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Abstract - Any wound that penetrates deep into the tissues cause deviations in the distribution of cells, leading to
changes in biological structures they form. Accurate identification of the affected tissue and analysing the
characterization of these structures are essential for accurate diagnosis and classification of any ulcer. In this paper, we
present a new approach for the classification of histopathological wound images of varicose ulcer stained with
hematoxylin and eosin. The tissue image is decomposed into grid of non-overlapping images in order to perform
classification in an efficient manner. Unlike other wound images pathology images are not easy to analyze for further
processing. Hence features are extracted using some important matrices such as color edge graph and Delaunay
Triangulation. Based on Color edge graph two important feature parameters namely Average Degree and Average
Clustering coefficient and for Delaunay Triangulation three other parameters namely average, min-max ratio and
standard deviation are used here. Classification is done in a much efficient manner by means of One vs All SVM
classification. The experiments conducted on microscopic images of varicose wound tissues reveals that the structural
features used here achieves higher classification accuracy than the previous approaches. Experiments conducted on
1546 photomicrographs of varicose ulcer tissues that are taken from 110 different patients demonstrate that the color

graph approach leads to 98.63 % training accuracy and 97.77 % test accuracy.
Keywords — Varicose ulcer, Color Edge Graph, Delaunay triangulation, SVM classification

l. INTRODUCTION underdeveloped parts of the world. About 1% of the
population will be affected with a poorly healing lower
extremity wound during their lifetime [8]. They are often
recurrent and may sometimes persist from weeks to years,
giving rise to the complications in form of cellulitis,
osteomyelitis and at times malignant change [3, 9-11]. In
spite of low overall prevalence, the refractory nature of

A skin ulcer is an ailment that occurs when the skin tears
down to reveal the underlying flesh. The most common
type of skin ulcer is the Venous leg ulcer. Venous
ulceration (stasis ulcer) is the most severe and debilitating
outcome of chronic venous insufficiency in the lower
limbs f"md accounts_ for 80 percent of lower extremity these ulcers causes an increased risk of morbidity,
ulcerations [1]. Various other causes for lower extremity mortality and a significant impact on quality of life [12,

uIceratlons_ cou_ld be arterial msufflcu_en(_:y, prolonged 13]. Venous hypertension, for a long period caused by
pressure, diabetic neuropathy and systemic iliness such as venous insufficiency leads to venous ulceration. Lack of

rheumatoid arthritis, vasculitis, osteomyelitis, and skin competent superficial veins and/or of perforators (because
malignancy [2]. An;ong various leg ulcers varicose ulcer of direct injury, congenital abnormality or superficial
accounts for over 90% of all cases. Venous ulcers are more inflammation) are the main reasons for 40% - 50% of

commonly found in women and older persons and the venous leg ulcers. Deep venous system in these patients,

threatening factors primarily include older age, obesity, function as normal [14]. For the treatment of leg ulcers the

previous Ieg in_juries, deep _venousothr_ombosis and phlibit_is underlying pathology as well as the symptoms associated
[3-7]. The incidence rate is 0.76% in men and 1.42% in with the ulcer are essential. Digital images are sufficient

women. Venous leg ulce_rs become more common as a for recognizing the case severity by experienced personnel.
person gets older and 20 in 1,000 people become affected This indicates that digital pathological images of varicose

bY the tlm_e they are in their 80s. This disorder is ulcers can be used for any computer assisted techniques
widespread in every corner of rural, urban, developed, and
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pointed out by works such as [15]. In [16], Erdem and
Cigdem have addressed the classification model for digital
pathology using structural and statistical pattern
recognition. A broad literature survey has exposed the
need for effective system of wound tissue classification,
which might assist clinicians to treat the patients at an
early stage for a faster healing rate. Delaunay
triangulations have been wused to build structural
representations of various tissues for automated cancer
diagnosis and grading. In [17], an automated framework
that make use of Delaunay triangulations for grading of
cervical intraepithelial neoplasia is proposed. In [18]
Delaunay features were used for quantification of cervical
tissues. In [19] an automated diagnosis and grading
method for breast cancer that also employs Delaunay
triangulations is proposed. Previous works on tissue
classification [20] have been carried out using SVM
classifier with an accuracy rate of 87%. Misclassification
is a common problem in any classification algorithm.
Jafari and Zadeh have proposed multiwavelet grading
methodology for pathological images [21]. Various works
have been carried out using histopathological images for
the identification of many chronic diseases. [22-25]

