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ABSTRACT
A pressure ulcer is a lesion caused by unrelieved pressure resulting in damage of underlying skin tissue when the body stays in one
position for too long without shifting the weight. The treatment of pressure ulcer is very costly for healthy services. The accurate
diagnosis and the appropriate treatment are crucial because starting the treatment too late may lead to the development of more severe
lesions that may be life-threatening. The computer vision approaches presently available do not provide a precise solution for the
pressure ulcer problem. So this paper uses a hybrid approach based on Neural Network and Probability Classifier for automatic tissue
identification in wound images. Color and texture features are extracted after Region Segmentation is done using the mean shift
procedure and region growing strategy. The Neural Network is trained with these extracted features as inputs.To this end, probability
committee machine is formed by training a probability classifier to combine the classifications of the k neural networks.
__________________________________________________________________________________________________________
meanshift smoothing, watersheds [14], region growing [15],
I. INTRODUCTION
classification [16], graphs [14], [17] that is sometimes
Chronic wounds are common problems in medical and nursing
combined with machine learning strategies [17]-[20]. For
practice (a,b). Although chronic wound incidence and
wound segmentation the active contour modeling, histogram
prevalence are largely unknown, chronic wounds, particularly
segmentation, region growing algorithms, clustering methods
relatively common ones such as leg ulcers, pressure ulcers and
or skin texture models have been proposed in the literature as
diabetic ulcers, have a considerable socio-economic impact in
possible. In [7], Kolesniket al. investigated the use of
countries worldwide. Between 500000–600000 persons living
multidimensional histograms to generate a set of features
in the United States are suspected to be suffering from venous
which are used as input to a support vector machine classifier
leg ulcers[1]. Treatment costs for this condition are
for segmentation of the whole wound-bed region on images of
substantial, with expense reaching $775 million to $1 billion
chronic wounds. This paper uses several image processing
annually [1]. Because many cannot afford this treatment,
techniques and a hybrid approach based on neural networks
patient compliance remains a major problem [1], [2].A study
and Probability classifiers to design an automatic procedure
conducted by Olin et al. set out to determine the source of outfor effective region segmentation and identification of
patient expenses related to venous leg ulcers [1]. The tissue
significant tissues in pressure ulcer color-digital images.
recognition in pressure ulcer is the main objective of this
Neural networks have shown high efficacy rates when applied
paper. To evaluate the wound state, pressure ulcer tissues have
to similar clinical problems such as melanoma diagnosis by
to be detected, segmented and finally the tissues are classified.
digital dermoscopy [21] Our proposed methodology includes:
On the other hand, manual tracing of pressure ulcer regions of
1) using image processing techniques such as filtering, kernel
significant tissues i.e., skin, healing, granulation, slough, or
smoothing by the mean shift procedure [22] and region
necrosis, is not a common task in medical practice: the most
growing [23] to segment the images; 2) extracting significant
widespread clinical tools to estimate the wound state are
color and texture features from these segmented regions; 3)
mainly based on the simple detection of the most damaged
using statistical analysis to reduce the dimensionality of the
tissue appearing in the wound, but not on the quantification of
feature space; 4) training a set of K supervised neural
the area of each specific tissue ulcers[6]. The more accurate
networks—multilayer perceptrons
[24]—to classify the
region segmentation and tissue classification in pressure ulcer
segmented regions as belonging to one of the different tissue
images can be done using the computational design and
categories proposed by the clinicians; and 5) training a
computer vision approaches. The same application areas
Probability classifier to form a Probability Committee
mainly concentrate on the two specific objectives of the
Machine (PCM) [25] which combines the predictions from the
overall problem:1)using the contour detection to identify the
K -neural networks to improve the classification performance
wound area [7], active contour modeling [8], [9], region
scores of the system.
growing [10], region segmentation or texture analysis or
models [8], [11], [12] and 2) the different tissue types for
detection that existing in the image by using diverse
segmentation techniques such as histogram thresholding [13],
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II. METHODOLOGY
In this section we first define about the dataset and the
magnetic resonance imaging which we use in our experiment
For this purpose, in this paper an mean shift procedure for
border-preserving region smoothing is used as a preliminary
stage for region growing segmentation. The Region growing
algorithm is used to image segmentation. After the images are
segmented, a set of color and texture features is extracted from
each resulting region. A Principal component Analysis (PCA)
allows the reduction of dimensionality of the initial color and
texture feature space. Finally, this pattern set is used to train
supervised neural networks and Probability classifiers, to
categorize the tissue into five different tissue types: skin,
healing, granulation, slough and necrosis. Each particular
stage of this general methodology will be explained in detail
in the next sections.
A. Subjects
We trained and tested our methods on a datasets images are
high magnification and high resolution so that fine-scale skin
features such as pores and fine wrinkles are readily apparent.
To minimize the margin of error, the camera lens is oriented in
parallel to the plane of the wound. A total of 50 photographs
is an ad
were selected which were considered to be an appropriate data
set for analysis because of the presence of all the tissue types
significant in pressure ulcer evaluation that lead to accurate
segmentation of the specific regions for effective tissue
identification. 50 of these subjects were reserved for training,
and 50 for testing. The training subjects were composed of 10
subjects with skin area), 10 with healing area,10 with
granulation area,10 with necrosis area,and 10 slough area. The
50 testing subjects were composed of 10 skin.10 healing,10
granulation,10 necrosis, and 10 slough.
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Application domains include clustering in computer vision and
image processing [24]. In this study, we use the mean shift
procedure for locating the maxima of a density function given
discrete data sampled from that function. It is useful for
detecting the modes of this density. This is an iterative
method, and we start with an initial estimate
to region
segmentation. The mean shift procedure has been fully
described in [34] as a general nonparametric density estimator.
It is based on kernel density estimation. Mathematically, given
n points xi,i=1,…n in the d-dimensional space Rd —in the case
of images, the points are the pixels—, and assuming that each
point xi is associated with a bandwidth value hi > 0 , the sample
point multivariate kernel density estimator with kernel K(x)
,computed at point x is given by

