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Abstract

We present a set of computational tools that enable quantitative analysis of longi-
tudinally acquired skin images: the assessment and characterization of the evolution
of skin features over time. A framework for time-lapsed skin imaging is proposed.
A nonrigid registration algorithm based on multiple plane detection for landmark
identification accurately aligns pairs of longitudinal skin images. If dense and thick

hairs are present, then nonrigid registration is used to reconstruct the skin texture
of occluded regions by recording multiple images from the same area. Realistic re-

construction of occluded skin texture is aided by an automatic hair segmentation
algorithm and guided painting method based on image blending. We demonstrate

that constituent algorithms in this framework are accurate and robust in a multitude

of scenarios. In addition, a methodology for rigorous longitudinal analysis of skin
microrelief structure is introduced. Following rigid registration, a microrelief junction
point matching algorithm based on point pattern matching is shown to accurately
match two sets of junction points. Immediate applications for these computational
tools are change detection for pigmented skin lesions and deformation field computa-
tion of the skin surface under stress using only visual features of the skin. Prospective
applications include new insights in skin physiology and diseases from the capability

to precisely track movements of the microrelief structure over time and localization
of skin images on the body.
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Chapter 1

Introduction

A visual inspection of human skin reveals many salient visual features. Variations in

color pigmentation, hair shafts and hair follicle openings are immediately noticeable.

There are numerous intersecting fine ridges appear like irregular geometric patterns;

these are the microrelief or glyphic patterns of the skin. Wrinkles appear alongside

the microrelief patterns or deepen their appearance. Many of these skin features

correspond to visual features that are quite uniformly distributed in visible light

optical images of the skin.

The field of computational skin analysis is traditionally concerned with problems

such as computer-aided diagnosis of skin cancer from skin images [471 and extract-

ing and matching dermatoglyphic patterns on fingerprints for biometric identification

11051. To the best of our knowledge, no work has quantitatively assessed and char-

acterized the evolution of skin features over time. A nonrigid skin image registration

would be required to address this gap in research. In this thesis, we describe an

accurate and robust skin image registration algorithm that first identifies and match

visual features of the skin between image pairs. Then, a local motion model uses these

corresponding landmarks to register the skin images. An accurate non-rigid registra-

tion method certainly has some novel applications in computational skin analysis.

For example, change detection of a pigmented skin lesion (PSL) [47] could be accu-

rately determined using a freehand imaging device. Also, the capability to track the

movements of the microrelief structure over time can potentially lead to new insights

17



in skin physiology, pathological analysis and disease diagnosis. Another possible ap-

plication for the algorithm is in finding the dense deformation field of the skin surface

under stress without using physical markers. Currently, this measurement is obtained

using markers on the skin [64]. Moreover, there are potential uses for registration in

localizing of skin images on the body; to elaborate, the skin surface could be utilized

as a map for determining 3D ultrasound probe pose [921.

Accurate segmentation of pathological skin features is a major research area in

computational skin analysis. For instance, segmentation of a PSL allow algorithms to

ascertain whether melanoma is present using the ABCDE criteria [47]: The shape of

tile segmentation is used to assess Asymmetry, Border, Color, Diameter and Evolving

characteristics of a mole. But oftentimes hair occlude these skin images and negatively

affect the accuracy of PSL segmentation. Consequently, digital hair removal (DHR)

is used as a preprocessing step to PSL segmentation [45]. In our case, we employ

DHR as a preprocessing step to general skin feature extraction, including skin mi-

crorelief structure extraction. However, existing DHR techniques in the literature are

optimized for removing dark hairs that often share similar colors with PSLs in dermo-

scope images [53, 3, 104]. Additionally, dermoscope images are recorded by pressing a

piece of glass onto the skin [65], so the shallow, net-like microrelief structures are not

very visible in these images. Therefore, existing DHR methods are prone to falsely

identifying microrelief structure, when visible, as hairs. In this thesis, we propose a

framework for realistic reconstruction of skin texture and microrelief from multiple

images of the same patch of skin. First, our automatic hair segmentation algorithm

segments hairs that occlude the mnicrorelief structure of the skin images. Second, the

images are registered using our nonrigid skin registration algorithm. Third, areas of

the first image with missing information due to removed hairs are filled in with what

we know about the skin texture in other images by guided inpainting.

A potential use for skin registration is in the assessment of the stability and

evolution of microrelief structure over time. Although some studies have attempted

to extract microrelief structure in order to create measurement indices for skin aging

assessment [111, 43, 151, they did not attempt to track shifts in the structure over

18



time. Skin registration enables rigorous scientific inquiry into the long-term stability

of microrelief structure. In this thesis, we describe a method that initially uses feature-

based rigid skin registration to identify and register a region of interest (ROI) from

a pair of time-lapsed skin images. After extracting junctions points from the net-

like microrelief, a microrelief junction point matching (MJPM) algorithm employs

nonrigid point pattern matching (PPM) to match both point sets. This is a first step

towards prospective applications such as novel methods for tracking skin diseases over

time and skin-based biometric identification.

1.1 Contributions

A key contribution of this thesis is the development and evaluation of enabling tech-

nologies for quantitative time-lapsed dermatology. Nonrigid skin image registration

accurately aligns pairs of skin images recorded with a freehand visible light optical

skin imaging system at regular intervals of time over a time scale of months. If

dense and thick hairs are present in the time-lapsed images, then nonrigid skill image

registration is used to reconstruct the skin texture of occluded regions by record-

ing multiple images from the same area. Next, hairs are accurately extracted with

our automatic hair segmentation algorithm and subsequently removed with guided

inpainting to produce a realistic reconstruction of skin texture. Moreover, skin regis-

tration can be applied towards tracking deformations of the skin surface using only

visual features of the skin.

Another major contribution is in the introduction of novel methodology for rigor-

ous time-lapsed analysis of microrelief structure. A preliminary step we have taken is

the proof-of-concept validation of MJPM for accurate mnatching of two sets of rigidly

registered microrelief structure.
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1.2 Thesis Outline

The thesis is structured as follows. Chapter 2 gives the reader background knowledge

about the freehand optical imaging system and skin features. This is followed by a

literature review on skin registration, DHR, microrelief structure extraction and non-

rigid PPM. Then, Chapter 3 describes methodology for our skin registration algorithm

in two parts: A feature-based homography registration algorithm gives an initial

guess, and then a (MPD) registration technique finds the deformation transformation.

This is followed by an evaluation of the MPD-based nonrigid registration method. In

Chapter 4, a description of MJPM consisting of two parts is given. A enhanced

feature-based rigid homography registration method for the initial guess and PPM

algorithm for matching are detailed. Next, the performance of both rigid registration

and PPM are assessed. Chapter 5 presents the automatic hair segmentation algorithm

and then evaluates its performance. Afterwards, Chapter 6 reports the methodology

and proof-of-concept evaluation for guided inpainting. Finally, Chapter 7 concludes

this thesis with summary of results, limitations and future work.
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Chapter 2

Background

In this chapter, key features of the visible light skin optical imaging system used to

capture skin images are highlighted. Second, skin features relevant to design choices

in this thesis are described. Third, the registration problem is defined and prior work

in skin registration is discussed. Fourth, related work on digital hair removal (DHR)

in terms of image segmentation and image inpainting is examined. Finally, a review of

literature related to microrelief junction point matching (MJPM) is given: inicrorelief

extraction and nonrigid point pattern matching (PPM).

2.1 Visible Light Optical Skin Imaging System

The freehand visible light optical imaging system is designed by Kundu [48j. We

summarize the key design features of the system in this section.

The imaging device consists of both custom-made and off-the-shelf parts that

provide high-resolution images of the skin surface so that skin features can be resolved

in detail. A LabView-controlled Basler ac2040-90uc color camera provides a resolution

of 26.6 pm per pixel at a working distance of 6.8 cm. Tests conducted in [481 concluded

that the camera provides sufficient resolution to resolve skin features. The focal length

of the lens is 16 mm. Ai Edmund Optics DC LED light source with a light diffuser is

used to illuminate the skin surface. The lens hood is lined with a enihanced-reflectivity

metallic polymer substrate on the outside to reduce the effects of ambient lighting,
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vhile the ilside (4 f the hood is fined with white paper to ensure uniform illumination of

the skill from the light so1rce. These conponents are coiiibiiied into a (:Iistomn-cmde,

ham-Iheld probe illistrated in Figure 2-1.

To acquire images. the human operator places the imaging device with optical

axis perpendicular to the skin surface at the region of interest (B-01). An RGB image

of resolution 2040 x 2040 is acquired and is saved in the lossless inig format. As the

device is handheld, the operator can only approximately align the region of interest

(Ro1) oi1 successive images of the sane region in serial examinations.

Figure 2-1: Imaging dv-ice design: a high-resolution Basler camera and LED light
ring built into custom-made handheld probe.

2.2 Skin Features

The imaging system resolves skin features that are at least 26.6 pim in length, and

outputs images that are approximately 5. 4 cm x 5. 1 cm in area. In this thesis, several

skin features are relevant to the design choices of our algorithms: (1) skin pigmnenta-

tion, (2) hair, and (3) microrelief structure. These three skin features are distributed

all across the human body, but their density and appearance are variable in different

parts of the body. In the rest of this section, we briefly describe the skin features and



their relation to our work.

2.2.1 Skin Pigmentation

The color of the skin arises froii pigments that absorb light called chromophores. The

dominant chronophore in the epidermis, the outermost layer of the skin, is melanin,

which ranges in colors from black to brown (eurmelanin) and red to yellow (pheome-

lanin). Melanin is produced by ielanocytes, which are cells found in the basal layer

of the epidermis. When exposed to sunlight, melanocytes produce melanin, and this

biological reaction eventually causes skin to appear tanned. Another chromophiore

is hemoglobin, a red pigment carried in erythrocytes (red blood cells). These cells

are found in the capillaries and veins of the dermis, the layer beneath the epidermis.

The amount of blood flow determines the amount of reddish hue in skin [551. The

aboveirentioned skin layers and structures are displayed in Figure 2-2. More details

on the physiology of skin pigmentation is found in [351.

Clusters of these chromophores in the skin layers give rise to salient skin features

such as moles and freckles. These skin features are visible to the naked eye and occur

at a scale of up to approximately 2 cm [35]. Due to variability of these features over

time, they are not desirable visual features for visual landmarks in skin registration.

Furthermore, some of these features are also the subject of image segmentation for

computer-assisted diagnosis by change detection, and thus should not be used to

register images for longitudinal analysis.

2.2.2 Hair

Hair is composed of cylindrical structures made of compacted cells that grow from

hair follicles in the dermal layer, emerging from the surface of the skin. This is

illustrated in 2-2. Brown and black hairs are pigmented by eumielamnin, red and

yellow hairs are pigmented by phomelanin and white hairs 'are unpigmnented. In

humnanis, the diameter of each hair shaft ranges from 15 pm to 160 pm. Human hair

can be classified into 3 kinds: (1) terminal hair, (2) vellus hair and (3) intermediate
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Hair

Epidermis
Melanocyte

Dermis Melanin

-- Vein
Subcutis - - Capillaries

Hair Follicle

Figure 2-2: Layers of the skin and hair structure on left, and enlarged view of
inelanocytes, melanin and blood vessels on right. Images courtesy of A.D.A.M. [1].

hair. Terminal hairs are long, thick ( >60 1mi) and pigmented, and are found iii areas

such as the scalp, beard and armpit. Vellus hair are short (approximately 1 mum), thin

(<.30 pmi) and unpigmnented; they are found in areas such as the forehead and bald

scalp. Intermediate hairs have intermediate lengths and diameters and are found on

the legs and arms. [11, 30, 351

When dense amounts of terminal and intermediate hairs partially obstruct the

view of skin pigmentation and microrelief structure, complications occur in accu-

rately extracting the underlying skin features. For instance, hairs cause occlusion in

images of pigmented skin lesions (PSL) and without first removing the hairs, PSL seg-

inentation algorithms often give erroneous results because hair colors may be similar

to those of the lesion. [45] Consequently, to address this problem, a number of DHR

algorithms were developed. A summary of these algorithis is described in Chapter

2.4. These techniques mainly exploit the property that hair is curvilinear; local op-

erators that detect lines in images are used in order to enhance these ridge or valley

structures. These algorithms performi very well on skin images with thick, dark hairs

with few intersections between hairs and high contrast between hair and skin (Figure

2-3a). However, it remains challenging for algorithms to distinguish between hair and

microrelief with similar contrast iii intensity (Figure 2-3c), differentiate thin, faintly-

colored intermediate hairs and skin (Figure 2-3d), and to discriminate dark and light

hair structures (Figure 2-3e). Also, difficulty arises when hairs clump together as
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they do not appear like curvilinear structures (Figure 2-3f). Moreover, the imaging

system introduces several artifacts in hair-occluded skin images. At certain viewing

angles, severe amounts of specular reflections are observed on hair (Figure 2-4a); this

occassionally causes gaps in detected hair strands. In addition, hairs may be out of

focus as the depth of field of the camera is small at a short working distance (Figure

2-4a). Compared to hairs in focus, out of focus hairs have larger widths and exhibit

lower contrast with respect to skin, thus making them more difficult to extract. In

contrast to dermoscope images [651, the imaging system does not flatten hairs onto

the skin with a transparent glass plate or lens as it aims to cover a larger patch of

skin. The Bayer filter RGB camera sensor also causes demosaicing artifacts [581 dur-

ing image conversion (Figure 2-4b) that is made worse by high contrast between skin

and hair. This makes it difficult to ascertain the true edges of the hairs.

2.2.3 Microrelief Structure

The net-like lines forming triangles and quadrilaterals on the skin surface is the mi-

crorelief structure, seen in Figure 2-5. Two types of skin lines are present: (1) primary

lines, which are wide and uniformly directed, with depth 20 pm to 100 Pm; (2) sec-

ondary lines, which are thin and proceed in all other directions, with depth 5 1m to

40 llm. [851 The appearance of the microrelief is affected by aging and environmental

factors such as sun exposure and humidity. [791

We postulate that the microrelief structure give rise to stable skin features in a

time scale of months to years. Furthermore, the microrelief structure contributes

most to the appearance of detailed visual features on the skin surface. Therefore,

landmarks from the skin could be used to register images taken over some period of

time or images taken from different viewpoints in one session.

2.3 Skin Registration

Given a target image T and source image S in the image domain Q, and a transfor-

mation W, the aim of registration is to estimate an optimal transformation W* that
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(a)(b) (C)

(d) (e) (1)

Figure 2-3: a) Thick, dark, individual hair strands with few intersections are easy
to detect with existing DHR algorithms. (b-f) Hair and skin types that are difficult
to detect. (b) Hairs obstructing the view of moles and microrelief structure. (c)
Microrelief on skin exhibits similar contrast to that of hair on skin. (d) Thin and
faint intermediate hairs. (e) Mixture of dark and light hairs. (f) Hair clumping
together do not appear like curvilinear structures.

jK

(a) (b)

Figure 2-4: Imaging system artifacts in hair-occluded skin images. (a) Specular
reflections of hair and hairs out of focus. (b) Demosaicing artifacts from Bayer filter
camera sensor.
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Figure 2-5: Manually annotated net-like structure of the microrelief on skin.

minimizes the energy of the form 1891:

M(T. S o W) + R(W) (2.1)

where A quantifies the agreement between T and S, and R is the regularization term

that favors user-defined specific properties in the transformation and helps to assuage

difficulties arising from the ill-posedness of the registration problem. Transformation

14 is a mapping function of the domain Q to itself; it maps locations in S to T.

Specifically, for every point x E Q, 1' defines a displacement field u such that 1W(x)

x + u(x).

There are three components in an image registration algorithm: deformation

model, objective function and optimization method. [89J The deformation model

defines the parameter space and inherently incorporates regularization so as to in-

form what transformations are acceptable and include prior knowledge, thus greatly

helping to limit the solution. The optimization method navigates the parameter space

of the often ill-posed problem with a non-convex objective function to find the local

minimum. The ill-posed nature of the registration problem is due to the number of

unknowns being greater than the number of constraints, as a displacement vector is

estimated for the scalar information (i.e. image intensity) at every location.

The rest of this section discusses image correspondence from skin appearance and

related work in skin registration and related fields.
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2.3.1 Skin Appearance and Correspondence

Two general approaches exist for constructing the matching criteria M between tar-

get image T and source image S: (1) iconic method and (2) geometric method,

using Sotiras' terminology [89]. Iconic methods evaluate image alignment based on

intensity-based or information theoretic-based measures using correlation-like meth-

ods. According to [110], this approach has the advantage of better representing the

dense correspondence between images accurately and does not rely on the presence of

high-frequency details, thus it is widely used in medical imaging. On the other hand,

the skin surface lacks high-contrast boundaries and has low-contrast glyphic patterns

that appears to be repeated across the image. Thus, these attributes of the skin

surface lead to a highly nonconvex optimization problem such that gradient-based

optimization algorithms blindly converges to local minima far from the true solution

in most cases.

The geometric method assesses image alignment by creating a matching cri-

teria based on landmarks found in images. To find landmarks, first, a keypoint

detector [70] is applied to image T and image S to obtain 2 sets of landmarks

T = {0i | i E Q,i = 1,...,n} and A = {Nj | A E Q~j = 1, ...,m} respectively. Un-

known variables in the registration problem comprise correspondences between land-

marks and parameters of the deformation model. This approach is advantageous as it

is robust to various initial conditions and large deformations. After correspondences

between landmarks have been found, fitting a deformation model to the landmarks is

a relatively straightforward process. However, as only a sparse set of correspondences

is used, the accuracy of interpolation or approximation of the dense deformation

field decreases as the distance between landmarks increases. Therefore, accurate ge-

ometric method-based registration certainly requires identifying a uniform and dense

distribution of correctly matched landmarks.

Finding correspondence between keypoints is a crucial step in the geometric

method. In this thesis, we attempt to register a pair of images (P E R2 for 2D

images) of the skin taken in same area from different viewpoints. To find the key-
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point matches, the assumption we make is that same locations in both images appear

to have similar intensities at the scale of skin features. We shall investigate this

assumption in the following paragraphs.