Our research work on varicose ulcer classification is
mainly done by using Delaunay triangulation method [26]
earlier done on cancer tissues. Support Vector Machine
(SVM) classifier is used in our work as it has high
classifying accuracy and good capabilities of fault-
tolerance and generalization.

1. VARICOSE ULCER AND
HISTOPATHOLOGICAL APPROACHES

2.1 Stages of Varicose Veins

Classification of venous disease is important for
standardization of wvenous disease reporting and
characterization as well as for assessment of treatment
effectiveness. For early detection and the correct treatment
selection, knowing the stage of varicose ulcer is an
important factor which decreases the recurrence rate to a
great extent. In order to standardize the reporting and
treatment of the diverse manifestations of chronic venous
disorders, a comprehensive classification system (CEAP)
is followed widely to allow uniform diagnosis and
comparison of patient populations. The Clinical, Etiology,
Anatomy, and Pathophysiology classification system
(CEAP) is recommended for all patients with VLU for
disease characterization. Figure 1 shows the pictorial
representation of the varicose ulcer stages.
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Figure 1 stages of Varicose Veins

In the proposed work class C6 is taken for study in which
we have classified the Active Venous ulcer as Mild and
severe comparing with the normal tissue. Accurate
evaluation of varicose ulcers comprises of key factors like
diagnosis, pathological evaluation and the symptoms and
severity of each particular case. The main objective of
focusing our work towards class C6 is this is the stage
where patients face severe ill effects of the ulcer which
may even end in the amputation of the leg. The earlier
stages can be treated and also can be prevented from
stepping into C6. But once the patients fall into this C6
stage they have to come under the complete observation of
the clinicians. For the early diagnosis and timely treatment
the clinicians are in need to identify whether the ulcer is in
its mild or severe stage. To sort out this issue we have
developed a computer assisted tool that will help the
clinicians to identify the correct stage of the ulcer. Once
the pathology image of the ulcer is given our system will
classify it as mild or severe.

2.2 Earlier Works on Histopathological Images

Researchers are presently showing keen interest in
developing methodologies for computerised classification
of stromal and epithelial regions within H&E tissue
images. Linder et al. in his work used local binary pattern
(LBP) and contrast measure based texture features for
discriminating epithelium and stroma from
immunohistochemistry  (IHC) stained tumor tissue
microarrays (TMAS) of colorectal cancer [27]. Hiary et al.
for his work on segmentation of stromal tissue of breast
cancer used color based texture features extracted from
square image blocks [28]. Eramian et al. proposed a binary
graph cuts approach for segmenting EP and ST regions
from odontogenic cysts images. In this method color
histogram of these two regions were used for determining
the graph weights [29]. Lahrmann et al. proposed a
technique for discriminating tumor and stromal areas on
immunofluorescence histological images. In this paper
they have used a cell graph feature describing the
topological distribution of the tissue cell nucle. [30],
Super-pixel based algorithms play a major role in precise
segmentation of any DICOM image. In a work by Beck et
al. a super pixel based algorithm was used to over-
segment breast tissue Hematoxylin and Eosin (H&E)
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images into small compartments. Subsequently the cell
nuclei and cytoplasm within each smaller subcompartment
were further classified into epithelial and stromal regions
by a Support Vector Machine (SVM) classifier [31]. Also
Ali et al. worked on a super pixel based SVM to separate
EP from ST areas in tissue region so for opharyngeal
squamous cell carcinoma in [32]. There are several more
works on histopathological images by researchers. All
these earlier works are based on widely used features such
as color and texture. These feature descriptors usually
simulate the visual perception of human pathologist in
interpreting the tissue samples. The proposed methodology
in this work has adopted Color Edge Graph and Delanuay
triangulation for identifying the nodes and also extracted
structural features based on the above two techniques.
Furthermore the classifier used is SVM which is a
powerful supervised classifier and accurate learning
technique.

