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Abstract

We present a novel skin quality assessment system with the goal of improving skin

care. This system leverages digital dermoscopy and consists of hardware, software,

and a machine learning component to automate the process of skin quality assessment.

We first give a brief introduction to the problem followed by and in-depth overview

of skin assessment and related works. Following this, the different components of the

system are described along with the data collection and algorithms. We performed

two studies with 114 participants in total. These studies yielded 2332 skin images

that were ranked by experts across a number of skin quality metrics. We plan to

release this dataset as part of this work. Using this data we trained several classical

and deep learning algorithms to classify Dryness, Frailty, and existence of hair for the

images. The best performance for Dryness detection was achieved by VGG16 with an

accuracy of 0:8606, while Frailty was best classified by VGG19 with an accuracy of

0:7929. Additionally, Hair was best detected by VGG16 with an accuracy of 0:8756

We believe our proposed and developed system creates a new research direction in the

area of digital mobile-based dermoscopy, showing the feasibility of low-cost, mobile,

and reliable skin quality assessment.
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Chapter 1

Introduction

1.1 Overview

This thesis aims to improve patient care by proposing and developing a system

that can help guide preventative measures for staving o� skin tears and other dermal

breakdowns associated with skin dryness and frailty. Skin frailty refers to the degree of

intrinsic and extrinsic aging that leads to thin and easily torn skin. Dermal assessment

can be subjective and inaccurate when done by untrained or inexperienced individuals.

It is because of this di�culty that we propose DeepSkin a mobile and easy to use

machine learning application that automates the process of skin quality assessment.

Additionally, this system includes tools for data collection and quality-related scoring

of dermal images by experts to further enhance the model as time progresses.

In addition to the system, we produce a novel dataset consisting of thousands of

dermoscopic images and metadata collected from both hospital inpatients and par-

ticipants from the general public. This data provides a starting point for researchers

to investigate skin quality. We believe that this work has the potential to spur a new

�eld of inquiry and that in the future, our system or a derivative of it can be used to
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further improve the health and quality of life for individuals at risk of dermal break-

down and skin tears. Additionally, we believe the skin-care industry can employ such

a system for recommending products based on the objective needs and skin quality

of customers.

1.2 Motivation

The skin is the largest organ in the human body and provides a vital barrier be-

tween the body and the environment. Our skin guards us against the entry of micro-

organisms, harmful chemicals, and mechanical damage while aiding in the mainte-

nance of homeostasis. The outermost layer of the dermis, the stratum corneum, is

largely responsible for maintaining the barrier function of the skin and thus break

down of this layer can be a risk to individuals' general health [4]. Reduced hydration

of the stratum corneum can lead to this break-down, allowing the entry of pathogens

while weakening the mechanical properties of the dermis leading to skin tears and

other wounds [5].

Dry skin or xerosis is a common skin condition that a�ects the majority of older

persons [6]. In addition to the physical discomfort such as itching and dermatitis

often caused by this reduced hydration, patients can also experience signi�cant psy-

chological burden [7]. Dry skin is also a particular concern for elderly and those

with already frail skin as it can lead to skin breakdown and potential infection [8].

Thankfully, widespread availability of moisturizers and preventative or prophylactic

care can greatly reduce the severity and impact of xerosis.

Assessment of the dermis is an important component of detecting dry skin and

key to preventing future complications. Typically, visual inspection of the skin and
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primarily texture is utilized to determine the hydration status of the skin. Unfor-

tunately, such visual assessment is highlysubjective and inconsistent due to the

lack of experience and education [9]. Devices for measuringpH and moisture loss

of the skin do exist to provide an objective assessment of skin condition, but are

often cumbersome, expensive, time-intensive [10], and not part of routine care [11].

As a result, we believe an automated and easy-to-use tool capable of accurately and

consistently evaluating skin can signi�cantly contribute to health-care.

Digital dermoscopy is gaining traction and is becoming a routine tool used in

many clinical settings [12]. Consumers have also begun adopting this technology as

it has become more available and a�ordable. This technology can allow consumers

to track and evaluate changes in their skin condition. As this is a relatively emerging

�eld, the focus has primarily been on the analysis of lesions, for example the classi�-

cation of benign moles and malignant nevi [13]. Machine vision systems have started

to leverage the growing dermatological data to produce automated diagnostics and

classify di�ering lesions [14]. Through the utilization of contemporary machine learn-

ing algorithms researchers have achieved diagnostic accuracy that surpasses that of

trained dermatologists [15].

Digital dermoscopes often consist of a magnifying lens surrounded by illuminating

LEDs and have a wide variety of mounts that make them compatible with a selection

of smart-phones and tablets. By leveraging the cameras in smart-phones, digital

dermoscopy is becoming portable and easy to use. This allows applications to be

compatible and easily integrated into a variety of di�erent platforms. Accordingly, a

variety of intuitive and widely available set of tools can become available for visual

diagnostics of the skin that could go beyond lesion analysis.
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Research thus far has shown that digital dermoscopy coupled with arti�cial intel-

ligence o�ers a potential opportunity to standardize the evaluation of skin analysis.

An ideal system for this purpose should besmall, portable, easy to use, and relatively

inexpensive. To bring this system into reality, a framework for skin analysis using

dermatological images is needed. As research to date has focused mainly on lesions,

there are no existing datasets evaluating \normal" skin. The collection and utilization

of this data for skin quality assessment is thus an integral step towards developing

the aforementioned framework.

1.3 Problem Statement

While skin frailty (the degree of intrinsic and extrinsic aging that leads to easy

tearing of the skin) and dryness are part of the normal aging process, these changes

represent important indicators of individual's overarching health status and risk for

skin breakdown. Degradation and tearing creates entry point for pathogens and other

irritants that can result in serious infection and in
ammation, hence, assessment and

prevention are vital for reducing harm. Unfortunately, the currentstatus quoof visual

assessment lacksobjectivity and consistencyfor untrained care providers leaving much

to be desired. Assessment could be readily improved by the use of tools that are

currently available including devices that measurepH or trans-epidermal water-loss.

Regrettably, these tools are not widely used because they are expensive, cumbersome

and time-intensive. This makes them impractical for regular use in the clinical setting

and have not been widely adopted accordingly.

Digital dermoscopy has become part of routine care in many clinics and as such
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represents a tool that could be applied to the assessment of skin quality [12]. Fur-

thermore, these tools tend to be coupled with a smartphone or tablet, allowing for

a plethora of domain-speci�c applications to be developed. Machine learning meth-

ods have been previously shown to complement dermatologists for the assessment

of melanomas from dermoscopic images [15] and thus similar techniques have the

potential to be used to evaluate skin quality.

To build such an assessment system, a multitude of tools and existing data is

needed. Two primary tools are required for this system, a platform for digital der-

moscopy, and an application that is able to collect data, enable experts to use in

order to rank the collected images, and ultimately be used in real-time to assess the

skin quality. The data collection and ranking components are necessary for a func-

tional assessment system that continues to learn from collected data and improve its

self. This is because the assessment component requires data from which to learn.

This brings us to the need for an initial dataset that can train the model and begin

assessing dermoscopic images. Furthermore, di�erent approaches for machine learn-

ing must be investigated as the choice of algorithms can greatly impact the system

performance.

1.4 Thesis Contributions

We propose, design, implement, and evaluate a novel system for skin quality

assessment. To do so, �rst we compare and contrast di�erent dermoscopic platforms,

followed by developing the system. Next, we create a software application for the

platform with three main components: a data collection module, a data ranking tool,

and a machine learning-enabled component for skin assessment focusing on Dryness
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and Frailty. Additionally, we investigate the possibility of detecting skin hairs in

images as this could be a potential source of error when Frailty and Dryness are

assessed. Upon development of this system, we used the system to conduct two

observational studies, one in a rehabilitation and complex continuing care hospital

and another in the general population, where a dataset of skin images is collected

for the �rst time. The collected data are subsequently ranked by expert health-care

providers to create the ground-truth output labels. This data is then used to create

and assess several machine learning algorithms completing the system and providing

a baseline for system performance.

1.5 Thesis Outline

The remainder of this thesis is organized as follows:

Chapter 2, Background: Clinical In this section we brie
y cover the anatomy

and physiology of the skin, measurements of the skin, and other related works. This

chapter starts with an overview of the skin, its structure, and function along with

some associated pathophysiology. We then cover assessments related to skin quality

including the tools used for this purpose.

Chapter 3, Background: Supervised Learning In this chapter we cover machine

learning techniques and related works. This starts with a short overview of machine

learning algorithms followed by a literature review of works in which machine learning

techniques have been applied to dermoscopy.
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Chapter 4, Methods: In this section we describe the tools developed and investi-

gations performed. This starts with the dermoscopic platform that we designed and

implemented, along with the description of the software application that was created

for our system. Following this, a description of the methodology for the two studies

is provided. We then present the techniques used for data analysis along with the

machine learning algorithms used.

Chapter 5, Results: Statistical Analysis Here we lay out the results of the clin-

ical assessments carried out by the experts. In this context, �rst, analyses of the

study population and statistics are presented. Then the metric properties of our skin

assessment tool are evaluated including inter rater reliability, validity, and internal

consistency. This is then followed by exploration of the features created for classical

machine learning.

Chapter 6, Results: Supervised Learning in this chapter, we present the per-

formance of the di�erent machine learning algorithms including classical and deep

learning models. The di�erent learning algorithms are compared for each of the three

factors (Dryness, Frailty, and Hair).