The complex optical properties of skin layers and surface microgeometry of skin

features give rise to the skin taking on different appearances when it is viewed and

illuminated from different directions [18]. We can easily observe this phenomenon

from specular reflections in regions of the skin surface when viewing it from an ar-

bitrary viewpoint. In computer graphics, one widely used model for rendering skin

is the Bidirectional Reflectance Distribution Function (BRDF) [75]. Given a 2D sur-

face, the BRDF gives the relation of the reflected radiance dL, at a point x in the

direction 6, to the irradiance dE from a light source in direction 62:

BRDF(x,Or,,O) - dL '(x,60) (2.2)
dEj(x,6 )

A visual reference in Figure 2-6 shows that the BRDF assumes that incident light

hits the same point as reflected light, despite light travelling through the epidermis

and dermis layers of the skin. Despite the fact that skin is a volume scatterer [661,

the model gives an approximately correct representation of surface reflection of the

skin [35]. To our advantage, Marschner et al. [661 found that the BRDF of human

skin with respect to reflected angle is close to constant for a light source near normal

incidence, as seen in the plot in Figure 2-7. Hence, in this case, skin approximates

a Lambertian surface: a surface in which the reflected radiance of every point on

the surface is the same, regardless of the observer's angle of view. Moreover, the

imaging device described in Chapter 2.1 is designed to achieve constant illumination

of the skin in the ROI. Due to constant illumination and a Lambertian scene, our skin

images fulfill the conditions [991 needed to confidently establish local correspondences

between both viewpoints of the scene.
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Figure 2-6: BRDF assumes that incident and reflected light enter and exit at the
same point. When light enters the skin, some subsurface scattering occur. Image
adapted from [35.
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Figure 2-7: ID BRDF at a single point of the human skin surface with
angle of view when illumination normal to the surface is used. Image

[661.
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2.3.2 Related Work on Skin Registration

Change detection of individual PSLs can be used to diagnose diseases like melanoma

[671. Due to camera motion relative to the skin surface, accurate registration is

desired for this application. However, in tile commnericial market, many computer-

assisted diagnosis (CAD) systems for PSLs only offer the functionality of side-by-side

or blink comparison of skin dermoscope images taken over periods of time [471. In the

literature, a few rigid registration methods have been developed specifically for change

detection of PSLs. These methods assume that the correspondence between images is

related by a global transformation. This assumption may hold for PSLs in dermoscope

images because the skin surface is flattened into a plane by the dermoscope's glass

plate or lens [271. For instance, [861 registered two skin images with a PSL in the

translation and rotation space using stochastic gradient descent to optimize mutual

information. Also, [771 and [62] devised similar methods for estimating scaling and

rotation parameters by a fast Fourier transform-based cross-correlation algorithm and

translation parameters by hill-climbing optimization using non-parametric statistical

similarity measures. These abovementioned iconic approach-based methods share

the share similarity measures as some of the common techniques used in nonrigid

registration of medical images [441. But for skin surfaces without PSLs, the iconic

approach may be unreliable, as explained earlier.

Another group of methods for rigid skin registration involves identifying a sparse

set of landmarks in both images and aligning the images by a homography or affine

transformation (i.e. the geometric method). These algorithms follow the well-known

method proposed by Lowe 159]. The workflow for Lowe's method is as follows: First,

keypoints are detected from each image. Such keypoints may be detected using for

example, Harris corners [68], information theory [40] or Laplacian-of-Gaussian [591.

Second, a local descriptor around each keypoint is computed. For instance, some

affine-invariant local descriptors [69] are based on image gradients [591, Haar wavelets

[101, moment invariance [981 or shape contexts [6]. Third, correspondences between

keypoints and the correct global transformation are found by employing different
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variants of random sample consensus (RANSAC) [221. These methods have been

applied to constructing panoramas 191, multiview geometry matching [82] and fun-

damental matrix es.timation [871. One of the earliest use of the geometric method

for registering skin images can be traced to Zambanini et al. [1061, who used it to

register skin images with cutaneous hemangioma, which are a benign red PSL on the

skin developed in infancy due newly-formed blood vessels 1191. They employed Lowe's

Scale Invariant Feature Transform (SIFT) [591 and RANSAC to calculate the optimal

homography transformation. However, keypoints found were constrained within the

region of the lesion after segmentation. Later, [4] used a similar method to register

images of melanocytic nevus using keypoints found in the entire image domain. Next,

Dong [541 demonstrated that keypoint matching via homography warping could be

applied to matching skin images on faces by modifying SIFT to be more receptive to

the shape of facial pores. This result was used to match human faces from multiple

viewpoints using skin features. Lastly, Madan et al. [61, 601 showed that the same ap-

proach (using traditional SIFT) could be used to register multimodal images of facial

skin by homography transformation. In this case, five imaging modalities of the skin

were registered: optical images of the skin illuminated with unpolarized, parallel-

polarized and cross-polarized light, and florescence images of the skin illuminated

with ultraviolet and blue light.

Nonetheless, rigid registration does not allow us to accurately register the free

skin surface. For example, homography transformation assumes that the scene is

planar, hence the transformation does not model situations in which the skin is lo-

cally deformed or different viewpoints of a slightly curved surface like the forearm.

Literature we have reviewed above shows that rigid registration is generally success-

ful for a small, locally planar ROI or a fixed viewpoint shared between images. In

contrast, for a freehand imaging system, a registration algorithm that can handle a

larger viewpoint changes and a larger field of view is desirable. Thus, we may not

assume a planar scene.

Nonrigid or deformable registration has been previously explored in skin-related

literature to assess the mechanical properties of skin in vivo. Several studies have
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proposed methods to find the full-field 2D displacement of the skin surface in response

to stress. For example, in [641, an array of reflective markers was placed on the forearm

and the displacement of the marker set was tracked with an optical imaging system,

and the deformation field was interpolated. Using confocal laser scanning microscopy

(CLSM) to reveal layers within the skin, 171] compared the results of a cubic B-

spline free-form deformation (FFD) registration algorithm [80] with the mean squared

error metric to that of the the Demon registration algorithm 1941 for registering pairs

stress-deformed and fixed 2D CLSM images. In comparison to existing works, our skin

registration algorithm described in Chapter 3 is able to compute the deformation field

of the skin from visible light images without physical markers. Furthermore, it can

accurately register deformed skin images resulting from realistic viewpoint changes

or small stretches in a 1 inch by 1 inch sized ROI.

2.4 Digital Hair Removal

In the literature, the primary use of DHR methods is to disocclude hair in dermoscopic

images for automated analysis of PSLs. In these methods, the first step is to identify

pixels in the image that contain hair and the second step is to replace these pixels

with plausible skin colors based on neighboring skin colors and structure by image

impainting. This implies that statistical estimates of missing data in hair-occluded

regions are used instead of true, observed data. The major challenges lie in finding and

replacing hairs that are thin, overlapping, or of similar contrast or color to underlying

skin and nmicrorelief structure. [461

The key focus of our work in Chapter 5 is to address the first step of DHR: the

image segmentation problem. Image segmentation is defined as the optimal parti-

tioning of an image I into non-overlapping regions that are similar in characteristics

such as texture or image intensity. Given image domain Q, we wish to determine sets
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,5 C Q such that [78]:

K

= (2.3)
k=1

where Sk n S = 0 and K is the number of regions. In DHR, we have Q C R2 for

pixels in 2D images, and K = 2 to represent the set of hair pixels and set of skin

pixels. As convention, we assign binary labels of 0 to skin pixels and 1 to hair pixels

in segmentation masks.

The rest of this section describes prior work on DHR in terms of hair segmentation

and image inpainting methods.

2.4.1 Related Work on Digital Hair Removal

Hair Detection and Segmentation

In DHR, hair detection based on mathematical morphology [291 is widely used. Many

of these methods are based on the closing-based top-hat transform. This morpholog-

ical operation returns objects that are smaller than the structuring element and are

darker than their surroundings. In 1997, Lee et al. [531 released DullRazor, the first

and most well-known method for DHR, as a readily available software on Windows or

Unix platforms [2]. The software uses generalized morphological closing operations

with three structuring elements that model line orientations in horizontal, vertical

and diagonal directions and then takes the maximum response from each pixel in the

RGB image. Next, the difference between the intensity and response at each pixel is

taken, and a predetermined threshold is applied to obtain a hair segmentation mask

as the union of hair masks from each channel. Furthermore, Schmid-Saugeon et al.

[83] used similar method to that of Lee et al. by applying generalized morphological

closing operations with a disk structuring element in the luminance component of the

CIELUV color space to obtain a hair mask. Moreover, Xie et al. [1031 and Fiorese et

al. 121] both used variants of the top-hat transform and hard thresholding to obtain

a hair mask. The top-hat transform used in these methods is reportedly generally
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effective at enhancing dark hairs with sufficient contrast on light skin, including both

thin and thick hairs. In addition, to find light hairs on dark skill, the opening-based

top-hat operator can be used.

Koehoorn et al. [461 presented a DHR approach that decompose the skill image

into its luminance threshold set (256 binary image layers) and applies a multiscale

morphological gap detection technique to find thin structures in each threshold layer.

The layers are then merged to create a hair mask. The authors evaluated their

algorithm to be effective at detecting many types of hair oil different skin types. Due

to the need to apply morphological operations on up to 512 binary threshold layers to

detect dark and light hairs, the algorithm requires fast parallel processing techniques

in order to process the skin image in a comparable time frame to other methods.

The next group of hair detection methods are edge detection-based. The authors

of E-shaver [421 used the Radon transformn to detect the predominant orientation of

hairs and then used the Prewitt edge filter and thresholding to find light and/or thin

hair edges in the predominant orientation. Tossi et al. [971 proposed a hair detection

method using the adaptive canny edge detector. Lastly, Maglogiannis [631 compared

edge detection results from combinations of Laplacian, Laplacian of Gaussian and

Sobel methods. In these hair detection methods, the hair mask is obtained from the

edge image by dilation with a fixed structuring element to fill holes in the interior

regions of hair edges. However, we observed that this group of methods is prone to

identifying non-curvilinear objects on the skin as hair because they assume that all

high-contrast edges in skin images are belong to those of hair objects.

Matched filtering methods make up another group of methods used for hair de-

tection. A 2D kernel, designed to model a the cross-sectional intensity profile of hair

in the image at some unknown orientation and position, is convolved with the skin

image. The resulting matched filter response indicates confidence in the prescence

of a feature at each pixel. These methods make the assumptions [741 that the cross-

section intensity profile of hair is approximated by a Gaussian (see Figure 2-8), and

that hair has a small curvature and can be approximated by piecewise linear seg-

ments. In addition, the Gaussian profile may be inverted to extract dark or light
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hairs. Abbas et al. [3] presented a matched filter with a 1D Gaussian profile and

adaptive threshold based on the local mean of the ID first derivative of Gaussian

that helps to de-emphasize step edges that arise from a PSL in the image. Nguyen

[741 used the normalized correlation of a 1D Gaussian profile, thresholding and skele-

tonization to find the centerlines of the hairs. Then, the hair mask is reconstructed

based on the Gaussian cross-sectional profile of hairs. The normalized correlation

(as opposed to convolution) helps to extract both light and dark hairs at the same

time, but we found that the author introduced many parameters and steps in order

distinguish both structures in a method that may not be robust enough to extract

hairs from images with dense amounts of hair. Lastly, Huang et al. [33] found the

maximum normalized correlation response using a multiscale ID Gaussian profile and

used hysteresis thresholding to obtain a hair mask. Thereafter, local linear discrimi-

nant analysis using the partial information of hair colors in the Lab color space and

region growing recovered hair pixels at intersections. However, Koehoorn et al. [461

reported that this method is susceptible to producing dark halos where hairs were

identified and removed. In general, matched filtering methods are able to produce

smooth hair outlines and recover small gaps in the hair structure due to noise in hair

pixels. But the skin image needs to be convolved with a large set of filters, which

increases its computational cost. However, in practice, this process can be imple-

mented in parallel. In our hair segmentation algorithm in Chapter 5, we introduce a

multiscale second deriative of Gaussian matched filter and show that its response to

hair objects is superior to many hair detection methods discussed so far.

Other methods to extract hair have also been used. Zhou et al. [109] used a

curve fitting approach. They first enhanced dark hairs using generalized morpholog-

ical closing operations with a disk structuring element and then used a differential

geometric approach [901 to detect lines. The line segments are refined by Bezier curve

fitting using RANSAC and a line intersection refinement procedure. Finally, the hair

mask is created by dilating the skeleton according to the estimated width of each hair

from the average normal intensity profile of the lines. Although the authors claim

that the results are a clear improvement compared to the work of Schmid-Saugeon
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Figure 2-8: Intensity profile of hair showing the intensity profiles taken along the red
lines in grayscale images of dark and light hair. In matched filtering, the intensity
profile is assumed to be Gaussian.
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et al. on 460 dermoscopy images, the results for this work are not well-reported and

not reproducible due to lack of details in the algorithm description.

Xie et al. [104] proposed using an isotropic nonlinear filtering [57] to detect hairs

as wide lines. They optimized their hair detection parameters to segment dense

dark hairs on light skin that exhibit clumping in dermoscope images. To acquire the

preliminary hair mask, an adaptive threshold based on linear regression of a linear

combination of several global parameters is used. Then, pixels that are similar to the

median of the skeleton image of the preliminary hair mask are marked as additional

hair pixels. The drawback of this hair detector is that the isotropic nonlinear filter,

however, also functions as a small object detector. Thus, the response appears noisy

as it does not only detect curvilinear objects.

Typically, after obtaining a hair mask, many DHR methods use mathematical mor-

phology to identify long and thin hair objects and remove non-hair objects. This step

removes many false positives from the hair mask; the hair mask is usually peppered

with short, disconnected, hair-like fragments of multiple orientations arising from skin

features. Hence, removing these false positives help to preserve skin pigmentation,

microrelief structure and texture. For example, Fiorese et al. [21J removes non-hair

connected objects in the hair mask according to density, sphericity and convex hull

sphericity metrics. Abbas et al. [31 filters out connected objects using morphological

area opening and Haralick circularity [28] conditions. Xie et al. [104] uses circularity

defined by the ratio between area and the minimum circumscribed circle radius of the

connected regions to remove those regions. Lastly, Koehoorn et al. [461 discarded and

refined objects from the hair skeleton mask: First, they discarded connected regions

in the hair skeleton mask with small areas. Second, they pruned sours from the hair

skeleton. Third, they removed objects according to junction-based metrics. Fourth,

they constructed the hair mask by dilation using structuring elements of various radii.

Image Inpainting of Hair

Inpainting methods in existing DHR algorithms include simple bilinear interpolation

[53, 74], replacement of pixels with pixels from the morphologically closed image
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[831 and median filtering [33]. The above-mentioned methods do not attempt to

preserve image structure and may lead to noticeable blurred appearance and color

bleeding [1091. Other inpainting methods used include partial differential equation-

based [21, 103j, coherence transport [31, fast marching [451 and exemplar-based [1091

methods. These methods reportedly model the texture of surrounding skin. However,

we show in Chapter 6 that they do not preserve the true underlying skin texture. To

overcome this shortcoming, our inpainting method records multiple skin images of

the same area and combines information on underlying skin texture from the images

in order to reconstruct a hair-free skin image with true skin texture.

2.5 Microrelief Junction Point Matching

Junction points of fingerprint patterns, or fingerprint minutiae, form the basis for

many fingerprint matching methods [39, 37, 95, 1081 due to the stability of these

features over time. Similarly, we postulate that junction points of the microrelief

structure of skin in general form a set of good candidate features that do not change

over a period of a few years. In order to assess the stability of junction points, we need

to be able to find matches between two sets of them. The problem of matching junc-

tion points is defined as finding the optimal matches between a reference point pattern

set and target point pattern set in R2 . To solve this problem, several challenges exist:

First, different image acquisition parameters and the microrelief extraction method

introduce many missing or spurious patterns to the point pattern sets. Second, the

transformation is nonrigid due to the non-planar and stretchable nature of the skin

surface. Third, there are as many as 7000 points in each set within a 1 inch by 1

inch patch of skin on the forearm. Thus, a well-known non-rigid PPM algorithm,

thin-plate spline-robust point matching (TPS-RPM), with complexity O(N3 ) in the

worst case, where N is the number of points in the set, would take a prohibitively long

time to find matches. Hence, developing an efficient and robust non-rigid PPM algo-

rithm to solve this problem is desirable. In Chapter 4, we present our nonrigid PPM

algorithm and show- that in preliminary experiments that it achieves low matching
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error between points in pairs of skin image patches.

2.5.1 Related Work on Microrelief Extraction

Although it not the main focus of this thesis, microrelief extraction remains an integral

part of MJPM. A microrelief extraction method takes a skin image as input and

outputs the skeleton binary image of the microrelief structure, in a way similar to

that seen in Figure 2-5. The junction points of the skeleton belong to the point

pattern set.

In the literature, microrelief extraction is an intermediate step in algorithms used

to quantify the degree of skin aging. Zou et al. [1111, Kim et al. [431 and Choi et

al. [15] employed the watershed transform [1011 to segment the microrelief skeleton

structure for further extraction of microrelief features such as mean cell area, line

length or line width. In this thesis, we use a simple edge detection method based on

local standard deviation to detect the microrelief structure.

