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\For a successful technology, reality must take precedence over public relations, for
Nature cannot be fooled."

Richard Feynman



Abstract

Psoriasis is a chronic, immune-mediated, relapsing, inflammatory skin disease and
usually associated with itch. The prevalence of psoriasis varies 1%-12% among
different populations worldwide. This disease develops when the immune system
mistakes a normal skin cell for a pathogen and sends out faulty signals that cause
overproduction of new skin cells. This disease can be diagnosed by visual and
haptic inspection. The visual changes of the outer skin surface due to this disease
include the development of elevated red scaly dry patches with well-demarcated
borders on the skin surface. However, the shape, size, color, and distribution of

these patches vary. In dermatology, these patches are termed as psoriatic plaque.

No drug is available yet to cure psoriasis completely but the severity can be con-
trolled by suitable drug doses. However, the drug response varies among different
patients. So, the development of reliable severity assessment procedure is required
to decide the type and dosage of treatment required as well as to measure disease
progress and drug efficacy. So, dermatologists use Psoriasis Area Severity Index
(PASI) for estimating severity. This procedure considers four parameters: (i) per-
centage of affected skin area, (ii) redness (erythema) level of the affected area, (iii)
silveriness (scaling) of the affected area and (iv) the elevation (induration) formed
on the skin for this disease. The PASI scoring is an eye estimation procedure and

done by the dermatologists in a subjective manner.

Another challenge in psoriasis management is to diagnose psoriasis. It is often
difficult to differentiate psoriasis from other erythemato-squamous diseases like
Seborrheic dermatitis, Leprosy, Lichen planus, Tinea corporis, Pityriasis, Eczema,
etc. as they carry similar clinical features. Hence, histopathological examination
is considered for confirmation. But the quantitative analysis of biopsy images by
a human is time-consuming and laborious. Moreover, issues like over-staining,
tissue overlapping in the biopsy slide make the task challenging, even for highly

experienced pathologists.

This thesis deals with four different research problems to cope up with dermatol-
ogists” limitations. The very first task is to localize plaque regions in skin images.
For this task, a new clustering-based segmentation algorithm is developed and
used. The second task is to develop machine learning algorithm for automatic

severity scoring of psoriatic plaque. For this task a multi-task learning based



Deep Convolutional Neural Network (DCNN) is developed. Furthermore, a new
loss function is designed to train a DCNN for ordinal classification. These two
approaches are used for automatic severity scoring of psoriatic plaques. The third
task is the development of convolutional neural network-based segmentation ap-
proach for segmenting biopsy images into skin layers. The final task is to detect
Munro’s Microabscess in skin biopsy images. Munro’s Microabscess is considered
as diagnostic hallmark of psoriasis. Separation of stratum corneum layer, extrac-
tion of patches from the layer followed by classification of patches with respect to
presence or absence of neutrophils form the basis of the overall approach which
is effected through an integration of a capsule network-based segmentation and
classification network. The development of annotated datasets for conducting all

experiments is another contribution of this research.
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Chapter 1
Introduction

Psoriasis is a life long skin disease characterized by reddish or silvery elevated
patches on the human body. According to Chandran and Raychaudhuri, the preva-
lence of psoriasis varies from 1%-12% among di erent populations worldwide [17].
There are several research challenges related to psoriasis. However, the impor-
tant computer vision challenges related to psoriasis are: analysis of skin images
for standardizing the severity assessment procedure and extraction of histopatho-
logical characteristic from skin biopsy images. Hence, this thesis focuses on the
machine-assisted analysis of psoriasis images. Before explaining the research con-
ducted for this thesis, this chapter will provide a brief introduction about psoriasis,
motivation for development of computer vision algorithm for analyzing the disease
and the available related research works.

The organization of this chapter is as follows. The clinical background of psoriasis
skin diseased is given in Section 1.1. Section 1.2 discusses the clinician's approach
for the severity assessment of psoriasis patients. Section 1.3 discusses the computer
vision task related to psoriasis biopsy analysis. The research motivation and the
previous research works are given in Section 1.4 and Section 1.5. Section 1.6 sum-
marizes the contributions of this thesis and nally, in Section 1.7 the organization

of the thesis is written.
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1.1 Psoriasis

Psoriasis is a chronic, immune-mediated, relapsing, in ammatory skin disease and
usually associated with itch. This disease develops when the immune system
mistakes a normal skin cell for a pathogen and sends out faulty signals that cause
overproduction of new skin cells. Due to this disease, both visual changes of the
outer skin, as well as histopathological disorder of human skin occurs.

The visual changes of outer skin surface due to psoriasis include the development of
elevated red scaly dry patches with well-demarcated borders on the skin surface.
The shape, size, color, and distribution of these patches vary. In dermatology,
these patches are termed as psoriatic plaque. The silvery-white scale of psoriatic
plague reveals bleeding points when removed [96]. For the visual representation,
two images collected from the psoriasis patients are shown in Fig. 1.1 and two
cropped image samples obtained from the marked regions of Fig. 1.1 are shown in
Fig. 1.2.

Figure 1.1: Images from two psoriasis a ected patients.

Figure 1.2: Cropped skin image samples from the marked regions of Fig. 1.1:
reddish due to erythema and silvery due to scaling.

Psoriasis can be diagnosed by the clinical features by looking at the outer skin
surface. But instead of psoriasis, there are other erythemato-squamous diseases
like Seborrheic dermatitis, Leprosy, Lichen planus, Tinea corporis, Pityriasis, and
Eczema, etc. which have similar clinical features [42, 43, 61]. Therefore, the di-
agnosis of psoriasis as a dierent and distinct disease had been a controversial
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Figure 1.3: Comparison of normal and psoriasis a ected skin biopsy images
kept under the same eld of view: Epidermis is thin uniform layer in normal
skin but, in a diseased skin, it is thickened, becomes irregular and generates
elongation of rete-pegs; Stratum Corneum (SC) is intact in the normal skin

but expanded in the diseased skin with occasional neutrophils (Ne) and
abnormal retention of Nucleus (Nu); Stratum Granulosum (SG) layer is
present in normal skin but absent in the diseased skin; Stratum Spinosum (SS)
layer is elongated in the diseased skin; Stratum Basale (SB) does not appear
in the eld of view (40X) for the diseased skin.
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subject since ancient times. It is worth to mention that the disease was confused
with leprosy on several occasions which was nally solved when Camille Melchoir
Gibert (1792-1866) described psoriasis as a separate disease and its di erence from
other papulosquamous diseases [93] by using a set of histopathological character-
istics. Hence, in doubtful cases histopathological examination is carried out for
con rmation.

1.2 Psoriasis severity assessment

The Psoriasis Area Severity Index (PASI), rst described in [35], is a popularly
used severity estimation technique for quantifying the disease severity for psoriasis
management and clinical research. PASI considers two major aspects of the dis-
ease: percentage of body surface area a ected by this disease and the severity of the
plagues formed on the skin surface. The four body parts: (i) head (h), (ii) trunk
(1), (iii) upper extremity (u) and (iv) lower extremity (I) are considered. These
body parts nearly correspond to 10%, 20%, 30% and 40% of the total body surface
area. The extent of area involved in each partX;, A¢, A, and A)) is given a score
between 0 6 (as shown in Table 1.1). The severity of the plaques is measured
based on three parameters: degree of redness or erytherga, (E;, E, and E)),
thickness or the induration (, I, I, and ) and scaling or desquamation%y, S;,

Sy and §)) and given a value between 0 4 according to level of severity (as shown
in Table 1.2). Finally, the PASI score is calculated using the following formula :
O:L(En+ Ih+ Sh)An+0:2(Ey+ 1y + S)AL+0:3(Ei + 11+ S)A+04(E + 11+ S)A,.
The PASI score varies in gradation of 0.1 units between 0.0 to 72.0. Patients with
PASI score> 10 are considered as su ering from the severe form of the disease.

