration based approaches were tried out. After observing significant 

drawbacks in this approach, more attention was paid to the single image used ‘blind’ 

approaches. Some of these are incorporated to the DocImage application, once their 

performance is satisfactory. Whenever possible, the algorithms are incorporated while 

leaving some flexibility to adjust the governing parameters, so that it enables to 

experiment more.  
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Some other convincing methods such as Color Image Segmentation are also tried out and 

incorporated to the DocImage application.  

While an algorithm is available as an independent image enhancement technique, the 

resultant output image is written to a file so that it can then be reused for another process. 

This allows us to experiment with recursive approaches or combination of different 

approaches.   

Once the best methods are found, those can be implemented to the final application 

which is supposed to be delivered to the Department of National Archives.  

3.2 Traditional Image Enhancement Techniques 
There are known image enhancement techniques and those are tried out with the 

document images. The observations are mentioned in detail in the next chapter and 

particularly these are useful as pre-processing techniques. 

3.2.1 Histogram Equalization 
The intensity values of a typical image are often distributed un-evenly across the full 

range of 0 to 255 (for an 8-bit image), with most the mass near mid-gray (128). An image 

can be transformed so that the distribution of intensity values is flat, that is, each intensity 

value is equally represented in the image. This process is known as ‘histogram 

equalization’ and it causes to enhance the contrast of an image. 

 

If the given image is a color image in RGB color space, we can still do the histogram 

equalization by means of CIE’s L*a*b* color space. The L*a*b* color space is derived 

from the CIE XYZ tristimulus values and it consists of: 

• Luminosity 'L*' or brightness layer 

• Chromaticity layer 'a*' indicating where color falls along the red-green axis and  

• Chromaticity layer 'b*' indicating where the color falls along the blue-yellow axis.  

In order to implement histogram equalization, we can use the Luminosity channel. This 

requires switching from RGB color space to Lab color space and then proceeding with 

the histogram equalization in L* channel and again switching back to the RGB color 

space.  
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3.2.2 Adaptive Histogram Equalization 
While histogram equalization works on the entire image, Adaptive Histogram 

Equalization operates on small data regions in the image, called ‘tiles’. Each tile's 

contrast is enhanced, so that the histogram of the output region approximately matches a 

specified histogram. After performing the equalization, the neighboring tiles are 

combined using bilinear interpolation to eliminate artificially introduced boundaries. 
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(a) Original Image   (a1) Histogram of original 
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(b) Histogram equalized image       (b1) Histogram of equalized image 
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(c) Adaptive-Histogram Equalized Image (c1) Histogram of equalized image  

Figure 3.1 - Histogram Equalization Example 
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3.2.3 Contrast Stretching 
Low contrast images can result in due to many reasons such as poor or un-even 

illumination, limitations in the image capturing sensor or due to the wrong settings of the 

aperture during image capturing. During contrast stretching, the dynamic range of gray 

levels is increased.  

 
Figure 3.2 - Contrast Stretching 

 
As shown in figure 3.2, by assigning slopes of the stretching region to be greater than 1, 

we can stretch the contrast of the output image. The transformation function s(r) can be 

written as: 

    α r   0 ≤ r < a  

s(r) =     β (r - a) + sa    a ≤ r < b 

    γ (r - b) + sb    b ≤ r < L 

By properly selecting a and b, we can 

stretch desired region and enhance the 

readability. 
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(b) Contrast stretched image       (b1) Histogram of stretched image 

Figure 3.3 - Contrast Stretching Example 

3.2.4 Decorrelation Stretching 
The decorrelation stretch is a process that is used to enhance (stretch) the color 

differences found in a color image. The method used to do this includes the removal of 

the inter-channel correlation found in the input pixels; hence, the term "decorrelation 

stretch". 

