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ABSTRACT 

This work focuses on selection of appropriate geometrical and color features for 

classification and morphological texture analysis for characterization of diagnostically 

significant vascular pattems embedded in cervical lesions observed in Colposcopic and 

Cervicographic images of the ectocervix. Morphological texture analysis included a 

sequence of operations to yield skeletonized vascular stractures uniquely representing 

cancerous and non-cancerous tissue stractures which are not easily observed in 

Colposcopic and Cervicographic images. This algorithmic ability to classify and 

characterize the embedded vascular pattems in cervical lesions may lead to automated 

and precise diagnostic differentiation of underlying vascular stracture. 
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CHAPTER I 

EVITRODUCTION 

It is said that one image is worth a thousand words. Images are thus a very useful 

and important form of information. Collection and analysis of digital images has 

numerous applications, some of which are in industrial, military, weather forecasting and 

medical. This work focuses on the use of images and their analysis for medical 

applications. With the use of more sophisticated image acquisition devices, the images 

are getting bigger, carry a lot of information and have come close to duplicating our 

visual perception. With increasing number and size of images, the use of computers has 

become necessary for efficient processing and analysis. 

Cervical intraepitheUal neoplasia (CIN) is a disorder that indicates the possibility 

of a developing cervical cancer, and it is therefore important to diagnose and treat it as 

early as possible. One of the steps in the diagnosis of CIN is taking a biopsy from the 

abnormal region. Presently the region for a biopsy is determined manually. This work 

aims at automating this process. The goal is to develop an image-processing algorithm 

that would automatically determine the precise location for a biopsy. This would help in 

reducing the time required for diagnosis and would also help in avoiding multiple 

biopsies that cause discomfort to the patient. 

Automatic determination of the region for a biopsy requires segmenting out the 

abnormal regions from the cervix images. This work aims at characterizing the normal 

and abnormal regions in CIN in order to segment them out of the cervix images. The 



developed algorithm extracts the vascular pattern from different regions of the image 

showing normal and abnormal tissue stractures that are not easily observed in cervix 

images. The difference in the extracted vascular stractures is studied. 

Some of the images used in this work are acquired with an instrament called a 

Colposcope, called Colposcopic images, and some image are acquired by a modified 

camera with a 100 mm macro-lens to yield film images of the cervix. These film images 

were taken during a 10-year study period by the National Cancer Institute and later on 

digitized [I, 2, 3, 4]. These images are called the Cervicographic images. The quality of 

the Colposcopic images is much better than that of the Cervicographic images. The 

disadvantage of the Colposcope, however, is that it is much more expensive. The 

algorithm for detecting the vascular pattems is tested on both image types, and the results 

that are obtained will be compared. 

This thesis is organized as follows. Chapter II introduces image segmentation and 

the methods that are commonly used for achieving segmentation. Chapter III discusses 

cervical intraepithelial neoplasia, introduces different terms associated with it and also 

talks about how it is graded from a mild disorder to a severe disorder. Chapter IV starts 

the first step in the segmentation of cervix images by clustering. The different types of 

features are discussed and suitable ones are identified. Chapter V focuses on identifying 

appropriate texture features. The morphological texture analysis algorithm is discussed 

here. Chapter VI shows the resufts of applying the morphological texture analysis 

algorithm on a number of images. Finally a brief conclusion and suggestion for future 

work are given in Chapter VII. 



CHAPTER II 

IMAGE SEGMENTATION 

The first step in image analysis is generally to segment an image. Segmentation 

subdivides an image into its constituent parts or objects. The level to which this 

subdivision is carried out depends on the problem being solved. That is, segmentation 

should stop when the objects of interest in an application have been isolated. In general, 

autonomous image segmentation is one of the most difficult tasks in image processing. 

This step in the process determines the eventual success or failure of the analysis. Image 

segmentation has numerous applications, including military, industrial, weather, medical, 

etc. An important area of application for image segmentation is in diagnostic imaging. 

This work shows the application and usefulness of image segmentation in the field of 

diagnostic imaging [5]. 

Diagnostic imaging is an invaluable tool in medicine today. Magnetic resonance 

imaging (MRI), computed tomography (CT), digital mammography, colposcopy and 

other imaging modalities provide an effective means for non-invasively mapping the 

anatomical abnormality of a subject. These technologies have greatly increased 

knowledge of normal and diseased anatomy for medical research and are a critical 

component in diagnosis and planning of treatments. The image processing algorithms 

bring out information in an image that is not readily visible to the human eye, thus 

increasing the accuracy of the diagnosis. Applying image analysis algorithms to 

accurately segment out the desired anatomical stractures might even, in some 



applications, identify the precise location of a region for a biopsy, thus avoiding multiple 

biopsies and reducing discomfort to the patient while reducing the time required for 

diagnosis. 

There has been a steady increase in the number of images that are being collected 

and stored. With the availability of high quality instraments used for acquiring images, 

the size of the images is also increasing. Thus, the use of computers for facilitating their 

processing and analysis has become essential. In particular, computer algorithms for the 

delineation of anatomical stractures and other regions of interest are a key component in 

this regard. These algorithms, called image segmentation algorithms, play a vital role in 

numerous bio-medical imaging applications such as the quantification of tissue volumes, 

diagnosis, localization of pathology, study of anatomical stracture, treatment planning 

and computer-integrated surgery. Classically, image segmentation is defined as the 

partitioning of an image into non-overlapping, constituent regions that are homogeneous 

with respect to some characteristic such as intensity or texture. 

Methods for performing segmentations vary widely depending on the specific 

application, imaging modality, and other factors. For example, the segmentation of brain 

tissue has different requirements from the segmentation of the liver. General imaging 

artifacts such as noise, partial volume effects, and motion can also have significant 

consequences on the performance of segmentation algorithms. Furthermore, each 

imaging modality has its own set of problems with which to contend. Thus there is no 

single segmentation method that yields acceptable results for every medical image. 