Apart from the area of involvement, all of these severity factors can take one of
the ve (5) severity grades in between 0 4. Hence, every image has three severity
scores on the basis of erythema, scaling, and induration. To get a better under-
standing of the problem, psoriasis image samples for di erent severity grading and
severity factors are shown in Table 1.3.
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Table 1.1:. Scoring of skin surface area involvement

Area involved (%) | Score
0 0

< 10
10-29
30-49
50-69
70-89
90-100

OO AW N

Table 1.2: Scoring of each severity parameter

Severity | Score
Absent 0
Mild 1
Moderate 2
Severe 3
Very severe| 4

1.3 Psoriasis histopathology

Histopathology refers to the microscopic examination of the tissue specimen for
studying the manifestations of a disease. For histopathological analysis, tissue
samples are collected under the supervision of experts. Formalin- xed tissues
are dehydrated and embedded in paran blocks. Thin sections are used for
slide preparation and then stained with chemicals to prepare the histopathological
slides. Afterward, the prepared histopathological slides are kept under a micro-
scope for examination.

The histopathological changes of psoriasis skin biopsy include thickening of the
epidermal layer or epidermis (outer layer of human skin), causing partial invasion
of epidermis inside dermal layer or dermis (inner layer of human skin), retention
of nuclei in the stratum corneum (parakeratosis), elongation of rete-pegs, supra-
papillary thinning, dilation of blood vessels (angiogenesis), in Itration of large
number of immune cells into the dermis and often into the epidermal compart-
ments. Extensions of the epidermal layer, called rete-pegs, often fuse and trap
parts of dermal layer forming several sub-compartments. The in Itration of nucle-
ated keratinocytes along with accumulation of neutrophils in Stratum Corneum
(outer sub-layer of epidermis) is termed as Munro's Microabscess (MM). This in-
ltration occurs either in con uent (throughout the Stratum Corneum layer) or in
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Table 1.3: Sample images from our database. The second column contains
ve (5) images with ve (5) di erent severity labels with respect to Erythema.
Erythema score is increasing when the skin becomes redder. The third column
contains ve (5) images with ve (5) di erent severity labels with respect to
Scaling. Scaling score is increasing when the skin becomes more silvery. The
fourth column contains ve (5) images with ve (5) di erent severity labels

with respect to Induration. Induration score is increasing when the skin
becomes more elevated.

Severity Score| Erythema Scaling Induration

Absent (0)

Mild (1)

Moderate (2)

Severe (3)

Very Severe

(4)
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focal (not con uent) manner. In clinical pathology, Munro's Microabscess is con-
sidered as the diagnostic hallmark of psoriasis [79]. Figure 1.3 illustrates a pictorial
representation of normal and psoriasis a ected human skin biopsy images.

1.4 Research Challenge and Motivation

Psoriasis is a recurrent disease. No drug is available yet to cure psoriasis com-
pletely but some drugs are there to control the severity. Still, these drugs show
variable degrees of response and adverse e ects in di erent patients. The severity
assessment is important to decide the type and dosage of treatment required as
well as to measure disease progress and drug e cacy. But the current practice of
severity assessment depends on the experts' experience, e ciency and su ers from
both inter and intra-observer variations. So, clinicians often need to standardize
the severity assessment procedure. This motivates computer vision researchers to
conduct research for developing imaging algorithms for this purpose.

On the other hand, histopathological analysis of biopsy slides is a very tedious task
and it is error-prone due to staining variation, inter-observer variability among
pathologists, and several other factors. Most importantly, the histopathological
study is subjected to high degree of variability because of lack of any quantitative
approach. In that respect, an automated system can deal with the pathologists'
limitations in a better way. Moreover, the availability of such a system will re-
lieve the workload of pathologists by sieving out obvious healthy cases allowing
specialists to spend more time on more sophisticated cases.

1.5 Literature review

The existing works related to psoriasis skin image processing are described in this
section. The section is divided into two subsections. The rst subsection discusses
the existing research for camera held psoriasis skin image analysis and the next
subsection discusses the existing research for psoriasis skin biopsy image analysis.
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1.5.1 Camera held psoriasis skin image analysis

Literature reports several research e orts for the automatic analysis of psoriasis
images. The very beginning task for an automatic camera held psoriasis image
processing is the segmentation of the a ected regions in the skin images. Sev-
eral attempts are already reported for segmentation of a ected regions [7, 11,
12, 58, 108, 109] and segmentation of scaling regions [75]. The available psori-
atic plague segmentation methods can be broadly categorized into four groups:
(a) use of color and texture feature for disease region identi cation, (b) contour
evaluation approaches, (c) thresholding based approaches, and (d) watershed al-
gorithm. Taur used the fuzzy texture spectrum and the two-dimensional fuzzy
color histogram in the hue-saturation space as feature descriptor and perform
classi cation of skin region using neuro-fuzzy classi er [108], and multi-resolution
orthogonal subspace classi er (MSSC) [109]. Caliman et al. used extended mathe-
matical morphology based feature descriptor and then applied k-means clustering
to segment the plaque regions [12]. Bogo et al. employed Geometric Active Con-
tours for segmentation of plaque regions [7]. In this work, the initial contour
is decided based on chromatic information and the contour is evolved with the
image forces. Jailani et al. used thresholding based approach for lesion border de-
tection [58]. In this work, rstly, the original images were pre-processed by several
Itering techniques, morphological operations and then the diseased regions were
identi ed by thresholding. Galiman and Ivanovici used watershed segmentation
approach to segment a ected region [11]. In this work, color lacunarity based fea-
ture was used to locate the initial markers. Lu et al. attempted segmentation of
scaling regions in the skin images [75]. In this work, the pixel-wise classi cation
of image pixels is done by using color and texture feature. For every image, indi-
vidually trained classi ers are prepared using support vector machine. Finally, a
Markov random eld (MRF) is used to smooth a pixel-wise classi cation outcome.
All these approaches are tested on their in-house data set having a few images and
achieves promising performance. But all of these approaches have their own algo-
rithmic limitations. For region classi cation based approaches, the segmentation
performance is highly dependent on the used feature set. On the other hand, the
performances of the thresholding based and contour evolution based segmentation
approaches are hindered by the presence of noise in the images.

Determination of the lesion area of psoriasis a ected skin from full-body images
are reported in [56, 57]. For these research, images from 8 patients were collected
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by following the PASI standard (images of face, anterior and posterior side from
trunk and both left and right upper limbs and lower limbs). Ihtatho et al., rstly,
segment the body region and then segment lesional areas in the input images [56].
In this work, the segmentation task is done by color analysis and thresholding
methods. The experimental result shows that in most cases, human equivalent
performance is achieved by this system. Later, Ihtatho et al. used the same data
set and investigated the possibility of using centroids obtained from three di erent
groups based on their skin color (namely fair, brown, and dark) to avoid calculating
centroids for each patient [57]. In this method, CIE L*a*b* color space is used
to represent the skin color and for each group, the centroids of four body regions
(head, trunk, arm, and leg) are calculated from normal skin and lesion areas of all
patients in the group. The limitation of this approach is that the performance of
the system is highly dependent on the segmentation result.

The computer-aided lesion area determination required intelligent imaging tech-
nique. From that motivation, an enhanced imaging technique is proposed in [45].
The determination of body surface area (BSA) and the lesion area is improved by
the proposed imaging method. In this work, the severity assessment procedure
(PASI) is termed as -PASI method. The fuzzy c-means clustering algorithm was
applied and the membership functions of lesions area forPASI area scoring was
determined. The performance of the proposedPASI area scoring had been tested
in an in-house image data set collected from 46 patients. The proposed system
produced BSA accuracies obtained at four body regions were 97.80% (lower limb),
92.41% (trunk), 87.72% (upper limb), and 83.82% (head). The experimental re-
sult shows that the Kappa coe cient of the proposed -PASI system was greater
than or equal to 0.72 for all body regions (Head - 0.76, Upper limb - 0.81, Trunk
- 0.85, Lower limb - 0.72) and the overall kappa coe cient for the -PASI area is
0.80.