2.5.2 Related Work on Non-Rigid Point Pattern Matching

Efficient PPM algorithms have been a topic of great interest in recent years. Re-

cently, Du et al. [20] described a grid-based constellation PPM method that achieves

fast, sub-pixel accurate and robust point matching for regularly-spaced points in a

2D grid. The authors noted that their method is faster and more robust to different

local distortion scales and outlier points compared to established nonrigid PPM al-

gorithms that utilize Gaussian mixture models (GMM) [73, 38] or thin-plate splines

(TPS) [16]. The GMM method assigns a Gaussian component to each point in both

reference and target point sets to construct two mixtures. Then, the GMMs are

aligned by minimizing a statistical discrepancy measure between both GMMs. Du et

al. commented that the GMM method is sensitive to a outliers and is easily trapped

in local minima. The TPS method restricts the point sets to lie along curves, utilizing

the TPS as the parameterization of the non-rigid spatial mapping. It also proposed

soft assignment of correspondences. The final matches are determined through an
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iterative expectation-ini.inmization algorithm. Du et al. opined that the matching

result was sensitive to parameter values. Additionally, they found that both methods

were computationally intensive and slow. To dramatically improve speed, Du et al.

used prior information such as the known correspondence at the bottom-left side of

the grid, grid spacing and grid orientation. Correspondences are found by travers-

ing the grid in a breadth-first search manner using the local radial nearest neighbor

heuristic.

If a shape outline is drawn through all the grid points along the matching trajec-

tory, and we can consider the work of Du et al. [20] as a simple shape or contour

matching process using regularly-distributed landmarks. In Chapter 4, we extended

their grid-based constellation PPM method to handle irregularly-spaced points of skin

junction points by incorporating the shape context descriptor [5, 61, order-preserving

assignment [84] and a novel concentric ring-based search space reduction.
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Chapter 3

Skin Registration

Skin registration takes two images of skin patches and finds the optimal transfor-

mation between both images. In Chapter 2.3, we mentioned that skin registration

techniques for visible light images have been mostly limited to rigid registration. Even

if nonrigid registration is employed, physical markers placed on the skin surface were

used. In this chapter, we present a procedure to accurately register deformed skin im-

ages resulting from a viewpoint change or stretching of an almost planar skin surface

without the use of physical markers.

3.1 Algorithm Design

3.1.1 Overview

To map points x E R 2 in source image S to points x' E R2 in target image T, we define

a transformation T : x '-+ x'. First, to account for differing viewpoints in a scene and

large-scale skin stretching, a global transformation T9 1obal is applied. Next, to tackle

deformation of the skin due to curvature of the surface and other nonlinearities, a

local transformation Tjocal is applied. Hence, the combined transformation is:

x= T(x) = TtocaI (Tglobal(x)) (3.1)

Figure 3-1 shows a flowchart of our skin registration procedure that takes a source
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Keypoint detection using
SIFT features

Keypoint matching using
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non-linear refinement of
planar homography

Rigidly
Registered

Source Image

Keypoint detection using SIFT features

Keypoint matching using multiple plane
detection

Apply local motion model

Registered Image

Figure 3-1: Algorithm flowchart for skin registration procedure.
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image S and target image T as inputs and outputs the registered source image R. The

first part of the procedure finds a global transformation by employing the commonly-

used Lowe's method [591: Scale Invariant Feature Transform (SIFT) keypoints are

detected in S and T, then RANSAC estimates a homnography transformation that

warps S such that transformed source image SH is "close" to target image T. In the

second part, SIFT keypoints are detected in SH. Then, the keypoints in SR and T

are imatched using a multiple plane detection-based (MPD) method. In this work, we

evaluate several of these MPD methods. Finally, a local motion model is applied to

SH to approximate or interpolate the unknown pixel locations in R based on the set

of final matched keypoints K.

3.1.2 Keypoint Detection

Reliable landmarks or keypoints need to be identified in skin patches based on stable

physical features of the skin. For this purpose, SIFT is used as the keypoint detector

and feature descriptor, oweing to its success in detecting interest points on skin in

various works [92, 60, 41. A comprehensive description of SIFT is found in [59]. By

observation, we note that SIFT identifies physical features mostly from the microrelief

structure, but skin pigmentation and hair follicle openings are detected at the samie

time. In the following, we recommend changes in parameter values to enable SIFT

to be more receptive to detecting skin features. SIFT detects the local extrema of

multiscale difference-of-Gaussian (DOG) of a grayscale skin image. Because physical

skin features are small, micro-level features relative to the image size, the DOG

octaves are limited to the first 2 (i.e. original resolution and downsampling by 2).

As skin features are of low contrast, the minimum contrast for the local extrema is

set to 0.01 in order to accept any low contrast point. The threshold to eliminate edge

responses remains at 10. In a typical skin image, thousands of keypoints are detected

and they fully cover the entire image.

For a given location and scale, SIFT encodes the neighborhood of the correspond-

ing keypoint using the histogram of gradient orientations at that scale. Rotation

invariance is achieved by rotating the window according to the dominant orientation
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of the histogram. The histogram is converted into the SIFT descriptor: a vector of

128 elements. In the first step, RGB source image S and target image T are converted

into grayscale and the SIFT features are extracted to create two sets of keypoints.

3.1.3 Keypoint Matching and Global Registration

We define a 1 inch by 1 inch region of interest (ROI) at the center of the skin image.

In our experiments, this ROI is approximately indicated by a red square inked onto

the skin surface serving only as a visual reference for human observers. We assume

that skin in the ROI is approximately on a flat 2D plane. So we model the global

transformation between keypoints as a homography Tg1 i = H, which is a 3 x 3

invertible matrix that transforms between viewpoints in projective space:

SHX = Hx (3.2)

where x = [x y 1 ]T and = [i 1]T are homogeneous coordinates of a pair of

corresponding keypoints in images S and T respectively, and SH is a scale factor.

To estimate this transformation, first we match the sets of keypoints from S and

T using approximate nearest neighbor search through a k-d tree [251 in Euclidean

space on the 128-dimensional SIFT feature space. For efficiency, a bin size of 50 is

used. The nearest neighbor ratio test (NNDR) given by Lowe [591 removes many

false matches between nearest neighbors by taking the distances to the two nearest

neighbors to a keypoint, denoted by d, and d2 respectively, and accept matches such

that:

-- < TNNDR (3.3)
d2

where we set threshold TNNDR = 0.7. Thus, the set of initial matched keypoints is

obtained. This is only an approximate matching of the sparse sets of keypoints. If

the value of TNNDR is decreased, the number of initial matched keypoints increases,

but more processing time in subsequent stages of the algorithm is needed and more
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false matches are present within the set of initial imatched keypoints.

Next, an estimate of the homnography is obtained by random samiple consensus

(RANSAC) 1221. During each RANSAC iteration, 4 random pairs of initial matched

keypoints, termed a minimal sample set (MSS), are sampled by Gaussian sampling

1411 as inputs for the normalized direct linear transformation (DLT) algorithm [311,

which then outputs a homography hypothesis model. The MSS is termed as such

because 4 pairs of keypoints, representing 8 degrees of freedom, is minimum number

of correspondences required to derive a homography hypothesis model. As the miodel

is proposed fron the MSS, we can also call this model the minimal sample model. The

set of paired keypoints that fit within a threshold is called the consensus set (CS) of

the model. The threshold is known as the RANSAC inlier threshold (, which decides

how closely points must fit the model. The error of a pair of matched keypoints with

respect to a homography model H is given by R(N, x, f) = IINx - kH| 2 . Formally,

the CS is defined as f241:

CS(, D,) {(x, R) E D I R(H, x, R) < } (3.4)

where D is the set of initial keypoint correspondences. This process is repeated for

M trials or RANSAC iterations. Since we wish to find the homography hypothesis

model that m.aximizes the cardinality of the CS, denoted by , the model with

the largest number of inlier matched keypoints K,,,t is stored each round. We detail

the RANSAC algorithm [112] in Figure 3-2.

After all RANSAC iterations are completed, the estimated homnography is the

homography found from the normalized DLT algorithm while considering all inlier

matched keypoints in the largest CS. Thereafter, the estimated homography and its

corresponding inlier matched keypoints are inputs for the nonlinear iterative refine-

ment of the homography parameters using the Levenberg-Marquardt algorithm [721,

in which the sum of the Sampson error 117] of the inlier keypoints is minimized. A

detailed description of this well-known nonlinear iterative refinement procedure is

found in [311.
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Input : D, M, (

Output: Hbest,Kbest
1 MaxCSCardinality = 0

// RANSAC iterations

2 for j 1 to M do
3 H DLT(SAMPLEPOINTS(D))

4 CS = {(x,'i) E D I R(, x,i) < (}
5 if I CSj > MaxCSCardinality then
6 best = R
7 Kbest = CS
8 MaxCSCardinality = ICSI
9 end

10 end

Figure 3-2: RANSAC algorithm for keypoint matching.

Finally, using Equation 3.2, pixel locations in the source image S are warped to

obtain pixel locations in globally registered image SH. The RGB pixel intensities in

SH are calculated by standard bicubic interpolation.

Following global registration, distortions due to viewpoint changes or stretching

of the skin surface are corrected to a large extent. Hence, true pixel locations in S

and SH are close approximations of each other. However, local levels of distortions

are obvious in interpolated areas of SH that are spatially far away from any matched

keypoint from rigid registration.

In the following sections, we explain our rationale for the sampling technique used

and describe the DLT algorithm in detail.

RANSAC and Uniform Sampling

RANSAC relies on obtaining an MSS, which is the set of the minimal number of

points required to estimate a model. We denote this minimal number of points as

b. To estimate a homography model (8 degrees of freedom), b = 4 pairs of keypoints

are required. If we denote the total number of initial paired keypoints as Nk, then

the total number of searchable models is (I), which becomes large for large Nk. Say

Nk = 5000, a typical number of initial paired keypoints for skin registration, then

(50) ~2.6 x 1013. Fortunately, a large number of minimial sample models correspond
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to ground truth models, so we need only look at M < (L) models. While there is

no guarantee of success, we can set a sufficiently high M to find at least one ground

truth model with high probability. Suppose that the probability of drawing an inlier

for a particular model is p, then the probability of success P for obtaining a ground

truth MSS by uniform, independent sampling is:

P 1- 1(1 -pb)M (3.5)

which can be rearranged into:

ln(1 - P)
ln(1 - pb) (3.6)

Using Equation 3.6, we plot M against p for different P, which shows that given

p is not too small, the number of MSS's required is tractable. For instance, given the

empirically found p = 0.4 for skin images used by Sun 1921, a simple calculation for

P = 0.99 shows that the number of trial models M needed is only 178. On the other

hand, suppose that p < 0.2 in noisy skin images, then M grows exponentially and

computation time for RANSAC increases drastically.
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Gaussian Sampling

To reduce the minimum required number of iterations to reliably detect a ground

truth model, nonuniform sampling based on prior knowledge may be used. In a skin

image, our general observation is that coplanar keypoints are more likely to be found

in close proximity. Thus, there is a higher probability that an inlier keypoint is close

to another inlier keypoint than one that is further away. We implemented a Gaussian

sampling procedure described by Kanazawa et al. [41]. After an initial point xi is

drawn from a uniform distribution, a subsequent point selected x has the following

probability of being drawn:

1exp - II.X12if xj :/x,
P(xalxi) = (3.7)

0 if xj = x,

where o is the spatial scale of sampling and Z = Ej P(x xi) is the normalization

constant. o is chosen by the user. If a is too large, the sampling becomes uniform,

while if a is too low, only close neighbors of the initial point are sampled. We

empirically found a = 2 to strike a good balance. An analysis of Gaussian sampling

on the minimum number of outlier-free MSS's required is provided by Toldo et al.

in [96]. Their estimate is derived using additional parameters such as average inlier-

inlier distance and inlier-outlier distance, which are difficult to ascertain for different

data. Overall, their analysis shows support for using Gaussian sampling based on our

assumptions.

Direct Linear Transformation Algorithm

The DLT algorithm [31] finds the linear least-square solution to Ah = 0, where H in

Equation 3.2 is rewritten as a vector h = [h11 h12 h13 h 21 h2 2 h23 h31 h3 2 h3 3 ]T and A
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is a 2N x 9 matrix given by:

x1 y1 1 0 0 0 -xis 1  -yipi -21

0 0 0 x 1  Y1 1 -X1y1 -Y1Yi -91
A= (3.8)

XN YN 1 0 0 0 -XNXN -yNXN -XN

0 0 0 XN YN 1 -XNYN -YNYN -9N

where xi, yi, si and 9i for i = 1,...,N denote coordinates of normalized paired

keypoints and N is the number of keypoints considered. Normalization of coordinates,

which improves the accuracy of the algorithm, is detailed in 1321. By setting lihl = 1,

the solution h is the unit eigenvector of the matrix ATA.

3.1.4 Fast Initial Keypoint Matching

In the second part of skin registration, SIFT features are extracted from the trans-

formed source image SH and the set of initial matched keypoints from SH are matched

with the previous set obtained from source image S. Because the true pixel displace-

ments between SH and S are small, a grid-based method for fast initial keypoint

matching is proposed. The grid-based method is inspired by the work in [511 used to

find initial matches in high-resolution satellite image registration.

Here, we describe a fast grid-based initial keypoint matching method that limits

the search space of the nearest neighbor search in NNDR while increasing the number

of initial matches across the whole image pair domain. First, the spatial domains of

S and SH are divided into 2D tiles of size Tize x Tize (assuming square images and

tiles). Corresponding tiles T from S and T'j" from SH contain detected keypoints

to be matched, where i and j are tile indices. To simplify notation, a tile is denoted

by Ti. We set Tize = 100 so as to typically obtain 100 keypoints in each tile for a

typical skin image (see Figure 3-4). This provides a good compromise between poor

match quality resulting from searching for matches among too few keypoints in a

small tile and poor computational speed resulting from searching for matches among
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too many keypoints in a large tile. For each i and j, the NNDR test (Equation 3.3)

described in the first part of the skin registration procedure is applied to the sets of

keypoints in the corresponding tiles. Note that the grid-based NNDR accepts more

initial keypoint matches because the second nearest neighbor distance d.) within a

tile is greater or equal to d found by the searching the entire image domain. This

effectively increases the number of matched keypoints in the final keypoint matching

result. Finally, a limit is set on the Euclidean distance between pairs of matched

keypoints. If the distance between matched keypoints is more than 20, that pair

of keypoints is removed from the list of initial matched keypoints. This threshold

prevents unrealistically large local distortions due to outlier keypoints in the final

registration result.

Ny

if Tsize

Tsize

Figure 3-4: Tiles in skin image of size N, x Ny having tiles of size Tsize x Tsize.

3.1.5 Keypoint Matching by Multiple Plane Detection

The set of initial keypoint matches K (Figure 3-5a) contains many outliers because

strict spatial relations are not enforced. Due to the close-to-planar skin surface scene,

we propose a model in which the skin surface geometry is made up of several arbitrary

overlapping 2D planes. If we find that a sufficiently high number of initial matched

keypoints support a certain planar model, then there is a good chance that those
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keypoints are matched accurately. The union of sets of matched keypoints from

multiple planar models would provide a uniform and sufficently dense distribution of

landmarks needed for the local motion model to approximate the dense deformation

field accurately. This motivates discussion about how these planes can be reliably

found. From the first part of our skin registration method, RANSAC identifies a

single plane by homography, denoted by H 1 , and its set of corresponding keypoints

K1 in the skin patch scene (Figure 3-5b). Say that identified keypoints K1 is removed

from the set of initial matched keypoints K, (i.e. K, - K1 ). Then the result, shown

in Figure 3-5c., reveals that the density of correspondences in the area of plane H1

is significantly reduced., while other initial matched keypoints remain. It becomes

obvious that it may be possible to apply a second round of RANSAC on the remaining

keypoints to identify another plane H 2 with its corresponding set of matched keypoints

K 2 . This simple process leads to the Sequential RANSAC algorithm - the repeated

application of RANSAC to detect multiple models. The output of the process is the

final set of matched keypoints, Kf.

(a) (b) (c)

Figure 3-5: Process showing the set of initial matched keypoints remaining after
removal of keypoints in the first plane H1 identified by RANSAC. Green points on
the plot represent keypoints in the set of initial matched keypoints in the domain of
target image T. (a) Set of initial matched keypoints Kp. (b) Set of matched keypoints
in the first plane K1 . (c) Set of initial matched keypoints after removal of matched
keypoints from the first plane Kp - K 1. The red outline shows an approximation of
the enclosed region of H1 by taking the convex hull of keypoints in K1 . Density of
keypoints in the enclosed region is shown to be reduced.

In the following sections, we describe several MPD methods, which are also termed
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outlier-robust multiple model estimation methods as their application is not limited

to finding planes in a scene but also to finding circles or lines in 2D space 1241.

These methods fit multiple instances of a model to data corrupted by noise and

outliers. Our usage of these methods is not conventional because our skin patch

scene does not contain easily identifiable, distinct planes; in contrast, MPD methods

are usually applied on scenes with buildings and walls [100, 41]. Nevertheless, we show

in our evaluation that this approach helps find outlier-free correspondences between

keypoints on a close-to-planar scene.

Sequential RANSAC

Sequential RANSAC has been used for plane detection [100, 411 between keypoints in

pairs of images containing buildings or objects with large planar faces. It takes the set

of initial matched keypoints Kp, number of randomly sampled minimal sample sets

MSR, the lower bound on the CS size N1,, and RANSAC inlier threshold C as inputs,

and outputs a set of sets of keypoints, denoted by K = {K1, K2 ,.. .}, each belonging

to an identified plane in the scene (each set of keypoints is also termed a CS for a

particular planar model). Matched keypoints belonging to planes are identified with

RANSAC (Figure 3-2) sequentially and these matched keypoints are subsequently

removed so that each set of keypoints is disjoint. The while- loop stops when the

number of keypoints in a model is lower than N1o,. Hence, the number of planar

models found is dependent on the data and is not defined by the user. The algorithm

in pseudocode is seen in Figure 3-6.