Methods do exist that are more general and can be applied to a variety of data. Selection 



of an appropriate approach to a segmentation problem can therefore be a difficult 

decision. This chapter provides an overview of some of the methods used for computer 

assisted or computer automated segmentation of digital images. 

2.1 Methods Used for Image Segmentation 

In this section, several common approaches that have appeared in the recent 

literature on image segmentation are briefly described. For each method, a definition of 

the method, overview of how it is implemented, and its advantages and disadvantages are 

discussed. Although each technique is described separately, multiple techniques are often 

used in conjunction with one another for solving different segmentation problems 

depending on the application at hand. The segmentation methods are divided into eight 

categories [5]: 

1. Thresholding approaches, 

2. Region growing approaches, 

3. Classifiers, 

4. Clustering approaches, 

5. Markov random field models, 

6. Artificial neural networks, 

7. Deformable models, 

8. Atlas-guided approaches. 

Only the first four methods are important for the segmentation problem presented 

in this work and only these are discussed. Most of the image segmentation methods that 



are described can be posed as optimization problems, where the desired segmentation 

minimizes some energy or cost fiinction defined by the particular application, fti 

probabilistic methods, this is equivalent to maximizing a likelihood or a posteriori 

probability. Defining an appropriate energy or cost function is a major aspect of 

designing segmentation algorithms, because of the wide variety of image properties that 

can be used, such as intensity, edges, and texture. In addition to information derived from 

the image, prior knowledge can also be incorporated to further improve performance. The 

advantage of posing segmentation as an optimization problem is that it precisely defines 

what is desirable in the segmentation. Thus for different applications, different energy 

functions are necessary. 

Thresholding approaches segment images by creating a binary partitioning of the 

image intensities. Figure 2.1 (b) shows the histogram of a scalar image that possesses two 

apparent classes corresponding to the two modes. A thresholding procedure attempts to 

determine an intensity value, called the threshold, which separates the desired classes. 

The segmentation is then achieved by grouping all pixels with intensity greater than the 

threshold into one class, and all other pixels into another class. A potential threshold for 

image in Figure 2.1 (a) is shown on its histogram in Figure 2.1 (b). This threshold lies at 

the valley of the histogram. Determination of more than one threshold value is a process 

called multi-thresholding. Figure 2.1 (c) shows the thresholded image. The rice grains are 

nicely separated from the background. 
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Figure 2.1. Image Segmentation by Thresholding 

Thresholding is a simple yet often effective means for obtaining segmentation in 

images where different stractures have different intensities. The partition is usually 

generated interactively, although automated methods do exist. As in all image-processing 

problems, the best solution to the thresholding problem is subjective. Interactive methods 

can be based on an operator's visual assessment of the resulting segmentation, since the 

thresholding operation is implementable in real-time. Among automated methods, the 

most commonly used is the Otsu method [6]. This method automatically generates a 

threshold that minimizes the within-class variance of the black and white pixels. This 

algorithm is explained further in Chapter V. The main limitation of thresholding is that it 

typically does not take into account the spatial characteristics of an image. This causes it 

to be sensitive to noise and intensity inhomogeneities. Both these artifacts essentially 

corrapt the histogram of the image, making separation more difficuft. 

Region growing is a second method used for segmentation. It is a technique for 

extracting a region of the image that is connected based on some predefined criteria. This 

criterion can be based on intensity information and/or edges in the image. In its simplest 
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form, region growing requires a seed point that is manually selected by an operator, and 

extracts all pixels connected to the initial seed with similar intensity values. This is 

depicted in Figure 2.2 (a), where region growing has been used to isolate one of the 

stractures. 

Like thresholding, region growing is not often used alone but rather within a set 

of image processing operations, particularly for the delineation of small, simple stractures 

such as tumors and lesions. Its primary disadvantage is that it requires manual interaction 

to obtain the seed point. Thus, for each region to be extracted, a seed must be planted. 

Split and merge algorithms are related to region growing but do not require a seed point. 

Region growing can also be sensitive to noise, causing exfracted regions to have holes or 

even become disconnected. Conversely, partial volume effects can cause separate regions 

to become connected. 

y2 

Seed 

(a) (b) 

Figure 2.2. Region Growing and Classification: (a) example of region growing, (b) 2-D 
feature space. 



The third method is the use of classifiers. Classifier methods are pattem 

recognition techniques that seek to partition a feature space derived from the image using 

data with known labels. A feature space is the range space of any function of the image, 

with the most common feature space being the image intensities themselves. A 

histogram, as shown in Figure 2.1 (b), is an example of a 1-D feature space. Figure 2.2 

(b) shows an example of a partitioned 2-D feature space with two apparent classes. All 

pixels with their associated features on the left side of the partition would be grouped into 

one class and those on the right would be grouped into another class. The features used 

can be related to texture or other properties of the image. 

Classifiers [7] are known as supervised methods, since they require training data 

that are manually segmented and then used as references for automatically segmenting 

new data. There are a number of ways in which training data can be applied in classifier 

methods. A simple classifier is the nearest-neighbor classifier, where each pixel is 

classified in the same class as the training datum that is closest to it. The k-nearest-

neighbor (kNN) classifier is a generalization of this approach, where the pixel is 

classified according to the majority vote of the k closest training data. Another classifier 

is the Parzen window, where the classification is made according to the majority vote 

within a predefined window of the feature space centered at the unlabeled pixel intensity. 

A commonly used parametric classifier is the maximum likelihood (ML) or Bayes 

classifier. It assumes that the pixel intensities are independent samples from a mixture of 

probability distributions, usually Gaussian. 



Standard classifiers require that the stractures to be segmented possess distinct 

quantifiable features. Because training data can be labeled, classifiers can transfer these 

labels to new data as long as the feature space sufficiently distinguishes each label as 

well. Being non-iterative, they are relatively computationally efficient. A disadvantage of 

classifiers is that they generally do not perform any spatial modeling. Neighborhood and 

geometric information have also been incorporated into a classifier approach. Another 

disadvantage is the requirement of manual interaction for obtaining ttaining data. 

Training sets can be acquired for each image that requires segmenting, but this can be 

time consuming and laborious. On the other hand, use of the same ttaining set for a large 

number of scans can lead to biased results. 