In literature, few approaches are available where automatic erythema scoring is
reported. Fadzil and Ihtatho [30] and Hani et al. [46] used Chromameter for Skin
color analysis. Fadzil and Ihtatho modeled the color of psoriasis lesion by hue
(H), saturation (S), and value (V) [30]. In this research, thirty-three (33) pa-
tients with plaque psoriasis from Malay, Chinese and Indian ethnic origin were
involved to prepare a database of 3 skin types (fair, brown and dark). Chromame-
ter CR-400 (Konica Minolta, Osaka) was used to assess the skin color of patients.
Their experiment revealed that among all three color components of HSV (Hue,
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Saturation, Value) color-space hue and saturation are the two most correlated pa-
rameters with PASI erythema scores. Hani et al., rstly, obtained the skin color
(CIE L*a*b*) data of representative lesions and their surrounding normal skin
from the di erent body areas (head, trunk, lower and upper extremities) using

a chromameter (Konica Minolta CR-400). Then they grouped the patients into
dark, brown, light brown or fair skin tones based on the L* values of their normal
skin. Fuzzy C-Means (FCM) algorithms are applied consecutively to classify nor-
mal skin tone and to score PASI erythema. The experiment was performed on an
in-house psoriasis skin image data set. The training data set contains 2,323 nor-
mal skin and 1,462 diseased skin and the test data set contains 430 diseased skin
on which erythema scoring was tested. Raina et al. proposed color image analysis
approach for erythema scoring [95]. In this work, color calibration based image
analysis method is chosen. Several color-based features are extracted from the
representative area associated with erythema and a linear discriminant analysis
based classi er is built. The proposed system is tested on an in-house data set
of 80 clinical images taken from 20 patients. A 4x6 color card (CameraTrax, Las
Vegas, Nevada) with 24 colors was used to calibrate the coloration. Gupta et al.
proposed a multi-spectral image analysis approach for automatic erythema grad-
ing [41]. In this work, the Skellam distribution statistics is used as feature vectors
and this feature extraction method extends the tissue-photon interaction model
to make it skin tone independent. A random forest based classi cation technique
has opted for classi cation task. The proposed method was evaluated on an in-
house data set of multi-spectral images collected from 30 patients. The limitation
of using Chromameter is that it can take the color intensity from the skin but it
cannot store the skin texture which may be useful for better performance. Hence,
the performance is highly dependent on skin color intensity acquisition. On the
other hand, the image analysis based approaches are highly dependent on the used
feature descriptors.

Automatic evaluation of the severity of scaling and erythema in psoriasis lesions

is attempted in [26]. The proposed system has three steps: segmentation of the
lesion, segmentation of scales region and nally, scoring the disease. Three input
features are used to develop the model: the area of the scaling, the ratio between
the area of scaling and the area of the lesion, and the ratio between the area of
scaling and the area of redness. The computational pipeline shows that the perfor-
mance of this system depends on three factors- (i) accurate lesion segmentation,
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(i) accurate scaling region segmentation and (iii) robustness of the feature used
for scaling and erythema grading.

Classi cation of psoriasis images into one of the ve severity grades: healthy, mild,
moderate, severe and very severe is attempted in [106]. In this system, rstly,
for every image the region of interests (ROI) are outlined in an interactive way.
Then several color and texture features are extracted from the ROIs and impor-
tant discriminating features are chosen by feature selection algorithms. Finally, a
classi er is built using a classi cation algorithm. Principal Component Analysis
(PCA) and Fisher Discriminant Analysis (FDA) algorithms are used for feature
reduction. Several classi cation schemes are developed and the performance is
compared. Support Vector Machine (SVM) and Decision Tree (DT) based clas-
si ers are chosen for classi er building. The performance comparison among the
constructed classi ers is reported on the basis of an in-house data set of 848 pso-
riasis images with ve severity grades: healthy, mild, moderate, severe and very
severe, consisting of 383, 47, 245, 145, and 28 images respectively. The limitation
of this approach is that the proposed approach requires expert's intervention to
mark the plaque regions from which the feature is extracted.

Automatic identi cation of the presence of psoriatic lesion in dermatology images

is attempted in [104, 105]. Shrivastava et al. used several grayscale space, color
space and aggressiveness of psoriatic disease such as redness and chaoticness as
feature descriptor [104]. In this work, Support Vector Machine (SVM) classi er

is used for classication. The region of interest from the images are manually
marked before feature extraction. The performance of the proposed system using
several experimental protocols is reported on the basis of an in-house data set
of 540 image patches (270 healthy and 270 diseased) captured from 30 psoria-
sis patients of Indian ethnic origin. The feature extraction strategy successfully
chose 15 optimal features and the proposed system provided the classi cation
accuracy of 99.53%, 99.66% and 99.81% for 5-fold, 10-fold, and Jack Knife pro-
tocols respectively. Later, Shrivastava et al. used four di erent types of features
namely, Higher-Order Spectra (HOS) features, texture features, and color features
for classi cation in [105]. A Principal Component Analysis (PCA) based feature
selection was opted for dominant feature and SVM is used for classi cation. The
performance of the proposed system using several experimental protocols was re-
ported on the basis of the data set used in [104]. The best model produced from
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this research achieves 100% classi cation accuracy, 100% sensitivity, and speci-
city. Although the proposed approach achieves perfect classi cation accuracy, it
is highly dependent on expert's intervention for marking the plague regions.

Some attempts have been done for severity change assessment of psoriasis plaque
as reported in [25, 40, 76]. Gomez et al., rstly, registered the images and then
transformed the original images into sets of variables that exhibit decreasing degree
of similarity, based on correlation measures [40]. The proposed system was tested
on an in-house data set containing images from three (3) di erent psoriasis patients
collected in ve (5) consecutive weeks. Delgado et al. used a two-stage approach
for registering psoriasis images [25]. In this method, at the rst stage, the diseased
area is segmented and in the second stage segmentation information is used to align
the image based on the rst two statistical moments of the area. In order to prove
the e cacy of the proposed system a data set consisting of four psoriasis images
of same lesion was collected during several weeks and registered with respect to
another image of the same lesion. Lu et al. proposed an automatic computer aided
image analysis system for quantitatively assessing the changes of erythema and
scaling severity of psoriatic lesions in long-term treatment [76]. In this method,
rstly, scaling and erythema regions are segmented separately. The segmentation
outcome is used for calculation of erythema area, scaling area and the whole lesion
area which can be further used to assess the change of a ected plaque regions. In
order to validate the strength of the proposed system, an in-house image data set
(14 for scaling change assessment, 17 for Erythema change assessment) was used.
Obviously, the accurate change assessment depends on three main factors: (a) the
imaging standard used to capture the images (important for alignment), (b) the

e ciency of the used segmentation algorithm and (c) the feature representing the
diseased regions.

1.5.2 Skin biopsy analysis

There exists a little research on the automatic analysis of psoriasis skin biopsy.
Most of the works attempt to segment epidermis in a Whole Slide Histopathology
Images (WSI) [44, 73, 74]. Lu and Mandal, rstly, applied a linear transforma-
tion on the RGB color vectors of every pixel for providing better discriminant
information between the epidermis and dermis areas. Then the segmentation of
the WSIs was done by using a global threshold method and shape analysis. The
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experiment was conducted on an in-house data set of 16 WSIs captured under
40X magni cation on a Carl Zeiss MIRAX MIDI Scanning system. The proposed
approach achieved about 92% sensitivity rate, 93% precision, and 97% speci city
rate. Later, Lu and Mandal proposed a slightly advanced approach where an ini-
tial segmentation was done with the help of global thresholding and shape analysis
and then the segmentation output was re ned by template matching with the use
of adaptive template intensity value. The performance of the proposed system
was tested using an in-house data set of 62 skin WSIs and they got sensitivity of
97.99%, and precision of 96.00%. Haggerty et al. transformed the image pixels into
the L*a*b* color space and then applied color normalization technique to enhance
the algorithm's robustness to variations in the lighting and staining of the input
images. Finally, thresholding based approach is chosen for segmentation and the
segmentation is ne-tuned using a combination of morphological processing and
object classi cation rules. This algorithm was tested on an in-house data set of
40 hematoxylin & eosin (H&E) stained skin biopsy images. This method achieved
mean speci city of 97.7%, mean sensitivity of 89.4% and a mean accuracy of 96.5%
on their data set. However, when a simple user interaction for selecting the tissue
region is used, the speci city increases to 98.0%, the sensitivity to 91.0% and the
accuracy to 96.8%. In summary, it can be commented that few age-old threshold-
ing based approaches combined with suitable pre and post-processing are used for
psoriasis biopsy image segmentation. These algorithms produce good performance
on the test data set. But thresholding based approaches are not suitable for the
biopsy images having imaging artifacts, staining variation, tissue variation, etc..