Various works have been putforth using computational
methods that quantify the organizational properties of
tissues.  Researchers suggest mainly four different
approaches for tissue quantification. Based on their
principle of tissue quantification the approaches are
classified as morphological, intensity-based, textural, and
structural approaches. The morphological approach
quantifies a tissue with the size and shape properties such
as area, perimeter, roundness, and symmetry [33] of its
cellular components. The intensity based approach
quantifies a tissue with the gray level or color intensities of
its pixels and this quantification process is done by
calculating the histogram of the tissue image by putting its
pixels into bins and defining features such as average,
standard deviation, and entropy on the histogram [34]. In
the textural approach, the texture of the entire tissue is
characterized with a set of features such as those calculated
from co-occurrence matrices [30]-[32],[3]5-[37], run-
length matrices [36] and multiwavelet coefficients
[21],[37]. Noise is the main issue in the textural approach.
As far as a histopathological image is considered, there
could be a large amount of noise arising from the staining
and sectioning related problems [38]. The structural
approach provides a higher level representation of a tissue
using the spatial relationships and neighborhood properties
of their cellular components. To this end, a graph is
constructed on the cellular components and a set of local
and global graph features is extracted. In literature, there
are different methods of generating graphs. The most
common method is to use Delaunay triangulations (and
their corresponding Voronoi diagrams) where nuclear
components of the tissue are considered as graph nodes
[17]-[19], [35,38,40,41] Minimum spanning trees obtained
from these graph based representations are also used for
representation.

The major task of the proposed work is to classify the
stages of ulcer. For this, the proposed methodology first
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describes the normal stage in terms of query graphs and
defines the variations in the tissue components by
identifying the regions whose subgraphs are most similar
to the queried graphs. Subsequently it calculates the
distance between the most similar subgraphs and the query
graphs. The calculated distance and the structural features
of the regions with morphological variations are used to
classify the tissue image. The Delaunay triangulation
method applied here only considers nuclear tissue
components in structural representation. Delaunay
triangulations are constructed on the centroids of the cell
nuclei in which they use minimum spanning trees that are
constructed by connecting the centroids of cell nuclei
based on their Euclidean distance [17]-[19], [35,38],[40]-
[42].

This paper is organized as follows. Section Ill describes
the methodology of the proposed method. The
experimental setup, performance analysis and the
comparative study are dealt in Section 1V. Finally, some
conclusions and possible extensions of the proposed
approach are discussed in the last section.

1. METHODOLOGY

The proposed approach for Varicose ulcer tissue image
classification is implemented by constructing an attributed
graph on its tissue components and describes the structure
of a normal gland by means of a set of smaller query
graphs. The subgraphs constructed is examined for
variations in their structure over the entire tissue
component and their correspondence with the normal
gland. Structural features are extracted from these
subgraphs to quantify tissue deformations, and hence, to
classify the tissue. This approach includes three steps:
node  identification, graph generation (Delaunay
Triangulation) for normal tissue images and with
variations and feature extraction.

3.1 Histopathology Image Data Set

Varicose ulcer is nowadays very common among Indians
which is not given adequate and timely attention and care.
It has very adverse effects on the quality of life of a
common man. The dataset used in this work is taken from
the patients in and around the south zone of Tamilnadu,
collected from Tirunelveli Medical College Hospital,
Tirunelveli, Tamilnadu, India. . The tissue images that are
used in the experiments are taken using a high resolution
Digital Microscope. The image resolution affects the
computational time required for processing a single image.
Thus, the image resolution is selected as 480%640, which
gives both accurate classification results and relatively
lower computational times.