Chapter 7, Conclusion: In this chapter, we summarize the work done and its

contributions. We then cover potential future work. This includes immediate related

avenues of inquiry along with re�nements that could be done to enhance the results.
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Chapter 2

Background: Clinical

2.1 Dermatological Background

To understand the assessment of skin it is important to �rst know its anatomy and

physiology. The skin is an important organ with many vital functions related to its

structural composition. It is the body's largest organ that serves as a protective bar-

rier, protecting us from physical, mechanical, chemical and thermal insults from the

external environment while we interact with the world. Beyond the barrier function,

the skin is vital for sensation and thermoregulation, keeping us within a normal range

of temperature that is vital for cellular functions and aware of our environment. The

skin also participates in other important functions including immunity, metabolism,

and aesthetics. As such, early detection of skin degradation and pathological changes

that can compromise normal skin functions is an vital part of clinical assessment.

Andrews' Diseases of The Skin[16] andClinical Dermatology [17] .
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2.1.1 Skin: Structure

As in most of biology function is tightly linked to structure. Along with the two

previously mentioned texts Wheater's Functional Histology gives a good overview

of the skin's histological structure [18]. The skin is composed of three main layers

that provide a host of special features as seen in Table 2.1. The epidermis is the

more super�cial layer. It is composed of a tough keratinized layer and many layers

of epithelial cells. It constitutes the primary barrier to the body. The dermis is

below this and is mainly composed of �broblasts and connective tissue. The dermis

is also host to most of the glands in the skin. Lastly the subcutaneous fat layer sits

under the dermis and contains fat and some glands. Figure 2.1 displays a rendering

of these layers and highlights some common features. Figure 2.2 shows strati�cation

of these layers, but in reality a these delineations can be somewhat blurred. This is

particularly true between the dermis and subcutaneous layers. These three primary

layers support the skins function and work together to facilitate the integument's

rolls.

The epidermis is mainly composed of keratinocytes that are going through dif-

ferentiation and proliferation to form various layers. Keratinocytes stater adhered

to the basal membrane, a tight layer of connective �bres dividing the dermis from

the epidermis. This basal layer of keratinocytes is the proliferative layer and rep-

resents the stem cells for the epidermis. As these cells are stem cells they must be

protected from harmful ionizing radiation like ultraviolet light. This is therefor where

melanocytes are embedded in the skin and promote the formation of melanin vacuoles

in the skin cells. As the keratinoctes di�erentiate they begin to 
atten out denucleate

and toughen by �ling with keratin �bres. Keratin is the same protein that primarily
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Figure 2.1: Artist's rendering of the structure of the skin, including the three layers:
epidermis, dermis and subcutaneous layers [1].

constructs hair and nails. Thus as the keratinocites terminally di�erentiate outward

they for the stratum corneum the most external layer where the cells completely loose

their nucleus and provide the major barrier function of the skin. This layer can be

seen well in Figure 2.3.

The cells of the epidermis are connected strongly together to give the skin tough-

ness. These cells employ strong connective protein bridges called desmosmes and

cadherens to link each other together. These structures are then tightly linked to the

cells cytoskeleton to further enhance the epidermal toughness. Beyond the intercel-

lular linkages the epidermis and dermis form rete pegs to anchor the two structures

together. These rete pegs are undulations in the basal membrane that are similar

to that of an egg carton. This enhances the strength of the skin to shearing forces
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Figure 2.2: Microscopy image of a transverse view of the skin.e: epidermis, d:
dermis, sc: subcutaneous [2].

that could delaminate the integument's layers. These dermal papillae also provide

enhanced blood supply and sensation to the skin and are responsible for the pink

colour of the lips.

The dermis lies below the epidermis and is host to may systems that help facilitate

skin function. The dermis is composed of �broblasts and a host of other extra-

cellular-matrix components. This extra-cellular-matrix includes ground substance,

an aqueous solution of hyaluronic acid and other solutes, and connective proteins

such as collagens and elastin. The ground substance provides a bath of metabolites

signaling factors and bu�er to maintain a healthy environment for the cells. The

connective �bres composed mainly of collagen are what give the dermis structure.
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Figure 2.3: Hystology of normal skin showing pink stained dermis and darker stained
epidermis. The pink projections are the Rete pegs. The layer 
aking apart is the
stratum corneum [3].

These �bres are then interspersed with elastin which allows the dermis to stretch and

return to its shape. All of this lends to an enhanced durability of the skin.

The dermis is also embedded with may important structures of the skin. A wide

net of vasculature and neuronal projection are embedded in the dermis. This nour-

ishes the skin and allows for signaling from sensory receptors to reach the central

nervous system. Along with the blood supply, the dermis is host to hair follicles and

sweat glands that produce both the sebaceous and serious excretions from the skin

that are key for thermoregulation and barrier function. Aptly named the sebaceous

gland attached to hair follicles release a thick lipid rich secretion that helps to ensure

the stratum coneum is adequately �lled with lipids that repel water and thus guard

the body.

Lastly, the subcutaneous layer of the skin is often overlooked as just containing

a reservoir of fat, but has many important features. The adipose tissue of the sub-

cutaneous layer is an important energy reserve but also acts to insulate and warm

the body. Beyond that the adipose tissue is a site for endocrine signalling related to
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Table 2.1: Layers of the skin.

Layer Structure Description
Epidermis
Stratum corneum Anucleated keratinocytes Most super�cial layer, protects

against friction and water loss.
Stratum lucidum Anucleated keratinocytes Only present in thick skin.
Stratum granulosum Keratinocytes Cells �lled with kerato-hyaline

granules, cells enter apoptosis.
Stratum spinosum Keratinocytes Proliferative layer, cells tightly

connected.
Stratum basale Keratinocytes Single layer of cells attached to

the basement membrane.
Melanocytes Promote production of melanin.

Dermis
Papilary layer Fibroblasts Produce connective tissue.

Connective tissue Collagen, hyaluronic acid, elasin.
Vascular supply Brings oxygen to the epidermis.

Reticular layer Fibroblasts Produce connective tissue.
Connective tissue Collagen, hyaluronic acid, elasin.
Vascular supply Supply's nutrients and

removes waste products.
Nerves Both e�erents and a�erents.
Immune cells Macrophages, mast cells,

lymphocytes and others.
Sweat glands Serious excretory cells.
Sebaceous glands Sebum excretion next to

hair follicle.
Hair follicle

Subcutaneous Layer
Adipose tissue Both brown and normal fat.
Connective tissue Collagen, hyaluronic acid, elasin.

metabolism and satiation. This layer also provides an important cushioning e�ect for

the body to prevent pressure from bones or other hard structures either impacting

the organs or other more super�cial layers of the skin. It is with all these layer that
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the integument is able to function correctly and e�ectively to maintain life.

2.1.2 Skin: Function

Now with a good understanding of the anatomy of the skin we can discuss its

function more in depth. There are �ve major functions of the integumentary system:

barrier function, sensation, sensation, metabolic function, and aesthetics. These func-

tions are integral to the homeostasis of the body and well being of the individual.

Understanding how the skin functions correctly can help to educate us about how

degradation of the skin can e�ect the individual.

One of the most immediately obvious functions of the integument is to protect the

rest of the body from physical, chemical, and ultraviolet damage along with preventing

desiccation of the underlying tissues. The tough stratum coneum is infused with lipids

and other components that prevents water loss and entry of foreign pathogens along

with many toxicants. The strong adhesion between layers of cutaneous structures is

maintained by cell to cell junctions and the rete pegs that anchor the epidermis against

the underlying dermis. Hemidesmosomes and integrins in the basement membrane

help to link the basal cells to the collagen-elasin matrix of the dermis. These structural

reinforcements help to maintain the skins integrity under mechanical and physical

assault. Beyond this, the dermis contains elastic connective tissue that allows for

the skin to be stretched and return to its original shape. Normal skin thickness and

elasticity contributes to its resilience. The addition of melanocytes also blocks out

much of the incoming ultraviolet radiation that can signi�cantly damage the DNA of

the cells. As a result the skin is able to guard the body's internal environment from

a plethora of assaults.
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Not only does the integument protect us from the environment it relays a rich

source of sensory information. One of the most necessary, but maybe underappreci-

ated receptors are those responsible for pain signalling. They relay noxious stimula-

tion that may be linked to potential danger, injury, to the tissue. Along with pain,

there are thermoreceptors that, as their name implies, detect the relative tempera-

ture changes in the environment. These enable the localization of heat in addition

to signalling potentially dangerous environments that can burn or freeze us. Beyond

these senses the main sensory capability of the skin lies in its suit of mechanorecep-

tors. These receptors are sensitive to prolonged pressure, vibration, deep pressure,

texture, and the stretching of the skin. All in all the plethora of skin receptors gives

a rich tapestry of information related to the physical world. Clearly as the skin is

such a large and sophisticated sensory system, it represents a window through which

to understand and interpret the world.

With such signi�cant interaction with the environment there are incidents when

the epidermis becomes compromised leading to a need to activate internal defence,

the immune system against pathogens. The skin is home to many immune cells that

help to protect us from any incursion. Langerhans cells are one particular cell that is

responsible for uptake and presentation of antigens to T lymphocytes facilitating their

ability to be sensitive to a new pathogen. Beyond these, the typical immune cells such

as macrophages and mast cells are present in the dermis to aid in the in
ammatory

response and clean-up of the foreign materials and damaged tissue. Clearly the skin

is a signi�cant site of immune function given it is the �rst line of defence against

many pathogens.