  
(a) Original Image (in color)   (b) Decorrelation stretched image (in color) 
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 (a1) Histogram of Original   (b1) Histogram of stretched image 

Figure 3.4 - Decorrelation Stretching Example 
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3.2.5 Spatial and Frequency domain filters 
Spatial filtering is used to obtain enhanced images or improved images by applying filter 

function in the domain of the image space (x,y) or spatial frequency (x,h). Spatial 

filtering in the domain of image space aims at image enhancement with so-called 

‘enhancement filters’, while in the domain of spatial frequency it aims at reconstruction 

with so-called ‘reconstruction filters’. 

Spatial filtering in the domain of image space is usually achieved by local convolution 

with an n x n matrix operator as follows: 
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Where f is the input image, h is the filter function and g is the output image.  

 

Filtering in the domain of frequency uses the Fourier transformation to convert from 

image space domain to spatial frequency domain as follows. 

G(u,v) = H(u,v) F(u,v) 

Where F is the Fourier transform of input image, H is the filter function and G is the 

Fourier transform of the output image. After the multiplication, the resultant image can 

then be transformed back to the spatial domain. 

3.3 Thresholding Techniques 
When consider an intensity histogram of an image f(x,y), we can define a brightness 

threshold T in such that: 

 
 g(x,y) =     1 if f(x,y) ≥ T 

        0 if f(x,y) < T 

 
 

Figure 3.5 – Histogram for Thresholding 

The image consists of a dark background compared to the object and any pixel  

f(x,y) ≥T is an object pixel. When T is a constant, this thresholding is called, ‘global 

thresholding’ and when it varies, it is called ‘local’ or ‘adaptive thresholding’. 
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3.3.1 Global Thresholding 
As seen in figure 3.5, we can observe the histogram and then select the appropriate 

threshold. Otsu [12] in 1979 proposed a global thresholding technique which maximizes 

the between-class-variance and it gives better results than the standard global 

thresholding. Due to this reason, we have implemented Otsu’s algorithm in our testing 

application. 

The normalized histogram can be represented using a discrete probability density 

function as: 

 
n
n

rp q
qr =)(   q = 0, 1, 2,.., L - 1 

Where n is the total number of pixels in the image,  

nq is the number of pixels that have intensity level rq and  

L is the total number of possible intensity levels in the image. 

If a threshold k is chosen such that: 

C0 is the set of pixels with levels [0, 1, …, k - 1]  and 

C1 is the set of pixels with levels [k, k + 1, …, L - 1] 

Otsu’s method chooses the threshold value k, that maximizes the between-class-variance 
2
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3.3.2 Adaptive Thresholding 
Global thresholding fails when the background illumination is uneven. One solution for 

this is to divide the original image into sub-images and then apply a different threshold to 

each sub-image. Since the threshold used for each pixel depends on the location of the 

pixel in terms of the sub-images, this type of thresholding is adaptive. The criteria for 

dividing to sub-images and then finding the threshold for each segment are the most 

challenging task in this approach.  
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As mentioned before, J. He et al. [1] have compared many adaptive thresholding 

techniques and concluded that the results are case dependant. Further they showed the 

effectiveness of Niblack’s algorithm [13] over Sauvola’s algorithm [14] and taking this 

into account we have used Niblack’s algorithm in our experiment.  

Niblack’s algorithm uses local mean µ, and local standard deviation σ, computed at a 

small neighborhood of each pixel. The threshold for each pixel is given by the equation: 

σµ *kT +=   

Where k is a user defined parameter which takes negative values. 

3.3.3 Role of Illumination in Thresholding 
Illumination plays a pivotal role in image capturing and it is a must to maintain enough 

and even illumination on the document surface. If better illumination is maintained, lot of 

future problems can be overcome and will simplify the image enhancement process. 

Special attention must be paid on amount of light, particularly when handling very old 

sensitive documents, as excessive lighting might cause to degrade the document. 

3.4 Image Registration based ‘Non-Blind’ approaches 
All non-blind approaches have image registration as one of the main task in the 

algorithm. Image registration can be done in many ways and in [15], Q. Wang and C.L. 