MultiRANSAC

In [113], Zuliani et al. noted that Sequential RANSAC has a drawback in that

inaccurate model estimation in one round affects the estimates in later rounds. This

is due to the greedy approach of maximizing the CS each round, which does not

guarantee that ground truth models are found. And errors in model estimation is

only made worse by the sequential approach. Therefore, Zuliani et al. introduced

a parallel method of detecting models called MultiRANSAC [113]. MultiRANSAC
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Input : K,, -sR, Nlo , ,(

Output: K {K1 , K2 ,..--
I KC = 0; W = 1
2 while true do
3 K, RANSAC(K,, AISR, )
4 if IKw ; N10, then
5 K =Kp - Kw
6 K=KuK,

7 else
8 1 break
9 end

io end

Figure 3-6: Sequential RANSAC algorithm for keypoint matching.

looks for the best set of W models by updating every iteration the current set of W

models with.W proposed models, using a fusion procedure to merge both sets. The

algorithm enforces all sets of keypoints after fusion to be disjoint so that W distinct

models are identified. Thus, the number of ground truth models in the data must be

known beforehand.

The pseudocode MultiRANSAC algorithm is described in Figures 3-7 and 3-8.

Figure 3-7 describes the fusion procedure to combine two sets of sets of CS: the

current set Kcurrent and a proposed set Kproposed, each with W sets of CS. First, the

Kcurrent and K;roposed are made into a combined set KIcombined with 2W sets of CS.

Then, Kcombined is sorted according to decreasing order of cardinality of their CS. A

merged set KInext with W sets of CS is constructed subject to each successive set

of CS added to Knext being disjoint. Thus, the largest W sets of CS that are all

disjoint with one another are retained in Knext. Figure 3-8 describes the main body

of MultiRANSAC. For each of the MIMR iterations, W disjoint MSS's are drawn from

the set of initial matched keypoints K, to produce the proposed set K]C,,;,,d of W

CS. Then, UPDATECS merges Cproposea with the current best set Kcurrent.

There exists an automatic way to determine number of iterations AIMR in [1131,

based on the probability of success of identifying the ground truth models, which is

derived from the cardinality of each CS in Ccurrent. However, in our evaluation, we

simply choose this quantity to be user-defined because we are more concerned with
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evaluating the accuracy of matched keypoints identified by this algorithm rather than

minimizing time taken by the algorithm.

Input :ICcurrent, Kproposed, W
Output: Kcnext

1 Knext - 0; Kcombined ~ Kcurrent U Kproposed

2 Sort Ki E K combined in order of decreasing cardinality

3 for i = 1 to |Kcombinedl do
// Stop when W models in KCex

4 if |Cnext| == W then

s 1 break
6 end

// Add Ki to Ke1xt only if disjoint to all K in Knext

7 if Ki n K == 0 for all K E Knext then
8 ACnext =Knext U Ki
9 end

io end

// If fail to find W models, return the best-so-far

11 if IKnextI < W then
12 1Knext = Kcurrent
13 end

Figure 3-7: UpdateCS routine in MultiRANSAC algorithm.

J-Linkage

Sequential RANSAC and MultiRANSAC both use CS to find models. A major short-

coming of using CS is that each data is assumed to belong to one model only because

the disjointness constraint between models, but in actuality, the data can belong to

two or more models. As a result, these algorithms may output incorrect models.

A detailed discussion of this problem may be found in [24J. Thus, recent research

in outlier-robust multiple model estimation have moved on to other criteria. Some

of these methods include histogram of residuals [1071, Mercer kernel fitting [141 and

graph cuts [361 approaches. In this work, we describe and evaluate J-linkage by Toldo

and Fusiello 1961.

The criteria for J-hinkage is the preference set (PS). Instead of creating sets con-

taining data points that fit the models, sets containing models that fit the data points
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Input : K,, AIMR, W, (
Output: K = {K1 , K2 ,...}

1 Kcurrent = 0
2 for j = 1 to MMR do
3 Kvalid Kp; K proposed 0

// Propose W sets of keypoints/CS

4 forw=1 toWdo
5 flest DLT(SAMPLEPOINTS(Kvalid))
6 K {(x, R) E K, R(Nefbt, x, R) < (} (Equation 3.4)
7 Kvalid = Kvalid -Kz
8 Kproposed = E proposed U Kw
9 end

10 if Kc-urrent $ 0 then

11 1sKcurrent = UPDATECS(Ecurrent, Kproposed, W)
12 else
13 Kccurrent = Kproposed

14 end
15 end
16 K = Ecurrent

Figure 3-8: MultiRANSAC algorithm for keypoint matching.

are created. In our case, for each pair of initial matched keypoints (x, R) c K,, we

have:

PS(x,R,7,) = {H E 7 | R(f, x, R) < (} (3.9)

where 1t is the set of minimum sample models. The PS of a set of matched keypoints

is further defined the intersection of their individual PS's:

PS(X, X,J) =H n Ps(x, i,
(x,x)E(x,f()

(3.10)

where (X, X) is the set of matched keypoints. That is, the homography model hy-

potheses that the combined set of matched keypoints fit.

Thus, J-linkage represents each data point with the characteristic function of the

set of models preferred by that point. Toldo and Fusiello describe taking Mj number

of MSS's to obtain Mj minimum sample models -f = {H 1 , . . . , fm }, and each point
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takes on a value of 0 or 1 depending on model nembership in the MA-dimensional

conceptual space {0, 1} m. In this space, points are represented as Mgj-dimensional

vectors and clusters are formed for points sharing similar models. To search for these

clusters, J-linkage uses an agglomerative clustering strategy based on a dissimilarity

measure between PS's in pairs of clusters. The measure used is tile Jaccard distance:

Dj(A, B) = I Bj (3.11)
|AUB|

where A and B are sets and Dj E [0, 11. A Jaccard distance of 0 indicates that the

elements in both sets are identical (A = B) while a Jaccard distance of 1 indicates

that the elements in both sets are 'disjoint (A n B = 0).

Agglomerative clustering works as follows: Initially, Mi data points are assigned

to their individual singleton clusters 1, ... , cm,. The current set of clusters is denoted

as C. Next, every iteration, the two clusters with the smallest Jaccard distance

between their corresponding PS's are merged. In other words, clusters sharing similar

models are merged first. When the Jaccard distance in all pairs of clusters equals

1, then the process stops as all pairs of clusters are have disjoint PS's. That is to

say that each cluster contains at least one model that fits all of its points. Clusters

with large memberships correspond to ground truth models while clusters with small

memberships are outlier models. Clusters with small memberships are removed by a

user-defined threshold ry. A pseudocode description of J-linkage is shown in Figure

3-9.

3.1.6 Local Motion Model

A local motion model takes the final set of corresponding keypoints Kf as input land-

marks so as to warp the rigidly registered source image SH. The model interpolates

or approximates the dense pixel locations in the rest of the image domain and pro-

vides regularization for local transformations on image SH. After warping and bicubic

interpolation of RGB values from SH, the final registered image R is obtained.
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Input : K,, M, 1, (
Output: C = {K1 , K 2 ,...}
// Assign each pair of matched keypoints to a cluster

1 C = {{k} I k E Kp}
// Get M., minimum sample models

2 0

3 for j = 1 to MA do
4 Hj = DLT(SAMPLEPOINTS(Kp))

5 f = i U Hj
6 end
7 while true do

// Pick a pair of clusters with the smallest Jaccard distance

8 {A, B} arg min Dj(PS(A, N, (), PS(B, -f,C))

9

10

11

12

13

{A,B}EPairs(Clusters)

dlin = min Dj(PS(A, 7, (), PS(B, N, C))
{A,B}EPairs(Clusters)

if dmin == 1 then
break

end
// Replace pair of clusters with -their union

C= (C- {A,B}) u{AuB}
14 end
15 ' = {K E C I IKI >q}

Figure 3-9: J-linkage algorithm for keypoint matching. For convenience, we define ar-
bitrary letters to represent matched keypoints (x, x) in any set of matched keypoints.
Also, note that A and B are sets of keypoints.
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B-Spline

Among free-form deformation (FFD) models, B-spline models are some of the most

commonly used in medical image registration [80, 491. On the image domain Q =

{x = (x, y)10 < x < Nx, 0 < y < Ny} with image size Nx x Ny, a rectangular grid

<1 = Kx x K, of control points #i, with uniform spacing 6 is superimposed. The

image is deformed by displacing #O,3. The dense transformation Tocai is written as

the summation of tensor products of univariate cubic B-splines:

3 3

Tlocal (X) = B, (pt) Bm (py) Oi+,,j+m (3.12)
1=0 m=0

where i = [x/N] - 1, j = [y/Ny] - 1, p, = x/Nx - Lx/Nx] and ,t = y/Ny - [y/Nvj.

B, represents the l-th basis function of the B-spline, given by:

Bo(tl) = (1 - P)3/6 (3.13)

B1(A) = (3t3 - 6p 2 + 4)/6 (3.14)

B2(pt) = (-3A 3 + 3Y 2 + 3p + 1)/6 (3.15)

B3(tt) = p3/6 (3.16)

Despite the drawback that the transformation model does not guarantee that the

topology is preserved, it provides smooth C2 continuous transformations (i.e. first

and second derivatives are continuous) and only requires few parameters to describe

local deformations: a control point #i, with limited support is displaced to describe

transformations in its local neighborhood. Hence, the degree of locality of a deforma-

tion is dependent on the resolution of the control point grid. A coarse grid models

large, global-level deformations, while a fine grid models smaller, local deformations.

Hence, we use the multilevel B-spline approximation (MBA) approach by Lee et al.

[521 in order to take advantage of differing grid resolutions in modeling different kinds

of deformations. In this approach, a hierarchy of control point grids Vb, ., at

increasing resolutions is defined, such that spacing 6 is halved at each increasing level
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up to finest resolution at level L. For each level 1, a local transformation T'oca is

computed using the B-spline approximation method detailed in 1521 that reduces the

residual between paired keypoints. The total effect is that the sum of each T'ai

defines the final transformation Tloaz:

L

Tiocal(x) = T ocal(x) (3.17)

3.2 Experimental Results

3.2.1 System and Parameters

The algorithms were implemented in MATLAB Release 2015b on a system with an

Intel Xeon E3-1225 v3 3.2GHz processor. In following sections, we evaluated and

compared the results of the three MPD methods with both real and simulated data.

Real data consists of three pairs of images recorded from the ventral forearm of a male,

23-year-old subject of South Asian descent. They are RGB images with resolution

1540 x 1540. The dataset comprises pairs of images of the skin with differing view-

points, with and without an applied stretch of the skin and recorded approximately 5

months apart. The images were used for visual evaluation of the construction process

of planar models by the multiple-plan methods and registration results. The simulated

dataset consists of images created by distorting a single image from the real dataset.

Simulated images were used to evaluate the MPD methods for accuracy, robustness

to in-plane rotations, nonlinear distortions and image noise, and computation time

with respect to number of initial matched keypoints.

We set the following default parameters for the three methods evaluated, including

the same parameters for rigid registration:

" Rigid Registration: M = 1200, ( = 1

" Sequential RANSAC: MSR = 100, N1,, 20, = 1

" MultiRANSAC: MMR = 100, W = 12, = 1
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* J-linkage: Mj = 1200, ( = 1

In addition, we limited the number of models W found by Sequential RANSAC to

12 by replacing the while-loop in the Sequential RANSAC with an appropriate for-

loop (see Figure 3-6). Thus, with these parameters, each algorithm drew a maximum

of 1200 MSS's from the set of initial matched keypoints. We found that this total

number of MSS's is sufficient for high probability of successful registration with the

MPD methods while taking below a minute to run for most cases. However, at

times, on skin image pairs with relatively few initial matched keypoints, initial rigid

registration was run a few times in order to obtain a successful registration. But this

has no consequence on evaluation of MPD methods because they were evaluated on

the resulting rigidly registered image.

For J-linkage, setting the cluster membership threshold 'q for different image pairs

is tricky. Having few initial matched keypoints usually results in the need to set y

low but having many initial matched keypoints require a high 'q to reduce outliers.

We explain our choice of q for each image pair.

3.2.2 Real Images with Differing Viewpoints

Rigid Skin Registration

Figure 3-10a is the target image T and Figure 3-10b is the source image S. The

images are taken within seconds of each other, with a change of camera viewpoint, as

seen from their difference image (Figure 3-10c), showing an approximate translation

in the y-direction. For any pair of grayscale images A and B, the difference image D

for all pixels (x, y) is given by:

D(x, y) = IA(x, y) - B(x, y)I (3.18)

The difference image allows us discern the alignment between images where the images

have very similar intensity values. Higher intensities in certain regions correlate with

misalignment. Although illumination differences between images also causes intensity
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differences, we assume the error is negligible for this image pair. The 1 inch by

1 inch red square outline and markings inked on the skin surface serve as visual

aids to indicate the ROI for human observers. There are a few dark, long hairs

that occlude the skin surface. After global registration, image S is transformed into

globally registered image SH (Figure 3-10e). 176 matched keypoints were identified

during homography-based registration, as shown in Figure 3-10d, superimposed on

image T. Image SH has fairly accurate alignment (Figure 3-10e), especially in the local

neighboring regions around the matched keypoints. Outside these regions, there is

observable misalignment, as seen from higher intensities found in the difference image

3-10f. Therefore, rigid registration only manages to register images within a local

planar region approximately demarcated by the matched keypoints. As evaluation of

rigid registration is not the key focus of this chapter, we direct readers to Chapter

4.2.2 for a detailed evaluation of rigid skin registration.

Evaluation of Grid-Based Initial Keypoint Matching

Our grid-based NNDR initial keypoint matching method is evaluated based on image

pair SH and T and the results are compared with the NNDR test (Equation 3.3).

We draw the initial matched keypoints for both methods over image T in Figure

3-11. It can be seen that the density of keypoints is higher for grid-based NNDR.

As shown in Table 3.1, the number of initial matched keypoints is notably higher.

Because it found a higher number of inlier matched keypoints, the grid-based NNDR

method could potentially increase the number of final matched keypoints, and thus,

potentially increase the registration accuracy of the local motion model. Furthermore,

our grid-based NNDR method is 66 times faster than traditional NNDR. However,

some of the time savings may be eroded if MPD keypoint matching needs to search

through more initial matched keypoints.

Failure of Free-Form Deformation Methods

In our evaluation for accuracy, nonrigid registration methods would be required to

accurately register the entire ROI approximately enclosed by the 1 inch by 1 inch
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(a) (b)

(d) (e) (f)

Figure 3-10: Images for registration and global registration results. (a) Target image
T. (b) Source image S. (c) Difference image of T and S. (d) Corresponding keypoints
(green markers) from global registration superimposed on T. (e) Globally registered
image SH. (f) Difference image of T and Sn.

Figure 3-11: Comparison
based NNDR.

(a) (b)

of initial keypoint matching results. (a) NNDR. (b) Grid-
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Table 3. 1: Comparison of number of initial correspondences arid runtime for initial
keypoint matching.

Method Number of Initial Correspondences Runtime (s)

NNDR 2087 10.59
Grid-Based NNDR 3552 0.16

red square outline. For comparison of our MPD methods with existing algorithms,

we applied two well-known FFD methods on image pair SH and T: a cubic B-spline

FFD registration algorithm 1801 with the mean squared error ietric and Demon

registration algorithm 1941. The registration results are displayed in Figure 3-12. The

registered images R were highly erroneous; the texture of skin was not preserved and

the visual markings on the skin did not resemble the shape seen in target image T.

This demonstrates that registration based on the iconic method that evaluates image

alignment based on measures on the entire image domain is ineffective for registering

general skin images. These images lack large-scale structures like moles and possess

the repetitive structure of microrelief, which makes these registration methods fail.

(a) (b)

Figure 3-12: Failure of iconic deformable registration methods for registering two
skin images. (a) Registered image for cubic B-spline FFD registration algorithm. (b)
Registered image for Demon registration algorithm.

3.2.3 Comparing Multiple Plane Detection Methods

We now visually evaluate nonrigid registration using Sequential RANSAC, Multi-

RANSAC and J-linkage methods on image pair SH and T. First, matched keypoints
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from the first 12 planar models identified from each method were plotted so that the

model construction process could be evaluated. Second, registered images obtained

from each method were compared with one another.

In Figure 3-15, matched keypoints from the W = 12 models for Sequential

RANSAC are shown superimposed on image T. Each model contained at least 80

matched keypoints. Thus, in the figure, we observed that keypoints in each plane

gave rise to locally dense clusters that approximately demarcated the regions of each

plane in image T. Thus, the keypoints shown in each model were observed to be

spatially clustered. Strong evidence of spatial clustering of keypoints in planes us-

ing Sequential RANSAC lends support for using the Gaussian sampling procedure

for sampling initial matched keypoints; given a keypoint, there is a high conditional

probability of finding keypoints in the neighboring regions. This procedure enables

reduction of the number of MSS's required to guess the ground truth models.

In Figure 3-16, matched keypoints from all W = 12 models for MultiRANSAC are

displayed superimposed on T. The number of matched keypoints dropped off signif-

icantly after the first few models. The first 3 planes clearly exhibited dense clusters

of keypoints with more than 100 keypoints with clear planar regions approximated.

After 4-th plane, there were fewer than 100 points in subsequent planes and planar

regions became ambiguous; it reached 22 points at the 10-th plane and only 5 points

at the 12-th plane. Due to the low number of points per plane in the higher-numbered

planes, the matched keypoints in these planes may be in fact outliers. In a skin scene

where planes formed are ambiguous, having to set the number of models present in

a scene is disadvantageous as some of these models may not be ground truth models

due to low number of keypoints identified in those models. To improve the result of

MultiRANSAC, it could be helpful to remove keypoints in these planes from the set

of final matched keypoints K1 .

J-linkage clusters matched keypoints that are part of similar planar models. The

number of points in each cluster found from keypoint matching is shown in 3-13. Due

to ambiguity of planes in the skin scene, it is not surprising that that many plausible

clusters were formed. Clusters with small memberships are considered outliers and
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we chose the tllresllold on the mniiu mum muniber of points in a. cluster q = 30 to

remove these small clusters, thus leaving 3 clusters or phlnar models in the linal

set. These planes have n oticeably lower number of points as compared to those of

Sequential RANSAC, although the total number of planes found is greater. We plot

the first 12 models in Figure 3-17 and observed that the set of matched keypoints

only forned ambiguous planar regions due to the sparsity of keypoints, unlike the

case for Sequential RANSAC. In several planes, there were even a number of isolated

keypoints, but it not clear whether these keypoints were outliers.