1.6 Thesis Outline and contribution

The goal of this thesis is to develop computer vision algorithms for analyzing
psoriasis images. Following four distinct problems are addressed in this thesis:

" The importance of psoriasis image segmentation and the available approaches
are described in the rst paragraph of Section 1.5.1. Although several at-
tempts are reported, still more attention is needed to achieve better results.
Hence, the rst problem chosen for this thesis is the segmentation of psori-
atic plaques from skin images. This module can be used as the backbone for
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estimating the percentage of psoriasis a ected area of human skin which is
necessary for PASI area scoring.

The available approaches for severity scoring from digital image of psoriasis
are described in second to the last paragraph of Section 1.5.1. From this
discussion, it is clear that although erythema scoring is attempted by some
researchers, e orts for scoring of scaling and induration are rare. With the
best of our knowledge, no work is available for induration scoring. Hence,
the next problem chosen for this thesis is the severity assessment of psoriatic
plaque with respect to erythema, scaling, and induration.

Psoriasis causes structural abnormalities in the skin anatomy (see Section 1.3)
which are re ected in biopsy sample. The automatic segmentation of skin
layers in biopsy images is necessary for further analysis of histopathological
conditions. So, this thesis in one of its chapters addresses the segmentation
of skin layers in biopsy images.

Munro's Microabscess is an important histopathological characteristic of pso-
riatic skin. According to clinical practice Munro's Microabscess is considered
as the hallmark sign of psoriasis (see Section 1.3). So, detection of Munro's
Microabscess in skin biopsy image is attempted in this thesis.

The key contributions of this thesis are:

" A new mixture model-based clustering algorithm is developed and a fully
automated computational framework is designed for psoriatic plaque local-
ization in skin images. The performance of the developed system is compared
with several baselines segmentation approaches.

Deep Convolutional Neural Networks (DCNN) are trained to produce au-
tomatic severity grades from skin images. Development of DCNN based
Multi-task Learning framework and training of DCNN models with ordinal
loss function are key contributions of this research.

Two di erent approaches namely, (i) superpixel classi cation and (ii) Fully
Convolutional Neural (FCN) network-based semantic segmentation are ex-
plored for automatic segmentation of a skin biopsy image into dermis, epider-
mis and non-tissue regions. The superpixel classi cation approach classi es
the superpixel with a trained Deep Convolutional Neural Network (DCNN).
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On the other hand, the trained U-Net produces pixel-wise semantic map
for the pixels of the biopsy image. Development of DCNN based superpixel
classi cation algorithms and development of Fully Convolutional Neural Net-
work (FCN) for skin biopsy segmentation can be considered as signi cant
contributions of this research.

The pathological challenges of detection of Munro's Microabscess in skin
biopsy have been addressed by developing an automated computational
framework incorporating the latest advances in deep learning. The cap-
sule network has been designed in such a way that it reduces the number of
parameters drastically without sacri cing the performance. Moreover, the
trained capsule network can detect/locate multiple copies of neutrophils in
a weakly supervised approach. Furthermore, mega-pixel images are used
instead of usual Giga-pixel ones to reduce the computational burden and
thereby supporting a low-cost imaging system.

A

A signi cant initiative is taken to develop a data set suitable for research on
psoriasis image analysis. So, the development of the image data set is another
contribution of this research. The skin images and biopsy slides of psoriasis
are collected from a private clinic in Kolkata, India. There are camera held
skin images from 80 patients and biopsy slides from 120 patients.

1.7 Organization of the thesis

In the remaining part of the thesis, there are ve chapters. A brief summary of
the chapter organization is given below:

" Chapter 2 provides a brief introduction about the nite mixture model
for multivariate data vector. Next, it develops a nite mixture model of
bi-variate circular-linear data vectors which is further referred as JCLMM
(Joint Circular Linear M ixture M odel). Finally, a JCLMM based computa-
tional framework is designed for psoriatic plaque localization in skin images.
The applicability of JCLMM for the segmentation task is experimented and
compared with the state of the art segmentation approaches.

Chapter 3 discusses the problem of automatic severity scoring of psoriasis
plagues. In this chapter, the e ectiveness of Deep Convolutional Neural
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Network is studied and compared with the classi ers build with texture
feature.

Chapter 4 focusses on skin layer segmentation in biopsy images. In this
chapter, several deep neural architectures are experimented for segmenting
psoriasis skin biopsy images into dermis, epidermis and non-tissue regions.

Chapter 5 presents an automatic approach for detection of Munro's Mi-
croabcess in Stratum Corneum (SC) of human skin biopsy in order to realize
a machine-assisted diagnosis of psoriasis. The proposed framework is built
with a CapsNet based segmentation and classi cation network. The advan-
tages of using CapsNet over traditional Deep Convolutional Neural Network
(DCNN) are shown and an in-depth analysis of the capsule network for tissue
specimen classi cation is performed.

Finally, Chapter 6 concludes the ndings of this thesis and highlights some
scopes of future research in the related domain.
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Psoriatic plaque localization In
skin images

Localization of psoriatic plaques in skin images is considered as an important
step for doing further analysis like PASI area scoring and assessing the degree
of erythema, scaling, and induration of the plaques. As psoriatic plagues cre-
ate discoloration of human skin, the segmentation problem is treated as a color
clustering problem. The target is to cluster image pixels with respect to color
similarity. In literature, several color spaces are proposed for representing color
of image pixels. Among them, some color spaces are linear (like RGB, CYMK,
L*u*v*, L*a*b*) and some color spaces contain an angular component (like CIE
LCH) subsequently, make the color vector circular-linear. Due to the scarcity of
the clustering algorithm for clustering circular-linear data, only linear color spaces
are used for color clustering.

This chapter introduces a new nite mixture model that incorporates a joint dis-
tribution of a circular and a linear variable by means otircular copula and o ers

a exible architecture that can deal with heterogeneous margins for di erent mix-
ture components. The model is termed as JCLMM (Joint Circular Linear Mixture
Model). Later, the clustering of psoriatic image pixels in circular-linear color space
is explored with the JCLMM. Finally, for plaque localization, a minimally super-
vised approach is employed.

The chapter is organized as follows. A brief introduction of the necessary math-
ematical background to understand the proposed mixture model is given in Sec-
tion 2.1. Section 2.2 presents description of the proposed mixture model and

17
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methods for its parameter estimation. Section 2.3 discusses how the proposed
mixture model is utilized for the present task. The experimental protocol, result,
and discussion are given in Section 2.4 and 2.5. Finally, Section 2.6 summarizes
the chapter.

2.1 Background

In pattern recognition, nite mixture models [82] are popularly used for clustering
and classi cation. Perhaps the most common approach for mixture modeling is
the Gaussian mixture model (GMM) [33, 65, 91]. This model uses Gaussian (uni-
variate or multi-variate) distribution to describe each of its components. However,
when the data are non-Gaussian in nature (i.e., follow a non-Gaussian distri-
bution), the Gaussian mixture model (GMM) may produce poor performance.
Noticing this fact, a number of non-Gaussian mixture models were also devel-
oped. In this context, some notable examples are the mixture of studentts
distributions [90], the generalized Dirichlet mixture model [9, 10] and copula-based
approach [98] etc..