Tan analyze few possibilities such as: 

1. Direct Stroke matching and 

2. Murtagh’s point pattern matching. 

In Direct Stroke matching, the backside image can be flipped horizontally in order to get 

the mirror image and then superimpose with the front side. This cause to match the 

corresponding pixels at both images and then the low intensity backside pixels can be 

removed. This approach however suffers from few drawbacks such as (1) different 

positioning of a page during scanning leading to translation or rotation errors, (2) image 

distortion caused by uneven or warped surfaces such as near the spine area of a book, and 

(3) different scale setting during scanning. Due to these drawbacks, the direct stroke 

matching does not fully remove the interfering strokes.  
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In Murtagh’s point pattern matching approach, a “world view” vector is used as a kind of 

representation of a pixel, based on its relationship with all the other pixels in the same image. The 

highest similarity between two pixels’ “world view” vectors will prove their correspondent 

relationship. The algorithm has the following steps: 

1. Build “world view” vector for each pixel. 

2. Compute similarities between pixels of two images. 

3. Mark pixels with highest similarities as matched. 

4. Obtain transformation information (eg. translation, rotation). 

5. Rematch pixels based on the transformation information obtained at step 3 

(optional). 

Murtagh’s point pattern matching algorithm is superior over Direct Stroke matching as it 

is tolerant to absence of matching candidates and capable of handling translation, scaling 

and rotation dependencies with O(n2) complexity.  

After the pixel matching process, however, fragments of partially unmatched interfering 

strokes still remain. Furthermore, some of the foreground strokes become broken when 

interfering strokes that were intersecting with these foreground strokes are removed. To 

deal with the fist problem, an improved Canny edge detector is used in [15].  To tackle 

the second problem, the resultant edges are then used to trace and recover narrow streaks 

of images from the original image. 

 

Since Murtagh’s point pattern matching is superior to Direct Stroke matching, we have 

tried Murtagh’s algorithm with small sample images in our research.  

3.5 Single Image used ‘Blind’ approaches 
As mentioned in the previous chapter, there are few ‘blind’ approaches available to 

handle ink-bleed-through problem. Among those techniques we have implemented 

Principle Component Analysis (PCA) and k-Means Clustering in a flexible manner so 

that it enables us to analyze those techniques in many color spaces, with any combination 

of color channels. 
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3.5.1 Principle Component Analysis (PCA) 
Principle Component Analysis (PCA) is a procedure for transforming a set of correlated 

variables into a new set of uncorrelated variables. This transformation is a rotation of the 

original axes to new orientations, which are orthogonal to each other and therefore makes 

no correlation between variables. This causes to improve the quality of classification and 

the new components are called principle components. PCA commonly used as a 

dimensionality reduction technique which highlights the dominant parts while 

diminishing the noise.  

We have given full flexibility in color image analysis by allowing to switch between the 

following color spaces. 

1. RGB – Red-Green-Blue color space 

2. HSI -  Hue-Saturation-Intensity color space 

3. Lab - CIE 1976 (L* a* b*) color space or CIELAB 

4. CMYK – Cyan-Magenta-Yellow-Black color space 

Once switched to a particular color space, we can select the desired color channels, which 

need to participate in the analysis. For example if we are in CMYK color space, we can 

choose C (cyan) and Y (yellow) to participate in the Principle Component Analysis. By 

allowing this configurable architecture, the application has the capability to analyze the 

document images in depth. 

3.5.2 k-Means Clustering 
k-Means clustering is an unsupervised classification algorithm and is useful in data 

mining, image segmentation and pattern classification. The algorithm has the following 

steps: 

1. First the number of clusters, i.e. k has to be decided 

2. Then the initial partition classifies the data into k clusters. The samples may be 

assigned randomly or systematically as follows. 

a. Take the first k training samples as single element clusters 

b. Assign each of the remaining (N-k) samples to the cluster with the nearest 

centroid. After each assignment, recomputed the centroid of the gaining 

cluster. 
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3. Take each sample in sequence and compute its distance from the centroid of each 

of the clusters. If a sample is not currently in the cluster with the closest centroid, 

switch this sample to that cluster and update the centroid of the cluster gaining the 

new sample and the cluster losing the sample. 

