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ABSTRACT 
This paper presents a new approach for the effective segmentation and classification of images of histopathological wound tissues 

of varicose ulcer stained with hematoxylin and eosin. In this approach, i propose to decompose a tissue image into its histolo 

pathological components and introduce a set of new texture features, which is called as local object patterns. To model their 

composition within a tissue lop nearest neighbour lab segmentation is used to separate  three regions:  the first region can  be 

named as hemotoxyin  and the second region can  be named as ecosin and the third region can be named as microscopic stain. 

Then based on texture descriptors some features are extracted using co occurance matrix of colour percentiles, fractal analysis of 

texture and gabor filter. Based on the intense availability of dots (dense or sparse) the classification can be done in a much efficient 

manner by means of multiple svm classification. Multiple svm classification classifies more than two region in a much efficient way 

than any other techniques. Working on microscopic images of varicose wound tissues, my experiment reveals that the use of these 

component-level texture features the higher classification accuracy is achieved than the previous textural approaches. 
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INTRODUCTION 
 
Ulcer: 

An  open sore on an external or internal surface of the body, caused by a break in the skin or mucous 
membrane which fails to heal. Ulcers range from small, painful sores in the mouth to bedsores and serious 
lesions of the stomach or intestine. 
 
Varicose Ulcer:   

Venous ulcers (venous insufficiency ulceration, stasis ulcers, stasis dermatitis, varicose ulcers, or ulcus 
cruris) are wounds that are thought to occur due to improper functioning of venous valves, usually of the legs 
(hence leg ulcers) They are the major occurrence of chronic wounds, occurring in 70% to 90% of leg ulcer 
cases. Venous ulcers develop mostly along the medial distal leg, and can be very painful. 
 
Symptoms: 

Edema and fibrinous exudate leads to fibrosis of subcutaneous tissues with localized pigment loss and 
dilation of capillary loops. This is called atrophic blanche. This can occur around ankles and gives an 
appearance of inverted champagne bottle to legs. Large ulcers may encircle the leg. Lymphoedema results from 
obliteration of superficial lymphatics. There is hypertrophy of overlying epidermis giving polypoid appearance, 
known as lipodermatosclerosis. 

Complications of varicose veins, although rare, can include: 
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Ulcers are extremely painful ulcers may form on the skin near varicose veins, particularly near the ankles. 
Ulcers are caused by long-term fluid buildup in these tissues, caused by increased pressure of blood within 
affected veins. A discolored spot on the skin usually begins before an ulcer forms. See your doctor immediately 
if you suspect you've developed an ulcer.   

Blood clots. Occasionally, veins deep within the legs become enlarged. In such cases, the affected leg may 
swell considerably. Any sudden leg swelling warrants urgent medical attention because it may indicate a blood 
clot a condition known medically as thrombophlebitis. 
 
Causes venous skin ulcer: 

Venous skin ulcers are caused by poor blood circulation from the legs, such as from venous insufficiency. 
Your veins have one-way valves that keep blood flowing toward the heart. In venous insufficiency, the valves 
are damaged, and blood backs up and pools in the vein. Fluid may leak out of the vein and into the surrounding 
tissue. This can lead to a breakdown of the tissue and an ulcer. 

Veins that become blocked also may cause fluid to pool, leading to these ulcers. 
Some things can increase your risk of venous skin ulcers.  
These include: 
Deep vein thrombosis, in which a blood clot (thrombus) forms in the deep veins of the legs. 
Obesity.Smoking. Lack of physical activity.Work that requires many hours of standing. 
There are two other types of skin ulcers that can happen on the lower leg or feet. They are different from 

venous skin ulcers. 
• Arterial skin ulcers are less common than venous skin ulcers. They happen when artery disease is 

present (sometimes in combination with venous disease). These ulcers tend to be extremely painful. They are 
usually on the toes and feet. 

• Neuropathic skin ulcers are also known as diabetic neuropathic ulcers. They occur in people who have 
little or no sensation in their feet because of diabetic nerve damage. 
 
Symptoms: 

The first sign of a venous skin ulcer is skin that turns dark red or purple over the area where the blood is 
leaking out of the vein. The skin also may become thick, dry, and itchy. 

 

 
 
Fig. 1: Types of ulcer 
 
Pathology Examination of varicose Ulcer: 

The science of the causes and effects of diseases, especially  the branch of medicine that deals with the 
laboratory examination of samples of body tissue for diagnostic or forensic purposes. 

Mainly Pathology images which was taken by means of electronic microscope the tissues are colourless so 
in order to find the diagnosis of it two liquids are being added ecosin and hemotoxyin in order to give colour to 
the tissues based on the dense availability of dark region the varicose ulcer are classified as normal 
,medium(acute),severe(chronic). 
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2. Existing Approach: 
In existing approaches varicose images are taken from different patients and then based on the depth of 

wounds, color variations and by means of other normal photographic images so many approaches are being 
developed whereas in the proposed approach the tissue images of varicose ulcer which is of pathology images 
and their stages are being classified by means of LOP NEAREST LAB SEGMENTATION. 