Most of the well-known mixture models, including the above examples, can handle
only linear data. Contrary to that, in real-life applications, we sometimes come
across certain multivariate data that possess circular characteristics along with
the linear counterparts. For example, consider model-based color image segmen-
tation. For this task, linear color spaces (e.g., RGB, CIE L*a*b*) are widely used

in a number of articles [9, 33, 62]. On the other hand, only a few recent articles
(e.g. [99, 100]) consider circular color spaces, such as CIE Lch, HSV, and design
suitable mixture distributions. Among such studies, Roy et al. [99] rst considered
hue and chroma as independent and later proposed a semi-wrapped Gaussian mix-
ture model (SWGMM) [100] which o ers a correlated model for one circular and
multiple linear variables. The SWGMM provides a mixture model for correlated
circular-linear data. Each mixture component of SWGMM follows a multivariate
semi-wrapped Gaussian distribution [5] which forms a joint distribution of one
circular and multiple linear variables. The prime restriction of SWGMM s that

it allows only prede ned margins. But there are some scenarios when the mixture
components themselves are di erent in terms of the underlying distribution. In
such cases the inter-component heterogeneity cannot be captured by SWGMM
and hence it may not always be an appropriate choice.
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However, for the construction of a heterogeneous bi-variate distribution, statisti-
cians often use the \copula" theory [88] to de-couple the margins from the joint
distribution. In other words, any two di erent (or same) margin families can be
coupled using a copula to form a joint distribution. The dependence structure is
de ned by di erent types of bi-variate copulas [88]. In this sense, copulas facilitate
designing a heterogeneous joint distribution and which captures inter-component
heterogeneity in a mixture distribution.

The proposed mixture model usesircular copula for construction of a heteroge-
neous bi-variate distribution. The necessary mathematical background to under-
stand the proposed mixture model is given in the following subsections.

2.1.1 Introduction to Directional Statistics

A circular random variable has domain [0;2 ) and can be represented as a point
on a unit circle [78]. The mean of circular random variablescircular mean) is
the direction of the resultant vector by treating every variable as a unit vector.

X X
R =(C;S) whereC = cos;andS= sin : (2.1)
i=1 i=1
The direction of the resultant vector, i.e., thecircular mean is computed by and
de ned as: s
“=arctan = 2.2
= (22)

Besides the circular mean, a reasonable measureco€ular distance between two
points A and B with angles ; and , is given by,

d(A;B)=1 cos(1 2): (2.3)

The random variables having both circular and linear component are referred to as
circular-linear variables. The de nition of circular mean and distance are combined
with linear mean and distance for circular-linear cases. Suppope denotes the
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the vectorsp,;:::;p,, are computed using the following equations:
o= X (2.4)
d(pi;p;)) = 1 cos(i )+ kx; x;k (2.5)

Here the standard deviation of eack is assumed to be unity.

2.1.2 Distributions involving circular variables

One of the widely used circular distribution is thevon-Mises distribution [78].
This distribution has many properties that are analogous to Gaussian distribution
on the real line. The density of von-Mises distribution is given as follows.

F(i; )= 5oy oe( cos( ) (26)

Here, 1o( ) is the modi ed Bessel function of the rst kind of order zero with
concentration parameter 2<* [f Ogand mean 2 [0;2 ).

An alternative way to construct a circular distribution is by wrapping a linear
variable around a circle. A linear variableX can be transformed to a circular
variable by reducing it by modulo 2 as: = X(mod 2 ). This operation
corresponds to wrapping the real line around a circle of unit radius, accumulating
probabilities over all the overlapping pointsx = ; 2 4;::.. Consequently,
for an uni-variate Gaussian distributionN . (x), the wrapped uni-variate Gaussian
distribution [78] is de ned as follows.

N"!;c()=x N. ( +2w ); 0 < 2: (2.7)
w2Z
N Y. ¢(:) is uni-modal and symmetric about the circular mean ©. Here, °©is the
circular standard deviation. In a similar way, a multivariate Gaussian distribution
can be wrapped around a hyper-sphere to obtain its wrapped version. The mixture
of multivariate wrapped Gaussian distributions was proposed by Agiomyrgiannakis
and Stylianou in the context of modeling speech data [2].

In literature, a limited number of attempts are available that deal with circular-
linear joint distribution. One of the former attempts to model such data was done
by Mardia and Sutton [77]. They proposed a circular-linear distribution with a
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von-Mises margin for . The margin for the linear variable, on the other hand,
is complicated. A more exible model was proposed by Johnson and Wehrly [59]
in 1978 which provides a suitable framework for constructing bi-variate distri-
butions of circular variables. This framework was further used by Shieh et al.
[103] and Ferrandez-Duian [32] to construct circular-circular and circular-linear
bi-variate distributions respectively. This framework is exploited to construct the
JCLMM. Apart from this, the semi-wrapped Gaussian distribution, proposed by
Bahlmann [5], is a recent circular-linear distribution. This distribution is the basis
of SWGMM proposed by Roy et al. [100] in 2014. Although SWGMM permits
correlated circular and linear distributions, its margins are pre-speci ed. But the
developed copula-based joint distribution is free from such restrictions.

2.1.3 Copula based joint distribution

Copulas are used to describe the dependence between random variables. The
following theorem due to Sklar [88] provides an excellent basis for the concept of
the copula.

Theorem 1 (Sklar). Let F be a joint distribution function with marginal distribu-
tions F, and F,. Then there exists a copuleC such that for all x;y 2 [1 ;1 ],

F(xy) = C(Fi(x); F2(y)): (2.8)

If F; and F, are continuous, thenC is unique; otherwiseC is uniquely determined
on Range(F;) RangegF,). Conversely, ifC is a copula andF; and F, are distri-

bution functions, then the function F (:;:) de ned by Eq. 2.8 is a joint distribution

function with margins F; and F.

SinceF (:;:) is the distribution function, the joint density function f (:;:) can be
obtained by di erentiating F(:;:) with respect to X and Y. It is given by:

f(xy) = c(Fu(X); F2(y) f () 2(y); (2.9)

where, f1(:) and f,(:) are the density functions forX and Y respectively. The
function c(:;:) is the density of the copulaC(:;:).
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2.1.4 Johnson and Wehrly's joint circular-linear distribu-
tion

Let be a circular random variable with 2 [0;2 ) and X be a linear random
variable with x 2 (1 ;1 ). Let us assume that and X have distribution
functions F ( ) and F (x) respectively and the corresponding densities afé ) and
f (x). Then, if g(:) is a circular distribution, according to Johnson and Wehrly [59],
the joint distribution of and X takes the following form.

fi(;x)=29g2F ()+2 F (X)]f ( )f (x): (2.10)

The intrinsic property of Eq. 2.10 is the de-coupling of margins from the joint
distribution. One can easily construct a bi-variate joint distribution for any choice
of circular and linear marginal distributions. The density of the corresponding
copula of Eq. 2.10 can be found by transforming the variables (X) ! (U;V),
whereU = F( ) and V = F(x). According to the probability integral transform,
U and V follow the uniform distribution, as required to form a copula [88].

Since the Jacobian determinant E“;’g = f()f (x), the density c(u;v) of the
copula is given by:
cu;v)=2g2u +2 Vv (2.112)

In this article, we assume von-Mises distribution (see Section 2.1.2) with param-
eters ~and ~ as the joining densityg(:) of the two marginal densities. Hence,
Eq. 2.11 takes the following form.

(uvj+ ~) =

1 exp[~cos(2u +2v  ~)] (2.12)
lo(~)

The copula (:;:) is further referred to ascircular copula. Using the circular-linear
distribution f;(:), we construct a mixture distribution in the next section.
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2.2 JCLMM: Joint Circular Linear Mixture Model

Let and X be a circular and a linear random variable respectively. The mixture
of K circular-linear distributions is de ned by the following pdf.