The skin is not only a barrier and a sensory organ, but also a key part of our
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metabolic processes. Vitally, it is responsible for supplying the previtamin D that

is later converted into vitamin D in the liver. Through the exposure of provitamin

D3 to Ultraviolet rays the skin is able to synthesize previtamin D. Beyond that, the

subcutaneous layer is rich in adipose tissue representing a key energy storage location.

Furthermore the adipose tissue is important to endocrine signalling related to weight

via leptin a hormone that inhibits hunger and reduces fat storage. It also is implicated

in the production of estron, a weak estrogen. In addition to this endocrine signalling,

brown adipose tissue a type of fat is responsible for maintaining body temperature

when cold. This is done by the tissue consuming stored energy and releasing heat.

This leads us to another major function of the skin, thermoregulation.

Thermoregulation is the ability to maintain the temperature of our bodies. As

mentioned previously, the brown adipose tissue is able to burn energy and convert

it to heat by allowing protons to leak back through their mitochondrial membranes.

The skin has even more methods for reducing the temperature of the body. Two main

adaptations are important for cooling the body, sweat and blood 
ow. By releasing

sweat through the eccrine glands in the skin we are able to drop the temperature

via evaporative cooling. Furthermore the vessels in the skin are able to expand and

go from containing 5% of the blood to 40% allowing a much greater quantity of

blood to pass by the cool surface of the skin. These two methods together allow us

to e�ectively disperse heat.

Though sweating and being 
ush may not be seen to be aesthetically pleasing, the

skin is an important factor of aesthetics. The skin is important signaling trait for mate

selection and as a result there are a plethora of creams and treatments to improve

the appearance of the skin. Furthermore unhealthy appearing skin is associated with
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physiological burden and is clearly troubling for many people. Thus this function of

the skin should not be overlooked.

2.1.3 Skin Aging

Now that we have discussed the normal structure and function of the skin it is

important that we review some of the pathophysology related to the skin and aging.

This will help us understand how the skin can stop functioning correctly and how we

can potentially address and observe these issues.

There are two processes by which the skin ages, an intrinsic aging process, and

an extrinsic aging process related to primarily to ultraviolet radiation exposure [19].

There have been a number of studies that evaluate the di�erence between intrinsically

aged skin and photoaged skin [20]. Many of the most harmful and glaring signs of

cutaneous aging are a result of photoaging as it compounds the intrinsic degrada-

tion [19]. Ultraviolet radiation can penetrate beyond the epidermis and can deliver

harmful ionizing radiation to the dermal layer [21]. We will �rst focus on the intrinsic

cutaneous aging process and then evaluate how ultraviolet rays exacerbate it.

Investigation of intrinsically aged sink necessarily requires the evaluation of photo-

protected skin. It also lends greatly the study of intrinsic cellular aging as the skin can

act as a model tissue for aging that can be readily assessed. As such, there is a vast

trove of research related to the aging of epithelium and particularly basal keratinocites

[21]. This is however not limited to the epidermis with many studies evaluating

�broblasts from the dermis. Additionally, the subcutaneous layer of adipose tissue

changes with age. This mostly results in thinning of this layer in many areas but the

gaining of fatty tissue around the abdomen [22].
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There are three main theories on intrinsic cutaneous aging, cellular aging related to

telomeres and DNA damage, accumulated oxidative damage, and hormonal changes

[22]. Each of the three contribute impart some component of aging, but as of yet the

full aetiology of aging is not understood [21]. Currently these changes are thought

to be related to the aforementioned causes and will continue to be an area of intense

research.

We will �rst address cellular aging resulting from telomere shortening and ge-

netic damage. Telomeres are a vital component of eukaryotic genomes allowing chro-

mosomes to be replicated without degradation of the functional genomic data [21].

Telomeres act to cap the chromosomes and consist of a 4-12 Kilobasepair repeats

of TTAGGG with a �nal single-stranded TTAGGG overhang on the 3' end. This

"sticky" end allows the telomere to loop around and anneal to earlier repeats in it-

self. This loop structure acts to stabilize the chromosome ends from degradation or

modi�cation by enzymes related to DNA repair and modi�cation. Importantly, as a

cell replicates its DNA for subsequent division and proliferation part of the telomere

is lost due to functional limitations of the DNA replication mechanics. Thus as a

cell ages we see shortening of the telomeres. This shortening causes a slow down and

arrest of the cell cycle. Beyond telomeres, both mitochondrial and nuclear DNA are

subjected to damage and mutation that can build over time [19]. These changes can

lead to apoptosis, cellular dysfunction or reduced function. These e�ects are seen in

aged skin with the replacement rate of epithelial cells reduced from 20 days to 30

days [22]. Additionally, aged skin displays prolonged and reduced ability to reepithe-

lialize wounds. These changes may also explain the drying that is exhibited in the

stratum coneum of the epidermis with less lipids and cholesterol that act as the glue
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between denucleated keratinocytes [20]. We also see substantial reduction in seba-

ceous gland activity that also drys the skin and leads to reduced barrier function [22].

This could be due to the fact that sebaceous excretions require cellular proliferation

as it is composed of cells that have gone through apoptosis. Ultimately, genetic wear

and tear in the cells can lead to reduced cellular function that has macroscopic e�ect

on skin structure.

Oxidative stress also represents a major factor in intrinsic aging. Metabolism,

necessarily produces oxygen free radicals or reactive oxygen species. Normally an-

tioxidants and other mechanisms of repair help to clean up the damage caused by

these reactive oxygen species [21]. As we age these processes beguine to function

less accurately and ultimately results in the increased activation of MAPKs a fam-

ily of protein kinase activated by oxidative stress and DNA damage amongst other

things [22]. MAPK activation results in the activation of c-Jun which with c-Fos

forms into AP-1 a transcription factor that up-regulates the transcription of many

proteins [19]. Amongst these proteins matrix metaloproteases are up-regulated and

are excreted into the extracellular matrix of the dermis [21]. This leads to a digestion

of the collagen and elastin sca�olding of the dermis. AP-1 activation also results in a

lowering of TGF-� a growth factor related to matrix construction [23]. This process

helps explain the disordering and clumping of the extracellular matrix as the skin ages

in addition to this the amount of glucomainoglycans is reduced resulting in poorer

hydration of the dermis [23]. Thus oxidative stress accumulation leads to less elastic

and poorer turgor of the aged skin.

Lastly hormone changes signi�cantly alter the skin. This is most pronounced in

women as they enter menopause since their levels of estrogen production decreases.
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The majority of research on hormonal e�ects on the skin come from hormone re-

placement therapies [24]. Post-menopausal women are seen to have thickening of the

epidermis, improved hydration, and enhanced lipidation of the stratum coreum after

estrogen replacement therapy [25]. In addition to that testosterone in men has been

shown to reduce the barrier function of the skin and also reduce wound healing in

men who received testosterone replacement therapy [26]. Thus the androgens gradual

reduction over time could be and underlying cause for dis-regulation of the skin as

we age.

In addition to these intrinsic factors of cutaneous aging, photoaging greatly im-

pacts the structure of the skin and exacerbates many intrinsic aging processes [19].

Ultraviolet rays have the ability to form reactive oxygen species along with forming

cleavages in the DNA. It contributes to telomere shortening and also induces a 4977

bp common deletion in the mitochondrial DNA [22]. These e�ects ultimately lead to

activation of the MAP kinases and subsequent matrix breakdown and disorganiza-

tion. Furthermore it contributes to the arresting of cell cycles and reduced turnover.

The damage also results in discolouration associated with damage to melanocytes.

Photoaging thus is an extreme intensi�cation of the intrinsic aging process with the

addition of increased mutogenisis. This produces even more pronounced e�ects that

leave the skin papery and weak in those with type I and II skin and thin and leath-

ery for those with type III and above. It also makes the skin lax, wrinkled, and

discoloured [20].
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2.1.4 Assessing Skin Quality

Having covered the pathophysiology of skin aging and degradation it is now im-

portant to look at how to assess skin quality. Hereskin quality means the degree to

which the skin is in a healthy \normal" state. One important component of quality

is frailty ; meaning the degree of intrinsic and extrinsic aging that leads to thin easily

torn skin. Another component is the hydration status or dryness of the skin. To

assess these factors and sub-domains gold standards and preexisting assessment tools

must be found for them.

There is little literature focused on the assessment of the quality of the skin that

is targeted to "normal" skin. We will thus touch on a couple of metric systems used

to assess closely related constructs. The most obvious assessment systems are those

that quantify or classify photoaging of the skin. There are four related schemas that

assess photoaging: Glogau's classi�cation of photoaging [27], Monheit and Foulton's

photoaging scale [27], Isik's dermoscopic photoaging scale [28], and Guimarae's fore-

arm photoaging scale [29]. In addition to photoaging, skin tears represent a common

sequelae of skin frailty and thus risk factors for them can educate us on skin frailty

markers for assessment [30,31]. Lastly general signs of intrinsic skin aging can also be

used to help us assess the skins quality. Together we can take all of these constructs

to understand the picture of skin quality, dryness, and frailty.

The four previously mentioned photoaging systems show many commonly assessed

features. Each assessment can be found in the following tables: Glogau's in Table

2.2, Monheit and Foulton's assessment in Table 2.3 with scoring in Table 2.4, Isik's

in Table 2.5, and Guimarae's in Table 2.6. These tables show that there are many

common constructs that they evaluate. Keratosis, changes in pigmentation, and
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wrinkling all featured heavily in each. In addition to this the presence of lesions

were common in each assessment. The skin tear risk factors also corroborated these

features [30,31]. One draw back with these assessments is that all but Guimarae's the

analysis focused on the face. They do however give a good sense of the importance

of dryness, colour and elasticity of the skin to dermal aging.