A fourth method used for segmentation is clustering [7]. Clustering algorithms 

essentially perform the same function as classifier methods, but without the use of 

training data. Thus, they are termed unsupervised methods. In order to compensate for the 

lack of training data, clustering methods iterate between segmenting the image and 

characterizing the properties of each class. In a sense, clustering methods train 

themselves using the available data. 

Three commonly used clustering algorithms are the K-means or ISODATA 

algorithm, the fuzzy c-means algorithm [8, 9], and the expectation-maximization (EM) 

algorithm. The K-means clustering algorithm clusters data by iteratively computing a 

mean for each class and segmenting the image by classifying each pixel in the class with 

the closest mean. The frizzy c-means algorithm generalizes the K-means algorithm, 

allowing for soft segmentations based on fuzzy set theory. The EM algorithm applies the 
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same clustering principles with the underlying assumption that the data follows a 

Gaussian mixture model. It iterates between computing the postenor probabilities and 

computing maximum likelihood estimates of the means, covariances, and mixing 

coefficients of the mixture model. 

Although clustering algorithms do not require training data, they do require an 

initial segmentation (or equivalently, initial parameters). The EM algorithm has 

demonstrated greater sensitivity to initialization than the K-means or fuzzy c-means 

algorithms. Like classifier methods, clustering algorithms do not directly incorporate 

spatial modeling and can therefore be sensitive to noise and intensity inhomogeneities. 

This lack of spatial modeling, however, can provide significant advantages for fast 

computation. Some other interesting algorithms for clustering are UOFC [10], AFLC [II] 

andELBG[12]. 

2.2 Application of image segmentation for classification of 

cervix lesions 

The thesis focuses on the segmentation of cervix images for classification 

of pre-cancerous regions observed in Cervical Intraepithelial Neoplasia. The 

segmentation method chosen is clustering. Cervical Intraepithelial Neoplasia is explained 

in brief in the next chapter along with the different types of pre-cancerous regions 

observed and how they are graded. This information helps in determining the type of 

segmentation problem at hand and determining the features that would give the best 

classification for the problem. 
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CHAPTER III 

CERVICAL INTRAEPITHELIAL NEOPLASIA 

Cervical intraepithelial neoplasia (CIN) [13] is also called cervical dysplasia. CIN 

means that there is a change in the cells on the surface of the cervix. With CIN, normal 

cells are replaced with cells that are abnormal. Over time, ft is possible for tiiese 

abnormal cells to turn into cancerous cells. 

Any woman can have CIN. CIN itself is not cancer, but it can become cancer of 

the cervix. Following are the three types of CIN: 

1. CIN 1(1). This is also called mild dysplasia. 

2. CIN II (2). This is also called moderate dysplasia. 

3. CIN III (3). This is also called severe dysplasia. 

CIN is considered a pre-cancerous abnormality, but not an actual cancer. The mildest 

form, CIN I, usually goes away on its own, although rarely it will progress to cancer. The 

more severe forms, CIN II and CIN III, most often stay the same or get worse with time. 

They can become cancerous, but they almost never do if treated adequately. Only if CIN 

is not discovered and not freated is there a chance that it will become cancer. It is 

therefore important to detect this abnormality as early as possible. 

The procedure followed is the use of a colposcope or a specially modified camera 

for acquiring an image of the cervix after the application of acetic acid to the cervix. With 

the acetic acid technique, the abnormal epithelium appears white. There is a sharp line of 

demarcation between normal and abnormal epithelium, within which the markers of 



cervical neoplasia may or may not be visible. These markers take the form of 

characteristic vascular pattems. 

3.1 Vascular Pattems Associated with CIN 

The distinctive vascular pattems associated with abnormal epithelium are mosaic 

and punctation [13]. The punctation pattem is easily recognized, being characterized by 

dilated, elongated, often twisted and irregularly terminating vessels of the hairpin type, 

arranged in a prominent punctate configuration. Its essential colposcopic appearance is a 

series of fine red dots in a whitish background. Examples of punctation are shown in 

Figures 3.1 (b) and 3.1 (c). More marked degrees show dilation of the dots and their 

replacement by a coiled or twisted appearance. This is a result of single, looped, coiled 

capillaries having a perpendicular or oblique course towards the surface. 

(a) Mosaic (b) Punctation (c) Punctation 

• mi4^sy-i>s«i.i.; 

Figure 3.1. Regions Showing Mosaicism and Punctation 

In the mosaic pattem, the capillaries are arranged parallel to the surface in a 

characteristic mosaic or 'crazy paving' pattem. Therefore, vessels enclose a vascular 

field, which may be small, large, round, regular or irregular in shape. Mosaic vessels may 
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be fine or smoothly curved, coarse and irregularly curved, or they may consist of 

intertwining strands of dilated capillaries. However, whatever the fine stracture, the 

overall pattem is characteristically mosaic and easily recognized. A sample mosaic 

pattem is shown in Figure 3.1 (a). 

3.2 Inter-Capillary Distance 

The inter-capillary distance is the distance between vessels or space encompassed 

by the mosaic vessels. In normal squamous epithelium, the maximum inter-capillary [13] 

distance of the hairpin and network capillaries varies, but it ranges from approximately 

50 to 200 um with an average of about 100 um. On the other hand, the maximum inter-

capillary distance increases as the lesion becomes more severe, i.e. in CIN 1 the average 

inter-capillary distance may be 200 um, whereas in CIN 3 the greatest inter-capillary 

distance is often 450 to 500 um [13]. 

3.3 Grading of Observed Vascular Pattems 

In mosaic and punctation pattems, the inter-capillary distance increases as the 

degree of histological abnormality in the epithelium becomes greater. Mosaic and 

punctation may be additionally graded on the basis of coarseness of vessels and regularity 

of their pattem: the more severe tiie underiying lesion, the coarser the vessels are likely to 

be and the more irregular the pattem. 