X
f(ixj )= Pnfa(;xjh; n); (2.13)
h=1

R

whereP, (0 < P, < 1 and P, = 1) is the h'" component mixing propor-
h=1

tion (prior probability), f;(;xjh; 1) is the joint distribution representing the h"

component of the mixture and |}, is the set of parameters of thé®™ component.

JCLMM. Here p; = ( i;X) is a circular-linear data. Then the parameters
can be estimated using Expectation Maximization (EM) algorithm. Let us start
with the distribution of hidden variables expressed as follows.

Pnfy(pijh; n)

: (2.14)
) PMfs(piil; 1)

qthip;) =
I=

Computing q(hjp;) constitutes the E-step of the algorithm. With the inclusion
of the missing variables, the log likelihood function of the mixture distribution
becomes:

X _ _ X
(@ ;)= [In(Pafs(piih; a)lathip)+ 1 P ;  (2.15)
i=1 h=1 h=1
where is the Lagrange multiplier. During the M-step of EM procedure, we
maximize ( @ ; ) with respect to its parameters .

In the context of parameter estimation, Garca-Portugles et al. [37] designed a
two-step procedure to estimatef ;(:) parameters. In the rst step, the margin
parameters are obtained and in the next step the parameters gff.) are estimated.
The same strategy is followed for estimating mixture parameters and each marginal
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likelihood are maximized separately. Afterwards, the two marginsu(and v) are

put into the copula (u;Vv) (Eq. 2.12) and estimate the parameters and ~ Now,

after separating the marginal distributions, the mixture log likelihood (Eq. 2.15)
can be written as follows.

XX ' '
(@ ;) = aChjpi) [In (. (F( i); F(Xi)j~n; ~n))]

i=1 h=1
XX _ XX _

+ qChjpi) Inf (i) + q(hjp;) In f (x;)
i=1 h=1 i=1 h=1 |
DA X '

+ g(hjp;) In Py, + 1 P, : (2.16)
i=1 h=1 h=1

Here, the rstterm of Eq. 2.16 indicates the mixture log likelihood involving only
the copula. The next two terms describe mixture log likelihood with only the mar-

N

the marginal and copula parameters, the estimation procedure is described in the
following subsections.

(
gins. Then a priori probabilities can be found withP,, = &+ q(hjp;): Concerning
i=1

After all the mixture parameters are estimated by the EM algorithm, the di erent
components indicate di erent clusters in the data. Let these clusters be denoted

the following maximum a posteriori (MAP) criterion.

pi 2 G if a(jpi) > q(hjp;) 8n 6 j: (2.17)

2.2.1.1 Parameter estimation for the margins

The construction of JCLMM allows any circular distribution for the rst marginal
and any linear distribution for the second marginal. However, this section describes
the parameter estimation of JCLMM when the circular random variable follows

a von-Mises distribution (Eg. 2.6) and linear random variable X allows inter-
component heterogeneity and can follow any of the two distributions - Gaussian
or Beta distribution only.

To estimate , and |, of the h™ mixture component of von-Mises distribution, the
second term of Eq. 2.16 is maximized with respect tq, and } and the expression
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for  is as follows:
R . .
~q(hjp;)sin
tan = =t : (2.18)
_ alhipy)cos |

B

The expression for y, is, however, given in terms of the ratio of the modi ed Bessel

functions: m
~g(hjp;) cos( h)
Il( h) _ i=1 .

lo( n)

Az( n) = (2.19)

() :
. a(hip;)

i=
Since A,( 1) involves the ratio of Bessel functions, it is not possible to get an
analytical solution. A,( ) is a non-decreasing function, thus one may obtainy
by applying Newton-Raphson. Instead, to save computation time, we use the
approximation suggested by Banerjee et al. [6]. Accordingly, = (2T T13) (1
72), wheret = Ay( ).

The marginal distribution for the linear random variable X can be obtained by
maximizing the third term in Eq. 2.16. As X allows inter component hetero-
geneity and can follow any of the two distributions, namely, Gaussian and Beta
distribution, an appropriate distribution is to be selected during the iteration of
EM procedure. The detail description of this selection method is explained in
Sect. 2.2.1.4. Besides selecting the distribution, their respective parameters are
to be estimated. For the Gaussian distribution, the parameters,, and  are
estimated by the following expressions:

m .
~g(hjpi)xi
h = nlm— (2.20)
~qthip;)
i=1
~g(hjp;)(xi h)?
2 = = ; (2.21)

[ .
~ahip)

For the other alternative, namely, the Beta distribution, the method of moments
is used to maximize the third term of Eq. 2.16. Given the estimated momentg
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and 4, the parameters ,, and | are estimated by the following expressions.

A (2.22)

h

h(d  h)

h= (1 h) 1 (2.23)

2.2.1.2 Parameter estimation for the circular copula

In order to estimate the circular copula parameters are plugged in the margins
to the rst term of Eq. 2.16. So all the margins are known for the copula and
estimation of the parameters ~and ~of (u;v) is needed. After di erentiating
the rst term of Eq. 2.16 with respect to v and ~, and setting them to zero, we
obtain the following estimates.

B

. ahjpi) sin[2F (1) +2 F (xi)]

tan~, = = (2.24)
1q(hjpi)cos[2|: (i)+2 F (xi)]

(i

- q(hjpi)cos[2F () +2 F (xi) ~n]
Az(~n) =

(2.25)

o
_, dhipy)

As before, we use approximation to inverAy(~).

2.2.1.3 EM Initialization

The initialization of the clustering procedure can be done by random cluster as-
signment. However, for psoriatic plaque segmentation problem, rstly, K-Means
algorithm is applied with ( ;X)) values to obtain an initial clustering of the data.
The K-Means procedure uses the circular-linear version of mean and distance (i.e.
Eq. 2.4 and 2.5). The number of mixture components is the same as the number
of clusters. The initial estimation equations are similar to the equations 2.18- 2.23
presented in Sect. 2.2.1.1. However, since the K-Means perform a hard clustering
of the data, therefore the expression fog(hjp;) is de ned as:

8
_ <1 ifp 2 Cy
athjp;) = . _ (2.26)
* 0 otherwise
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With this de nition of q(hjp;), the margin parameters are estimated using the
method described in Sect. 2.2.1.1. The parameters for the von-Mises copula are
estimated by Eq. 2.24 and Eq. 2.25. Finally, the prior probabilities are estimated
using Py, = 'ﬁl—h where Ny, is the number of points in the clusterC,,.

2.2.1.4 Online selection of the distributions

In this thesis, for clustering skin pixels two alternative distributions (Gaussian and
Beta) for chroma vector is assumed. Subsequently, each component of the mixture
model can be formed using any of these two alternatives. This exibility allows
inter-component heterogeneity for the mixture model. However, considering each
combination, M ¥ di erent mixture models can be formed assumingM margin
candidates (hereM = 2). The obvious issue arises is among all these mixture
models which is the best t. The simplest but laborious way is to examine all of
them. Instead of this brute force approach, the following strategy is opted in this
thesis. After E-step, the marginal distribution which have maximum (between
Gaussian and Beta) log-likelihood (the second term of Eq. 2.16) is chosen. For
K clusters, the M-step requireK (M + 1) margin estimations. This selection
procedure, however, does not guarantee to produce the best- tted mixture model.
Yet, compared to the brute force approach (which requires2 MK estimations),
this method requires much less number of estimations. Also, this strategy is easily
applicable for a large set of margin alternatives.

2.3 Psoriatic plaque localization using JCLMM

In this thesis, the plague localization task is carried out in two steps consisting of
skin image segmentation followed by a minimally supervised plaque region detec-
tion algorithm. The segmentation task is performed by the proposed clustering
algorithm (JCLMM) and the plaque region is detected by a probabilistic approach.
The detail description of them is described in the following subsections.
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() (b)

Figure 2.1. Examples of heterogeneous nature of chroma distribution. Beta
and Gaussian distributions can adequately approximate the heterogeneous
structure.