It is thus evident that the skin degrades and has increased frailty as we age. This

begs the question of how can we assess the quality of the skin in an objective and

e�ective way. The majority of dermal assessment tools focus primarily of abnormal

or diseased skin. This presents a problem for quantifying "normal" skin quality. The

best proxy for quality appears to be skin frailty and some understanding of dryness

or xerosis. Skin frailty is a burgeoning area of research that investigates skin that has

thinned and become fragile. It is associated with an amalgam intrinsic and extrinsic

aging. With measures of dryness that can be transient depending on environment

and other extrinsic factors this gives a good understanding of skin quality.

2.1.5 Current Technologies

The previously applied evaluation techniques have relied entirely on visual assess-

ment of the skin. Visual assessment can however be variable and training/education

dependant. To tackle this problem technologies have been created to more objectively

evaluate properties of the skin. These devices look at everything from water loss as

a metric of barrier function to metrics of elasticity [32]. There are two approaches to

these technologies one attempts to measure a physical property of the skin and the

others try to visually analyze the micro-structures of the skin.

There are three main devices that have been created to measure speci�c properties
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Table 2.2: Glogau's classi�cation of photoaging.

Type Description Features
I (Mild) No/Minimal Wrinkles Early Photoaging

No keratosis, pigmentary changes
Age: 20s-30s
Minimal/no makeup

II (Moderate) Wrinkles in Motion Early to Moderate Photoaging
Early actinic keratoses
Sallow colour
Smile lines begin
Age: Late 30s-40s
Little makeup

III (Advanced) Wrinkles at Rest Advanced Photoaging
Dyschromias
Telangiectasias
Actinic keratoses
Persistant wrinkling
Age: 50s or greater
Always makeup

IV (Severe) Only Wrinkles Severe Photoaging
Yellow{gray skin
Actinic keratoses� malignancies
Dynamic/gravitational wrinkling
throughout
No normal skin
Age: 50s or greater
Makeup with poor coverage

of the skin. These properties are transepidermal water loss, the electrical properties of

the skin(conductance and capacitance), and elasticity [32,33]. Transepidermal water

loss evaluates the amount of water given o� by the skin. The underlying premise

of this devise is that the barrier function of the skin can be equated to how well
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Table 2.3: Monheit and Foulton's photoaging assessment.

Texture Changes Points

Wrinkles { dynamic 1 2 3 4
(% of potential lines) < 25% < 50% < 75% < 100%
Wrinkles { photoaging 1 2 3 4
(% of potential lines) < 25% < 50% < 75% < 100%
Crosshatched lines { �ne lines 1 2 3 4
(% of potential lines) < 10% < 20% < 40% < 60%
Sallow Colour and Dyschromia 1 2 3 4

Dull Yellow Brown Black
Leathery appearance 1 2 3 4
Crinkly (thin and parchment) 1 2 3 4
Pebbly (deep whitish nodules) 2 4 6 8
(% of face) < 25% < 50% < 75% < 100%
Pore number and size 2 4 6 8

< 25% < 50% < 75% < 100%

Lesions Points

Freckles { mottled skin 1 2 3 4
(number present) < 10 < 25 < 50 < 100
Lentigenes (dark/irregular) SKs 2 4 6 8
(size) < 5mm < 10mm < 15mm < 20mm
Telangiectasias { erythema 
ush 1 2 3 4
(number present) < 5 < 10 < 15 > 15
Actinic & seborrheic keratoses 2 4 6 8
(number present) < 5 < 10 < 15 > 15
Skin cancers 2 4 6 8
(number present { now or by history) 1 ca 2 ca 3 ca � 4 ca
Senile comedones 1 2 3 4
(in cheekbone area) < 5 < 10 < 20 > 20

the epidermis retains moisture. Conductance and capacitance on the other hand

try to measure the relative water content and hydration status of the skin. It does

this by equating the capacitance and conductance to water content as it is the most
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Table 2.4: Monheit and Foulton's photoaging scale.

Total Score Therapy

1 � 4 Five-step skin-care routine including sunscreen, retinoic acid,
glycolic acid peels, and selective lesion removal.

5 � 9 Above plus repetitive super�cial peeling agents program such
as glycolic acid, Jenner's solution, or lactic acid peels.

10� 14 Five-step skin-care routine and Medium-depth chemical peeling.

� 15 Five-step skin-care routine and and deep chemical peeling or
laser resurfacing.

conductive element in the skin. Lastly elastometry measures the elasticity of the skin

using mechanical probes. In elasometry there is no need to make assumptions of skin

function because it is a physical property of the skin. These three techniques all have

the advantage of being objective measurements however they to take time and require

the use of very specialized machines. It is because of these drawbacks that there is

little evidence that they are used in routine care.

Beyond measuring a single attribute of the skin there are some technologies that

are used to assess a variety of skin features. Microreleif analysis is one such method

where a skin replica is constructed from a material such as silicone rubber and then

used for physical assessment [34]. Using an Interferometer the surface of the phantom

can be digitized and statistical properties of the skins surface can be computed. This

gives a plethora of structural features [35]. Unfortunately this process is quite labour

intensive and requires large specialized equipment making it non-tenable for clinical

use.
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Table 2.5: Isik's dermoscopic photoaging scale (DPAS).

Evaluation Criteria Clinical Description Dermoscopic Description

Yellowish discoloration Abnormal, yellowish, nonfunctional More pronounced yellow pigmentation
(solar elastosis) and elastotic material accumulation in and yellow dots seen with dermoscopy
yellow papules the upper dermis, coarsening of the skin than the naked eye assessment.

White linear areas of Irregular healing of easily torn, fragile skin White, clear, irregular extensions.
scarring (skin atrophy)

Ephelides/lentigo Well-circumscribed, brown macules and Light-brown, intertwined, tight, pigment
patches network.

Hypopigmented Persistent pigmentation in the form of Irregular pigmentation in the form of
-hyperpigmented mottled hypo-hyperpigmentation hypopigmented macules between
macules hyperpigmented patches.

Telangiectases Ectatic vessels with atrophic walls Red lines showing di�erent con�gurations.

Actinic keratosis Cutaneous neoplasms by the proliferation Perifollicular, red psodonetwork, prominent
of keratinocytes with atypical cytology follicular openings surrounded by a white

halo, pigmented ostia, brown-gray dots
and globules.

Senile comedones Periorbital, localized, non-in
amed, open Follicle openings with brown-black keratin
and closed comedones plug in the middle, on periorbital region.

Deep wrinkles Wrinkles not improved by stretching More obvious deep wrinkles seen by
dermoscopy than the naked eye assessment.

Super�cial wrinkles Fine wrinkles improved by stretching More pronounced super�cial wrinkles seen
by dermoscopy than the naked eye
assessment.

Criss-cross wrinkles Deep, crossing lines More obvious criss-cross wrinkles seen by
dermoscopy than the naked eye assessment.

One less cumbersome technique for analyzing skin is spectroscopy. A light source

is used to investigate the absorbance of light across the spectrum. The spectrum used

can be visual but is not limited to it. This approach has shown promise in cancer

detection [36]. There are specialized handheld devices for this use as well making it

possible to implement more readily in clinic. It has been used to assess age as well.

There are some drawbacks to spectroscopy including the reliance on a single attribute

that does not fully capture the features of the frailing and drying of the skin and that

it is not a widely used tool in dermatology.
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Table 2.6: Guimarae's forearm photoaging scale.

Evaluation Criteria Points

Wrinkles 0 1 2 3 4
absent few �ne multiple �ne & deep �ne & deep

�ne localized widespread
Lentigines 0 1 2 3 4
(number lesions) 0� 4 5� 10 11� 20 21� 25 > 25
Actinic Keratoses 0 1 2 3 4
(scaling sites) absent 1� 2 3� 5 6� 10 > 10
Actinic Keratoses 0 1 2 3 4
(erythema sites) absent 1 2 3 > 3
Hypochromia 0 1 2 3 4

absent 1� 10 11� 20 21� 25 > 25
Stellate Psudoscars 0 1

No Yes
Visible Veins 0 1

No Yes
Visible Purpura 0 1

No Yes
Elastosis 0 1 2

Absent Localized Di�use
Loss of Elasticity 0 1 2
(sulcus/folds) Absent Localized Di�use

There are a plethora of optical imaging systems of note are optical coherence

tomography, confocal microscopy, and dermoscopy. Confocal re
ectance microscopy

is an imaging approach that allows for the visualization of cellular morphologies with

a resolution of 0:5�m � 1�m [37]. It also allows for acquisition in the z-axis allowing

for multiple depths to be images. This technology is currently used in the diagnosis

of basil cell carcinoma and melanoma. It does however require costly specialized

equipment and the narrow �eld of view means that the imaging may not capture

some macroscopic features of aging and drying. Optical coherence tomography uses a
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di�erent approach to pear into the layers of the skin. By employing an interferometer

and small pulses of light an image akin to an ultrasound is produced [38]. This gives

�ne-grained information on the structure of the skin. Unfortunately, it too su�ers

from the draw backs of confocal re
ectance microscopy and is even less utilized than

it.