505

L 0 13 0K AX) 21DO 300 st

Figure 3-13: Number of keypoints in each cluster found by J-linkage.

Therefore, Sequential RANSAC displayed a clear advantage in the number of

points found in each of its 12 plaIles as compared that of MultiRANSAC and J-linkage.

This is desirable as a high number of keypoints in an identified model greatly increases

the probability that the model is a ground truth model, and thus, increases the

probability that all mnatched keypoints in the model are inliers. In general, repeated

runs of MPD methods show that imany plausible overlapping planar models exist due

to the nondetermninistic nature of random sampling. Randomn sampling gave rise to

different sets of matched keypoints and planes each tine an algorithm is run. Hence,

the distribution of kevpoints and nmber of keypoints in a plane were not the same

each time. Thus, using MIPD methods, it is difficult to obtain definitive results on the

presence of outlier keypoints in a each l)lane. A simple visual test for detecting outliers

in the set of final matched keypoints K is to look for unnatural local distortions in

registered image 1. These local distortions come about because the local motion

model assumes that all final matched keypoints are inliers.

After taking the union of matched keypoints in all 12 planes for Sequential RANSAC,
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the final set of matched keypoints K1 is obtained (Figure 3-14a). The 1761 matched

keypoints in K1 formed a dense, evenly distributed cluster of landmarks covering the

entire ROI. The local motion model used K1 to infer the nonrigid transformation; the

registered image R is shown in 3-14b. R showed no signs of unnatural local distortions

and appeared realistic. The difference image of R and T (Figure 3-14c) revealed that

there was accurate image alignment in the entire ROT. The small differences in image

intensities were mostly due to hair movement, different appearances of the microrelief

structure at different viewpoints and out-of-focus regions at the extremities of the im-

ages. Therefore, Sequential RANSAC performed excellently in aligning images with

different viewpoints.

By taking the union of matched keypoints in all 12 planes for MultiRANSAC, the

final set of matched keypoints Kf is obtained (Figure 3-14d). Compared to that of

Sequential RANSAC, there was a 46% decrease in the number of matched keypoints

in the set of final keypoints Kf (936 points). The density of points was lower and

the number of points was noticeably sparse at the top-right corner of the ROI, where

there were more occluding hairs. The large reduction in number of final keypoints was

due to the disjointedness constraint of matched keypoints in each planes and parallel

procedure of MultiRANSAC. Hence, many inlier matched keypoints were removed

from consideration. Although no unnatural distortions were seen in the registered

image, The difference image of R and T (Figure 3-14f) showed that while there was

accurate alignment in the middle of the ROI, the top-right corner of the ROI is slightly

misaligned.

In Figure 3-14g, matched keypoints from all 33 models for J-hinkage are shown

superimposed on T. Like Sequential RANSAC, J-linkage revealed a dense, evenly

distributed cluster of landmarks covering the entire ROI. There were 1381 keypoints in

K1 for J-linkage. The registered image R is seen in 3-14h and no unnatural distortions

were observed in the image. The difference image of R and T (Figure 3-14i) revealed

that J-linkage managed to mostly accurately align the source image to the target

image.

In this image pair with differing viewpoints, all three MPD methods performed
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reasonably well for registration. No unnatural distortions in the registered image for

the three methods, thus indicating that obvious outliers were not present. Sequential

RANSAC performed the best as it identified the most final matched keypoints, while

MultiRANSAC performed the worst because there are some degree of noticeable

misalignment of between target and registered images.

3.2.4 Real Images of Stretched Skin

Our application for nonrigid skin registration is deducing the deformation field due to

stress based on skin features alone. The deformation field can then be used to register

the source image. We now demonstrate how well different MPD methods work on an

image pair of skin with and without an artificially applied stretch. In Figure 3-18a,

the target image T is shown. A stretch was applied upwards of T, causing the skin

to deform, as shown in the source image S in Figure 3-18b. We superimposed both

images on each other in Figure 3-18c. On superimposed images, the green image is

the target image, while the red image is either the source or registered image. Next,

rigid registration was applied. Figure 3-18d shows that 16 matched keypoints were

found during rigid registration and the transformed image SH is shown in Figure 3-

18e. Figure 3-18f shows that most of deformation from stretch was already corrected

by rigid registration, but a slight misalignment in many regions occurred across the

ROI. During nonrigid registration, more keypoints were identified (Figures 3-18g, j
and m). The registration result is shown in Figures 3-18h, k and n. The superimposed

images in Figures 3-18i, 1 and o shows that all 3 MPD methods resulted in improved

alignment in the top half of the image as compared to the rigid registration result.

This is observed from the increased sharpness of the illustration. However, the bottom

half of the image was misaligned. Due to stretching, the appearance of the microrelief

changed at the scale of SIFT features used. In this region, the microrelief in image

S appeared smoothed-out compared to that of image T, hence keypoints were not

detected. Nonetheless, at the top region, the microrelief appeared compressed, but

SIFT keypoint detection was able to detect the same keypoints. Therefore, a key

limitation in using our skin registration technique to obtain the deformation field of
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(a) (b)

(d) (e) (f)

(g) (h) (i)

Figure 3-14: Registration result for differing viewpoints. (a-c) Sequential RANSAC:
(a) Final set of 1761 matched keypoints K superimposed on T. (b) Registered image
R. (c) Difference image of T and R. (d-f) MultiRANSAC: (d) Final set of 936 matched
keypoints Kf superimposed on T. (e) Registered image R. (f) Difference image of T
and R. (g-i) J-linkage: (g) Final set of 1381 matched keypoints K superimposed on
T. (h) Registered image R. (i) Difference image of T and R.
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Plane 2

Plane 4 Plane 5 Plane 6

Plane 7 Plane 8 Plane 9

Plane 10 Plane 11 Plane 12

Figure 3-15: Matched keypoints in 12 planes identified using sequential RANSAC
superimposed on T. Green markers represent matched keypoints in T.
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Plane 2 Plane 3

Plane 4 Plane 5

Plane 7 Plane 8

Plane 6

Plane 9

Plane 10 Plane 11 Plane 12

Figure 3-16: Matched keypoints in 12 planes identified using MultiRANSAC super-
imposed on T. Green markers represent matched keypoints in T.
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Plane 2

Plane 4 Plane 5 Plane 6

Plane 7 Plane 8 Plane 9

Plane 10 Plane 11 Plane 12

Figure 3-17: Matched keypoints in first 12 planes identified using J-linkage superim-
posed on T. Green markers represent matched keypoints in T.
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skin is that the stretching of the skin must not be too large to cause the microrelief

appearance to change too much.

The number of matched keypoints detected in each plane for each MPD method

is shown in Figure 3-19. Sequential RANSAC detected 3 planes containing more

than 50 matched keypoints each. Although MultiRANSAC was able to detect more

keypoints than Sequential RANSAC, it detected many planes with very small amount

of keypoints; this increased the chance that any of these keypoints may be in fact an

outlier. J-linkage performed poorly in detecting sufficient keypoints in each plane.

For instance, its first plane contained only 9 keypoints. Due to low number of initial

matched keypoints, the cluster membership threshold r was intentionally set to 6 in

order to obtain favorable results. This implies that J-linkage is susceptible to outliers

in the case of difficult, noisy images. Hence, by number of keypoints identified,

Sequential RANSAC method performed the best in artificially stretched skin image

pair.

3.2.5 Real Time-Lapsed Skin Images

Another application of nonrigid skin registration is that of registering the same skin

scene imaged at months apart. This allows accurate computer-aided comparison to

be made between skin samples. The target image T was taken on 09/29/2015 (Fig-

ure 3-20a) and the source image S was taken on 02/23/2016 (Figure 3-20b), after

146 days. We superimposed both images on each other in Figure 3-20c to observe

the misalignment. Note that the red square outline on the skin was reapplied on

different days, so it was at different locations on the skin. Next, rigid registration

was applied. Figure 3-20d shows that 15 matched keypoints were found during rigid

registration and the transformed image SH is shown in Figure 3-20e. Figure 3-20f

shows that rigid registration was able to roughly align pairs of images despite their

different camera settings. Both Sequential RANSAC and MultiRANSAC were able

to identify keypoints all across the ROI in high densities, while J-linkage does not

manage to identify keypoints in the top-right corner of the ROI (Figures 3-20g, j and

m). Registered images are seen in 3-20h, k and n. Figures 3-20i, I and o display
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(a) (b)

(d) (e)

(g) (hi)

(I

(i)

(I) (k)

(M) (n) (o)

Figure 3-18: Registration result for skin with and without artificially applied stretch.

(a-c) Input Images: (a) Target Image T. (b) Source Image S. (c) Superimposed T

and S. (d-f) Rigid registration: (d) Matched keypoints superimposed on T. (e) Rigid

registration result SH (f) Superimposed T and S 1 . (g-i) Sequential RANSAC: (g)
Matched keypoints superimposed on T. (h) Registered image R. (i) Superimposed T

and R. (j-l) MultiRANSAC: (j) Matched keypoints superimposed on T. (k) Regis-
tered image R. (1) Superimposed T and R. (m-o) J-linkage: (m) Matched keypoints
superimposed on T. (n) Registered image R. (o) Superimposed T and R.
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Figure 3-19: Number of keypoints in each plane for skin with and without artificially

applied stretch.

the alignment between target and registered images. While the registration result

from Sequential RANSAC and J-linkage appeared satisfactory, the result from Mul-

tiRANSAC was affected by outlier matched keypoints, as evidenced by some degree

of unnatural deformation of the skin on the red square outline.

The number of matched keypoints detected in each plane for each MPD method

is shown in Figure 3-21. Sequential RANSAC detected 3 planes containing more

than 36 matched keypoints each. Similar to the case of artificially stretched skin,

MultiRANSAC detected many planes with very small amount of keypoints. Some of

these keypoints were outliers that caused unnatural deformations in the registration

result, as we observed in Figure 3-20k. Again, like in the case of stretched skin, J-

linkage performed poorly in detecting sufficient keypoints in each plane. The cluster

membership threshold q/ was set to 6 so as to obtain acceptable results.

In general, this example shows that MPD-based registration methods are able

to register images of skin reasonably well despite interfering visual markers being

present, as the the visual markers were not used in this evaluation. This is similar

to the case of registering pigmented skin lesions (PSL) on skin as the inks did not

cause erroneous registration results. Since Sequential RANSAC performed best in

this experiment in terms of outlier rejection, as future work, we consider testing the

Sequential RANSAC-based nonrigid registration algorithm on skin images with PSLs.
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(a) (b)

(d) (e)

(g) (h)

(1) (k)

(in) (n)

Figure 3-20: Registration result for time-lapse skin images. (a-c) Input Images: (a)
Target Image T. (b) Source Image S. (c) Superimposed T and S. (d-f) Rigid
registration: (d) Matched keypoints superimposed on T. (e) Rigid registration result

SH (f) Superimposed T and SH. (g-i) Sequential RANSAC: (g) Matched keypoints
superimposed on T. (h) Registered image R. (i) Superimposed T and R. (J-1)
MultiRANSAC: (j) Matched keypoints superimposed on T. (k) Registered image R.
(1) Superimposed T and R. (m-o) J-linkage: (m) Matched keypoints superimposed
on T. (n) Registered image R. (o) Superimposed T and R.
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Figure 3-21: Number of keypoints in each plane for time-lapse skin images.

3.2.6 Simulated Images

Given a real base skin image Ibase, we used the following procedure to obtain an

artificially distorted and generated new skin image Iim for subsequent ground truth

evaluation. A two-step warping process is used: First, local deformation and global

distortion is simulated by a distortion function. Second, a simulated homography is

computed based on user-defined camera motion parameters.

We define warping functions that describe the spatial shift of the pixels in Ibase,

the original image, in the x and y coordinate directions:

Fx(x) = wfx(x) (3.19)

Fy(y) = wfy(y) (3.20)

where w is a scalar warp factor and fx(x) and f,(y) are functions that describe the

warp in their respective coordinate directions.

Next, to simulate a deliberate stretching effect of the skin, the image is warped

with two different scalings in rotated x and y-coordinates about the center coordinates

of the distorted image. Specifically, in homogeneous coordinates x = [x y 1 ]T, we
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represent this by an affine transformation:

Haffine(x) = TcenterRsSR-TcterX (3.21)

1 0 A12] cos0, - sin0, 0 s, 0 0

Tcente [ 0 1 [NY/2J RS = sin 0, cos ], 0 S 0 Sy 0

0 0 1 0 0 1 0 0 1

where the image size is N x Ny, 0, is the rotation angle of the coordinate system and

sx and s, are the scale factors the in x and y-directions respectively. By assuming

that the original camera viewpoint is facing downwards (along the z-axis), perpendic-

ular to the surface at the center coordinates, the 6 degrees-of-freedom of the camera

can be set to simulate different viewpoints of the image plane using a homography

transformation. This allows us to perturb the viewpoint. The camera's roll Or, pitch

9, and yaw O, allows us to construct a rotation matrix Rcam:

Rcam = RxRyRz (3.22)

1 0 0 c, 0 SP cy -SY 0

Rx(Or) = : --S R1 (OP,) = 0 1 0 Rz(0y) [s Cy 0

LO Sr Cr -_sP 0 cJ 0 0 1

where ci = cos 9i and si = sin Oi. The camera's translation parameters tx, ty and t,

are manually adjusted so as to ensure that the image is approximately centered after

camera rotation. Let the focal length be denoted by ft. The simulated homography

by camera motion Hcam is given by:

Hcam = TcenterHuncenteredT-te, (3.23)

fir,,1 fjri,2 -f(ri,,tx + rl,2t, + ri,3tz)

Huncentered = fjr2,1 fjr2 ,2 -f(r 2 ,1tx + r2,2 t, + r2 ,3 tz) (3.24)

L r3 ,1 r3,2 -(r3,ltx + r3,2ty + r3,3tz)
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where ri are entries in RIT ,. The final simulated hornography Hi,, is:

HHca(x) =HeaHaf f ieX (3.25)

Finally, Delaunay triangulation 1501 is used to interpolate simulated image Is, in

RGB.

3.2.7 Accuracy Evaluation Criteria

In the following sections, we used the default parameters for simulated image S3

(resolution 2040 x 2040) in Table 4.2 for rigid skin registration evaluation in Chapter

4.2.2. The base image Ibae is shown in Figure 4-5a and distorted simulated image

In,,, is shown in 4-5d. For an illustration of the combination of planar models found in

image pair Ibase and S3, the matched keypoints found by Sequential RANSAC in their

corresponding planes denoted by different colors and markers are marked on image

ibase. This is shown in Figure 3-22. Alternative planar models leading to different

region shapes may be found if another instance of the skin registration algorithm is

run.

Figure 3-22: Matched keypoints in corresponding planes for simulated image S3.
Matched keypoints belonging different planes may be differentiated by their color
and marker shape. The matched keypoints are superimposed on base image Iba,,.

Accuracy of registration is evaluated based oi the root-mean-square error (RMSE)

of the dense set of corresponding microrelief junction points J contained within a

user-defined ROI in the domain of Ib(Ise, as displayed in Figure 3-23b. Microrelief
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junction point extraction is discussed in Chapters 4.1.4 and 4.1.5. The known trans-

formation of S3 was applied to 22915 junction points in a square ROI region in Ise in

domain range x = [451,1150] and y = [451,1150]. We denote the set of transformed

junction points as J. The junction points correlate with actual physical features

on the skin surface, thus they are meaningful points for registration evaluation. In

order evaluate the error, J is back-transformed by registration into the set of back-

transformed junction points J'. Denoting the simulated transformation as Tsim, the

RMSE in pixels is computed as:

RMSE = / |ZT(Tsim(x)) - x112 (3.26)
xEJb

A lower RMSE indicates better accuracy of registration.

For simulated images, many initial matched keypoints could be identified by grid-

based NNDR as image intensities were not corrupted by noise, varying illumination

levels or different camera settings. Thus, we set a high r7 = 40 for J-linkage to remove

many small clusters in the following sections.

3.2.8 Varying the Number of Levels in Multilevel B-Spline

The multilevel B-spline algorithm 1521 approximates the deformation field Tgoc (x)

by reducing the Euclidean distance error between paired keypoints as the level 1

increases. For an image of resolution 2040 x 2040, there are a maximum of L = 10

levels. The resolution of the B-spline grid is approximately doubled every level, thus

smaller deformations are modeled as 1 increases. High resolution grids are sensitive to

the effect of outlier matched keypoints, which would decrease registration accuracy.

On the other hand, low resolution grids are not sensitive to small deformations; this

also decreases the accuracy of registration. Thus, each level of multilevel B-spline

introduces different degrees of spatial regularization that helps reduce the effect of

outliers in the data. Consequently, it is desirable to find the optimal maximum level

L.

For this evaluation, we constructed sets of keypoints K with a desired percentage
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po of outliers. First, we used Sequential RANSAC to find the matched keypoints in

image pair Ibase and S3. A randon sample of 10% of all 10322 matched keypoints KJ

was taken so as to construct a set of sparsely distributed keypoints KP. Second, we

added outlier keypoints to KsP to make up p,% of K. Outlier keypoints were taken

from a random sample of the remaining paired keypoints in Kf. The keypoints in the

domain of lb,,e were randomly perturbed up to 5 pixels in L1 distance. We illustrate

K0 with p, = 10 in Figure 3-23a. Third, we ran multilevel B-spline approximation

with values of p = {0, 5, 10, 15, 20} for K, and maximum levels L = {1, . . . , I0}.

Fourth, the RMSE of the junction points were evaluated using Equation 3.26. The

results are plotted in Figure 3-24a. The minimum RMSE can be found at L = 3 for

almost all p). Hence, we set L = 3 for multilevel B-spline for the remaining evaluation

in this chapter. The plot also confirms that the smaller deformations at higher levels

are sensitive to outlier matched keypoints. As expected, a higher p, led to an overall

increase in RMSE. Also, when we observe the residuals or mean Euclidean distance

between matched keypoints after registration in Figure 3-24b. their values decreased

as / increased. Hence, at high L, the effect of outliers on the RMSE outweighs the

effect of minimizing distance between paired keypoints.

