Journal of Medical Systems (2019) 43: 3
https://doi.org/10.1007/s10916-018-1112-5

PATIENT FACING SYSTEMS

@ CrossMark

Artificial Intelligence Based Skin Classification Using GMM

M. Monisha' - A. Suresh?@® - M. R. Rashmi?

Received: 7 September 2018 / Accepted: 24 October 2018 /Published online: 20 November 2018
© Springer Science+Business Media, LLC, part of Springer Nature 2018

Abstract

This study describes the usage of neural community based on the texture evaluation of pores and skin a variety of similarities in
their signs, inclusive of Measles (rubella), German measles (rubella), and Chickenpox etc. In fashionable, these illnesses have
similarities in sample of infection and symptoms along with redness and rash. Various skin problems have similar symptoms. For
example, in German measles (rubella), Chicken pox and Measles (rubella) a similarity can be observed in skin rashes and redness.
The prognosis of skin problems take a long time as the patient’s previous medical records, physical examination report and the
respective laboratory diagnostic reports have to be studied. The recognition and diagnosis get tough due to the complexity
involved. Subsequently, a computer aided analysis and recognition gadget would be handy in such cases. Computer algorithm
steps include image processing, picture characteristic extraction and categorize facts with the help of a classifier with Artificial
Neural Network (ANN). The ANN can analyze the patterns of symptoms of a particular disease and present faster prognosis and
reputation than a human doctor. For this reason, the patients can undergo the treatment for the pores and skin problems based
totally on the symptoms detected.

Keywords Gaussian mixture model classifier (GMM) - Pre-processing - Dominant rotated local binary pattern (DRLBP) - Gray
level co-occurrence matrix (GLCM) - Super pixel segmentation - Probabilistic neural network (PNN) classification

Introduction

Pores and skin related diseases along with pores and skin
cancers are the most common global. Skin pores is a common
ailment prevalent these days, In fact, there has been an in-
crease in various types of skin cancer. Among diverse catego-
ries of pores and skin associated sicknesses, malignant cancer
is one of the most important motives for more than 10,000
deaths yearly in the Fatality due to malignant cancer is on the
rise [1]. However, in most of the cases, early diagnosis and
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treatment can completely cure the sickness [2]. Early level
detection of the kind of the ailment is vital in determining
the appropriate treatments that can be carried out [3].
Dermoscopy is one of the popular non-invasive approaches
for identifying pigmented pores and skin lesions.
Examinations carried out through naked eye have a few draw-
backs like accuracy related discrepancies, vigilance of the hu-
man observer and many others. Computer aided strategies can
efficiently analyze and monitor subsurface structures of the
pores and skin lesions. This method offers better understand-
ing of exceptional forms of lesions, their appearance and fea-
tures. ...,. Have special features to cater to the To lessen the
diagnostic errors, the research on this topic has evinced much
interest. Due to the variations in dermoscopic picture samples,
computer aided techniques for lesion segmentation becomes
ideal for a flawless dermoscopic photographs.. The major
challenges involved are different angles, abnormal zooming,
and lighting situations. Furthermore, pix may also incorporate
a few artifacts that will have an effect on the classification
results. Distinctive techniques have been developed to re-
search and section biomedical snap shots of various modalities
[4—6]. Different contour based methods can be used in the
analysis of biomedical pictures [7]. In this work, a computer
aided computerized method is proposed, which applies Non-
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Fig. 1 Proposed block diagram of
skin classification
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Dominated Sorting Genetic Algorithm (NSGA 1II) educated
neural networks for pores and skin lesions class. The commu-
nity has been educated by means of distinct snap shots ac-
quired from the ISIC 2017 challenge. The trained NSGA 11
supported classifier changed into then employed on.

Classification of images

In Digital Image processing, the processed images are being
classified as binary Image, grey Scale, and Colored image.

Binary image

In binary image, each pixel is processed with two possible
values, most probably black and white are being chosen for
representation. It is also called as bi-level or two-level. The
object(s) in the images are represented by foreground color
while the rest of the portions are in background color..
Each pixel possess single bit (0 or 1) representing the black
and white colors. Monochrome is a single values concept
with only one sample per pixel which is said to be a gray
scale images. Binary images are often used for masking,
segmentation, thresholding, and dithering. Bi-level images
are used in many input/output devices such as laser
printers, fax machines, and bi-level computer displays [8—16].