fk(x)=1/n∑i=1n 1/hid k(||x-xi/hi||)

…. (1)

based on a spherically symmetric kernel with bounded support
satisfying

K(x)=ck,dk(||x||2) > 0 ||x|| ≤ 1

….(2)

aptive nonparametric estimator of the density at location x in
the feature space. The function K(x) 0<x<1, is called the
profile of the kernel, and the normalization constant Ck,d e

B. Magnetic resonance imaging
Magnetic resonance imaging (MRI), nuclear magnetic
resonance imaging (NMRI), or magnetic resonance
tomography (MRT) is a medical imaging technique used in
radiology to visualize internal structures of the body in detail.
MRI makes use of the property of nuclear magnetic resonance
(NMR) to image nuclei of atoms inside the body. An MRI
scanner is a device in which the patient lies within a large,
powerful magnet where the magnetic field is used to align the
magnetization of some atomic nuclei in the body, and radio
frequency fields to systematically alter the alignment of this
magnetization. This causes the nuclei to produce a rotating
magnetic field detectable by the scanner and this information
is recorded to construct an image of the scanned area of the
body. Magnetic field gradients cause nuclei at different
locations to rotate at different speeds. By using gradients in
different directions 2D images or 3D volumes can be obtained
in any arbitrary orientation.

Figure 1: Overview of work flow

C. Mean Shift Smoothing

D. Region Segmentation

Mean shift procedure is a non-parametric feature-space
analysis technique, a so-called mode seeking algorithm.

For image segmentation, after mean shift smoothing
procedure, a region growing algorithm [35] (Algorithm 1)
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drives the image segmentation process. Segmented regions
obtained this way are consistent with the separate areas of
different significant tissues. The average number of regions
per image in our study was approximately 250. From the 50
images analyzed in this paper, a total of 12500 regions were
obtained from the mean shift and region-growing
segmentation process above. From this total number of
regions, a small proportion corresponds to non-significant
areas such as shadows or clinical material. These undesired
regions were manually ruled out. The graphical software
developed dramatically reduces the time consumed during the
wearisome process of labeling and separating the segmented
regions in the images. The procedure for region segmentation
is the following

Research Paper
new cases as they arrive, i.e., decide to which class label they
belong, based on the currently exiting objects.

Algorithm:
Learning Phase: Given a training set S,
For each target value of c i( ci=c1,…..,c L)
P(C=ci) ← estimate p(C=c i ) with examples in
S;
For every attribute value a j k of each attribute x
(j=1,…,n;
k=1,…,N j)
j
P(X j=a j k | C=ci)←estimate p(X j=a j k| C=c
i) with examples in S;
Output: conditional probability tables; for x ,N j x L
elements
Test Phase: Given an unknown instance X'=(a'1,….,a' n)
Look up tables to assign the label c* to X’ if
P(a'1|c*)…P(a' n |c*)]P(c*)>[P(a'1|c)…P(a' n |c)]P©, c
≠c*,c=c 1,…,c L
G.Neural Network

sequence of outputs after performing mean shift smoothing,
region segmentation to a sample image is given in Fig 2.
E. Feature Extraction
Based on the co-occurrence matrix, many different texture
and color descriptors may be computed. To reduce the
computational complexity, only some of these features were
selected. The descriptions of the four most relevant descriptors
that are widely used in literature and also in this work are:

Contrast = ∑i||i-j||k(p ij)
Energy=∑ i jρi j(logρij)
Entropy=Ʃ i j ƥ (i j )

ג

.... (3)
....(4)
….(5)