Lastly dermoscopy is the most widely used tool of those mentioned and algo-

rithmic analysis of dermoscopic images has had much success [15, 39]. Dermoscopy

employs a a lens and lighting system to evaluate small regions of skin typically on

the order of 1cm2. These systems are now also connected to smart phones or other

digital devices enhancing their ease of use as see in Figure 4.1. Consumers have also

begun adopting this technology as it has become more available and a�ordable. This

can allow consumers to track and evaluate changes in their skin condition. As this is

a relatively emerging �eld, the focus has primarily been on the analysis of lesions, for

example the classi�cation of benign moles and malignant nevi. Machine vision sys-

tems have started to leverage the growing dermatological data to produce automated

diagnostics and classify di�ering lesions. Through the utilization of contemporary

machine learning algorithms researchers have achieved diagnostic accuracy that sur-

passes that of trained dermatologists. Dermoscopy seems to be a natural choice for

automating skin assessment given that it too is a visual approach with well de�ned

images that have already been readily used in analysis successfully.
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2.2 Digital Dermoscopy Background

2.2.1 History

Dermoscopy originated as a tool to help enhance the classi�cation lesions by mag-

nifying and better illuminating them. This allowed for features that are not visible

to the naked eye to be investigated. The basic dermoscope consists of a magnifying

element and a light source. They allow healthcare providers to see through the stra-

tum coneum into super�cial layers of the dermis. This allows for the visualization of

small capillaries, pigment changes and small cysts amongst other attributes.

In recent years dermoscopes have become more widespread, moving from derma-

tology clinics to the hands of family physicians and even the public at large. This

is due the relative inexpensiveness of the device along with literature showing the

utility for general practitioners [12]. As family physicians see patients on a regular

basis they are well placed to screen for and track potentially cancerous lesions. For

some practices this has even lead to patients keeping their own dermoscopes to track

and send images to their healthcare providers.

Dermoscopes have also been able to take advantage of the explosion of smart

devices where most systems now o�er brackets to mount smart phones or tablets to

them. This has allowed for improved tracking of skin conditions and has also allowed

for the creation of databases of dermoscopic images. The �eld's popularity began

rising with the release of a dataset,PH 2 that allowed researchers to compare results

and train models. The PH 2 data is derived from a collection of 200 melanocytic

lesions that were imaged in a Portuguese hospital in 2013 [40]. With this rise in

prevalence and interest the quantity of dermoscopic images also increased. A challenge

dataset was then released that consisted of 1552 samples, which further bolstered the
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ability for researchers to construct machine learning models [41]. Now some teams

have shown algorithms that are able to perform at the level of dermatologists to

distinguish lesions.

2.2.2 Techniques and Uses

When examining the skin under the naked eye the glare o� of the stratum corneum

provides a signi�cant barrier for analysis. Dermoscopes use light emitting diodes to

better illuminate the skin and allow for analysis at a greater depth. To enhance this

crosspolarizing �llers can be used in some dermoscopes eliminating much of the glare.

If it is not present liquid immersion can help to reduce the glare by creating a uniform

interface for the light. The liquid can be oil, ultrasound gel or alcohol which gives

a clear image when the glass aperture of the dermoscope is placed on the surface.

Some systems even o�er a non polarized and polarized mode. This is because some

structures such as cysts are less apparent under polarization or liquid immersion.

2.2.3 Available Devices

Table 2.7: Commercially available dermoscopes.

System DS3 HD1 HD2 DL1 DL3N MoleScope MoleScope II
[42] [43] [43] [44] [45] [46] [46]

Company Can�eld Can�eld Can�eld Dermlite Dermlite MetaOptima MetaOptima
Magni�cation 10x 10x 10x 10x 10x 10x 10x
Lens 15mm 25mm 16mm
Cross-Pol. LEDs 12 16 16 2 12 0 6
Non-Pol. LEDs 8 0 8 2 6 5 0
Imaging Bracket +System Limited Limited Yes Yes Yes Yes
Registration Europe Europe Canada Canada
Rechargeable Yes Yes Yes Yes Yes No Yes
Contact Yes Yes Yes Yes Yes Yes Yes
Non-Contact Yes Yes Yes Yes Yes No Yes
Adjustable Focus No Yes Yes No Yes No No
Scale Bar Yes Yes Yes Yes Yes No Yes
Cost USD $1; 295 $895 $1; 135 $495 $1; 095 $99 $299
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There are many commercially available dermoscopes that we found. They do

substantially range in costs and features, but most have some available mounting

brackets. Some models such as the VEOS DS3 have an integrated iPod touch for

imaging. Beyond imaging systems, there is a signi�cant range in imaging options

such as adjustable focus, variable lighting, and transparent contact plates. Will all

their variation there also are substantial similarities. They all have a magni�cation of

10x and all but the Molescope I had cross-polarized illumination. The full comparison

can be seen in Table 2.7.
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Chapter 3

Background: Supervised Learning

3.1 Pattern Recognition & Machine Learning Background

3.1.1 Overview

In our daily lives we recognize objects, interpret sensory information, and un-

derstand the world innately and without thinking about it. This task though near

e�ortless for us, is di�cult for computers to achieve. Di�erentiating the letters of

the alphabet, water and bleach, or a friend and a stranger are all e�ortless tasks

for us, but require signi�cant processing to translate from a sensory experience to a

gestalt. This is in part because we ourselves do not fully understand how the pro-

cess of classi�cation and understanding functions in ourselves. The �elds of Arti�cial

intelligence and pattern recognition attempt to understand this and utilize the tech-

niques learned to teach machines to perform the same tasks. For an introductory text

Pattern Classi�cation [47] or Pattern Recognition and Classi�cation [48] both o�er

good sources.

Pattern recognition aims to transfer some input or sensory state to a class or

numerical value representation relating to the pattern contained within it. For our
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purposes pattern is a rather loose term that can be anything from the presence of

stripes, cars, or melodies in music. In many cases the problem is often framed as the

assignment of certain inputs to a certain class. For many problems, also known as

binary classi�cation problems, there may be only 2 class with one being the presence

of a pattern such as the digit "0" and the other anything else. In other cases the

number of classes could be in the thousands. With this well de�ned structure of

assigning an input to classes we can begin to build algorithms classify the data.

Often these algorithms are based on statistical or neurological methods to reduce the

error of the classi�er.

Machine learning and pattern recognition is not simply limited to classi�cation

in many cases we wish to relate the input to a quantitative continuum. There are

many useful applications of this including appraising the value of a home based on

location and size, approximating the amount of water in a cup from an image, or

analyzing the heart rate of a patient from an electrocardiogram. These tasks are all

examples of regression. Many people apply basic regression models every day relating

one variable to another with linear regression. Using more sophisticated algorithms

it is possible to regress on more complex inputs expanding from the single variable to

images and temporal signals. These techniques also allow for more complex relations

to learn either the simple linear relationship, or one that can exist as a contorted high

dimensional manifold.

In some cases we may not know what the class or regressor output is. So far we

have only talked about supervised methods; those where the target classes or space is

known. Unsupervised problems are those where we do not know these targets. These

methods often involve clustering or decreasing of the dimension of the input to a
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more tenable 1 to 3 dimensions. These problems can be useful in discovering di�erent

patient populations under the same disease umbrella, or recommending videos based

on history. One thing of note is that often unsupervised methods are applied �rst to

input data to glean an understanding of the structure of the data and then supervised

algorithms are applied using this understanding.

The �eld of pattern recognition has grown out of a myriad of disciplines and in an

often independent manner. Statistics has approached the problems of pattern recog-

nition as inference and estimation. They utilized optimization, expectation and other

analysis to develop discriminant analysis along with many unsupervised techniques.

The engineering disciplines also contributed using techniques that were hand-crafted

and more empirically based. In addition to this the arti�cial intelligence and comput-

ing community added many approaches targeted to applications of their �eld. Even

neuroscience has inspired some approaches to machine learning and pattern recogni-

tion. These separate disciplines have grown to cross-pollinate and has given rise to an

enhanced theoretical underpinning for these techniques that can reinforce and inspire

each other.

Figure 3.1: Pattern recognition pipeline diagram.

In practice a classical pattern recognition approach relies on a pipeline combining

a couple techniques and can be seen in Figure 3.1. The �rst step of this pipeline is

sensing, this could be taking an image, measuring from an electrode, or recording
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from a microphone. Frequently this sensing may be done prior to actually training

the system and we simply retrieve an input record from our database. Once we have

this input typically some forms of prepossessing could be applied. This can be down

sampling the input, converting to grey scale, illumination normalization, or other

processes. This prepossessing is important for the feature extraction phase. The

aim of feature extraction is to quantify speci�c properties of the data. This may

be statistical properties of the data such as means or standard deviation, but the

features can become quite complex and are very application speci�c. After this we

are left with a list of values quantifying the features. Post processing could be then

applied to these features with the usual aim of reducing bias on speci�c features.

This typically includes normalization and scaling of the feature values. Finally these

cleaned features are fed into a classi�er or regressor that is then trained and used to

label them with a speci�c classi�er or value.

3.1.2 Prepossessing and Feature Extraction

One common issue for machine learning is the curse of dimensionality. This is due

to the fact that the dimension of the input space (the number of input parameters)

grows the number of samples needed to train the system. This is particularly di�cult

in applications that utilize images where a standard 8MP image contains 24 million

parameters. With such an astonishingly large dimension it becomes very important

to apply prepossessing techniques that improve the quality of the image and possibly

reduce the dimension. The obvious �rst option is to crop or down-scale the image to

fewer pixels. This is a common practice and many image classi�cation datasets have

pixel dimensions less than 250x250. Grey scaling the image to reduce the number of
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colour channels is also an option that substantially reduces the size. These techniques

can also be combined with �ltering approaches that reduce the imaging noise.