The database is composed of 1546 images clearly analysed
and interpreted manually by experts into three categories.
Once the infected tissue region is biopsied and evaluated
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varicose ulcer and grade it as mild or severe.

(@) Normal

under microscope pathologists confirm the presence of

(b) Mild
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Figure 2. Histopathological images of varicose ulcer tissues stained with the routinely used hematoxylin-and-eosin technique. (a) normal, (b) mild

and (c) severe stages of varicose ulcer

@

Figure 3 above shows the changes in the morphology and
composition of the tissue components in the
histopathological images of normal, mild and severe stages
of varicose ulcer. From the figure, it is clearly understood
that the even distribution of cellular components in the
normal tissue (a) gets irregular slightly in the mild stage
(b) and even more in the severe stage(c). In the normal
tissue the cells are in close proximity surrounded by a fine
layer of amorphous fibrous tissue and separated by
regularly arranged collagen fibre bundles whereas in the
varicose ulcer tissue the cells appear to be separated from
each other by a marked increase in the fibrous tissue
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Figure 3. Histological tissue component variation between (i) normal, (ii) mild and (iii) severe stages of varicose ulcer

separated by grossly irregular collagen fibres. The degree
of variations in these structures is the indicator of the ulcer
stage. The precise identification of the variations and their
correct quantification are very essential for the
classification of the stages of ulcer.

3.2 Proposed Methodology

The proposed method develops a computer assisted tool to
diagnosis the correct stage of the varicose ulcer in class
C6. Figure 4 shows the block diagram of the proposed
work.
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Fig 4: Block Diagram of the Proposed Work

This paper presents a structural method using Delaunay
Triangulation to mathematically represent and quantify a
tissue for the purpose of classifying the stages of Varicose
Ulcer. This structural method was previously used for
cancer diagnosis and grading. The proposed approach
models a tissue image by constructing an attributed graph
on its tissue components and describes what a normal
gland is by defining a set of smaller query graphs. Unlike
the previous structural methods, which quantify a tissue
considering the spatial distributions of its cell nuclei, our
proposed method relies on the use of distributions of
multiple tissue components for the representation. To this
end, it constructs a graph on multiple tissue components
and colors its edges depending on the component types of
their endpoints. Subsequently, it extracts a new set of
structural features and wuses these features in the
classification of tissues.

The proposed methodology includes the following steps:
Color  Graph  (Node Identification),  Delaunay
Triangulation, Feature extraction and Classification using
SVM classifier.

3.21  Color Graph

The main objective of using color graphs in this work is to
identify the extent of changes in the histopathological
images of normal, mild and severe stages of varicose ulcer.
The proposed approach considers the morphological
changes in the tissue components and constructs a color
graph for a tissue image by considering these changes and
assigns edges between the positions where the components
vary in their morphology by making use of Delaunay
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triangulation. Node identification and Edge assignment are
explained in the following section.

3.2.1.1 Node Identification

Normally color graphs are used for assignment of labels
(i.e) colors to elements of a graph subject to certain
constraints. Here in the proposed work the color graph
approach takes all components of a tissue with
morphological changes into account to effectively quantize
its histopathological image. In this the nuclear, stromal,
and luminal components of a tissue are mapped to graph
nodes. To perform this mapping, we have segmented the
histopathological images into its cytological components.
The segmentation is ideally performed by identifying the
exact boundaries of each component. The common issues
encountered in histopathological images are staining and
sectioning related problems which includes wrinkled or
compressed sections, cutting thick and thin sections,
obtaining a section from tissues which are often brittle
after processing and also the existence of touching and
overlapping components. Other issues like non prevalence
of thick separation lines between a component and its
surroundings, non-homogeneity in the interior of a
component, and presence of the residuals of stain particles
in a tissue also exist. This complex nature of a
histopathological image scene leads to a difficult
segmentation problem even for the human eye. To
overcome these issues the proposed methodology takes
into consideration the tissue components where the
morphological changes exist. The centroids of these tissue
components are considered as the node locations in
constructing a color graph. The nodes interconnect the
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locations where the tissue components vary in their
structure. For each type of tissue normal, mild and severe
the node points locate their structural differences. Thus the
color graph generated clearly distinguishes the three types
of tissues based on their components where they differ in
their morphology.