Aceto-white epithelium may be graded, primarily according to the degree of 

aceto-whiteness that is reached. Of secondary importance are the rapidity with which the 
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IS lesion reaches its maximum degree of whiteness, the length of time the whiteness 

retained, and the sharpness of the line of demarcation. Not only do severe abnormalities 

become whiter than minor lesions, but they tend to become white more quickly and retain 

their whiteness longer than the mild changes, with the latter also usually having a less 

distinct outline, fti summary, the feattires accessed in colposcopic grading for mosaic and 

punctation are 

1. Inter-capillary distance, 

2. Coarseness of vessels, and 

3. Regularity of pattem. 

It is thus of diagnostic importance to segment out the mosaic and punctation pattems in a 

colposcopic image, ft is further important to extract the vascular stracture in order to 

examine the inter-capillary distance, which shows the degree of abnormality. The 

colposcopic images do not show the underiying vascular stracture. In order to determine 

that, a biopsy is done and then the tissue stracture is studied under a microscope. This 

method is invasive and can cause unwanted changes in the existing tissue stracture. An 

image processing algorithm which can extract the vascular stracture of diagnostically 

important pattems in a non-invasive manner is therefore of great importance. 

We see that color and texture (such as mosaic and punctation) are fundamental 

features in defining our visual perception of the different pre-cancerous regions in the 

colposcopic image of the cervix. We thus need a segmentation algorithm which takes into 

account both the color and texture. The terminology used is as follows. 

15 



1. Mosaic region - the part of the aceto-white region of the image showing mosaic 

pattem. 

2. No Mosaic region - the part of the aceto-white region of the image that does not 

show mosaic pattem and hence is considered to be more normal than the mosaic. 

3. Normal region - part of the image outside the aceto-white region and considered 

to be normal. 
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CHAPTER IV 

SEGMENTATION OF CERVIX IMAGE BY CLUSTERING 

A bnef introduction to image segmentation by clustering has been given in the 

previous chapter. Here, the details of how it is implemented are discussed. This type of 

segmentation is done in two steps. 

1. Find features giving a good separation and form a feature space. A feature space 

is the range space of any function of the image, with the most common feature 

space being the image intensities themselves. Some of the other types of features 

that can be used are color and texture. A color feature is a parameter, which 

quantifies the color of a pixel. A texture feature is a parameter, which quantifies 

the type of texture to which the pixel belongs. 

2. Use one of the many unsupervised classification algorithms to cluster or label the 

features and hence the pixels. 

This thesis focuses on the first step in the process of segmentation by clustering. 

Finding good features is the most important step in the process. Proper selection of the 

features ensures good segmentation. The process of finding features for segmentation of 

cervix images will now be described. The Mosaic and No Mosaic parts are cut out from 

the original image and each is examined to see how they differ from each other. Once the 

difference is determined, a way must be found to quantify it. Sample pattems are shown 

in Figure 4.1. 
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Figure 4.1 Sample Mosaic and No Mosaic Pattems 

The difference that is cleariy seen is in the texture. This can be exploited to define 

some texture features that give good discrimination between Mosaic and No Mosaic 

pattems. The colors seem to be similar in both figures, though the Mosaic pattem has 

larger variety of colors than the No Mosaic pattem. ft is informative to plot the color 

features and see if there is any separation. 

4.1 Identifying Color Features 

Color features are the most commonly used feature for color image segmentation 

by clustering. The simplest of the color features are the Red (R), Green (G) and Blue (B) 

components of the color of each pixel in the image. This gives a 3-D feature space. There 

also other types of color spaces like YCbCr, HSV, Lab, etc. Each of the color spaces can 

be converted into any other. A color space is a way of representing a particular color. In 

the RGB color space, each color is expressed in terms of percentage of Red, percentage 

of Green and percentage of Blue in it. A similar concept is applicable to the other color 

spaces. 



To see if there is any separation between the Mosaic and No Mosaic regions in 

color feature space, the Mosaic and No Mosaic regions that are cut out are converted into 

the respective color space and plotted on the same plot. The best separation observed is in 

the YCbCr color space. The Y component is the gray scale value and is dropped. The Cb 

and Cr features for different Mosaic and No Mosaic regions are plotted. Some separation 

is seen, but there is also some overlap. The No Mosaic region forms a small and tight 

cluster showing the lack of color variation. The cluster for the Mosaic region, on the 

other hand shows a lot more spread showing larger variation in color. Figure 4.2 shows 

the YCbCr color spaces for some pairs of regions. Each pair contains a Mosaic and a No 

Mosaic region cut out from a single image. The plots in Figure 4.2 show that color 

features alone are not sufficient for classification and there is a need to look for other 

features. Because it is visually difficult to see the color difference, this separation might 

not be consistent for all images. The texture differences are clearly seen in the images 

shown in Figure 4.1. The next section gives a brief introduction to the unsupervised 

clustering algorithms. This is the second step in the process of segmentation by 

clustering. The next section also takes a look into identifying texture features that give a 

good separation. 
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4.2 Clustering Algorithms 

A brief introduction to the methods of segmentation by clustering was discussed 

in Chapter II. Different types of clustering algorithms that are used were also mentioned. 

Some of the algorithms mentioned were the K-means, Fuzzy C-means [8, 9] and EM. hi 

this section, a more extensive discussion of K-means, Fuzzy C-means and Unsupervised 

Optimal Fuzzy Clustering [10] is given. 

K-means is the simplest and most widely used algorithm for clustering. It is called 

k-means because it clusters the data into k clusters. Each of the k clusters is represented 

by its mean, and thus there are k means or k cluster centers. This algorithm requires the 

user to guess the number of natural clusters present in the data. Let k be the number of 

clusters. It is a tradition to let k samples randomly chosen from the data serve as the 

initial cluster centers. The algorithm then works as follows. 

1. Classify each of the data samples into one of the k clusters to which it is nearest. 

The distance used is the Euclidian distance between the data sample and the 

cluster center. 