After the initial prepossessing, feature extraction is an important component. By

using insight into the problem domain heuristic algorithms can be used to isolate

structures from images that can be quanti�ed. Using this the classi�ers may not

need to be trained on the raw image, but a subset of features which further reduces

the dimensionality. In skin lesion analysis, the ABCD (Asymmetry, Border, Colour,

Diameter) criteria are automated. Using segmentation the lesion's shape can be

quanti�ed giving metrics for symmetry, border structure, and diameter. The colour

criteria can be quanti�ed using histograms of the interior. Thus we are able to take an

image from the scale of millions of parameters to tens. This reduced set of parameters

are often more telling of the underlying phenomenon too.

It is important to verify that the features are not repetitive or adding confounding

information. That is where post processing and feature selection come into play. By

applying feature selection algorithms it is possible to see how reducing the set of

features impacts classi�cation. As a result techniques like the least absolute shrinkage

and selection operator can help further eliminate detrimental features. A common

issue with classi�er training is that features with large values tend to give a bias. By

applying scaling and normalization it is possible to reduce this bias. After all of these

steps the input is ready to be used for classi�cation or regression.

3.1.3 Unsupervised Pattern Recognition & Feature Selection

One method that can be used to select features isLeast absolute shrinkage

and selection operator (LASSO) [49]. It was also applied to evaluate feature
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set reduction. It iteratively removes features that have the least impact on a linear

models �t to the data. We then trained all the subsequent classi�ers on the minimum

mean squared error feature set derived from LASSO in addition to training on all

features.

t -Stochastic Neighbourhood Embedding ( t -SNE) is a procedure that can

also be used to evaluate feature set performance in a more subjective way. It is a

method for embedding high dimensional data into a lower dimensional space [50].

Commonly, the space chosen for the embedding is 2 or 3 dimensions for visualization

purposes.t -SNE functions by creating conditional probability distributions between

the input space and target space points and then iteratively minimizes the Kullback-

Leiber Divergence between the distributions via gradient decent. Textitt-SNE can be

used to evaluate how know classes are embedded amongst their neighbours.

3.1.4 Supervised Classical Pattern Recognition

Supervised learning is integral to the creation of an automated diagnostic tool. By

learning from labeled training data the algorithms are able to construct a classi�er.

There are a variety of approaches that have di�erent strengths.

Decision Trees: This algorithm brakes the classi�cation task into many succes-

sive sets of binary choices that best partitions the training data. This builds a tree

of splitting choices where we achieve a classi�cation based on what leaf a data point

falls into.

Random Forest: A random forest involves training many weakly performing

decision trees and combines them using a voting system. By using many di�erent

trees the resulting classi�er is stronger than an in dependant one.
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k -Nearest Neighbours ( k NN): This classi�er relies on the underlying assump-

tion that points that are close to each other are likely to be of the same class.kNN

uses thek nearest points to vote on what the test point's class should be.

Support Vector Machines (SVM): The algorithm functions by �nding a linear

hyperplane that is able to divide the two classes. It functions by maximizing the

distance between the hyperplane and the closest data-points (the support vectors).

Linear Discriminant Analysis (LDA): This procedure relies on the assump-

tion that the classes arise from the same normal distributions. With that assumption

it is possible to project the points down to a single line and choose a cut-o� that best

separates the two sets.

Naive Bayes: The algorithm also involves the assumption that our underlying

classes' features have a normal distribution; however, their covariances and means can

be di�erent. By assessing the probability that a point comes from either distribution

a point is then classi�ed as being in the class which is most probable.

Arti�cial Neural Networks (ANN): These classi�ers are based on a collection

of connected units, so calledarti�cial neurons , that loosely model the functions of

neurons in a biological brain. ANN classi�ers are constructed from a series of func-

tional units that are combined together to produce a �nal output. It is trained by

minimizing the error between the given output and the true output.

3.1.5 Deep learning

Deep Learning utilizes highly layered neural networks with a variety of layers

such as convolutional layers to learn directly from the data. This allows features to

be learned as opposed to manually being designed and extracted from the data prior
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to learning. This can result in better features and enhanced accuracy of the models

based on this technique. Deep networks have become very popular because they avoid

the hassle of feature extraction by taking nearly raw input data. They also appear to

gain an improved accuracy over many other computational approaches when give a

su�ciently large training set. This has lead to an explosion in their use, as data has

now became the limiting factor in algorithm performance.

In the domain of image processing convolutional neural networks and other feed

forward deep neural networks have come out on top. They can outperform most

other approaches across a great number of image processing benchmarks. Instead of

sequentially building fully connected layers of arti�cial neurons, convolutional neu-

ral networks use small sets of neurons that are repeatedly applied across the image

or input layer. This has the e�ect of producing �ltered images that at shallow lay-

ers may highlight edges or textures and at deeper layers may highlight objects or

other application important features. This convloutional �ltering makes the network

cheaper to train than a fully connected homolog because the number of parameters is

signi�cantly lower. Like other arti�cial neural networks the �nal layer of the network

consist of either a regressor, softmax or logistic set of neurons that attempt to emulate

the labeling.

Training these networks relies on a cost function which can have e�ects on the

models accuracy. Typically the error between the output and the true label are used

however this error can be calculated in a variety of ways. Once the cost function

is decided the error can be back propagated through the network to determine how

to update the networks weightings. This process can be quite computation intensive

when iterating over large datasets.
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One technique for reducing computation is transfer learning. Transfer learning

leverages already trained networks to reduce the time needed to train for related

domains. The features "discovered" by trained networks are typically helpful for

other tasks, so by changing the �nal layer of the network we can train the classi�er or

regressor layer to work on di�erent target data. We can also �ne-tune the features to

become more application speci�c by retraining most or all of the network on the new

dataset. This method has been shown to even translate object identi�cation networks

to accurately classify skin lesions.

3.2 Related Works

Assessment of skin frailty and dryness using AI is relatively under-developed. As

seen in section 2.1.4, there has been signi�cant research done into photoaging but little

work evaluating skin quality more generally. The research applied to computer aided

diagnostic systems for the skin focuses heavily on lesion analysis and classi�cation

with little work on other attributes. There are however lessons to be learned from

lesion analysis and its success paints a bright future for automating other skin analysis

techniques.

To look into the past research, a review of the literature was performed. The

PUBMED database was searched in 2018 using the search term: "(dermatology OR

skin quality) AND (deep learning OR machine learning OR Automation OR com-

puter vision)". IEEE journals amongst many others are contained in the PUBMED

database so this does give a large cross-section of current and past literature. This

search returned 432 papers. We then downloaded all 432 abstracts. Using these ab-

stracts we assessed whether to include or exclude a paper based on 5 criteria. For
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a paper to be included it must use (1) dermoscopic imaging data and must use (2)

algorithmic classi�cation or regression. A paper was excluded if it met any of the

three exclusion criteria: (3) was not written in English, (4) it was a review, or (5)

used only non imaging data. We started by excluding based on each exclusion criteria

and then assessed inclusion. The break down of papers meeting each criteria can be

seen in Table 3.1. After this we arrived at 157 papers. Subsequent to the review,

developments in the �eld were followed and a summery is given as well.

Table 3.1: Literature inclusion and exclusion.

Criteria Papers Papers
Fitting Remaining

Search 432
Non-English 10 422
Review 45 376
Non-Imaging 17 358
Total Excluded 71 358

Dermoscopic Data 217
Algorithmic Usage 261
Total Included 157 157

Using the papers we then assessed their contents looking at features and techniques

used. Broadly there are papers that focus on assessing features, then those that focus

on segmentation, classical pattern recognition or neural network based methods. The

papers almost exclusively focus on lesion analysis, but there are a couple papers (7)

that look at age, and hair. There is a small group of papers that also are less technical

oriented but evaluate systems or present datasets. The overwhelming majority of

papers (70) focus on segmentation of lesions, these techniques are not very transferable
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to skin quality. A brief overview will be given but there will be little depth to the

analysis for segmentation as a result. The focus will therefore be on the 50 feature

focusing papers, the 16 pattern recognition focused papers, and the 13 neural network

papers. Table 3.2 shows a deeper breakdown of the included papers.

Table 3.2: Breakdown of review topics.

Paper Focus Number of Papers

Feature Focused 50
Age 7
Lesion Texture 6
Hair 4
Nail 1
Dermatologist's ABCD 4
Lesion Thickness 2
Lesion Colour 13
Pigment Network 7
Hemoglobin & Melanin 3
Other Features 3
Segmentation 70
Pattern Recognition 16
Neural Networks 13
Clinical 8

3.2.1 Age, and Texture Assessment

Possibly the most relevant to skin quality assessment are the papers that evaluate

age, psoriasis, and texture with relation dermoscopic images. Age is related to skin

frailty and dryness as seen previously. Psoriasis is a condition where the skin becomes


ay and dry and thus presents a good example of dry skin. Texture similarly is

important when looking to analyze skin dryness.
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There were �ve papers that attempted to predict age and/or photoaging with der-

moscopic images. All methods focused on extracting features related to the microrelief

(the small creases in the skin) pattern of the skin surface. All be the oldest publi-

cation [51] used some form of polygon mesh detection algorithm and then extracted

features using that mesh [52{55]. These meshes were created by Otsu thresholding

and then used a watershed algorithm [53, 54] or other similar methods [52, 55]. The

features that worked particularly well were the cell size of the mesh, and the density

of the cells in an image. The older publication used a di�erential �ltering approach to

highlight deep sulcus in the image and then retrieved features from this partitioning of

the image including density and length of the folds [51]. Surprisingly all these papers

focused on textural features with little investigation of colouring or transparency.