 
3. Proposed Approach: 

The first step of the project is that the varicose ulcer tissue images are taken as input and preprocessing is 
being carried out which improves the clarity and appearance of the image for further processing. Then using 
LOP NEAREST NEIGHBOUR LAB SEGMENTATION algorithm the police cells and other regions are 
segmented and then the features are extracted and then classification of three stages (normal, mild, severe) of 
varicose ulcer is performed 

• Image Segmentation 
• Feature Extraction 
• Classification 

 
LOP Nearest Neighbour LAB Image Segmentation: 

For image segmentation LOP NEAREST NEIGHBOUR LAB SEGMENTATION algorithm is used. In this 
LAB algorithm each colour channels are given a separate colour. The police cell region appear in violet color 
and other ecosin region as pink and microscopic region as white. Like this based on the LAB space algorithm 
the segmentation is applied on the image and then based on the colour markers the mean of police region and 
other region is calculated. Then the distance between the nearest pixels is determined based on distance between 
police and other regions and minimum distances are calculated and colour lables are assigned to the image and 
the segmented police region is being obtained. 
 
Feature Extraction by Texture: 

In this three important features based on colour and texture is extracted. The feature extraction techniques 
used in this project are: 

• Colour percentiles(using co occurance matrix) 
• Fractal Texture Analysis 
• Gabor filter 
 

Colour percentiles (using co occurance matrix): 
In colour percentiles based on the intensity of colours in the police region the mean ,standard deviation, 

max-min ratio, colour histograms are calculated and based on it the features are being classified. 
 
Fractal Texture Analysis: 

In this fractal analysis small patches of different intensity regions from the segmented image this taken and 
then distance in the image is calculated.With respect to that the textures are extracted. 
 
Gabor filter:  

Based on the Gabor filter a matrix of colour magnitude and intensity is considered and based on it the 
intensities mean ,standard deviation and maximum minimum are extracted as the features. 
 
Classification: 

In classification an multi SVM classifier is being used in classifiying different stages of wounds (normal, 
mild, severe) 
 
Multi SVM classifier: 

Support vector machines (SVMs, also support vector networks are supervised learning models with 
associated learning algorithms that analyze data and recognize patterns, used for classification and regression 
analysis. Given a set of training examples, each marked for belonging to one of two categories, an SVM training 
algorithm builds a model that assigns new examples into one category or the other, making it a non-probabilistic 
binary linear classifier. An SVM model is a representation of the examples as points in space, mapped so that 
the examples of the separate categories are divided by a clear gap that is as wide as possible. New examples are 
then mapped into that same space and predicted to belong to a category based on which side of the gap they fall 
on. 

Improving classifier effectiveness has been an area of intensive machine-learning research over the last two 
decades, and this work has led to a new generation of state-of-the-art classifiers, such as support vector 
machines, boosted decision trees, regularized logistic regression, neural networks, and random forests. Many of 
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these methods, including support vector machines (SVMs), the main topic of this chapter, have been applied 
with success to information retrieval problems, particularly text classification. An SVM is a kind of large-
margin classifier: it is a vector space based machine learning method where the goal is to find a decision 
boundary between two classes that is maximally far from any point in the training data (possibly discounting 
some points as outliers or noise). 

In SVM classification based on the texture features the classification is done in a much efficient way by 
separation of three types of wounds such as normal,mild and severe. 
 
4. Experimental Results: 

A dataset of  some images  are taken and it is classified into three regions as normal ,mild and severe and an 
experimental graph which classifies the three regions are also viewed 
 
Normal: 

Pathology normal tissues with less number of hemotoxyin dense availability of dots. 
 
Mild: 

Pathology mild tissues with mild number of hemotoxyin dense availability of dots. 
 
Severe: 

Pathology severe tissues with large number of hemotoxyin dense availability of dots. 
                    

   
                      a                                                            b                                                                  c 

 
Fig. 2a: Normal Varicose Tissue Images,b: Mild Varicose Tissue Images,c: Severe Varicose Tissue Images 

 
Segmentation of Police Region and White Region: 

NOP Lab Segmentation algorithm which segments into two regions as police region and other region  
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Fig. 3: Segmented image of police and other region 
 
Graph Works: 

Based on  the dense availability of dots the varicose tissue images are represented in terms of graph where 
as it represents four regions in a graph of hemotoxyin,ecosin,white cells and police regions, The density of 
classification of three types of varicose tissue levels are given as graph below 

  

 
 
Fig. 3: Classification Graph of Varicose Tissue Images 

 
Conclusion: 

This study presents a new algorithm for segmentation and classifying varicose wound tissue images. A 
dataset of 75 images (25 each for normal, mild and severe) were collected from Tirunelveli Medical College 
Hospital taken using canon nikin high resolution microscope from the patients in and around Tirunelveli district 
of Tamilnadu. This set of images is given as input for segmentation and further for training and classification. In 
this project LOP nearest neighbor LAB segmentation algorithm is used which  introduces a set of new high-
level texture descriptors called local object patterns in which some features are extracted using cooccurance 
matrix of colour percentiles, fractal analysis of texture and gabor filter. Based on the intense availability of dots 
(dense or sparse) the classification is done in  much efficient manner by means of multiple SVM classification. 
During classification from each category(normal, mild, severe) five images are taken as training set and with the 
remaining image the testing is done .Multi SVM produces efficient result when compared to any other 
classifiers. 
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