Grey scale image

A gray scale image is a virtual picture in a photograph whereas
every pixel is a unmarried pattern, that is, it carries handiest
depth statistics. Images of this sort are also referred to as
black-and-white, as they are composed of sunglasses of grey
(zero-255), and white (255). Grey scale photos are better than
one-bit black-and-white pictures which are emerged with the
two colors, black, and white (also referred to as bi-stage or
binary pictures). Thus, grey scale image is said to be mono-
chromatic as it represents the absence of any chromatic vari-
ation in the pixel. In Grey scale pix, the intensity of light is
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measured at each pixel which captures at a single band of the
electromagnetic spectrum (e.g. infrared, seen mild, ultraviolet,
etc.). However, they can be synthesized from a complete color
picture too. A (virtual) color photograph is a digital image that
consists of shade statistics for each pixel. Each pixel has a
selected price which determines its performing shade. This
price is qualified through 3 numbers giving the decomposition
of'the color within the three colors crimson, inexperienced and
Blue. Any shade seen to human eye can be represented this
manner. The decomposition of a shade within the three prima-
ry shades is quantified between 0 and 255. This is particularly
useful in biometric authentication, high-generation surveil-
lance and protection structures, picture retrieval, and passive
demographical facts collections. It is far unarguable that hu-
man face characterizes humans. By looking at’ faces, we
would not be able to tell who they are, however, a variety of
information consisting of their emotions, and gender can be
easily perceived. Therefore, emotion study through face has
acquired much interest in pc vision studies community over
the past two decades. Technical development over the last
decades, there have been tremendous advances in facial
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Fig. 2 Neural network pattern
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Fig. 3 Skin color image

photograph processing in which it detects the facial area in
particular, in which a numerous algorithms can be implement-
ed for various applications. Over the last few decades, there
has been a tremendous advancement in facial photograph pro-
cessing, especially in face detection. Numerous robust algo-
rithms have been proposed for sensible applications.

With reference to emotion recognition, the techniques,
gear and algorithms employed originate from various as-
pects such as pc imaginative and prescient, pattern recog-
nition, records and devices getting to know the know-how.
Face detection and emotion classification, can be imple-
mented consecutively. With a purpose to take advantage
of specialty of faces in emotion reputation, step one is to
hit upon and localize one’s face within the pix. This is
achieved through transforming the given vicinity into

capabilities and then using classifier skilled on instant pix
to determine if these functions constitute a human face. As
faces can be displayed in numerous sizes, usually a
window-sliding technique is hired. The idea is to have
the classifier classifying the quantities of a picture, in any
respect location and scales, as face or non-face.

Proposed system

The proposed system skin classification is given in Fig. 1. The
worldwide pores and skin Imaging Collaboration (ISIC)
strives to enhance the skin disease prognosis. It has lately
started efforts to combine the right of entry to dataset of
dermoscopy photos. The dataset consists of more than
25,000 pictures of various types of sickness. The images
are screened for each and first-class 226 standards. The
clinical metadata is associated with each image which
has been furnished by using the renowned skin experts.
One of the major aims of this venture is to present a picture
from the ISIC Archive to beautify development of auto-
mated pores and skin disease prognosis tactics from
dermoscopic pics. The pictures are of different resolutions
(from 1022 X 767 to 6748 X 4499), angles of images and
lighting situations. Some pix of this dataset include arti-
facts. 3 sorts of images have been taken into consideration
for this painting, namely Angioma, Basal cellular
Carcinoma, Lentigo Simplex. pattern check images have
been proven in fig.

Fig. 4 HSV separation
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Fig. 5 Skin hsv image

RGB2HSV

HSV (Hue, Saturation, Value) space may be used for
assigning distinct colors to the foreground and history of the
photograph in comparison to the equivalent RGB photo. HSV
shade area consists of three components specifically the Hue,
the Saturation and the value.

In MATLAB, HSV coloration space of an photo is 3
dimensional matrix and each matrix represents each of
the three element (Hue,Saturation,value). Hue and satu-
ration varies between 0 and one [17]. Though, satura-
tion defines colorfulness hue is precise to the coloration.