Texture analysis had more variation in methodology though may have some dif-

�culty being translated to plane skin as all the publications were applied to lesion

analysis. For the most part the general technique was to �lter the image and then

isolate statistical metrics from the �ltered images. One technique was to use a wavelet

decomposition of the image to get frequency information about the image [56]. An-

other was to �nd the gradients of the image and then take statistics from the magni-

tude and phase of this metric [57]. One popular technique was to use statistics from

the entropy, correlation, energy, and inertia �ltering of the image [58,59]. One pub-

lication forwent �ltering and took the moments of the image along radial directions

to determine the coherence length of the skin pattern. This gave a metric related

to the tightness and regularity of the wrinkling reminiscent of the goal of feature

extraction in the aging related publications [60]. The last technique seen was an in-

dependent component analysis method that created a collection of texture �lters that
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were applied [61]. Clearly there are a large number of possible techniques but they

all ultimately measure some aspect of texture.

3.2.2 Hair and Nail Assessment

A small subset of included papers show the versatility of dermoscopy as they look

at features beyond the skin or lesions. These publications evaluate hair and nail

structure, though the nail focused paper was looking at melanomas a�ecting nails.

These techniques can be important for understanding how to deal with hair and other

structures in dermoscopic images. Furthermore, these approaches could be translated

to evaluating other macroscopic structures like large 
akes.

Half of the hair analysis publications focus on system usage where the other's look

at developing systems. One technique for hair mapping used the Hough transform

that transfers the line selection problem into a clustering problem [62]. This technique

is quite useful for counting hairs but not great for selecting them in an image like

the following publication does. In this paper they used segmentation and iterative

Otsu thresholding to select nearly all regions occluded by hairs [63]. Lastly two

papers evaluated the performance an automated tool for assessing hairs and found

positive results [64, 65]. In the case of nails one publication showed how plotting of

the positional distribution of hue could be used to classify lesions [66]. These all show

the versatility of dermoscopy.

3.2.3 Lesion Feature Extraction

Skin lesions have a great verity of features that can be helpful for di�erentiating

and classifying them. The classic acronym remembered by dermatologists is ABCD
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(Asymmetry, Border, Colour, Diameter) and is helpful for classifying lesions. A

highly asymmetric lesion is more likely to be malignant and thus there has been

signi�cant research devoted to analyzing this. Along with border irregularity and

lesion diameter, asymmetry relies heavily on lesion segmentation and thus will be

covered in that section. Colour too, is important and looking at both colouration

and the distribution of the pigment network is quite an active area of research. In

addition to these features a grab-bag of papers focus on aspects like lesion thickness,

hemoglobin and melanin content and others.

The ABCD criteria support a basic model for researchers to build feature sets

from. The techniques used typically rely on an initial segmentation step which is

then used to produce the rest of the features. One such publication chose to apply

the ABCD rule to extract features, but decided to focus more on the symmetry

properties of the lesions [67]. Instead of looking at absolute colour they investigated

the di�erence in each sides colour histogram via the Kulbach-Leibler divergence of

the distribution from each side [67]. Another investigated using a frequency based

approach to border irregularity and found this superior to other previous border

methods when combined with the collection of ABCD features [68]. Ultimately, the

ABCD feature set has been found to give good classi�cation accuracy, but rely on the

similar procedure of segmentation and extraction [69, 70]. Unfortunately, the ABD

of ABCD features depend almost entirely on segmentation and they provide little

translational help for plane skin analysis.

Colour features do however have a potential use for quality assessment as colour

is indicative of texture and photoaging. Many publications look at the perceptible

colour variation in a lesions. They perform this by quantizing the colours of the
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lesion. This scheme can be dependant on clinician rating [71, 72], self organizing

maps [73], perceptible di�erences based on human vision or other methods [74{78].

One publication also applied colour correction to the lesion �rst before quantization

by subtracting the surrounding mean skin tone from the lesion [77]. Colour correction

was studied more in-depth in a publication where 4 di�erent algorithms were used

to asses improvement in classi�cation after correction [79]. They found that the

"Shades of Grey" process worked the best. Colour correction was also used in a

paper that aimed to quantify blue-white veil [80]. They similarly subtracted the mean

skin tone, but left a large border around the lesion to prevent proximal discolouring

from the lesion interfering with the mean. Blue-white veil was also the focus of

another publication where they used thresholding based on may di�erent colour spaces

similar to the work done in the quantization of lesion colour work [81]. Similarly,

one publication tried to �nd blotches in lesions using a di�erent approach; fuzzy

logic [82]. One very applicable publication used segmentation to �nd 
akes and then

used the corresponding colour distributions of the body and edge to di�erentiate

between malignant and benign lesions [83]. Clearly there is some translatable features

from these publications that could be used to assess plane skin.

There are two main approaches to �nd the pigment network in lesions. Some

researchers has a less common approach where they isolate radial pigmented streaks

as their pigment network [84,85]. In contrast, other teams have applied �ltering and

segmentation techniques to isolate hyper-pigmented network structures [86{90]. One

unifying aspect of the detection process is the use of directional Gaussian �ltering

or Gabor �ltering to �nd candidate pigment structures. In the majority of papers

this is followed by thresholding and growing of an 8 connected network to �nd the
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structures [86{89]. In the case of �nding streaks the orientation is estimated and

speci�cally tuned Gabor �lters are used to isolate just the streaks [84,85]. The most

unusual approach relied on �nding cyclic sub-graphs of a lesion that represent voids

in the network, then building a pigment graph from this [89]. These publications

all show the promise of automated techniques to extract information on pigment

distribution which changes as we age.

Only two publications were directly interested in lesion thickness. Unfortunately

both simply used classical ABCD feature extraction to try to regress or classify on

lesion thickness [91, 92]. They found that colour and lesion size was particularly

predictive [92], but relatively low classi�cation accuracies were achieved [91]. Due to

the colouring of lesions it is quite di�cult to observe depth in lesions. This gives a

less promising view for assessing the thickness of plane skin, but there may be other

features that can be used as a proxy.

Interestingly there have been attempts to isolate hemoglobin and melanin quan-

tities from dermoscopic images. One group chose to use the log of the red channel as

the basis the melanin content and then use the green channel with a subtraction of

some red channel [93]. This method is relatively easy and reproducible while showing

little change when di�erent dermoscopes are used [93]. An other group used a sev-

eral techniques [94,95] including independent component analysis, probabilistic latent

component analysis, and changing of the colour space. These techniques appeared to

function well but their assumptions were extensive. These publications indicate the

importance of colour channel based features for pigmentation.

There were some relatively unique features including telangiectasia, lacunarity,

and dirt trails that were explored. Telangiectasia are small dilated veins and using
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�ltering based on blue and green channel changes can be highlighted [96]. Elderly

individuals do have an increase in these vessels so this may be a useful feature.

Lacunarity is a statistical metric of intensity distribution and was applied to lesion

colouring with good results [97]. Lastly, dirt trails were extracted from lesions [98].

This is not really applicable to plain skin.

3.2.4 Lesion Segmentation

With 58 publications related to segmentation it is clearly an important component

in lesion analysis. Unfortunately it is not really useful as there is nothing to segment

on plane skin analysis. There are a myriad of techniques used to segment these

lesions from the surrounding skin. Almost every publication uses a di�erent technique.

For brevity only a a few prominent studies will be covered. One recent approach

was the use of deep convolutional neural networks [99, 100], where Multistage Fully

Convolutional Networks and fully Convolutional Networks With Jaccard Distance

were used to segment the lesion. Another used Otsu thresholding [101] which has been

used in many application. There are many others such as Delaunay Triangulation

[102], geodesic active contour [103], fuzzy c-means clustering [104], and statistical

region merging [105] to name a few. Clearly segmentation is a well developed and

deep �eld, but is highly specialized to its domain.

3.2.5 Lesion Classi�cation

Lesion classi�cation is where a great deal of work has been done. The litera-

ture demonstrates two main focuses, classical learning techniques and neural network

Willem Mueller - Electrical and Computer Engineering



3.2. RELATED WORKS 49

based techniques. 16 publications focused on classical techniques of pattern recogni-

tion. Similarly, 13 papers focused on neural network based algorithms. Comparison

between studies is quite di�cult due to the state of the data. Many groups use be-

spoke datasets of dermatological images often with a non-uniform representation of

conditions. Furthermore, many studies focus on di�erent types of malignant lesions

such as basal cell carcinoma, or melanomas.

Classical approaches to lesion classi�cation have a relatively long history. The

majority involved heavy feature extraction requiring signi�cant processing. Unfortu-

nately, some studies did not even utilize proper approaches to pattern recognition,

simply applying a linear separator in an ad-hock way [118]. Table 3.3 shows the

breadth of techniques used including SVMs, logistic regression, and Random Forests.

The stated accuracies are quite impressive and it will be interesting to see how these

approaches translate to potential clinical systems.

The neural network approach to this classi�cation has changed substantially over

time. It began similar to the classical techniques with substantial feature extraction.