4. Repeat step 3 until convergence is achieved; that is until a pass through the 

training sample causes no new assignments. 

Since we are not sure about the location of the centroid, we need to adjust the centroid 

location based on the current updated data. Then we assign all the data to this new 

centroid. This process is repeated until no data is moving to another cluster anymore. The 

convergence will always occur if each switch made in step 2 causes the sum of distances 

from each training sample to that training sample's group centroid is decreased.  

In the created Matlab application DocImage, we have given following facilities in order 

to allow full support for experiments in k-means clustering. 

1. Ability to define desired number of clusters (i.e. k value) 

2. Ability to choose many color spaces namely, RGB, HSI, Lab and CMYK and 

3. Ability to choose any color channel or combination of color channels within the 

selected color space. 

3.5.3 Color spaces considered for k-Means Clustering and PCA 
The document images can be analyzed using Principle Component Analysis and k-Means 

clustering in several color spaces.  The following color spaces are made available in the 

created Matlab application as they have distinct advantages.  

 

1. RGB – Red-Green-Blue color space 

In this model, each color appears in its primary spectral components of red, green and 

blue. This model uses Cartesian coordinate system as shown in figure 3.6, and the 

primary colors Red, Green and Blue are at the main corners and Cyan, Magenta and 

Yellow are at the other corners. The different colors in this model are points on or 

inside the cube and defined by vectors extending from the origin. The number of bits 

allocated to represent each pixel is called ‘pixel depth’.  

RGB color space matches nicely with the human eye color perception, as the eye is 

strongly perceptive to red, green and blue primaries.  
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Figure 3.6 - RGB Color space representation 

 
 

2. CMYK – Cyan-Magenta-Yellow-Black color space 

Cyan, Magenta and Yellow are the secondary colors of light and primary colors of 

pigments. The RGB to CMY conversion can be done easily using the following 

equation in normalized color space. 
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As seen above, if a surface is coated with pure cyan, then it does not contain red.  

In general, CMY is used in generating hardcopy output. In order to produce true black 

in printing, a fourth color black is added giving rise to the CMYK color space. 

 

3. HSI -  Hue-Saturation-Intensity color space 

Even though RGB is ideal for image color generation, it is limited for color 

description and segmentation. The HSI color space is represented by a vertical 

intensity axis and the locus of color points that lie on planes perpendicular to the axis. 

As shown in figure 3.7, the length of the vector to a color point is the saturation S and 

the angle it makes with the red axis is the hue H. 
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Figure 3.7 - HSI color space representation (in color) 

 

In HSI color model, the intensity component is decoupled from the color carrying 

information (hue and saturation) and hence allows direct analysis of intensity values.  

Once a normalized RGB color image is given, we can calculate the HSI values as 

follows. 

H =   θ if B ≤ G  where  
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4. Lab - CIE 1976 (L* a* b*) color space or CIELAB 

In 1976, International Commission on Illumination (CIE) specified a new color scheme 

called CIE 1976 (L*a*b*) or CIELAB color space. The L*a*b* color space is derived 

from the CIE XYZ tristimulus values and it consists of: 

• Lightness 'L*' layer 
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• Chromaticity layer 'a*' along the red-green axis and  

• Chromaticity layer 'b*' along the blue-yellow axis. 

The L*a*b* color components are given by the following equations. 
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Figure 3.8 - Lab color representation 

 
where 3)( qqh =  when q>0.008856 and h(q)=7.787q+16/116 when q≤0.008856 and XW, 

YW and ZW are reference white tristimulus values. 

L*a*b* is also an excellent decoupler of intensity (represented by lightness L*) and color 

(represented by a* and b*).  

3.5.4 Limitations of some other ‘blind’ approaches 
Other than the methods we tried out, there are few other methods which have given 

satisfactory output on certain situations. The below paragraph discusses the limitations of 

some of those techniques. 