Wavelet transform

In discrete wavelet transform, it reworks the statistical vector of
equal length representing the center which is normally recorded
as zero. This in turn decomposes into a rapid and hard form of

wavelets (functions) that are orthogonal to its translations func-
tions and also for scaling purposes. Consequently, one of these
signs is decomposed to an identical or lower wide variety of the
wavelet coefficient spectrum which is considered as a informa-
tion points for various signs. Typically, this spectrum is used for
signal processing and data compression in which no repeated
data’s exists [ 18]. In non-stop wavelet transform, it returns with
an array of one dimension data which is larger than the given
input. Theses 1D data are represented in the time-frequency
plane in which the evolution of signal frequencies are occurred
at length of the signal and deduce the required spectrum with
other signals spectra. These type of wavelet transform are
employed with non-orthogonal set of wavelets which shows
higher redundancy in the output. This is used to segment extras
in the human shape with more accuracy.

Discriminant robust local binary pattern

Discriminant strong nearby Binary sample (DRLBP) and
Discriminant sturdy local Ternary pattern (DRLTP) tech-
niques are employed for function extraction. The gadget pro-
poses new approach in extension with local ternary sample
referred to as DRLTP and DRLBP [19]. Via using those
methods, the class recognition gadget will be evolved for util-
ity to retrieval of photographs [20]. The category popularity is
to categorise an item into one in each of the several predefined
categories. DRLTP & DRLBP are used for exclusive item
texture, side contour and shape function extraction proce-
dures. They are sturdy to illumination and comparison ver-
sions because they simply consider the signs and symptoms
of the pixel differences. The proposed function retains the
assessment facts of picture styles. They contain each facet
and texture data that is desirable for object reputation. The
DRLBP & DRLTP discriminates an item like the object floor
texture and the object by using its boundary.

Fig. 6 Skin binary image
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Fig. 8 Contour detection
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GLCM

In the given matrix below, the placement operator are used as
“1 pixel to the right and 1 pixel down”. This gives the grey-
level co-occurrence matrix (under right)

0 0 0 1 2
1 1 0 1 1 1 4 2 1
2 2 1 0 0 C—E 2 3 2
1 1. 0 2 0 0 2 0
0 0 1 o0 1

Thus, four different texture patches are obtained with size
of 96 x 96 pixels. All the pixels in the patch (quantized to 16
levels) were used to form GLCMs shown below. The position
operator is given as “one down and one to the right.”

Contour

Canny is an algorithm made for edge detection. That is the base
algorithm for any line side or contour detection for its accuracy
and ease to use. The example provided below will show the
way to come across strains into an image with the canny set of
rules. Observe that the canny algoirthm uses the sobel algorithm
within the background. To discover lines in the photograph, we
will use the cv. HoughLines2 that do the process of discover
lines from a “cannied” image. The example shows the usage of
the standard HoughLines and the probabilistic way. Take a look
at the documentation for To do contours detection, OpenCV
provide a function known as FindContours which ought to be
carried out to the picture in order to get a terrific contours
detection In this instance we first use the MorphologyEx func-
tion with method and to launch contours. Then we follow the
FindContours feature to locate contours and print them at the
colour picture even though we paint on the grey scale version of
the photograph [21].

Region Growi
T

ng

P b contour detector is the simple block for computing the
gradient signal G(x, y, 6) provided in a given depth picture 1.
This is continued by segregating the circular disc at region (x, y)
into two halves with the diameter provided at a given attitude ©.
This segregated half of-disc is represented by histogram to de-
duce the intensity values of the pixels of I. The gradient signal
G at region (x, y) is defined with the aid of the x 2 distance
among the two half-disc histograms g and h:(9) this is then
observed under 2nd-order Savitzky-Golay filtering [63] to en-
hance neighborhood maxima and erase a couple of peaks oc-
curred inside the path that is orthogonal to 0. This is equivalent
to fit a cylindrical parabola, whose axis is orientated along path
0, to a nearby 2d window surrounding each pixel and changing
the reaction at the pixel. These evaluation measures are imple-
mented for reducing the image discontinuities occurred in the
contours and the histograms available are used for modeling the
content in the given picture region. The gradient response meth-
od is the orientation of a pixel that lie on the boundary of the
given image between the distinct regions. The P b detector
combines the orientation occurred between the gradient indica-
tors arises from the reworked input image and being divided