The distinction shown in the node points in this step is
very important for applying Delaunay Triangulation
method on these images. Only the variation in node points
distinguish the three types of tissue images.

3.3 Delaunay Triangulation

After identifying the nodes edge assignment is the next
step to be performed. Our proposed methodology
constructs Delaunay triangulation on the identified nodes.
Delaunay Triangulation is used to build structural features
on the tissue components. So it only considers nuclear
tissue components in its structural representation. Thus, it
ignores the existence of different components in the tissue.
We employ this method to examine the effects on
morphological variations in the tissue components in a
structural representation. In our work the Delaunay
triangulation is defined as the set of triangles where each
triangle is generated from the nodes identified based on the
variations in their tissue components. This variation
conforms to the condition that the three types of tissue
images (i.e) normal, mild and severe differ in their
structural representation. Earlier nodes have been
identified in this respect and therefore the Delaunay
Triangulation also constructs graph in the same manner.
The condition of Delaunay guaranties that each triangle of
the triangulation clearly separates the morphologically
different regions in the tissue images for all three cases.

We employ this method to examine the effects of
considering luminal and stromal tissue components in a
structural representation.

@) (b) ©

Figure 5. Delaunay Triangulations constructed on Histopathological
Images of (a) Normal (b) Mild and (c) Severe stages of Varicose Ulcer

Figure 5 (a, b, ¢) shows the Delaunay triangulations that
are constructed on the normal, mild and severe stages of
varicose ulcer tissue images taken from the dataset.
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The graph generated on the tissue images clearly distincts
the stromal and luminal parts. This distinction is mainly
used to classify the tissue images. The Delaunay
triangulation applied on the histopathological image of
varicose ulcer makes the classification more efficient.

3.4 Feature extraction

In pattern recognition and in image processing, feature
extraction is a special form of dimensionality reduction.
When the input data to an algorithm is too large to be
processed and it is suspected to be notoriously redundant
then the input data will be transformed into a reduced
representation set of features. Transforming the input data
into the set of features is called feature extraction. If the
features extracted are carefully chosen it is expected that
the features set will extract the relevant information from
the input data in order to perform the desired task using
this reduced representation instead of the full size input. In
our work the features extracted are (i) Average Degree, (ii)
Average Clustering Coefficient, (color edge graph) [43]
(iif) Awverage, (iv) Min Max Ratio and (v) Standard
Deviation (Delaunay Triangulation) [44].

3.4.1 Features for Color Edge Graph:
(i) Average Degree:

In graph theory, the degree of a node is defined as the
number of its adjacent neighbors. The average degree of a
graph is the mean of the degrees computed for every node
in the graph.

(i) Average Clustering Coefficient

Average clustering coefficient also provides information
about the connectivity of a graph. It indicates the density
of connections in the neighborhood of a node. For an
individual color graph, clustering coefficients are
computed using the following definitions:

stering coefficient: Clustering coefficient of a node is
ned as the ratio of the number of existing edges over
number of all possible edges between its neighbors.

stering coefficient C, of node i is computed as follows:

2d. - E,
C =_—1 =i
I di(di _1) @

re d, is the degree of i and E, is the number of

existing edges between its neighbors.

Averaging the clustering coefficients over all nodes, four
global features are obtained to quantify a color graph.