(a) (b)

Figure 3-23: (a) Matched keypoint set K, with 10% outlier keypoints. Green points
represent inliers and red points represent outliers. (b) Dense set of junction points
within the ROI in the donain of lbase'
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Figure 3-24: RMSE of junction points and mean distance error of matched keypoints
for varying maximum B-Spline grid levels L and outlier percentage po. (a) RMSE of
junction points. (b) Mean distance error of matched keypoints.

3.2.9 Varying Rotation and Distortion

Next, we evaluated skin registration for robustness to various in-plane rotations 0Y =

{-10, -50, 00, 50, 100} and various warp factors w = {2, 2.5, 3, 3.5, 4, 4.5, 5}.

The RMSE for Sequential RANSAC, MultiRANSAC and J-linkage are plotted in

Figures 3-25a, 3-25b and 3-25c respectively. In general, the results show that in-plane

rotations do not affect registration accuracy as distortion due to rotation being mostly

accounted for by rigid registration. Additionally, RMSE increased as distortion scale

is increased. Sequential RANSAC maintained low levels of RMSE below 0.3 for all

distortion scales, while MultiRANSAC performed as well as Sequential RANSAC at

low distortion scales but was more affected by increasing levels of distortion. However,

the accuracy of J-linkage was comparatively poorer than both Sequential RANSAC

and MultiRANSAC at all warp factors. To summarize, the mean and median RMSE

of each method at all rotations and distortion scales are given in Table 3.2. Overall,

it is clear that Sequential RANSAC has the best accuracy and exhibited the least

variability of error.
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Figure 3-25: RMSE against warping factor and in-plane rotation for skin registration.
(a) Sequential RANSAC. (b) MultiRANSAC. (c) J-linkage.

Table 3.2: Mean and median RMSE across all in-plane rotations and distortion scales.

RMSE Sequential RANSAC MultiRANSAC J-linkage

Mean 0.1374 0.2117 0.5298
Median 0.1351 0.1647 0.2579
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3.2.10 Varying Noise Levels

In this test., we quantified the accuracy of non rigid registration with respect to the

amount of noise in skin images. Assuming that simulated image S3 was not corrupted

by noise initially, we added white Gaussian noise to rigidly registered image S3 and

denote this image as S3H. Then, a fixed amount of salt and pepper noise is added.

There is a p, = 0.05 probability of any pixel in S3 having an amount t, = 3 added

to or subtracted from the local mean intensity in each color channel (intensity values

are integers in range [0, 255]). Half of the chosen pixels have to, added to their

values and the other half have tsp subtracted from their values. Taking additive white

Gaussian noise and salt and pepper noise in combination, we simulated sensor noise

caused by poor illumination. As a result, fewer SIFT features were detected and

consequently., fewer numbers of initial matched keypoints were identified. Examples

of noise-corrupted images are shown in Figure 3-26 for various signal-to-noise ratios

(SN R).

(a) (b) (c)

Figure 3-26: Rigidly registered simulated image S3 corrupted by additive white Gaus-
sian noise and salt and pepper noise with various SNRs. (a) SNR- 20 dB. (b)
SNR=1 OdB. (c) SNR=2 dB.

For each MPD method, the RMSE of the registered images with respect to differ-

ent Gaussian noise levels in dB are plotted in Figure 3-27a. The plot does not reveal

the proportional relationship between noise level and number of initial matched key-

points, so we replaced the noise levels with number of initial matched keypoints and

plotted the results in Figure 3-27b. The RMSE for Sequential RANSAC was consis-
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tently lower than those of other methods for above 1000 initial matched keypoints.

MultiRANSAC exhibited RMSE values much higher than that RMSE of Sequential

RANSAC or J-linkage for 2000 matched keypoints and above; the parallel assign-

ment of disjoint sets of keypoints contributed to high numbers of outlier keypoints for

MultiRANSAC. The performance of J-linkage excelled when the number of keypoints

was high. On the other hand, its usage of clustering the preference set for evaluating

models is extremely tricky for low numbers of initial matched keypoints and this gave

rise to high amount of outliers at 1000 and below keypoints. To enable J-linkage

to produce reasonable results at low numbers of keypoints, we adjusted the cluster

membership threshold q to 10 for noise levels of 8dB and below (equvialently, about

2000 keypoints and below). For all other Gaussian noise levels, 77 remained at the

default value of 40.

3.2.11 Computation Time for Keypoint Matching

Keeping the number of MSS's constant for all 3 MPD methods with the default pa-

rameters, we investigated computation time with respect to number of initial matched

keypoints. Note that the number of initial matched keypoints is high if two images

appear similar at the scale of the microrelief patterns, and vice versa. Using the setup

covered in Chapter 3.2.10, the runtime in seconds is plotted against the number of

initial matched keypoints for the 3 MPD methods (Figure 3-28). The runtime of

both Sequential RANSAC and MultiRANSAC showed a linear relationship with the

number of initial matched keypoints. This is because RANSAC only requires a single

pass through all initial matched keypoints when it computes the CS. Also, Sequential

RANSAC has fewer computational overheads per pass and so performed better than

MultiRANSAC overall. However, the runtime of J-linkage has quadratic time com-

plexity with respect to number of initial matched keypoints because of agglomerative

clustering and this is reflected in the plot in Figure 3-28. Thus, we expect a pair

of images with similar illumination levels and minimal distortion to take the longest

time to match, while severely degraded image pairs take the shortest time to match.
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3.3 Final Design and Discussion

The final design for skin registration uses Sequential RANSAC for MPD keypoint

detection. It performed strongly in our accuracy and runtime experiments. It also

gave the most visually pleasing registration results and relatively high numbers of

final matched keypoints for the differing viewpoints, artificially stretched skin and

time-lapsed real image pairs. It has the additional advantage of being simple to

implement and having few parameters that do not need to be manually adjusted in

many cases.

MultiRANSAC's concept of the parallel assignment of disjoint sets of keypoints

and the need to set a prior number of planar models did not work well in general.

This is because the number of ground truth planes is unknown in a real skin scene.

As a result, MultiRANSAC consistently extracted too many planes with few matched

keypoints and consequently, outliers were consistently extracted. Hence, its accuracy

was generally worse than that of Sequential RANSAC. Also, it performed slightly

worse than Sequential RANSAC in runtime.

J-linkage performed well for a large set of initial matched keypoints and is easy

to implement. However, when few initial matched keypoints were present in pairs

of noisy skin images, the cluster membership threshold r1 required manual interven-

tion. Furthermore, agglomerative clustering requires quadratic time complexity with

respect to number of initial matched keypoints, so it is slow compared Sequential

RANSAC for large numbers.

We have shown that our Sequential RANSAC-based skin registration method

achieves highly accurate registration of skin images using only skin features as land-

marks. It is robust to in-plane rotations and realistic local and global distortion scales,

and fairly invariant to image noise and camera and lighting settings. Its local mo-

tion model, Multilevel B-spline, is also able to reduce the effect of outlier landmarks

identified by Sequential RANSAC in order to ensure more accurate final alignment.

In this chapter, we did not consider how hair-occluded skin affects registration

results. However, in Chapter 6, we demonstrate that by preprocessing skin images
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with an digital hair removal (DHR) algorithm and inpainting the skin image, we are

able to obtain fairly accurate registration with our nonrigid registration algorithm

despite the presence of thick and dense hairs.

In typical real skin image pairs, nonrigid registration is fast and reliable; it only

takes about 10 seconds to run and rarely fails (i.e. the registered image R appears

unnaturally warped at the global scale). However, global registration remains slow,

requiring around 5 seconds to 15 seconds, depending on the number of initial matched

keypoints present. Most of the increased runtime can be attributed to traditional

NNDR (see Table 3.1). To improve runtime, alternative global registration methods

need to be explored. Furthermore, the current rigid registration method is susceptible

to registration failure on noisy image pairs. Therefore, future work includes developing

a global registration method for more consistent successful results.

Our implementation for Sequential RANSAC did riot remove isolated matched

keypoints in each model. These are keypoints in some planes that have few neighbor-

ing keypoints in its locality that are more likely to be outliers than keypoints located

in densely populated local areas. This improvement are trivial to implement but they

are could further improve the accuracy of skin registration.

In our evaluation, we have only considered 3 MPD methods for keypoint matching.

A number of alternative MPD methods can be found in the literature. As future

work, we consider evaluating other MPD methods such as histogram of residuals

[1071, Mercer kernel fitting [14] and graph cuts [361 approaches.
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Chapter 4

Microrelief Junction Point Matching

As an application to rigid skin registration, we present a concentric ring-based non-

rigid point pattern matching (PPM) method for microrelief junction point matching

(MJPM). The MJPM procedure was developed as a first step towards eventually de-

veloping a framework for quantitative assessment of the stability and evolution of the

microrelief of skin over time. This work was developed in close collaboration with Dr.

Xian Du. In this chapter, we describe the algorithm in detail and evaluate results

from our proof-of-concept.

4.1 Algorithm Design

4.1.1 Overview

Figure 4-1 illustrates the flowchart of our MJPM procedure that takes a source im-

age S and target image T as inputs and outputs the set of matched junction points.

It comprises three major sequential steps: homography and keypoint estimation,

microrelief junction point detection and PPM. First, the images are registered by

feature-based homography transformation, during which the number of matched key-

points found is augmented using a two-step process. After rigid registration, the

transformed source image SH2 and a set of matched keypoints found in T and SH2 are

obtained. Since T and SH2 are well-aligned in a small, locally planar region, we use
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the convex hull of the matched keypoints in these images to designate our region of

interest (ROI) for PPM. Second, the microrelief structure of T and SH2 are extracted.

Next, junction points are detected from the microrelief structure based on crossing

numbers. Third, the ROI is split into multiple concentric ring layers, each conforming

to the shape of the convex hull. For each layer, an assignment problem between junc-

tion points involving cyclic order preserving constraints and shape context descriptor

cost is solved by dynamic programming.

4.1.2 Homography and Keypoint Matching

Because the ROI for PPM is constructed based on the convex hull of matched key-

points between registered source image SH2 and target image T, we require a good

set of matched keypoints: the set should form a single, spherical cluster with uniform

distribution of points in order to ensure good alignment of points enclosed by the

ROI. Registration is achieved by a planar homography transformation, which models

viewpoint changes of the skin scene or small stretches of the skin surface. For the rest

of this section, we explain how the rigid registration method in Chapter 3 is modified

to find a good set of matched coplanar keypoints in the scene and its homography

estimate.

First, taking source image S and target image T as inputs, we use the same key-

point detection, nearest neighbor ratio test (NNDR) test, random sample consensus

(RANSAC) and nonlinear iterative refinement procedure presented in Chapters 3.1.2

and 3.1.3. The process gives us the first homography estimate H1 and its corre-

sponding globally registered image SHi. However, the matched keypoints identified

at this stage may not be sufficient in number or evenly distributed to ensure accurate

alignment of all points within the proposed ROI. Therefore, the number of matched

keypoints needs to be augmented.

A second round of keypoint detection and matching, this time between images

SHi and T, is carried out. After extracting Scale Invariant Feature Transform (SIFT)

features from SH1, SIFT features from SH and T are matched using the fast grid-

based initial keypoint matching method described in Chapter 3.1.4. As we concluded

92



Source Image Target Image

'I 4,
Keypoint detection using

SIFT features

Keypoint matching using
RANSAC and non-linear

refinement of planar
homography

Augment number of
matched keypoints (faster
version of first two steps)

Matched
Keypoints

Obtain convex hull of
matched keypoints

Pair of
Registered
Images

Microrelief extraction

IZZEZZI
Detect junction points

Match junction points by layers of concentric rings of the
convex hull and integrating order-preserving assignment

constraints and shape context descriptor cost into an
optimization problem solved by dynamic programming

Matched Junction Points

Figure 4-1: Algorithm flowchart for microrelief junction point matching procedure.
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previously, the grid-based matching method greatly increases the number of initial

matched keypoints in comparison to the first round of keypoint detection and match-

ing. It also helps that SIFT keypoints not previously matched are now more likely to

be matched due to the homography correction applied. Again, through RANSAC and

iterative refinement of the homography estimate, we obtain a list of inlier matched

keypoints and a final homography estimate H = H 2Hi, where N2 is the homography

estimate from the second round. Next, using Equation 3.2 and H 2 as the homogra-

phy, pixel locations in SH, are warped to obtain pixel locations in the final globally

registered image SH 2 - The RGB pixel intensities in SH2 are calculated by bicubic

interpolation.

Equation 3.2 is also used to transform matched keypoints in the domain of SH1

to the domain of SH2. In many cases, keypoints matches identified are clustered in

the ROI, but sometimes, small coplanar regions in the scene may also cause smaller

clusters to exist elsewhere. Since a single cluster of evenly distributed matches is re-

quired for the next stage, we remove a keypoint unless there are at least K keypoints

found within a radius K, from that keypoint. Large values of K' and small values

of K, tend to filter out keypoints in sparsely populated regions of keypoints, while

small values of K, and large values of K, tend to retain more isolated keypoints. As

such, the final set of matched keypoints in the domains of T and SH2 is obtained.

4.1.3 Convex Hull Registration

The matched keypoints in image pair T and SH2 approximately enclose a locally pla-

nar region in 2D Euclidean space with good alignment between both images. The

convex hull, defined as the smallest convex set in 2D space that contains the matched

keypoints is used to approximate the locally planar region. Geometrically, the De-

launay triangulation [501 of a set of points in 2D space results in a set of triangle

edges connected like a network, with the points as nodes. The edges that are shared

only by a single triangle in the network reveal the convex hull. As global registered

image SH,2 is an estimate of target image T, a globally registered ROI in T and SH2

is acquired.
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4.1.4 Microrelief Structure Extraction

The purpose of this stage is to extract the valley-like structures of the microrelief

from noisy skin images T and SUm. The following operations are applied on both

images. First, the RGB image are converted to YUV (BT.709) and the intensity

component Y is extracted. Second, background normalization is applied. A 13 x 13

box linear filter is applied iteratively for 30 times to approximate a Gaussian blur.

The resulting blurred image is subtracted from the original image. Third, the bottom

of flat valleys and top of flat mesas in the image are enhanced. The local standard

deviation is calculated for each pixel, using a 5 x 5 window size. Then, the gradient

magnitude (using central difference) and discrete Laplacian images are computed

from the local standard deviation image. Fourth, a global threshold is applied to

the gradient magnitude image to find pixels that have small gradient magnitude.

The threshold used is the mean of the gradient magnitude image. Next, since we are

looking for minima on the local standard deviation surface, pixels in the binary image

where the discrete Laplacian is greater than 0 are retained. Thus, this step extracts

the bottom of flat valleys. Fifth, morphological thinning is applied to the binary

image to reduce the valley structures into one pixel width structures. Subsequently,

isolated pixels are removed and holes in the skeleton are filled. Sixth, the microrelief

structure is extracted by identifying and retaining the largest connected component

in the skeleton image.

4.1.5 Junction Point Detection

The microrelief structure is a network that is connected by junction points, which by

our postulate in Chapter 2.2.3, forms a set of skin features that are stable over a time

scale of a few years. Hence, matching skin patches is akin to matching two networks

and their nodes. In the same vein as minutiae extraction in fingerprint analysis [108],

the Rutovitz crossing number (CN) [811 is used to extract the junction points. At

each pixel of the skeleton image, the eight neighbors of the pixel are scanned in an
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anticlockwise manner. The CN for a pixel P is given by

18
CN = 2 Pi - Pil (4.1)

where P represents the binary pixel value in the neighborhood of P and P1=P. For

illustration, the neighboring pixels are labeled as shown in Figure 4-2a. In Figure

4-2b, we see that various CN values denote various properties. We define junctions

points to be bifurcation and crossing points. Thus, if CN > 6, pixels in the microrelief

structure are retained and labeled as junction points.

CN PrdF
0 Isolated 11int
I Endipoint
2 Connective po int
3 Bifurcation snnt a

4 4 Cs ing point

0 0 0- 0 0 0 0 0 10 e? 0 0
0 0 0 0 0 0 0 0' 0 0 0
0 4- 4(Q0 0 0 0
T 0 T 0 0 0 0 0 0 0

00 0 0 0 0 0

h t Isolated point Ending point Connective point Bifurcati point Cross g poirt
6 7 P8 (CN=0) (CN= 1) (CN=2) (CN=3) (CN=4)

(a) (b)

Figure 4-2: Illustration of the Rutovitz Crossing Number (CN) and properties. (a)
Labels of binary pixel values Pi in neighborhood of pixel P. (b) CN and its associated
properties of skeleton image at pixel P. Images adapted from [1081.

4.1.6 Point Pattern Matching

Rather than matching all the junction points within the ROI in T and S112 directly,

we match the junction points found separately in multiple concentric ring layers with

fixed width thickness r,, each ring conforming to the shape of the convex hull. We list

some reasons for using this approach: (1) Directly matching two large sets of junction

points involves high computational cost and memory cost; the problem is made more

manageable by matching junction points found in ring layers. (2) The skin surface can
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be assumed to be homogeneous in proper stretching, so sets of microrelief junction

points in two rings to be matched are assumed to contain mostly the same junction

points. (3) The junction points in each ring can be ordered in a circular manner so as

to define single, closed contour. This allows for the cyclic order preserving constraint

to be implemented. The cyclic order preserving constraint increases the dissimilarity

between junction points that do not obey cyclic ordering; this increases the accuracy

and geometric fidelity of junction point matching.

Cyclic Order Preserving Assignment Problem

A modification of the standard assignment problem is made to require assigned junc-

tion points to conform to the cyclic ordering inherited from the closed contour. This

modification is known as the cyclic order preserving assignment problem (COPAP),

introduced by Scott and Nowak in [841, in which we describe below for our context.