2.3.1 Plaque segmentation

Hue carries an important color information so a color space containing hue (like
CIE Lch) as one of the components is chosen for clustering the image pixels. How-
ever, due to its directional property, a circular distribution is required to character-
ize the hue component. Previously introduced Semi-Wrapped Gaussian Mixture
Model (SWGMM [100]) can deal with the circular-linear data vectors. But the lim-
itation of SWGMM s that this algorithm assumes that circular marginal follows
Wrapped-Gaussian distribution whereas other linear marginals follow Gaussian
distribution. But this assumption is not true for all scenarios of the present image
segmentation task. For example, consider the skin images shown in Fig. 2.1 (a).
The histogram for corresponding chroma values is shown in Fig. 2.1 (b). It is
somewhat clear that the chroma values can be approximated by the mixture of a
Gaussian and a Beta distribution and some scenarios by the mixture of only Beta
distributions. Therefore, the mixture components themselves may be di erent in
terms of underlying distribution. This inter-component heterogeneity can not be
captured by SWGMM and hence the proposed JCLMM is an intelligent choice.

The hue and chroma components of an image pixel carry crucial information so
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image pixels represented by the hue, chroma pair are considered to perform cluster-
ing. The image pixels are considered to be independent random samples following
a K component JCLMM. The parameters of JCLMM are estimated using EM
methodology as described in Sect. 2.2.1. The E-step and M-step are iterated until
the corresponding log-likelihood stabilizes. After clustering, all pixels are assigned
to a speci c cluster using Eq. 2.17.

2.3.2 Plaque localization

After segmentation, when respective image pixels are mapped to spectral clusters,
the image contains several spatially disconnected regions where each region is
represented by a connected component. Each individual component corresponds
either to plaque or to normal skin. Hence, the remaining task is to identify all
components correspond to the plaque. The region properties of every connected
zone are exploited for tagging the diseased regions. Average color vectors (hue
and chroma) are chosen as region properties as they are computed easily after
clustering the image pixels. A binary classi er is suitable for the identi cation
task. But there is no well-known binary classi er that classi es circular-linear
data. Comparison of probability densities with respect to the diseased and non-
diseased pixel color (hue and chroma) distributions cannot be done because of the
unknown margin of the second component (chroma). So, the problem is treated
as an anomaly detection problem.

(a) (b)
Figure 2.2: The distribution of hue for (a) healthy skin pixels and (b)
psoriasis skin pixels.

Fig. 2.2 shows that the hue distributions of the healthy and the diseased skin pixels
di er signi cantly. So, for simplicity, a statistical hypothesis test is developed on
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Figure 2.3: The distribution of log-likelihood statistic for ground truth hue
values and the corresponding Beta distribution of normal skin pixels.

the basis of average hue values to detect plaque regions. This is a minimally
supervised way to perform the classi cation task.

As the range of the hue of the normal healthy skin pixels is narrow with respect
to psoriasis pixels so a con dence region is constructed on the hue distribution of
normal skin. To do so, a repository of normal skin pixels is developed and their hue
values are extracted. Since hue is circular in nature, the von-Mises distribution is
used to characterize it. From each connected component or region of a segmented
image, its mean hue value is obtained. Afterward, a statistical test is performed
under the null hypothesis that if the mean hue liesnside the con dence region

of normal skin. If this becomedalse the mean hue does not indicate normal skin
and hence the corresponding component is identi ed as a diseased region.

The problem with this approach is that no analytical expression for the con dence
interval is available for von-Mises distribution. Generally, a bootstrap method is
employed to get the con dence interval. Instead, an alternative methodology is
followed. Since, each normal skin pixel is assumed to follow the same von-Mises
distribution, log-likelihood statistics is computed for these pixels. The distribution
of these log-likelihood statistics is shown in Fig. 2.3. In the next step, a paramet-
ric model is obtained to approximate this distribution. It is observed that this
distribution is left tailed. Without loss of generality, the statistic values are nor-
malized in (0 1) and a Beta distribution is tted to model them (Fig. 2.3). For the
concerned data set, the parameters and of the Beta distribution are obtained
as %1560 and 31153 respectively. Evidently, > which implies a left tailed
distribution. Given this distribution, if the log-likelihood statistic of the mean hue
of a component lies at the tails, the null hypothesis is rejected. In such a situation,
the corresponding component is tagged as the diseased region (a plaque).
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Given a hue value, the proposed hypothesis assesses whether or not this hue comes
from a skin portion. Therefore the aim is to successfully reject all hue values that
do not correspond to skin. These rejected hue values are assumed to correspond
to diseased regions. The proposed strategy is advantageous in many ways. First,
normal skin images are easily available as compared to diseased skin images. More-
over, this strategy may help in building a personalized normal skin pixel database,
which may later be used for detecting other kinds of skin disease. Again, skin
color is usually di erent in di erent geographical regions. From this point of view,

a normal skin database can also be customized.

2.4 Experimental Protocol

2.4.1 Data set

The skin images used in this experiment are captured using digital cameras from
the plaque psoriasis patients of the eastern part of India. The images are captured
in an uncontrolled environment by layman photographers with di erent viewing
angles, distances, varying backgrounds, and lighting conditions. The present data
set contains images collected from eighty (80) patients of di erent age groups (0-20:
6, 21-40: 20, 41-60: 40, Older than 60: 14). We consider both male (60) and female
(20) patients having di erent skin color tone. These images are manually cropped
to remove background by a photo editing software. Afterward, dullrazor [66]
algorithm is applied for removing skin hair. Every cropped image contains diseased
skin zone along with normal skin zone. The images vary in their sizes (15451 to
1800 1700). For quantitative evaluation, manual annotation (each pixel is labeled
with either normal skin or plaqug is performed and veri ed by the dermatologists.
The time required for annotating an image depends on several factors like size of
the image, area of the a ected regions, distribution of the a ected regions in the
image, expertise of the human annotator. In the present scenario, the annotator
having moderate expertise in handling the annotating tool takes about 30 minutes
to prepare the ground-truth for an image of size 18001700. The data set contains
ground truth information for seventy- ve (75) images. Among them fteen (15),
images are used for training pixel database generation and test data set is prepared
taking images from the rest of the sixty (60) images.

1A part of the data set is available at http://www.isical.ac.in/ ~utpal/resources.php
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2.4.2 Baselines

In order to make a comparative assessment of JCLMM with the competing ap-
proaches, a number of well-known approaches are considered as baseline results.
The clustering techniques, namely, Fuzzy C-Means (FCM) [21, 92], Gaussian
Mixture Model (GMM) and Semi-Wrapped Gaussian Mixture Model (SWGMM)
[100]. FCM and GMM are performed in linear (CIE L*u*v*) color space whereas
SWGMM is performed in circular-linear (CIE Lch) color space.

Apart from clustering approaches, three widely used image segmentation algo-
rithms are considered. These are JSEG [27{29], Mean-shift [20] and level-set
approach of Chan Vese (LS-CV) [14]. Both JSEG and Mean-shift approaches use
clustering followed by region merging. The level set is a contour evolution-based
approach. An initial contour (rough object boundary) is provided as input and
this contour evolves with the image forces. Although for the present problem this
method needs user interaction, no post-classi cation approach is needed to localize
the disease regions.

Besides the unsupervised approaches, the performance of JCLMM is also com-
pared with supervised pixel classi cation-based approaches. In this regard, the
K - Nearest Neighbour (KNN), Support Vector Machine (SVM) and Random For-
est (RF) classi ers are considered. For all of these approaches, the same training
images are used to develop pixel repositories of healthy skin pixels and diseased
skin pixels. All the above classi ers are trained on spectral information represented
in CIE L*u*v* color space to perform semantic labeling of the image pixels.

2.4.3 Implementation Details

The in-house implementations of the clustering algorithms (FCM, GMM, and
SWGMM) is used for this research. The number of clusters in a particular image
was chosen empirically and remain same for an image for all the clustering meth-
ods. Moreover, to minimize initialization e ects, all clustering algorithms were
replicated 15 times and the best results are reported.