Cancer Detected
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Fig. 9 Border of the skin affected parts
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Edge Detected

Secondary region

Primary region

Fig. 10 Edge detected part denoting like foreground images and background images

Fig. 11 Database loading and
training results in NN learning
and database loading

.0000
.0000
.0000
.7263
.0000
.0000
.0000
.0000

O O O O+ O O O

.0000
.0000
.0000
.0998
.0000
.0000
.0000
.0000

O O O O 00 O O O

Target Vectors

into four feature channels in which each channel is being proc-

essed independently.

Probabilistic neural network (PNN)

The structure of PNN is given in Fig. 2. PNN is an eminent

classifier that is implemented for:

- _ ~ 1000 0.0000 0.0000
000 0.0000 0.0000
Training Completed
000 0.0000 0.0000
039 5.5545 5.7205
0.0000 0.0000 0.0000 0.0000
4 - x )00 0.0000 0.0000
00 0.0000 0.0000
Database loaded Successfully
0.0000 0.0000

Mapping any given pattern to a numerous classifications
used as a approximator for general function
implemented to represent statistical set of rules called ker-
nel discriminant analysis [5, 20, 21] wherein the opera-
tions are organized into a multilayered feed forward com-
munity with four layers:

Input layer

- |

165
e HL SKIN LESION CLASSIFICATION AND DETECTION SYSTEM
E
1 Cancer Detected 3
fu BROWSE - -
. THRESHOLD_SEG  Region Growing
) 2] Result: _ Description
B * 100
% TYPE:Beningn,CATEGORY:Boil(furuncie)
% COLOR CONVERSION CONTOUR DETECTION e
° = Causes
%
o
S 0
0 100 200 300
LBP DATABASE LOADED
4 Symptoms
° Edge Detected i i i
" O TURES ge Detec 15X Secondary region Primary region

TRAINING
GLCM

° ABCD_FEATURES

%

Fig. 12 GUI of final skin classification window
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e Pattern layer
*  Summation layer
*  Output layer

Result and discussion
The proposed has taken 10 various steps as

1. Selection of RGB image. Here we are getting RGB image
of the skin part and loading to MATLAB as matrix. The
RGB image had been shown in (Fig. 3)

2. Here we are converting the image into HSV format, so
that it can produce 3 values which have directional and
angle data. The same had been displayed in (Fig. 4)

3. HSV conversion results in extracting of color space infor-
mation and as well as intensity information. The color
intensity of the image was identified from (Fig. 5)

4. Here we are applying pattern feature extraction and stor-
ing it as matrix file. The binary image of the skin is given
in (Fig. 6)

5. Here we are taking color based segmentation. GMM is
guassian mixture model, which can give information
about color variations as well as the region part. The seg-
mented GMM image could be seen from (Fig. 7)

6. As the result of GMM we are getting region growing part
and detecting the boundary using contour detection. We
can find out the affected region and can differentiate be-
tween into normal and abnormal. The same had been
shown in (Fig. 8).

7. Next we are representing the area and boarder of the skin
affected part . The affected area had been given in (Fig. 9)

8. Edge detected part denoting like foreground images and
background images were given in (Fig. 10).

9. Database loading and training results in nn learning and
database loading. The results were displayed in (Fig. 11)

10. Displaying what type of disease it have and detecting the
stage was displayed in (Fig. 12)

Conclusion

Bio-impedance size technique is for evaluation of skin ill-
nesses is utilized in diagnosis of early level pores and skin

diseases like cancer pores and skin tumours Non-cancer 1)
basal cell carcinoma 2) squamous cellular carcinoma and
Malignant cancer skin sickness like scabies, zits, Sickle-cell
Anemia, Rubella, Leprosy, Psoriasis Hand, foot, mouth skin
diseases. From above consequences we conclude that normal
skin value has more value than ailment pores and skin. We can
separate the affected pores and skin with regular skin. By way
of the usage of this dimension, we easily diagnose and evalu-
ate affected pores and skin with ordinary skin of any disorder.
From this method we manipulate our frame parameter and
keep away from occurrence of various diseases like early level
pores and most skin cancers.
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