Each concentric ring in the ROI requires solving a COPAP. In the following de-

scription, we describe the mathematical formulation. Let {pi I pi E R 2 , i = 1, ... , m}

and {qj I qj (E R 2 , j = 1, . . . , n} denote junction point locations found in images

SH2 and T respectively. Without loss of generality, assume that m < n. The dis-

similarity between points pi and in qj can be measured by a non-negative cost cij.

Then, a cost matrix C = (cij),n denotes all possible pairing costs between the two

junction point sets. To deal with the missing points and outliers in the junction

point sets, nonexistent dummy points are introduced. This allows some points to be

matched to dummy points. Formally, a matching of junction points is a function

r : {1, .. . ., m} -+ {O, 1,.. . , n} such that no value in {1, . .. , n} is assumed more than

once. The notation wr(i) = 0 specifies that pi is not matched with any qI. The dummy

pairing cost is user-specified, denoted by c; it is a constant generally set larger than

the maximum value of the non-dummy pairing costs in C. Consequently, the m x n

cost matrix can be extended to an N x N matrix, where N = m+n - L, by padding it

with : to effectively add dummy points. Here L E [0, m] denotes the minimum num-

ber of non-dummy pairings in 1 1 L, the set of all matchings of size at least L. Since

the junction point sets are in a closed contour, order them in a clockwise manner
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respectively. The set of all matchings in IL that preserve the order is indicated by

flCy. The COPAP is defined as

Int

min, Ci,7(i) (4.2)
IrEnct

where ciO = E for all i.

We give a brief description for solving the COPAP, of which a detailed exposition

is found in [841. The COPAP is solved by repeated solving of a problem known as the

linear order preserving assignment problem (LOPAP). The optimal matching is found

by solving for m circular shifts of the junction points pi and taking the solution with

lowest cost. We chose the fast O(mn) dynamic programming algorithm presented by

[841 to solve the LOPAP when L = 0, indicating that there is no minimum matching

constraint. This method is advantageous in terms of speed for solving large-scale

problems involving point sets with large numbers such as junction point matching.

Each LOPAP is solved by dynamic programming using the recursive relation to tra-

verse an (m + 1) x (n + 1) directed graph:

Wij = min{w -1 + C, wi,- 1, wi,_j1 + ci,j} (4.3)

WO'O = 0 (4.4)

There is no need is determine the cost for all m circular shifts of pi due to the use

of a bisection strategy to solve LOPAP at all shifts. Hence, the COPAP is solved in

O(mn log m) time.

Shape Context Descriptor

Entries of the cost matrix ci, indicate the amount of dissimilarity between junction

points on different sets pi and qj. For every junction point, its shape context descriptor

161 is the log-polar histogram of coordinates of the remaining points in the same set.

The K-bin normalized histograms are represented by hi(k) and hj(k) for points pi
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and qj respectively. The distance between both points is given by the x2 test statistic

1 K [hi(k) - hj(k)2(
= 2 E hi (k)+h,(k)

4.2 Experimental Results

4.2.1 Implementation and Parameters

The algorithm was implemented in MATLAB Release 2015b on a system with an Intel

Xeon E3-1225 v3 3.2 GHz processor. In following sections, we present and discuss

our preliminary results for rigid skin registration and MJPM. We also describe our

procedure our creating simulated images of distorted skin images for quantitative

evaluation.

The RANSAC inlier threshold ( is set to 1 for both rounds of keypoint matching.

If the homography model is a ground truth model, this ensures that registration errors

in the local planar regions of the scene are sub-pixel. Next, the number of RANSAC

iterations or trials M is set to 1000. This allows for a reasonably high probability

of finding the ground truth homography model. The width of the concentric ring

layers r, is set to 20. Setting rw too small introduces greater matching error if there

were large local distortions while having rw set too large increases the computational

time as more combinations of matchings need to be considered. To ensure that all

keypoints belong to a high density region of keypoints, the final keypoint refinement

parameters are chosen as: K = 20 keypoints and K, = 80 pixels.

4.2.2 Rigid Skin Registration

Evaluation with Real Images

We demonstrate rigid skin registration with a pair of real time-lapsed skin images.

An image pair from the ventral forearm of a male, 23-year-old subject of South Asian

descent was used. The target image T was taken on 09/29/2015 (Figure 4-3a) and
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the source image S was taken on 02/23/2016 (Figure 4-3b), which is a duration of 146

days or approximately 5 months apart. The R.GB images are of resolution 1340 x 1340.

(a) (b)

Figure 4-3: Time-lapsed image pair. (a) 09/29/2015 (Day 1). (b) 02/23/2016 (Day
147).

In Figure 4-4, we show the results of matched keypoints after the 1st and 2nd

rounds of keypoint matching. Keypoints from the target image T are displayed in red

and keypoints from the rigidly registered source images SH, and SI2 are displayed

in blue. The keypoints are superimposed on the images to denote their location.

The green image is T and the red images are the rigidly registered source images

SHi and SH2 from both rounds of keypoint matching. The keypoints are not ground

truth keypoints as they are extracted from separate images using SIFT. But if we

assume that they represent same locations, then it is visually observed that there

is only very small sub-pixel error between the matched keypoints. Furthermore, 23

matched keypoints were detected after the 1st round and 79 matched keypoints were

detected after the 2nd round. Although we may proceed to the microrelief matching

stage at the 1st round with few matched keypoints, a greater quantity of keypoints

identified would give us better confidence in accurate convex hull registration. Also,

the 2nd round of keypoint matching results in a vast improvement in the number

of keypoints; an approximate increase of 4 times the number of keypoints from the

1st round. We mainly attribute this improvement to the grid-based initial keypoint

method described in Chapter 3.1.4 used in the 2nd round of keypoint matching as

the method implicitly decreases the NNDR threshold. Lastly, the overlapping images

100



suggest that there is good image alignment in the local regions approximated by the

keypoints. Therefore, for this image pair, a visually accurate agreement of keypoints

and rigid registration is obtained.

(a) (b)

Figure 4-4: Matched keypoints from keypoint matching for the 2 rounds of keypoint

matching. Red keypoints represent keypoints from the target image T (Figure 4-

3a) and blue keypoints represent keypoints from the source image S (Figure 4-3b).
The keypoints are superimposed on the images to denote their location. The green

image is T and the red image is the rigidly registered source image SH. (a) Matched

keypoints (1st round). (b) Matched keypoints (2nd round).

However, such a favorable situation does not always occur because RANSAC does

not guarantee that a ground truth model is found within the selected number of trials

and the probability of finding inlier keypoints is unknown for different pairs of skin

images. Failure cases occur when the 1st round of keypoint matching fails to find

a ground truth homography model. Also, the confidence that a homography model

is the ground truth increases with the number of matched keypoints found. Thus,

identifying factors that may cause failure of the 1st round of keypoint matching is

beneficial.

A dataset consisting of a few categories of skin image pairs was made. Images of

resolution 1340 x 1340 from three subjects were used: Subjects R and A are of South

Asian descent and subject M is of Caucasian descent. Image pairs were constructed

based on different orientations of the skin scene, artificial stretching of skin, taking

images over a period of time, comparing skin patches among different persons and

different parts of a body part from the same person. The number of correspondences

found after the 1st and 2nd rounds of keypoint matching and registration are shown
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in Table 4.1. Due to a reasonable chance of registration failure in the 1st round,

we ran the 1st round on each image pair 5 times and took the highest number of

correspondences found. Thus, we define a successful rigidly registered result as one

in which an image pair is registered after 5 times, or equivalently after 5000 total

extracted minimal sample sets (MSS). The results show that our method is able to

register images from different orientations, with many matched keypoints found in

the 1st round. However, for a case of upwards translation, much less keypoints were

found because of the large curvature of the ventral forearm moving upwards. The

homography model also good for handling images with artificial skin stretching in

some direction. Furthermore, for time-lapsed images, we found that for most cases,

the correct homography model was found. Despite changes in camera settings and

illumination settings between image pairs, few but sufficient numbers of matched

keypoints were found for registration. This shows that the SIFT descriptor is fairly

invariant to illumination differences. These image pairs with few matched keypoints

are more likely to require more RANSAC trials due to lower probabilities of finding

inlier MSS. In the failure cases, the combination of illumination differences and large

translations made those cases challenging even for human observers to estimate the

transformation. Finally, when comparing images between different persons or different

parts of a body part, we obtained failure, just as expected.

From the above analysis, the factors that cause failure or very few correspondences

found in the 1st round are summarized as follows: First, large translations; this causes

local illumination changes that affects the appearance of the microrelief. Also, if the

curvature of the skin surface is large, rigid registration cannot account for most of

the transformation. Second, illumination differences due to different imaging system

settings; this reduces the number of matches based on the SIFT descriptors. Third,

the density and thickness of hairs; high densities and hair thickness occlude the skin

surface and reduces the number of correspondences found.

Another general observation is that for a typical skin image, up to 13000 keypoints

are first identified by the SIFT detector. Of these keypoints, the 1st round identifies

anywhere from 20 to 2000 inlier matched keypoints. The 2nd round drastically im-
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proves the number of matched keypoints identified; the improvement factor is higher

if few matched keypoints were identified in the 1st round.

Table 4.1: Number of correspondences found for different image pairs from the 1st
and 2nd rounds of keypoint matching and global registration.

Subject Image Pair Type Success? 1st Round Correspondences 2nd Round Correspondences

Different Orientations

R Rotation of 45 Degrees Anti-Clockwise Yes 721 921
R Right Translation Yes 791 1045
R Left Translation Yes 1071 1500
R Upwards Translation 1 Yes 356 550
R Upwards Translation 2 Yes 44 192
R Downwards Translation 1 Yes 251 547
R Downwards Translation 2 Yes 1010 1500

Artificial Stretching of Skin

R Compression (x-axis) Yes 38 67
R Outward Stretch Yes 2058 2509

Different Days with Different Imaging System Settings

A Day 1 to Day 49 Yes 31 127
A Day 1 to Day 147 Yes 23 79
A Day 49 to Day 147 No - -
R Day 1 to Day 98 No
R Day 1 to Day 103 No - -
R Day 1 to Day 107 Yes 21 63
R Day 98 to Day 103 Yes 67 103
R Day 98 to Day 107 Yes 35 115
R Day 103 to Day 107 Yes 52 148

Different Persons

A/B A and B No -
A/R A and R No - -
A/M A and M No
B/M B and M No - -

Different Areas of Body Part

R Different Areas of Ventral Forearn No -

Evaluation with Simulated Images

Accurate rigid skin registration within the ROI is essential for accurate microrelief

matching. As such, we use ground truth SIFT keypoints from simulated images to

verify accuracy. Distorted simulated images ls, are created from a real base image

Ibase using the process detailed in Chapter 3.2.6. Next, the matched keypoints are

found between the image pair are globally registered, thus obtaining Image SR 2 . As

keypoints from I,,, are not ground truth, they are discarded. Instead, keypoints

from Ibase are transformed into the domain of Isim and then back-transformed into

the domain of SH2 using the homography found by global registration. Denoting the

simulated transformation as Tsim, the root-mnean-square error (RMSE) of the final
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set of keypoints Kf in the domain of Ibase is given by:

RMSE = |I E 1NTim(x) - x2 (46)RKM| 

(4.6)

The base image Ibase is displayed in Figure 4-5a (an extended 2040 x 2040 version

of Figure 4-3a). For the PPM algorithm to work as desired,' it is important to identify

a distortion function that yields a single cluster of uniformly distributed points after

keypoint matching; this reflects the curvature of the skin surface in 3D space. We

showcase three plausible functions for distorting real image Ibase in Table 4.2. The

stretching parameters, camera motion parameters and warp factor are also displayed

in the same table. The RMSE and number of matched keypoints for simulated images

Si, S2 and S3 can be found in Table 4.3. We can also find the dense error vector

field after rigid registration using a dense grid instead of keypoints as in Equation

4.6. The length of a yellow arrow indicates the magnitude of the error and direction

of the arrow indicates that a pixel in real image Ibase needs to move in that direction

to reach its true location in distorted image Isjm. The simulated images and their

corresponding error vector fields are shown in Figure 4-5.

Table 4.2: Parameters for simulated images for testing rigid registration.

Simulated Image Name f(x) - f4,(y) 0, s S, ,., 0, w
s1 cos(0.002;r - 31r/4) + cos(0.003x) sin(0.002y + 3r/4) + cos(0.003y) 10 1.05 1 -10 10 10 5
S2 cos(0.005x) + cos(0.006x) cos(O.004y) + sin(0.006y) -45 1 1.1 5 5 -10 5
S3 sin(0.002x) i cns(0.003x) - sin(0.003y) - cos(0.004y) 40 0.95 1.1 10 10 0 5

Table 4.3: RMSE and number of correspondences of simulated images.

Simulated Image Name RMSE Number of Correspondences

S1 0.3263 1907
S2 0.2701 514
S3 0.3222 578

Therefore, the results from the error vector fields in Figure 4-5 show that local

planar region in an image is a region where the mean displacement errors are sub-

pixel. At the matched keypoints, the RMSE is small (Table 4.3). Assuming that a
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(a)

(b) (c) (d)

(e) (f) (g)

Figure 4-5: Simulated images for global registration and global registration results.
The length and direction of the yellow arrows in (e-g) indicate the error vector field
and the blue keypoints indicate the true keypoints used in real base image basc. (a)

I'ase. (b) Si. (c) S2. (d) S3. (e) Error deformation field and keypoints for S1.
(f) Error deformation field and keypoints for S2. (g) Error deformation field and
keypoints for S3.
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true matched keypoint is identified. there is some neighborhood around tha keypoint

where rigid registration is sub-pixel accurate.

The next course of' action is to evaluate rigid registration for robustness to var-

ious distortion scales or warp factors tv and yaw or in-plane camera rotation an-

gles OY. We generated different versions of simulated image S3 by varying w =

{2, 2.5, 3, 3.5, 4, 4.5, 5} and O. = {-10, -5-, 0', 50, jfl}. The RAISE (Equa-

tion 4.6) and number of correspondences found are shown in Figures 4-Ga and 4-Gb

respectively. The RMSE plot indicates that accuracy of feature-based honmography

registration at the matched keypoints is invariant in-plane rotation angle and is ro-

bust to realistic amounts of distortion. Also, RMSE of true keypoints is sub-pixel

accurate. Furthermore, the number of correspondances found does not depend on

rotation angle, but it decreases as warp factor increases. This observation suggests

that smaller local planar regions are found when the surface curvature of the skin is

made higher by nonlinear distortions.

- . 215 11 00

4 5 4 1 DUO0
0 27

. -- 0o27 900

I
15 10 5 0 10 11 -15 -10 0 5 10 iS

Rotation Angle (degrees) Rotation Angle (degrees)

(a) (b)

Figure 4-6: RMSE and number of correspondences as a function of warp factor tv and

yaw Oy. (a) RMSE. (b) Number of correspondences.

In conclusion, we have sufficient evidence to use matched keypoints fron rigid

registration as a method for identifying a region of registered ROIs in a skin patch for

accurate icrorelief matching. The homography transformation is able to account for

varying camera angles and in-plane rotations, some amount of skin stretching. a fair

amount of illumination differences and nonlinear distortion within the identified ROI.

Also, matched keypoints reside in a region of sub-pixel registration RMSE. Hence.
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for almost-flat skin image surface with some sparse amounts of hair, there is a good

chance that we can apply rigid registration and find a cluster of evenly distributed

keypoints for convex hull registration.

4.2.3 Microrelief Matching

Evaluation with Real Images

For demonstration of MJPM, we use the image pair T and S given in Figure 4-3. S

is globally registered so that we obtain image SH2 . In Figure 4-7a, the two convex

hulls from S and SH2 were extracted from the matched keypoints of a homography

transformation between the two images. The convex hulls were determined from the

matched keypoints shown in Figure 4-4a. In each skin patch (skin region within the

convex hull), the microrelief structure and junction points were extracted (Figure

4-7b, c). The ROI of each skin patch was divided into concentric rings as shown in

Figure 4-7d. Junction points in each indexed ring were matched between paired skin

patches (Figure 4-7e, f). Figure 4-7g, i illustrates that junction points in the skin

patch centers matched well.

Evaluation with Simulated Images

In this section, we evaluate the accuracy of the PPM algorithm in terms of robustness

to yaw and local and global distortion. The image pair used is that of the real base

image Ibse and variants of S3 (Figure 4-5d). The microrelief structure of I,e is

prominent and has relatively high contrast; this makes it a good candidate image for

preliminary microrelief matching investigation.

To quantify the accuracy of our PPM algorithm, we used the matching error,

defined as the average Euclidean distance in pixels between the ground truth junction

points in real image Ibase and junction points from the matching result.