342 Features for Delaunay Triangulation:
(iii) Average:

Average is defined as the mean between the edges of
triangles and its distance according to Delaunay
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riangulation. At first all the sides of the triangle are being
computed and then min-max ratio is being formed.

(iv) Min-Max Ratio:

Min-Max ratio is defined as the minimum and maximum
of edges in a triangle based on the Delaunay Triangulation.
At first all the sides of the triangle are being computed and
then min-max ratio is being formed.

(v) Standard Deviation:

Standard deviation is a measure that is used to
quantify the amount of variation or dispersion of a set
of data values. A low standard deviation indicates
that the data points tend to be close to the mean (also
called the expected value) of the set, while a high
standard deviation indicates that the data points are
spread out over a wider range of values based on the
edges of the triangle.

3.5 Classification using SVM Classifier

SVM is a widely adopted supervised classifier for its high
precision. It founds its root from the statistical theory
developed by Vapnick in 1982 [45]. It has records of
effective classification results in many application
domains, e.g. medical diagnosis [46, 47]. The major task
of a support vector machine is to find an ideal separating
hyper-plane between members and non-members of a
specified class in a high dimension feature space [48].
SVM performs classification in one of the following two
ways ONE vs ALL or ONE vs ONE. The ONE vs ALL
strategy distinguishes the samples of one class from the
samples of remaining classes and ONE vs ONE is done in
pairs where one SVM is constructed for each pair of

classes. For n classes, n(n—l)/2 SVMs are trained to

distinguish the samples of one class from the samples of
another class. Both strategies are for unknown patterns and
the difference lies therein whether the classification of an
unknown pattern is done according to the maximum output
among all SVMs (ONE vs ALL) or classification of an
unknown pattern is done according to the maximum voting
, where each SVM votes for one class (ONE vs ONE). In
our proposed work we have adopted ONE vs ALL so that
each stage of the ulcer is classified into a separate class
namely Normal, Mild and Severe.

The features extracted from color edge graph and
Delaunay triangulation are the inputs to the SVM
algorithm. In this work, we have focused on the
classification of normal and varicose ulcer tissues. Then
the classification further proceeds to divide the varicose
ulcer tissues into mild and severe. The dataset consists of
histopathological images of normal, mild and severe stages
of Varicose ulcer. Based on random sampling method the
dataset is divided into training and test sets. A total of 45
cases were involved in training the system comprising of
826 images (240 - Normal stage, 250 - Mild stage and 336-
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Severe stage). The test set consists of 65 cases comprising
of 720 images (180- Normal Stage, 220- Mild Stage and
320- Severe Stage). The experiment is conducted on 720
samples of testing set out of which 3 classes are extracted.
There are many common kernel functions, such as:

e Linear: X; =X,

e Polynomial of degree d : (Xi - X +1)d

e Radial basis function (RBF):
- x|

exp -

20

The radial basis function is found to be the best due to the
fact the vectors are nonlinearly mapped to a very high
dimension feature space. The optimal values of constants y
and C are determined, where y is the width of the kernel
function and C is the error/trade-off parameter that adjusts
the importance of the separation error in the creation of the
separation surface. We perform the classification for the
varicose ulcer dataset with (y, C) varying along a grid.
SVM-based classification takes N training samples, trains
the classifier on N-1 samples, then uses the remaining one
sample to test. This procedure is repeated until all N
samples have been used as the test sample. The
performance of the classification for a given value (y, C) is
evaluated by computing the accuracy across all subjects.

The features extracted from Color graphs and Delaunay
triangulation are used by the SVM classifier for efficient
classification of varicose ulcer tissue images.

IV. EXPERIMENTAL RESULTS

This section describes the experimental methodology and
provides the results of the proposed approach for a three
class classification problem of varicose ulcer. The
experiments were conducted on the native collected
varicose ulcer tissue images. The images were studied
under the guidance of clinicians to identify the correct
stage of wound. Using color graph and Delaunay
triangulation the structural features are extracted and the
different stages are classified using SVM classifier. The
proposed system is implemented using the tool MATLAB
2013. The training and testing was carried out in the
Windows 8.1 PC configured by Intel Core 13 CPU 2.3
GHz, 2 GB RAM and 250GB storage.