2. The k cluster centers are recomputed. 

3. Repeat steps 1 and 2 until there is almost no change in the cluster centers. 

The k-means tends to form spherical clusters. It is also highly dependent on the 

choice of initial cluster centers. Depending on the initial cluster centers chosen, different 

clusters will be formed. The fuzzy c-means is less sensitive to the choice of initial cluster 

centers. In the k-means, each of the data samples is assumed to be in exactly one cluster. 

In fuzzy c-means, this condition is relaxed and each sample has a graded or 'fuzzy' 
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membership in a cluster. At root, this fiizzy membership is similar to the probability that 

a data sample belongs to a particular cluster. The algorithm was first developed by Dunn 

[8] and was improved by Bezdek [9] and is as follows. 

1. Choose initial cluster centers Vi. 

2. Compute the memberships of all data samples (Xj) in all clusters. 

"v = 
/d'-(X.,V,) 

/9-1 

k=\ d\X.,V,) 

^9-1 
, d is the squared Euclidian distance, q is the degree 

of membership. (4 1) 

3. Compute the new centers and update the memberships according to step 2. 

V: = 7=1 

l>^y 
(4.2) 

4. If max|My -M,̂  J<e stop, else go to step 3. s is the termination criterion between 

Oand 1. 

The next algorithm in the list is the Unsupervised Optimal Fuzzy Clustering 

(UOFC) implemented by Gath and Geva [10]. This gives the best performance in the 

presence of variable cluster densities and unequal number of data samples in each cluster. 

The difference between UOFC and the previous algorithms is the use of the exponential 

distance measure rather than the Euclidian distance measure. The algorithm uses fuzzy c-

means as the first layer and the fuzzy maximum likelihood estimate (FMLE) as the 



second layer. The fuzzy c-means gives a better estimate of the cluster centers than a 

random selection, and the second layer uses this estimate to do the final clustering. The 

algorithm is as follows. 

1. Cluster with fuzzy c-means using an unsupervised tracking of initial classification 

prototypes. 

2. Using the cluster centers in step I, calculate the probabilities as below. For q=2, 

this probability is similar to the memberships calculated in fuzzy c-means. 

h{i \Xj)= / '^ '' '^ , where (4.3) 

E /d^ix V \ 

d]{x,,v)='^^..Ax,-v)fF-\x,-V)ll\ (4.4) 

/^=-y4|^,),and (4.5) 

N ^ 

•Zh(i\x,ix,-r,\x,-y,) 

3. Compute the cluster centers and update the probabilities as in step 2. 

V,=Jil . (4.7) 

23 



4. If max 
ij 

"(l \^j)-h{i \Xj) <z stop, else go to step 3. 8 is the termination 

criterion between 0 and 1. 

The major advantage of FMLE is obtaining good partition results in cases of 

unequally variable features and densities, but this only occurs when starting from good 

classification prototypes. The first layer of the algorithm is therefore fuzzy c-means. The 

clustering obtained by fuzzy c-means and UOFC of two of the datasets shown in Figure 

4.2 are shown in Figure 4.3. Best results are obtained using UOFC. 
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4.3 Identifying Texture Features 

Texture is a dominant characteristic of natural and real world images. Texttire 

segmentation, therefore, has long been an important topic in image processing [14]. 

Basically, it aims at segmenting a textured image into several regions with the "same 

texture features", or in other words the "same texture". Like the other segmentation 

problems, the segmentation of textures requires the identification of proper texttire-

specific features with good discriminative power. Generally speaking, texture feature 

extraction methods can be classified into three major categories, statistical, stmctural, and 

spectral or transform-based, fti statistical approaches, texture statistics such as the 

moments of the gray-level histogram, or statistics based on a gray-level co-occurrence 

matrix are computed to discriminate different textures. For stmctural approaches, a 

"texture primitive", the basic element of texture, is used to form more complex texture 

pattems by grammar mles that specify the generation of texture pattems. Finally, in 

spectral approaches, the textured image is transformed into the spatial frequency domain. 

The texture features can then be extracted by analyzing the power spectmm. 

To extract the texture features from the cervix image, a look at the textural 

differences between the Mosaic and No Mosaic regions in Figure 4.1 suggests the use of 

'structural' method for identifying texture features. From Figure 4.1 it can be observed 

that if a geometric feature such as the area of the mosaic tile or a feature that takes into 

account the vascular stmcture is calculated, good separation between the two pattems can 

be expected. 
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Figure 4.4 shows the combination of color and texture feattires. The texttire 

feature used is the area of the mosaic tile. For Mosaic region, the area is measured 

manually. For No Mosaic region, the vascular stmcture is not easily observable. But it is 

expected that the area would be smaller than the mosaic region because of the smaller 

inter-capillary distance involved. A clear separation between the pattems is seen. The 

next step is the automated calculation of the texture feature. The pattem that is visible in 

the images is a representation of the underlying vascular stmcture. If exfracted, this 

vascular stmcture would give the geometric feature required. An algorithm that exfracts 

the vascular stmcture and identifies the texture feature is presented in the next chapter. A 

combination of color and texture features has also been used in [19, 20]. 
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CHAPTER V 

MORPHOLOGICAL TEXTURE ANALYSIS ALGORITHM 

A morphological texture analysis algorithm is used to exfract the vascular 

stmcture embedded in the cervix lesions. Ji, Engel and Grain [15] have developed this 

algorithm, but there are some differences in how it is implemented. The flowchart for the 

algorithm is shown in Figure 5.1. Implementation details are explained in the sections to 

follow. 

RGB to Gray Scale 
Conversion 

Image Complement 

Top Hat Transform 

Morphological 
Opening by ROSE 

Threshold by Otsu 
Method 

Skeletonization 

End 

Figure 5.1. Flowchart for the Morphological Texture Analysis Algorithm 
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This algorithm operates on a gray scale image. The first step is therefore to 

convert the RGB image into a gray scale image. The vascular stmctures that are to be 

extracted are always darker in color than the background, fti the morphological 

operations that follow, the objects of interest are assumed to be lighter in color tiian the 

background. The image is therefore complemented. The vessels now appear whiter than 

the background as shown in Figure 5.2. The morphological operations that follow are 

designed to separate the vascular stmcture from the background. The next step in the 

analysis is the top hat transform [16, 17]. 