1. Writing Style Based Approaches 

This is a very common approach taken by many researchers [7], [8] as described in 

chapter two. But the Department of National Archives contains many documents 

which contain scripts different from English such as Sinhala or Tamil and those do 

not display a slanted writing style. 
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Figure 3.9 - Document images with non-slanted writing style 
 

2. Intensity Based Approaches 

Some other researches exploit the fact that foreground pixels are darker than the 

interfering background pixels [8]. This is very common in edge detection based 

approaches as well. But the sample images obtained from Department of National 

Archives contain images which does violate this assumption. 

 
Figure 3.10 - Example image with strong interfering background 

After considering the above limitations, we have abandoned the methods which are 

dependant on either writing style or intensity variations. 

3.6 Color Image Segmentation 
As stated in chapter 2, simple color image segmentation is another technique to identify 

image details. Color segmentation in RGB color space is straightforward and it produces 

good results as shown by Gonzalez and Woods in [10]. 

If we want to segment objects of a specified color range in RGB image, we can define an 

average color and that can be denoted by RGB vector a. The objective of segmentation is 

to classify each RGB pixel in a given image as having a color in the specified range or 

not. The comparison can be carried out by considering the Euclidean distance.  

If z denote an arbitrary point in RGB space, we can say that z is similar to a if the 

distance between them is less than a specified threshold, D0. 

D(z, a) = az −  

  = ( ) ( )[ ]21azaz T −−  

  = ( ) ( ) ( )[ ]21222
BBGGRR azazaz −+−+−  
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Where the subscripts R, G and B denote the RGB components of vectors a and z. 

The locus of points such that D(z,a) ≤ D0 is a solid sphere of radius D0 as shown in figure 

3.11. The points contain within or on the surface of the sphere satisfy the specified color 

criterion. 

 
Figure 3.11 - Spherical data region for RGB vector segmentation 

 
Once we identify the color range of the scripts in a historical document image, this 

method can be used for readability enhancement. We have implemented this method in 

our research, allowing to define mean values for R,G,B channels and to define the 

tolerance (threshold) value, which basically governs the radius of the sphere. 

3.7 Color Reduction 
When consider an RGB image, if we use 8 bit pixel depth for each color, we can have 

16,777,216 (i.e., 224) number of colors. This number of colors can be reduced using 

Quantization. 

Quantization involves dividing the RGB color cube into a number of smaller boxes, and 

then mapping all colors that fall within each box to the color value at the center of that 

box. We have used minimum variance quantization, in which the color cube is cut up into 

boxes (not necessarily cubes) of different sizes; the sizes of the boxes depend on how the 

colors are distributed in the image. For example, a set of blue pixels might be grouped 

together because they have a small variance from the center pixel of the group. 

In Matlab application DocImage, we have given the facility to set the number of colors 

that we need to have in the output image, allowing to reduce the number of colors. 
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3.8 The need of a flexible approach 
As seen in chapter 2, most of the previous researches are focused on one or two 

techniques and many researchers concluded that the thresholding techniques are case 

dependant [1]. This means that having either global or adaptive thresholding alone can 

not enhance different types of document images and hence may need both, depending on 

the case under consideration.   

A. Mitra [3] mentioned the effectiveness of pre-processing before thresholding and we 

too found it in our preliminary studies. Therefore having many traditional image 

enhancement techniques enabled us in getting a better document image and it then 

subjected to other major image enhancement techniques discussed above. 

 

We were initially under the impression that the image registration based approaches may 

produce better results and we experimentally found that that assumption is wrong. Later 

we found that many other researchers like Fadoua Drira [4], Q. Wang et al. [7] have 

seconded it and emphasized the superiority of ‘blind’ approaches. Due to this reason, we 

have paid more attention on ‘blind’ approaches and implemented many of those as some 

researches [4] used a combination of such methods.  

 

By having these proven techniques implemented in our Matlab application, we conducted 

many experiments and the results are included in the next chapter. 