4.1 Classification Results:

This section gives the results for the classification of these
types of tissues using support vector machines (SVM). The
confusion matrices are given for the classification of
training and test data with the use of 5 features computed
from color graphs and Delaunay Triangulation.
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Classified Tissue
Normal Mild Severe
. Normal 233 4 3
Tr‘;‘;‘”g Mild 5 241 4
Severe 4 4 328
(@)
Classified Tissue
Normal Mild Severe
Normal 174 3 3
Test Set Mild 4 210 6
Severe 3 5 312
(b)

Table 1: Confusion matrices obtained with the structural features for
color graph and

Mild

(@ Normal misclassified as

ISSN : 2454-9150

Delaunay Triangulation for (a) training set and (b) test set

In Table I, we provide the confusion matrices obtained on
the training and test sets. From the confusion matrices it is
clear that the proposed approach yields good results for
both the training and test sets. The classification result for
all classes in the training set are also precise. It is also
clear from the matrices that although the proposed
approach leads to higher accuracies for the classification of
the normal and severe stages of varicose ulcer, it gives
relatively lower accuracies for the mild stage of varicose
ulcer. To rule out this issue we check the misclassifications
for all the three classes. Figure 7 shows the outputs of the
misclassification results for normal, mild and severe stages
of varicose ulcer.

(b) Normal misclassified as Severe

(c) Mild misclassified as Normal

(d) Mild misclassified as Severe

(e) Severe misclassified as Normal

() Severe misclassified as Mild

Figure 6. Varicose ulcer (a)-(b) Normal, (c)-(d) Mild and (e)-(f) Severe tissue images misclassified by the proposed approach

The observation leads to the fact that almost all of the
normal tissues that are misclassified as mild (6a) comprise
staining related problems commonly found in any
histopathological image. In addition to this, almost all of
the normal tissues that are misclassified as severe (6b)
consist of sparsely located glands. Examples of
misclassified mild tissues are given in Figure 6¢ and 6d.
This misclassification is not much erroneous and it lies at
the boundary between mild and severe stages. Figure 6e
and Figure 6f show the examples of misclassified severe
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stage samples which does not show any common
characteristics.

4.2 Performance assessment metrics

The True Positive Value (i.e) the percentage of correctly

identified ulcer stage is used to find the Sensitivity of the
proposed method.
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NoOfCasesldentifiedExactlyAtlisCorrectSiage
NoOfcasesldentified®rrectlyAttsCorrectStage+ NoOfCasesNotldentifedInCorredlyAtltsCorrectStage

Sensitiviy =

)
clinically. In rare cases, the specificity would be useful to
The True Negative predictions are used to calculate the detect the correct stage misinterpreted clinically.
Specificity value. False positive rate is the percentage of
ulcer stages correctly rejected by our system as not reported
NoOfCasesRe jectedExadlyAtltsinCorrectStage

Specificity =
P y NoOfCasesRe jectedExadlyAtltsInCorrectStage + NoOfCasesldentifiedhCorrectlyAtltsCorrectStage
@)
Accuracy is the measure which gives the predictive ability
of the proposed system in terms of True Positive, True
Negative, False Positive and False Negative values.
TruePositve+TrueNegatie
Accuracy = — _ — @)
TruePositive+TrueNegative + FalsePositive+ FalseNegaive
These three different performance measures shown in
equation (2) — (4) are used to quantify the proposed system
and other comparative works.
Table 2 gives the performance measures of the proposed
work for both the training and test set.
Class/ Training Set Test Set
Performance | Sensitivit | Specificit | Precisio | Accurac F Sensitivit | Specificit | Precisio | Accurac F
Measures y y n y score y y n y score
1 0.9628 0.9880 0.9708 | 0.9806 | 0.9668 | 0.9613 0.9888 0.9666 | 0.9819 0'%63
0.958
2 0.9678 0.9844 0.9640 | 0.9794 | 0.9659 | 0.9633 0.9800 0.9545 | 0.9750 9
0.973
3 0.9791 0.9837 0.9761 | 0.9818 | 0.9776 | 0.9719 0.9799 0.9750 | 0.9763 4
0.965
Average 0.9699 0.9853 0.9703 | 0.9806 | 0.9701 | 0.9655 0.9829 0.9654 | 0.9777 4
Table 2: Performance measures of the proposed work for both the training and test set
The above table shows that on an average the proposed work set. Figure 8 shows the graphical representation of the