F.Probabilty Classifier
The Probabilty Classifier technique is based on the so-called
Bayesian theorem and is particularly suited when the
dimensionality of the inputs is high. Despite its simplicity,
Probabilty can often outperform more sophisticated
classification methods. To demonstrate the concept of
Probability Classification, consider the example displayed in
the illustration above. As indicated, the objects can be
classified as either GREEN or RED. Our task is to classify

An Artificial Neural Network (ANN) is an information
processing paradigm that is inspired by the way biological
nervous systems, such as the brain, process information. The
key element of this paradigm is the novel structure of the
information processing system. It is composed of a large
number of highly interconnected processing elements
(neurones) working in unison to solve specific problems.
ANNs, like people, learn by example. An ANN is configured
for a specific application, such as pattern recognition or data
classification, through a learning process. Learning in
biological systems involves adjustments to the synaptic
connections that exist between the neurones. This is true of
ANNs as well.
Algorithm:
1)Initialize the weights with random numbers.
2)Initialize the vector with random numbers.
3)With the initialized values,compute the output using the
procedure at explained above.
4)Adjustable of weights
a)Between hidden and output layer.
b)Between input and hidden layer.
5)Sum squared error at every iteration is calculated .
6)The above steps in adjusting the weights and vector values
are repeated ,until the particular is reached.
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III.EXPERIMENTAL RESULTS
The Pressure ulcer disease majorly affects the of the leg
area. The whole leg structure also gets degenerate due to
Pressure ulcer disease. Five different types of tissues in the
wound images are detected effectively.

Our first work is to mean shift procedure for continuitypreserving smoothing of pressure ulcer digital images, as a
previous critical stage to region segmentation.Mean-shift
essentially is a feature-based analysis of data points, which
requires a nonparametric estimator of the gradient of the
density gradient in feature space. Advantages of feature-space
methods are the global representation of the original data and
the excellent tolerance to noise. When a density function in
feature space has peaks and valleys, it is desirable to divide
data points into clusters according to the valleys of the point
densities, because such boundaries in feature space are
mapped back to much more natural segmentation
boundaries.The mean-shift procedure consists of two steps:
the estimation of the gradient of the density function, and the
utilization of the results to form clusters. The gradient of the
density function is estimated by a nonparametric density
estimator. Then starting from each sample point, the meanshift procedure iteratively finds a path along the gradient
direction away from the valleys and towards the nearest peak.

Figure 2: Mean Shift Smoothed using Mean shift Procedure

Research Paper
Segmented regions obtained this way are consistent with the
separate areas of different significant tissues.Pressure ulcer
images have been segmented using this approach. To
minimize the effects of the light reflections, a median filter is
applied to the images before the segmentation process is
started. In order to reduce the number of regions resulting
from this segmentation process and therefore limit the
complexity of the subsequent classification problem, the
original image resolution of 1632*1224 pixels is reduced to
204 *153 pixels.

Figure 4: Region Segmentation using Region Growing Algorithm

Finally the Classification stage the classifier is used to classify
the wound tissues. The purpose of classifier is to recognize
the given tissue is skin,healing,granulation,slough or necrosis.
The features of the five different types of tissues are extracted
and these features are fed as a input to the classifier and the
classifier is trained by giving some images . After this test the
classifier by giving the test samples to the classifier now the
classifier predict whether the given test sample is
skin,healing,granulation,slough or necrosis. The classifier
used in this project is Neural Network and Probability
Classifier which classifies the wound tissue clustered region as
skin, healing, granulation, slough or necrosis .

Figure 5: Tissue Classification using probability Classifier and
Neural Network

Average ROC curves of the
Classification results
Proposed Approach
1
Specifici
ty

0.8
0.6
1
0.8

Sensitivity
0.85
0.9

Accuracy 0.9
0.95

Figure 3: Error metrics which shows 1-Specificity and Sensitivity
values

In our second method we have to define our Region growing
segmentation algorithm has been launched on an image which
is the result of the mean shift smoothing procedure.
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Sample Test
Figure 6: Error Metrics which shows Sample test and Accuracy
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Evaluation Metrics
To assess the accuracy of our methods, we report some
standard error metrics. Here we define accuracy, sensitivity
and specificity.
Sensitivity =

(6)

Specificity =

(7)

where TP is true positive, FP is false positive, TN is true
negative and FN is false negative.
CONCLUSION AND FUTURE WORK
We proposed a method to segment the region segmentation
and the classification. The results show that the five different
types of tissues in the wound images are detected effectively.
Normally the wound images consist of several tissues, to
detect the five different types of tissues in the wound images is
a risky factor. For this purpose we developed Color and
texture Features that represent the suspiciousness of different
tissues. This paper suggest that the five different types of
tissues are also classified accurately. This paper reduces the
false positive rate by detecting the different tissues as
skin,healing,granulation,slough or necrosisIn the future, we
will apply both of these techniques to new datasets to examine
different diseases and to other segmentation methods for
success and accuracy.
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