Wginal Color Image "Bf ip ra l Gray Scale Image Complemented I r n ^ 

Figure 5.2. Example of RGB to Gray Conversion and Image Complement 

5.1 The Top Hat Transform 

The top hat transformation is used as a simple tool for segmenting objects in gray

scale images that differ in brightness from the background, even when the background is 

of uneven gray scale. The top hat fransform works as follows. Assume a gray level image 

X and a stmcturing element K. The parts of the image that do not fit into the stmcturing 

element are removed by opening [16, 17]. Subtracting the opened image from the 

original image provides an image where removed objects stand out clearly. The concept 
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IS illustrated for a 1-D case in Figure 5.3, where we can see the origin of the transform 

name. If the image were a hat, the transformation would exttact only the top of it, 

provided that the stmcturing element is larger than the hole in the hat. The top hat 

transform thus permits the extraction of light objects from an uneven background. 

Opened Image 

Gray-scale Image 
\ 

Figure 5.3. Concept of the Top Hat Transform 

The stmcturing element [16, 17] used in this work is a disk of diameter 20 pixels. 

It has a diameter greater than the thickness of the vessels, as measured manually from the 

images. During the opening, this stmcturing element removes all the objects in the image 

that do not match the size of the disk. Thus the vessels are removed. This opened image 

is then subtracted from the original image. In the resulting image, the vessels stand out 

clearly. 

Figure 5.4 (a) shows the complement of the original gray scale image. The vessels 

now appear light on a dark background. Figure 5.4 (b) is a result of a top hat transform on 

Figure 5.4 (a) with a stmcturing element which is a disk of radius 10 pixels. It is clearly 

seen that the vessels now stand out more clearly and the smooth changes in the 

29 



background are removed. This enhanced image is used for ftirther morphological 

processing. 

Complemented I m a g e ^ ^ ^ o p Hat Transform 

Figure 5.4. Top Hat Transformation 

5.2 Momhological Opening with ROSE 

A series of opening operations is next performed on the image. The technique of 

morphological opening creates a second image containing only selected shapes, which 

can then be thresholded to obtain a segmented image. A stmcturing element of the 

selected shape is passed over the image. Any shape in the image that fits the stmcturing 

element is retained in the subsequent image. Using a linear stmcturing element that is 

long enough to fit the large vessels yields an image in which the large vessel-like 

stmctures are enhanced, and the other stmctures appear at suppressed gray values if they 

remain at all. 

Because the vessels are oriented randomly, a single linear stmcturing element 

would pick out vessels oriented in only one direction. Therefore more than one 

stmcturing element, each representing one of the possible orientations of the vessels must 

be used. Linear stmcturing elements at 8 different angles, 0°, 22.5°, 45°, 67.5°, 90°, 
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112.5 , 135 and 157.5° are used. This procedure is called the linear rotating stmcturing 

element (ROSE) [18]. The angles are equally spaced in the range 0°to 180°. The length 

of the linear stmcturing element is taken to be 30 pixels. A separate opening operation is 

required for each direction and eight new images are formed. These eight are combined 

into one image before thresholding. The combined image contains the maximum pixel 

values of the eight images. This yields an image in which the stmctures that do not 

resemble the large vessels are suppressed. The result of applying the ROSE to the top hat 

transformed image is shown in Figure 5.5. Figure 5.5 (b) is the result of applying the 

ROSE to Figure 5.5 (a). The enhanced larger vessels are clearly seen. 

Figure 5.5. Morphological Opening with ROSE 

5.3 Thresholding 

The next step in the process is to pull out the enhanced vascular stmcture in 

Figure 5.5 (b). The goal is to convert the gray scale image into binary such that the 

vascular stmcture appears to be white on a black background. The next step thus is to 

threshold the image in Figure 5.5 (b). The process of thresholding was described briefly 

in chapter II. The method of thresholding used in this algorithm is the Otsu method [6]. 
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Thresholding creates binary images from gray-level images by ttiming all pixels below 

some threshold to zero and all pixels above that threshold to one. If g (x, y) is the 

thresholded version of f (x, y) at some global threshold T, 

^ K ^ , y ) - \o for f{x,y)<T (5.1) 

The Otsu method maximizes the between class variance between the two clusters 

corresponding to the above threshold and below threshold clusters. When the threshold is 

adjusted one way, the spread of one of the clusters increases while that of the other 

cluster decreases. The goal then is to select the threshold that minimizes the combined 

spread. In other words, the goal is to select a threshold that minimizes the within-class 

variance or maximizes the between-class variance. The between-class variance is defined 

as 

<t.een ( H = « , ( r ) « „ ( r ) | / i , ( 7 ) - ^ „ ( r ) | \ whcrC (5 .2) 

«5(^) = E^(0 , (5.3) 
/=0 

N-\ 

noiT) = Y,p{i), (5.4) 
i=T 

P = Histogram of the image with gray values in the range [0, N-1], 

\Xg{T) = Mean of all pixels less than threshold T, and 

|a„ (T) = Mean of all pixels greater than threshold T. 

The results after thresholding by the Otsu method are shown in Figure 5,6. 

Almost all of the vessels are retained. The next step in the analysis is skeletonization of 
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the thresholded image. Skeletonization [16, 17] removes pixels on the boundanes of 

objects but does not allow objects to break apart. The remaining pixels make up the 

image skeleton. 

After Opening with ROSE After Thresholding 

(b) 

Figure 5.6 Results of Thresholding 

Figure 5.7 (c) shows the skeleton of the image in Figure 5.7 (b). Comparing it 

with the original image in Figure 5.7 (a), we see that the skeleton matches quite 

accurately with the vascular stmcture. 