yields good classification result for both the training and test performance analysis of the proposed work.

Performance Analysis of Proposed Work
0.99

0.985

0.98
0.975
0.7
0.965
0.96
0.955

Sensitivity Specificity Precision Accuracy F score

M Training Set W Test Set

Figure 7. Performance Analysis of the proposed work
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Fo comparison the state-of-art methods proposed by Dogan
Altunbay et al (2010) are applied on our native dataset and
the accuracy analysis results are shown in Table 3.
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Proposed Work Dogan Altunbay et al(2010)
Class Sensitivity | Specificity | Precision | Accuracy | F score | Sensitivity | Specificity | Precision | Accuracy | F1 Score
1 0.9613 0.9888 0.9666 | 0.9819 | 0.9640 0.9334 0.9589 0.9423 | 0.9635 | 0.9597
2 0.9633 0.9800 0.9545 0.9750 0.9589 0.9544 0.9775 0.9558 0.9567 0.9426
3 0.9719 0.9799 0.9750 0.9763 0.9735 0.9873 0.9714 0.9314 0.9715 0.9338
Average 0.9655 0.9829 0.9654 0.9777 0.9655 0.9584 0.9693 0.9432 0.9639 0.9454
Table 3: Statistical performance measures of proposed work along with the comparative work.
0.99
0.98
0.97
0.96
0.95 Proposed Work
Dogan ARunbay et al(2010)
0.94
0.93
0.92
Sensitivity Specificity Precision Accuracy F score

Figure 8: Comparative Accuracy analysis of the proposed work with the work proposed by Dogan Altunbay et al. (2010)

Figure 9 shows the comparative accuracy analysis of the
proposed method with earlier method proposed by Dogan
Altunbay et al. (2010). While experimenting the results, the
proposed method attains 96.55 % sensitivity, 98.29 %
specificity, 96.54 % precision, 97.7 % accuracy and 96.55 %
F score.

V. CONCLUSION

Computer aided image analysis for varicose ulcer tissue
classification is much needed nowadays for early diagnosis
and treatment. This analysis makes use of computational
methods that employ various image processing techniques.
The methods presently in use ignore the existence of other
components in a histopathological image such as luminal
and stromal regions. These regions play crucial role in the
tissue structure. In this thesis, we introduce a new
structural method for automated varicose ulcer grading.
This method involves color graph and Delaunay
Triangualtion approaches to extract the structural features
from the tissue images. These extracted features are used
by support vector machines for classification.

We conducted the experiments on 1546 photomicrographs
of varicose ulcer tissues that are taken from 110 different
patients. These experiments demonstrate that the structural
features lead to 98.63 % training accuracy and 97.77 %
test accuracy for the varicose ulcer tissue classification.
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The proposed method shows that the effectiveness of the
approach is improved by considering different tissue
components in a structural representation. As Delaunay
triangulation is known to be one of the effective
representations in quantifying the spatial distribution of
graph nodes we propose it for graph generation. The
experiments conducted on the varicose ulcer tissue images
demonstrate that the colored features lead to improved test
accuracy for the automated varicose ulcer classification.
As our approach is fully based on the structural features it
gives better results when compared to its counterparts.
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