This labour slowly disappeared as convolutional neural networks and other deep learn-

ing techniques entered the fray. Table 3.4 shows the papers found and their relative

performance. It is clear that this change in technique also lead to a great increase in

the dataset size to train these algorithms. This approach has resulted in a consistently

high accuracy system.

3.2.6 Systems & Dermatologist Comparisons

Many groups focused less on the algorithmic performance and more on the clinical

relevance and utility. One early system was SolarScan, which evaluated melanocytic
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Table 3.3: Classical pattern recognition applied to dermoscopy.

Author Year Algorithm N Accuracy

She et al. [106] 2004 SVM 22 90:9%
Blum et al. [107] 2005 Logistic 837 82:8%
She et al. [69] 2007 SVM 36 91:6%
Friedman et al. [108] 2008 Linear Ensemble 99 62:0%
Situ et al. [109] 2010 SVM 360 84:9%
Christensen et al. [110] 2010 Linear 97 77:0%
Cheng et al. [111] 2011 Dynamic Prog. 498 84:6%
Marques et al. [112] 2012 kNN 163 79:1%
Amelard et al. [57] 2012 SVM 206 87:8%
Abbas et al. [113] 2012 SVM 180 97:9%
Shakya et al. [83] 2012 Logistic 106 99:1%
Abbas et al. [114] 2013 SVM 120 88:0%
Faal et al. [115] 2013 Ensemble 436 80:5%
Riaz et al. [116] 2014 SVM 200 90:0%
Saes et al. [117] 2014 MAP 90 78:4%
Shimizu et al. [118] 2015 Linear 968 86:4%
Rastgoo et al. [119] 2015 Random Forest 5130 75:6%
Ferris et al. [120] 2015 Random Forest 173 52:6%
Rubegni et al. [121] 2015 Logistic 856 59:6%
Jaworek-Korjakowska et al. [122] 2016 SVM 200 94:0%
Pennisi et al. [102] 2016 Adaboost 200 93:6%
Kaya et al. [123] 2016 SVM 100 97:0%
Chakravorty et al. [67] 2017 Decision Tree 200 81:0%
Riaz et al. [124] 2017 SVM 200 88:0%
Oliveira et al. [14] 2017 Random Forest 1104 94:3%
Wahba et al. [125] 2018 Quadratic SVM 1200 99:6%

n being the number of images.

lesions [137]. The system was quite large, incorporating a desktop computer and a

bulky imaging system. Its performance did not substantially outstrip a clinician and

thus it did not appear to gain traction in clinical use [137]. Another group compared

expert raters to algorithmic ones and found the system displayed substantially lower
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Table 3.4: Neural networks applied to dermoscopy.

Author Year Architecture N Accuracy

Boldrick et al. [126] 2006 Classic ANN 1000 90:0%
Ruiz et al. [127] 2008 Classic ANN 110 90:6%
Stanley et al. [128] 2008 Classic ANN 721 82:5%
Stoecker et al. [129] 2009 Classic ANN 200 91%
Cheng et al. [130] 2012 EANNE 700 90:2%
Premaladha et al. [131] 2016 Classic ANN 992 90:1%
Premaladha et al. [131] 2016 Deep ANN 992 92:9%
Sabbaghi et al. [132] 2016 Sparse Autoencoder 814 95:0%
Nasr-Esfahani et al. [133] 2016 Convolutional NN 170 81:0%
Xie et al. [13] 2016 ANN Ensemble 200 91:1%
Yu et al. [134] 2016 DCRN 1250 94:9%
Li et al. [135] 2017 DCRN 2000 91:2%
Yu et al. [136] 2017 Convolutional NN 724 81:7%
Esteva et al. [15] 2017 Convolutional NN 129; 450 95:0%

n being the number of images, EANNE: Evolving Arti�cial Neural Network
Ensembles, ANN: Arti�cial Neural Network, DCRN: Deep Convolutional Recurrent
Network.

sensitivity with high speci�city. This implies the system readily misdiagnosis lesions

as benign potentially leading to late treatment or lack of treatment that could be very

harmful [138]. This was followed by a group that evaluated 3 automated systems

that ultimately showed poor results with sensitivities between 70% and 6:8%; this

is compounded in similarly poor speci�cities [139]. The MelaFind system also had

poor sensitivity on its own, however it was found to enhance the sensitivities of

clinicians when it was used [140]. In a similar result the Nevuscreen system was

shown to enhance raters consistency and that training also greatly enhanced this

[141]. Interestingly on group compared two di�erent systems and found that both

had excellent sensitivity on the order of 95% but they had abysmal speci�city in
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the teens [142]. This showed some promise, but clearly many people would be over

treated under these systems. It appears that even by 2017 commercial systems such as

FotoFinder Mole-Analyzer still have poor sensitivity and speci�city [143]. Finally, one

team created an algorithm that was shown to exceed almost all 20+ dermatologists

from the perspective of sensitivity and speci�city [15]. This result appears to show

that the software has caught up to the abilities of dermatologists.

3.2.7 Developments in the Field

As the �eld has progressed there have been some signi�cant developments. Most

notable is the focus on deep learning techniques. Publications now primarily focus

on improving deep techniques like blending imaging data with patient demographics

data [144]. Others have used adversarial training to synthesis rare image types to

enhance performance [145]. Some publications have aimed to better understand deep

classi�ers performance on di�erent lesion types and on di�erent datasets [146, 147].

Lastly many papers have begun to evaluate the performance of clinicians against

these algorithms �nding that the algorithms outperforms clinicians more often than

not [148,149].

Willem Mueller - Electrical and Computer Engineering



Chapter 4

Methodology

There are a number of factors required to build a system to be used by members

of the general public as well as healthcare professionals (henceforth referred to as

\users") for automating the analysis of skin quality. The �rst component is the plat-

form to be used for data acquisition and analysis. This necessitated the selection of a

dermoscopic system and a mobile device to run software on. Next, a software appli-

cation had to be developed to provide the di�erent functionalities needed to acquire

and asses skin images. These functionalities arei ) data collection, ii ) image ranking,

and iii ) skin quality assessment. The �rst two functionalities are required in order to

build a dataset (images and rankings) using which the third functionality (automated

quality assessment using machine learning) could be enabled. It is important to point

out that to the best of our knowledge, there are no pre-existing datasets that target

skin quality. We therefore collected a dataset consisting of images, image meta-data,

and rankings of the images' skin quality. To gather a large number of images from

a diverse population, two concurrent studies (hospital and community populations)

were run. The details of the system and dataset are described in detail in this section.

Successive to collecting the dataset, statistical analysis was applied to the image
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meta-data and rankings to better understand it and the system used to evaluate the

images. These tests were done to investigate the statistical di�erences between the

hospital and community populations. Additionally, analysis was performed to asses

the skin quality evaluation tool's e�cacy. This then allows us to be sure that the

subsequent machine learning component is given an e�ective and accurate training

set.

To select the best algorithm for skin assessment, we assessed the ability of both

classical and deep learning techniques to perform automated skin quality assessment.

The classical learning techniques �rst required the extraction of features to reduce

the dimensionality of the images. This was followed by a process of feature selection

and assessment in an attempt to further limit the size of the data. These features

were then used to train a number of machine learning algorithms to evaluate skin

Frailty, Dryness, and existence hair. Next, we evaluated deep learning algorithms

by using transfer learning from ImageNet to our dataset to automate the process of

skin quality assessment. By comparing the di�erent machine learning techniques we

identify the most suitable model among the evaluated networks and provide a number

of baselines for future research.

The following sections outline the steps used to build our proposed system in

detail. Broadly, there are three main parts to the methodology. First, the hardware

and software components are covered in detail. Next, the study design is described

including data collection and statistical analysis of the dataset. Lastly, the machine

learning algorithms and the assessments used to evaluate them are presented.
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4.1 Tools and Developed Platform

4.1.1 Hardware

The hardware system consists of two main components, an imaging platform and

a dermoscope. As described earlier in Chapter 2 (Table 2.7) there are a number of

commercial o�-the-shelf dermoscopic instruments. The majority of such devices cost

$500 USD or more and are compatible with di�erent imaging devices such as Apple

products. As an example, the Can�eld DS3 even comes with an incorporated iPod

Touch for imaging and digital storage [42]. Due to such widespread compatibility

and relative low cost, we selected the Apple iPod Touch, 6th Generation. As for the

dermoscope, we selected the DermEngine MoleScope II due to its small form factor

and portability, compatibility with the iPod Touch, ease-of-use, and clear imaging

quality. The MoleScope II utilizes a 16mm lens with 6 cross-polarized LEDs to

resolve the skin [46]. We used the open aperture attachment for the dermoscope for

imaging. This resulted in quality dermoscopic images with a resolution of 3264� 2448,

which were saved in JPEG format. It should be noted that only the central circular

region contains images of the skin with the rest of the image occupied by the black

frame of the dermoscopic aperture. The system can be seen in Figure 4.1 along with

several sample images.

4.2 Software Application

Successive to the design and assembly of the hardware component of our system,

we developed a software system namedDeepSkinto ful�ll three necessary function-

alities: automated skin quality assessment, data collection, and image ranking. To
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Figure 4.1: The hardware system and sample images are provided.A : The imaging
system used for the study (an iPod Touch 6th generation and DermEngine MoleScope
II) is presented. B : Sample images of dry skin are illustrated.C: Sample images of
healthy skin are provided.D : Sample images frail skin are presented.

enable multiple users and studies, the application was network-connected. This al-

lowed the data to be stored remotely on a server so multiple users can interact with

the database at once. The front-end of the system was developed as an Apple iOS
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