Original Grayscale Image After Thresholding After Skeletonizing 

(b) 

Figure 5.7. Result of Skeletonization 

This is very useful for diagnosis, as the vascular stmcture on the surface of the 

cervix determines the grade of CIN. The study of vascular stmcture of different regions 

showing mosaic, punctation and aceto-white can be studied to see the change in vascular 
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stmcttire as the disease progresses. The next chapter shows more examples of the process 

of extraction of vascular stmctures from different types of pre-cancerous pattems 

5.4 Identification of a Texture Feature 

Now that the vascular stmcture has been extracted, it is necessary to name a 

feature that represents it. One option is to use the area of the mosaic tile as discussed in 

chapter IV. There are a number of mosaic tiles in a section of the image, and the average 

area may be used. Also, as discussed previously, the inter-capillary distance observed in 

different pattems is also an indicator of the type of pattem and can be used as a texture 

indicator. The larger the inter-capillary distance, the lower is the number of edges 

detected. This relationship is exploited to identify a texture feature. The measure of the 

inter-capillary distance used is the concentration of edges [15] observed in a pattem or 

the percentage of edges in a region. The formula is given in Equation 5.5. For the 

vascular stmcture extracted in the Figure 5.7, the percentage of edges is 10.68%. 

^ ^ , Number of Edge {White) Pixels . , .^ . . . . 
Percentage of Edges = -^ ^-^ —̂ * 100 (5.5) 

Total Number of Pixels 

The next chapter calculates the percentage of edges for different types of pattems for 11 

images to ensure the accuracy of the texture feature selected. 
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CHAPTER VII 

CONCLUSIONS 

Image processing is a powerfiil tool with a large number of very interesting and 

usefiil applications. The application that is discussed in this work is diagnostic imaging. 

This thesis work explores algorithmic characterization and classification of the different 

pre-cancerous regions observed in Colposcopic and Cervicographic images. The 

morphological texture analysis algorithm includes a sequence of operations to yield 

skeletonized vascular stmctures uniquely representing cancerous and non-cancerous 

tissue stmctures which are not easily observed in images of the cervix. The difference in 

the vascular stmcture between cancerous and non-cancerous regions is studied. It is 

observed that the underlying vessels in the cancerous regions are more dilated than those 

in the non-cancerous regions. This observation is consistent with the pathology, which 

indic850Xl(fiat as a region becomes cancerous, the inter-capillary distance intftages. 

This algorithmic ability of characterizing and classifying a region as cancerous or 

non-cancerous is a giant step in the process of developing a fully automated and precise 

diagnostic tool. A texture feature is also identified that can be used for automated 

segmentation of the images by using the technique of clustering, which would further 

lead to automatic determination of the precise location for a biopsy. The algorithm is 

tested on Colposcopic as well as Cervicographic images. The results obtained with both 

types of images are consistent, indicating that the same quality of image analysis can be 

obtained even by using the less expensive Cervicographic images. 
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hi this work, different portions of the image are selected, and the underiying 

vascular stmcture for each part is studied. From this study, a texttire feattire is identified. 

The next step is to make use of the texture feature for image segmentation by clustering. 

Thus, the concept must next be extended to the entire image, which would create its own 

set of problems to deal with. Also, apart from the mosaic pattems, there are other pre

cancerous markers like punctation. The vascular stmcture in these regions must to be 

studied. The work presented in this thesis is thus a stepping-stone in the development of a 

sophisticated image-processing algorithm that can be used for automated segmentation 

and diagnosis of pre-cancerous regions in cervical intraepitheUal neoplasia. 
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CHAPTER VI 

RESULTS 

This chapter shows the application of the morphological texttire analysis 

algonthm to a number of regions of Colposcopic and Cervicographic images showing 

different types of vascular pattems. The figures show the results for each stage of the 

algorithm as in the flowchart shown in Figure 5.1. 

6.1 Application of Texture Analysis Algorithm and Analysis of Results Obtained 

As seen in Figures 6.1, 6.2 and 6.3, the vascular pattems that are extracted match 

with the ones seen in the original figures. For mosaic pattems, it can be concluded that 

the algorithm works accurately. The mosaic stmctures shown in Figures 6.1 and 6.2 are 

examples of coarse mosaic in Colposcopic and Cervicographic images. The coarser the 

mosaic, the more severe is the disease. Figure 6.3 shows an example of fine mosaic in a 

Cervicographic image. The disease in this case has not progressed as far as in Figure 6.1 

and 6.2. The inter-capillary distance for the extracted vascular stmcture in Figure 6.3 is 

less than that in Figures 6.1 and 6.2. It is expected that the more abnormal the region, the 

greater is the inter-capillary distance. As will be observed in examples to follow, the 

smallest inter-capillary distance is observed in Normal regions. 
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' On nginal Color Image Gray scale 8. Complement Top Hat Transform 

After Opening with ROSE After Thresholding After Skeletonizing 

Figure 6.1. Coarse Mosaic Region, Colposcopic Image 

; Original Colorlmage Gray Scale + Complement Top Hat Transform 

;After Opening with ROSE After Thresholding After Skeletonizing 

Figure 6.2. Coarse Mosaic Region, Cervicographic Image 
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^^^^rW^T^^^m^ Gray Scale -i- Complement 

After Opening with ROSE After Thresholding 

Top Hat Transform 

After Skeletonizing 

Figure 6.3. Fine Mosaic Region, Cervicographic Image. 

Figures 6.4 and 6.5 show results for the No Mosaic region. As a reminder of the 

terminology used. No Mosaic region is the region inside of the aceto-white region that 

does not show a mosaic pattem. Of the two regions used for these results, one is part of a 

Colposcopic image, and the other is part of a Cervicographic image. Comparing the 

results with those obtained for the mosaic pattems, it is seen that the inter-capillary 

distance is very much reduced. 
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Original Color I rnageiJrayscale & Complement Top Hat Transfornfi 

. After Opening with ROSE After Thresholding After Skeletonizing 

m 
1 

^ ^ ^ 
i 

Figure 6.4. No Mosaic Region, Colposcopic Image 

Original Color Image Gray Scale + Complement Top Hat Transfonn 

After Opening with ROSE After Thresholding After Skeletonizing 

m 
Figure 6.5. No Mosaic Region, Cervicographic Image 
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This result is of diagnostic importance. The vascular stmcture in the No Mosaic 

region is not readily visible to the human eye, but the morphological algorithm pulls out a 

vascular pattem. The vascular stmcture extracted is consistent with the pathology, which 

indicates that as the disease progresses, the vessels get more and more dilated and tum 

into what is called the mosaic pattem. Thus, the inter-capillary distance for No Mosaic is 

less than that for the Mosaic regions. 