For comparing with JSEG color image segmentation approaches, the implementa-
tion of Vision Research Lab, UC Santa Barbard is used. On the other hand, the

2JSEG code available at: http://vision.ece.ucsb.edu/segmentation/jseg/software
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Edge Detection and Image SegmentatiON (EDISON) softwatgis used for Mean-
shift. The parameters of JSEG, Mean-shift algorithms are obtained by multiple
trials.

For KNN, RF and level set procedures, Matlab R2016a implementations are used.
The best result for the KNN classi er is found atK = 1. The number of de-
cision trees in the RF is empirically set to 200. For SVM-based classi cation,
LIBSVM [18] package is used with Radial Basis Function (RBF) kernel using
default parameters.

2.4.4 Evaluation Metrics

The proposed system performs the psoriatic plaque localization task in a two-step
process. Firstly, color partitioning and then localizing the diseased regions. So,
both the color partitioning (called evaluation of segmentation) and localization
are evaluated separately using a di erent set of evaluation metrics. Finally, the
performance of the proposed method is compared to other baselines with respect
to the same metrics. Some approaches which are e cient to localize the diseased
regions in a single process are exempted from the rst type of evaluation (evalu-
ation of segmentation) and performance is compared only on the basis of the set
of metrics used for evaluating localization performance.

2.4.4.1 Evaluation of Segmentation

In order to make a quantitative comparison of di erent algorithms with respect
to ground-truthed segmentation, three metrics, namely, the Probabilistic Rand
Index (PRI) [111], the Global Consistency Error (GCE) [81], and the Variation of
Information (Vol) [83] are used. The PRI is a measure of the similarity between
two di erent ways for cluster assignment. It is the probability that an arbitrary
pair of data points has consistent labels in both ways of cluster assignment. A
higher value for PRI implies better performance. The GCE measures the extent to
which one segmentation can be viewed as a re nement of the other. A lower value
for GCE implies better performance. The Vol measures the sum of information

3Mean-Shift code available at: http://coewww.rutgers.edu/riul/research/code/
EDISON/
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loss and information gain between the two di erent ways of cluster assignment.
Lower values of Vol indicate greater similarity.

2.4.4.2 Evaluation of plaque localization

Five metrics (Four metrics adopted from [75] and Precision) are used for quan-
titative performance evaluation of plaque localization. All these metrics lie in
[0; 1] and higher values indicate better performance. Let the detected diseased
region beQp, non-diseased region b&®y\p and the corresponding ground truths
are Gp and Gyp , respectively. With these de nitions, the evaluation metrics are
explained below.

Sensitivity or Recall:  In the present problem, the target is to correctly identify
the diseased pixels in the skin images. So, Recall is chosen as an accuracy
metric which is represented by the percentage of the diseased pixels that are
correctly identi ed among all the diseased pixels and de ned as:
jQo \ Gpj

Recall =
1Gpj

(2.27)

Precision: In the present problem, the algorithm which is biased towards clas-
sifying an image pixel as diseased pixel is capable of providing good Recall
but in that case false positives will be increased. So, Precision is considered.
Precision measures the probability that a detected diseased region is truly a
diseased region and de ned as:

o jQp \ Gpj
Precision = ——— 2.28
jQp] ( )
Dice's coe cient: In the present problem, the algorithm which can classify the

diseased pixels correctly with minimal false positives is intended. So, the
Dice coe cient is chosen as an accuracy measure. Itis a function of the above
two accuracy metrics. Dice's coe cient is used to measure the similarity
between actual and detected diseased pixel sets and de ned as:

Qo \ Gp]j

Dice =2 —
JQbJ + JGp]

(2.29)
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Specicity:  Specicity is an accuracy metric which measures the percentage
of the non-diseased pixels that are correctly identi ed among all the non-
diseased pixels and de ned as:

jOno \ Gnpj

: : 2.30
JGnD ] ( )

Specicity =

Spatial Support (SS):  The de nition of Spatial Support (SS) for givenc parti-
tions of the data (SS) is de ned as:

1 X jQ\ Gj

SS =-—

Here, the result fori™ partition is Q; and the corresponding ground truth is
G;j. For our experimentsc = 2 (normal skin and plaque).

2.5 Results and Discussion

The experimental results are organized into two halves in order to emphasize seg-
mentation and plaque localization, respectively. Consequently, sect. 2.5.1 includes
segmentation results and Sect. 2.5.2 presents localization outcome. Results are an-
alyzed qualitatively as well as quantitatively using the commonly used evaluation
metrics.

2.5.1 Segmentation results

The segmentation outcomes of all competing clustering algorithms along with the
original images and the corresponding ground-truths for three images are shown in
Fig. 2.4. In Fig. 2.4, It is clear that the clustering algorithms partition the input
images with respect to color similarity.
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Figure 2.4{ continued from previous page

SWGMM (HC)

JSEG

Mean-shift

JCLMM

Figure 2.4. Segmentation outcomes produced by di erent algorithms, for
three example images.

In order to make a quantitative comparison among the above algorithms, the
mean of the evaluation scores (i.e., PRI, GCE, and Vol) for all the test images
are considered and. The average scores are presented in Table 2.1. According to
Table 2.1, JCLMM performs either better or equivalent than all other compar-
ing algorithms with respect to all evaluation metrics. The result shows that the
mixture model-based clustering approaches (GMM, SWGMM, JCLMM) perform
much better than FCM clustering. This is due to the fact that the mixture-model
based approaches are less sensitive to the noise than the fuzzy clustering. In com-
parison between GMM and SWGMM, it can be stated that using same number of
color components* both methods are performing with the same e ciency. This

4For both cases: GMM (LUV) Vs SWGMM (LCH) & GMM (UV) Vs SWGMM (HC)



Chapter 2 38

Table 2.1. Average segmentation performance. The symbols => and <
respectively indicate whether JCLMM is equivalent, superior or inferior.
These statistics are obtained based on a Wilcoxcon signed rank test at 95%
signi cance level.

Method PRI GCE Vol
FCM(LUV) | 0.6677° | 0.1474° | 1.3526°
FCM(UV) | 0:6958> | 0:1287> | 1:2239°
GMM(LUV) | 0:7258% | 0:1003% | 1:1271°
GMM(UV) | 0:7544 | 0:0900° | 1:0589~
SWGMM(LCH) | 0:7309> | 0:1096= | 1:1219-
SWGMM(HC) | 0:7535” | 0:1004= | 1:0609"

JSEG 0:7467~ | 0:1034~ | 1:3820~
Mean-shift 0:7476~ | 0:0955~ | 1:4896~
JCLMM 0.7604 | 0.0962 | 1.0433

shows that clustering image pixels using circular-linear color space (CIE Lch) is a
viable alternative way.

The experiment shows that in case of FCM, GMM, and SWGMM, the inclusion
of the lightness component does not improve the performance at all, rather per-
formance is degraded sometimes. This justi es the application of JCLMM for the
chosen problem. According to the present data set among seventy- ve (75) im-
ages, forty (40) images contain at least one cluster where the chroma of the image
pixels follows the Beta distribution. This fact explains the importance of treating
the heterogeneity of the chroma distribution separately for the present problem.

In comparison with the other segmentation algorithms, i.e., JSEG, Mean-shift it
is observed that JCLMM performs better with respect to Vol and equivalent with
respect to the other two metrics.

The clustering approaches studied in this paper, do not take into account the
spatial information of the image pixels. Each pixel is assumed to be sampled inde-
pendently from a particular model. In particular, for the mixture models, the EM
algorithm employs a pixel color based clustering, producing several small regions
inside an image. On the other hand, JSEG and Mean-shift consider the spatial
closeness of the pixels and hence yield a smaller number of regions. However, the
used plaque localization methodology considers each spatially connected compo-
nents i.e., each region to examine whether it represents a plaque. Thus, spurious
regions do not signi cantly a ect the performance of localization procedure.
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