The Figures 6.6 and 6.7 show the extracted vascular stmcture for the Normal 

region, i.e. the region outside the aceto-white. 

Original Color Image Gray Scale ••• Complement Top Hat Transform 

After Opening with ROSE After Thresholding 

$0^ 

Figure 6.6. Normal Region, Colposcopic Image 
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Original Color Image Gray Scale + Complement Top Hat Transform 

After Opening with ROSE After Thresholding After Skeletonizing 

Figure 6.7. Normal Region, Cervicographic Image 

As seen from Figures 6.6 and 6.7 the inter-capillary distance here is even less than 

that of the No Mosaic region. From this we can conclude that the inter-capillary distance 

is inversely proportional to the degree of severity of the disease. To see if the above 

conclusion is correct, 11 images are used and about 40 different pattems from these 

images are tested. The inter-capillary distance must be quantified. As discussed in 

Chapter V, the quantity used is the percentage of edge pixels. The formula was given in 

Equation 5.5 and is repeated below. 

Number of Edge (White) Pixels 
Percentage of Edges = 

Total Number of Pixels 
100 

This quantity is calculated for different types of pattems from 11 images and 

tabulated in Table 6.1. In Table 6.1, the first column lists the name of the image used. 

The second column gives the percentage of edges for different patterns/regions. 
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Table 6.1. Percentage of Edges for Different Pre-cancerous Regions. 

Image Name 

Coloposcopic-1 

Coloposcopic-2 

Coloposcopic-3 

Cervicographic-1 

Cervicographic-2 

Cervicographic-3 

Cervicographic-4 

Cervicographic-5 

Cervicographic-6 

Cervicographic-7 

Cervicographic-8 

Percentage of Edges 
Mosaic Region 

10.56 
8.13 
10.64 
10.68 
16.71 
14.58 
15.79 
17.58 
15.10 
14.80 
11.28 
16.40 

9.13 

12.36 

15.63 

14.11 
17.31 
14.81 
12.52 

12.93 
14.63 
15.66 

14.71 

15.86 
16.95 

No Mosaic Region 

18.52 

15.20 

19.30 

15.88 

15.78 

15.50 

17.57 

18.45 

18.93 

18.18 

18.89 

19.45 
17.53 

18.89 

18.82 
18.69 

15.38 

20.82 
18.09 

17.45 

16.57 

16.06 

Normal Region 
19.76 
17.88 
20.16 
18.48 
19.06 
17.79 
18.38 
17.71 
19.67 
20.15 
21.37 
18.08 

21.10 

21.89 

18.21 

20.41 

19 

20.76 
17.43 

21.23 

20.90 

18.66 

20.13 
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Out of the 11 images listed in Table 6.1, the first three are Colposcopic images, 

and the rest are Cervicographic images. The percentage of edges observed in different 

regions for Colposcopic and Cervicographic images are very much consistent. The chart 

m Figure 6.8 shows the graphical representation of the resufts in Table 6.1. This gives a 

better understanding of the type of relationship between the three types of regions. 

-Mosaic 

-No-mosaic 

Nomnal 

Image Number 

Figure 6.8. Plot of Percentage of Edges vs. Image Number. 

In Figure 6.8 it is seen that there is pretty good separation between the 

percentages of edges detected in Mosaic, No Mosaic and Normal regions. The more 

abnormal the region, the more is the inter-capillary distance, and the less is the 

percentage of edges detected. The Mosaic regions have edges in the range of 8% to 17%. 

The Normal regions have edges in the range of 18% to 22%. The inter-capillary distance 

in the No Mosaic regions within the aceto-white boundaries is between that of Mosaic 

and Normal regions. Thus, the No Mosaic parts of the aceto-white regions have a degree 
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of abnormality that is in between Mosaic and Normal. The No Mosaic regions represent 

the transition for normal to abnormal. The inter-capillary distance and hence the 

percentage of edges give an idea about the type of vascular pattem under consideration 

and can be a good texture feature, ft also gives an indication of the progress of the 

disease. 

The consistency observed in the results between colposcopic images and 

Cervicographic images is also important. The image quality of colposcopic images is 

much better than the Cervicographic images. On the other hand a colposcope is much 

more expensive. The consistent results obtained suggest that there may not be any need 

for a very expensive colposcope for identification of pre-cancerous regions when an 

appropriate image analysis technique is applied. Even the poor quality of the image of the 

cervix in a digitized picture of the Cervicographic allows identification of precancerous 

markers. 

6.2 Combining Color and Texture Features 

The 'percentage of edges' quantity can also be used as a texture feature when 

classifying images by clustering. Selection of color features was discussed in Chapter IV. 

As was discussed, using the color features alone does not give a good separation between 

Mosaic and No Mosaic regions. The textiire feature suggested was the area of the mosaic 

tile. The 'percentage of edges' is a quantity that is directly related to the area of the 

mosaic tile and can be used as a texture feature in its place. This is expected to give a 

good separation between Mosaic and No Mosaic regions. Figure 6.9 shows examples of 
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feature spaces consisting of a combination of the two color feattires (Cb and Cr) and the 

texture feature (percentage of edges). 
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Figure 6.9 Combining Color (Cb and Cr) and Texture Features (Percentage of Edges) 

A good separation between the Mosaic region and No Mosaic region is observed. 

The result obtained is as similar to that shown in Figure 4.4. In Figure 4.4 the texture 

feature used was the area of the mosaic tile. Comparing the results obtained, it is seen that 

the percentage of edges also gives a good separation and can be used as a texture feature. 

Thus a texture feature has been successfully extracted and can be used for segmenting out 

the abnormal regions from cervix images. 
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