Different Im, were generated using various in-plane rotation angles Oy = {-10*,

-5*, 0*, 5010 1 (keeping warp factor w constant at 5 pixels) and warp factor of

w = {2, 2.5, 3, 3.5, 4, 4.5, 5} (keeping yaw Oy constant at 00). The average and
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(a) (b)

(d) (e) (f)

(g) (h) (i)

Figure 4-7: Microrelief matching process of skin patches on the forearm of the same
subject showing skin patches from images T and Ski, being matched. Target image
T was taken on 09/29/2015 and source image S was taken on 02/23 2016, as shown
in Figures 4-3a and 4-31) respectively. Then, image S112 is obtained by homography
warping of S. (a) Convex hull registration of paired skin images T and S112 to obtain
paired skin patches. (b) (c) Extracted microrelief structure and junction points of
image T. (d) Concentric rings of skin patch from image T (boundaries of rings are
plotted) conform to the shape of the convex hull (e) Microrelief structure and junction

points of the smallest, innermost ring in image T. (f) Matching result of the pair of
smallest rings in S2 and T (g) Central microrelief structure map in skin patch from

image T. (h) Central microrelief structure map from image SH2. (i) Matching result
of the skin patch centers of T and ST2.
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median matching errors are shown in Figure 4-8. For reference, the third index points

of the two curves in Figure 4-Sa and the seventh index points of the two curves in

Figure 4-8b refer the average matching errors corresponding to image pair [,as and

S3 (Figure 4-5d). All of the average matching errors are within two pixels and all

median matching errors are sub-pixel. Thus, the MJPM algorithm is invariant to

in-plane rotation angles and is robust to various distortion scales. The median and

mean matching error values illustrate that most of the matching errors were below 1

pixel while missing points and extra points contributed in large matching errors, this

causing the mean matching error to be inflated.
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4.3 Discussion

In this chapter, we presented MJPM: a rigid skin registration and a nonrigid PPM

framework to monitor the evolution of the skin microrelief structure over time by

precisely tracking the movement of microrelief junction points. Our experiments

showed that rigid skin registration achieves sub-pixel RMSE in a locally planar ROI on

the skin. Then, the registered ROI is further refined by nonrigid PPM, which matches

two sets of microrelief junction points. In a proof-of-concept evaluation, the PPM

algorithm was shown to exhibit sub-pixel median matching error values and mean

matching error values of less than two pixels. It is invariant to in-plane rotation angles

and robust to different distortion scales. Thus, we have verified that our algorithm

remains accurate and robust in matching pairs of distorted and transformed skin

patches. As matching errors are mostly caused by both missing and extra junction

points, MJPM would certainly benefit from improved microrelief structure detection

and prediction of missing junction points on skin. Also, an evaluation of MJPM on

larger datasets with an various skin types and pathological conditions will lead to

more conclusive results on the efficacy of this new method for skin image analysis

and tracking.
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Chapter 5

Hair Segmentation

Hair segmentation is optimal partitioning of pixels in a skin patch image into hair

and skin pixel classes. In Chapter 2.4, we discussed that hair detection algorithms

in the literature follow the general process of finding potential hairs with curvilin-

ear structure detectors and then filtering out unwanted structures by mathematical

morphology. They may also fill in holes among detected hair pixels and gaps be-

tween elongated hair using various techniques. In this chapter, we take a step-by-step

approach to designing a hair segmentation algorithm by investigating various curvi-

linear structure detectors and designing an adaptive threshold based on observations

of the hair segmentation mask. At each step, we conducted experiments and used

our observations to determine the final design.

5.1 Overall Algorithm Design and Implementation

5.1.1 Overall Design

In Figure 5-1, the flowchart of hair segmentation shows four main steps in our al-

gorithm. First, the likelihood of hair-like structures in the input hair-occluded skin

image is encoded in a response image. Second, an adaptive threshold gives an initial

guess of the hair pixels in the response image to output a hair segmentation mask.

Third, a k-nearest neighbor (k-NN) classifier refines the mask by taking hair and skin
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colors into account. Fourth, a series of morphological operations filter out non-hair

objects from the mask.

Hair-Occluded RGB Image

Curvilinear Structure Detection

Adaptive Thresholding

k-NN Classification

Morphological Processing

Binary Hair Mask

Figure 5-1: Algorithm flowchart for hair segmentation.

5.1.2 Implementation

We implemented our hair detection algorithm on MATLAB Release 2015b on a system

with an Intel Xeon E3-1225 v3 3.2 GHz processor. As there are no public implemen-

tations available for many published digital hair removal (DHR) methods, we imple-

mented our own versions of some these algorithms on MATLAB based on written

description and default paramaters in the literature. The algorithms we implemented

were devised by Abbas et al. [31, Fiorese et al. 1211 and Xie et al. [1041. The only

publicly-released DHR method tested is DullRazor [53]. The implementation can be

found at [2].
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5.1.3 Datasets

Using our imaging system, a set of 15 hair-occluded skin images of resolution 400 x 400

were acquired. The hairs were hand-annotated to serve as ground truth. The images

cover various skin (from dark to light skin tones), hair types (different lengths, thick-

nesses and colors) and illumination settings. In most images, microrelief structure

is visible beneath the hairs. The subjects were of Caucasian, South Asian and East

Asian descent. Most existing algorithms were not developed for detecting light hairs;

we (lid not include such images in this dataset. The images shown in Figure 5-2 were

used for algorithm comparison.

12 3 4 5

6 7 8 9 10

11 12 13 14 15

Figure 5-2: Hair-occluded skin image dataset used for algorithm comparison. The

images are numbered for referencing. The hairs were hand-annotated for ground truth

(not shown).

It is also useful to test our method on skin images without hair. In these images,

the microrelief structure in these images are clearly visible and the skin tone varies

from dark to light skin. This helps verify that our hair segmentation method is able

to identifv that a skin image is without hair and outputs the correct all-false hair

segmentation mask. The images in this dataset (resolution 400 x 400) are shown in

Figure 5-3.
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3 4

6 7 8 9

Figure 5-3: Dataset for skin-only images.

In addition, to test whether our method works on the dorminant interest in the

literature, a dataset was created out of 10 dermoscope images with pigmented skin

lesions (PSL) and dark hairs used by Koehoorn et al. f461 in their hair segmentation

evaluation. The images in this data (resolution 1024 x 768) are shown in Figure 5-4.
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Figure 5-4: Dermoscope image dataset showing images with PSLs and dark hairs.

I
5.2 Curvilinear Structure Detection

5.2.1 Exploring Color Spaces

Although hair-occluded skin images are acquired in RGB color space, it is much easier

to design curvilinear structure detection for single-channel images. It is desirable

to preserve color information from RGB images so that there is sufficient contrast

in image intensities between true hair and skin pixels. It is also advantageous to
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de-emphasize pixels belonging to the microrelief structure. We conducted a visual

comparison of various color spaces on two potentially challenging hair segmentation

tasks: (1) dark hairs with high contrast skin microrelief (Figure 5-5a); (2) mixture

of dark and light hairs (Figure 5-5b). We display the red, blue and green channels,

L component of Lab, Y component of YUV (BT.601), V component of HSV, 1st

component of principal component analysis (PCA) [102], 1st component of JADE

independent component analysis (ICA) [13] and 1st component of FastICA [34] for

both images in Figures 5-6 and 5-7 respectively. The rationale for using PCA and ICA

as color spaces is that the new color space would be adapted to colors in the image

according independent or uncorrelated color vectors respectively [56], thus potentially

making skin and hair colors more distinct. To use the PCA and ICA algorithms, the

intensity values from the 3-channel RGB image are rearranged into a 3 x Npixei, data

matrix, where Npixe, is the number of pixels in the RGB image. The output 3 X Npixeis

matrix is then rearranged back into a 3-channel image.

For dark hairs with microrelief in Figure 5-6, the red channel and 1st component

of JADE color space could been seen to de-emphasize the microrelief on the skin,

while enhancing the dark hairs. In the remainder of the images, the microrelief

were preserved to various extents. Comparing the red channel and 1st component of

JADE in terms of computations, the red channel requires no computations whereas

JADE requires expensive computation of independent components, which does not

scale well with higher number of pixels. Therefore, the red channel is most suitable for

increasing sensitivity of curvilinear structure detectors to hair colors, while decreasing

their sensitivity to skin and microrelief colors. However, the red channel is prone to

demosaicing artifacts of the camera sensor in images in which the dark hairs exhibit

high contrast with the skin. It would be advantageous to reduce these artifacts while

preserving the benefits of using the red channel.

In Figure 5-7, we observe that the green channel and 1st components from Lab,

YUV and PCA color spaces were effective in preserving the contrast of light hairs

with respect to the skin background. However, these color channels also preserve

the microrelief structure, which is darker than the background skin. As a curvilinear
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structure detector can be set to be sensitive to light objects on (lark background, the

(lark microrelief structure will have a low response while light hairs will have a high

response. Thus, the microrelief structures can be assumed not to interfere with light

hair detection. Among the receptive color channels, we selected the single-channel

images with the least demosaicing artifacts: an artifact that is apparent for thin hairs.

Although there is no perceptible difference between the image components in YUV

and Lab, the Y component in YUV is a simple linear transformation of the RGB

image as opposed to the nonlinear Lab transformation. Therefore, the Y component

of YUV is the best color channel for light hair detection.

(a) (b)

Figure 5-5: Test images for hair segmentation demonstration. (a) Dark hairs with
high contrast skin microrelief. (b) Mixture of (lark and light hairs.

5.2.2 Top-Hat Transform

Let Ib, be the single-channel image of skin with hairs. In order to emphasize (lark

objects on a light background and correct for uneven background illumination, the

black top-hat transform of Ib, subtracts Ib, from its closing:

i max(I, * bi) - IJbI? (5.1)

where e is the grayscale morphological closing operator [911 and structuring elements

(SE) bi are one-pixel width lines of length 13 at the following angles {0', 450 90', 1350}.

The SEs are flat with unit height, symmetrical and have their origin at the center.
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Red Channel

Lab (L Component)

PCA (1st Component)

Green Channel

YUV (Y Component)

JADE (1st Component)

Blue Channel

HSV (V Component)

FastCA (1st Component)

Figure 5-6: Single-channel images for dark hair with microrelief.
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Red Channel

Lab (L Com[onent) YUV (Y Comtonent)

JADE (1st Component)

Figure 5-7: Single-channel images for mixture of dark and light hair.
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They are chosen in order to preserve (lark line-like structures iIl i.

Similarly, in order to emphasize light, objects on a (lark background (i.e. light

hairs). the white top-hat transform of Jjno subtracts the opening of J,,o from Ihu,

It, = JIbw - max(I)U o bj)j (5.2)

where o is the grayscale morphological opening operator.

Figure 5-8 showvs an example of the top-hat transform applied on the umixture of

(lark and light hairs image shown iii Figure 5-5b. The red channel is used for the

black top-hat transforn and reveals (lark hairs in the image. while the white top-hat

transform. using the Y component of YUNV. reveals light hairs in the same iniage.

(a) (b)

Figure 5-8: Top-hat transform on a test image of a mixture of (lark and light hairs
shown in Figure 5-5b. (a) Black top-hat transform reveals lark hairs. (b) White
top-hat transformu reveals light hairs.

5.2.3 Multiscale Matched Filter

Next, a multiscale miatcled filter for curvilinear structure detection is applied on

I,,,. As explained in Chapter 2.4., several assumptions underpin the rationale for

imatched filtering. Matched filtering assumes that hair has a small curvature and( can

be approximated by piecewise linear segments. It also assumes that, hair has a cross-

section intensity of a Gaussian added to a base background intensity (see Figure 2-8).

For our case, we add the assumption that the properties from the above assumptions
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are preserved after the top-hat transform. Following work in [26] and [88] for retinal

vessel detection, we employ an amplitude-modified second-order Gaussian filter for

multiscale hair detection.

The second-derivative Gaussian filter is given by:

22
G"(x) = ~ a e-x 2 /2a 2  (5.3)

where the standard deviation a controls the width or scale of the filter and t is

the exponent of the a term in the denominator of the normalization factor. In the

following analysis, by setting an appropriate t, we show that we can detect hair at

different widths by normalizing the response of the filter at different filter scales a

126]. The response of the filter across various a can then by easily combined in a

convenient way such as taking the maximum response at a particular scale.. Given a

hair Gaussian profile g(x) = A exp(-x2 /2s 2) with scale s and amplitude A = -1 for

convenience, we computed the response of the filter in Equation 5.3 to the Gaussian

profile across different filter widths a by convolution. For the standard amplitude

second derivative of Gaussian, we set t = 5; this is derived by taking the taking the

second derivative of the normalized Gaussian:

G(x) = e-x 2 /2, 2  (5.4)

The results for the maximum response of the convolution is shown in the dotted line

plots in Figure 5-9. The plots show that the amplitude of the response generally

decreases as o increases. This is not desirable because it implies that there is no easy

way to compare the response across different a.

Since the convolution reaches its maximum when the maximum response of the

hair Gaussian profile and the Gaussian filter meet, the convolutional peak c(t) is given

by:

c(t) = - e- 2 /2,2e_2/22dx (5.5)_0V/27at
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It cal be shown that the equation simplifies to:

c(t) 2 (5.6)

An interesting case occurs when setting t = 3.5. At this value, for a constant hair

Gaussian profile scale s = so, the convolutional peak reaches a maxinum when a = so.

In other words, the maximum response is obtained when the filter scale equals the

hair Gaussian profile scale. Thus, from Equation 5.6, we obtain:

s1.5

c (3.5) =_ (o155.-7)

The full derivation can be found iii [261, but in their analysis, Equation 5.5 is missing

the negative sign. We plot the result for the modified amplitude second-derivative

Gaussian filter in Figure 5-9. The plots show that for a given hair scale s, a matching

filter width a results in the maxinum response. Therefore, normalization allows

the per-pixel response to be easily compared at different filter scales by taking the

maximum.

Hair Scale s 1
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Filter Width cy
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Figure 5-9: Values of convolutional peaks for standard amplitude and modified second

derivative of Gaussian while varying the filter scale o and the hair Gaussian profile

scale s, where the profile is given by g(x) = exI(-X2/2S2).
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In 2D, the matched filter is defined as:

x2_2 2
MF(x, y) = - e-x/2 2  for |xi < va, lyl < L/2 (5.8)

where L is the length of the neighborhood pixels along the y-axis and V is a constant

set at 3 denoting the number of standard deviations from the center pixel. At one

filter scale, the matched filter response is the maximum of the responses over a discrete

set of filter orientations. Rotations with angle 9 are performed with MF(x', y') =

MF(x, y), where x' = x cos 0 + y sin 0 and y' = y cos 0 - x sin 0. Therefore, the

response is simply the maximum response image computed by convolution of Ih over

all scales and orientations.

We set L = 13. A small value of L can detect lines with greater curvature, but

the line response is noisy. A large value of L cannot detect lines with large curvature,

but the line response is smoother.

For detecting hairs, we choose Gaussian filter scales o = 1, 2, 3}, which exhibit

their maximum response to hairs with Gaussian profile scale s ={1, 2, 3}, as shown in

Figure 5-9. This allows the filter to have a high response to hairs of a range of widths

from 1 to 7 pixels, corresponding to widths between 26.6 pm to 186.2 pm, using the

assumption that the imaging system resolves skin features that are at least 26.6 pm

in length.

12 filter orientations were used, each 15' apart ( = {0 150 ,.. .,165'}. This

provides a good balance between having high computational cost from convolving

many filters with a single image and having an overall lower filter response due to low

resolution of filter orientations.

Therefore, our multiscale matched filter requires convolving 36 filters in total with

the top-hat transform image Ith and taking the value of the maximum response at

each pixel.
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5.2.4 Increasing Color Sensitivity

In order to increase sensitivity of our litiltiscale matched filter to lair colors, we apply

the following procedure: First, apply the top-hat transform and iultiscale matched

filter to both the red chaniel and Y componlent of YUV of the input image. Second,

the red channel response 1,Yii and Y compoient response J7 are combined by vpixel-wise

mm initiplication:

Ij(. yj) =R( y) I, (a, y) (5.9)

where x and y are pixel locations. Third, the response , is normalized to range [0, 1].

Figure 5-8 shows the response of the multiscale matched filter applied on the top-

hat transform of the mixture of dark and light hairs image shown in Figure 5-5b. Hair

pixels gave a high response, while response of the skin microrelief pixels remained low.

The detector is designed so that the user can choose whether to extract lark hairs,

light hairs, or both dark and light hairs.

(a) (b)

Figure 5-10: Multiscale matched filter on test image of a mixture of (lark and light

hairs shown in Figure 5-5b. (a) Multiscale matched filter on black top-hat transform

imag. reveals lark hairs. (b) Multiscale matched filter on white top-hat transform

image reveals light hairs.
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5.2.5 Comparison with Other Detection Methods

We compared our curvilinear structure detector with three other detectors used in

the literature: matched filter (MF) from matched filter-first derivative of Gaussian

(MF-FDOG) by Abbas et al. [31, top-hat transform with line structuring elements by

Fiorese et al. [211 (similar to the method described in Chapter 5.2.2) and isotropic

nonlinear detector (INF) by Xie et al. [1041. For these competing methods, the input

grayscale image as is obtained using the Y component of YUV.

The outcome of hair segmentation is a pixel-based classification result. Pixels

are labeled either "skin" or "hair". As a result, there are 4 possibilities for a pixel:

true positive (TP), false positive (FP), true negative (TN) or false negative (FN).

The true positive rate (TPR), or sensitivity, and false positive rate (FPR), given by

(1-specificity), are defined as follows:

TPR = TP(5.10)ZTP+FN

FPR = 1 - Z TN (5.11)
ETN+EFP

The receiver operating characteristic (ROC) allows us to evaluate the performance

of these detectors as the discrimination threshold of their responses are varied. For a

given response image I,, we varied the threshold t, and compared the resulting hair

segmentation mask with the ground truth hair mask from the hair-occluded image

dataset in Figure 5-2. For each curvilinear structure detector, ROC curves for all

15 skin images were calculated, and then the average ROC curve for each detector

was plotted (Figure 5-11). The average ROC curve is computed by taking the mean

of the TPR from all data as the FPR is varied. The curves show that our method

outperforms top-hat transform, MF-FDOG and INF for a large range of thresholds

because its TPR values are higher for every FPR value.

Next, we calculated the area under the curve (AUC) by trapezoidal approximation

in order to examine the overall performance. The results, which are shown in Table

5.1, reiterates that our detector performs better than the top-hat transform, MF-
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Figure 5-11: Average ROC curves for various curvilinear structure detectors for hair-

occluded dataset in Figure 5-2.

Table 5.1: AUC of average ROC for various
occluded skin image dataset.

curvilinear structure detectors on hair-

Method AUC
MF-FDOG 0.9054
Top-Hat 0.9391
INF 0.9596
Our Method 0.9735
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FDOG and INF. To reinforce our point, we display the response of each detector on

the image with prominent microrelief shown in Figure 5-5a. The response image from

the top-hat transform (Figure 5-12b) shows that gaps exist in the hair structure.

Unlike the top-hat transform, our method is able to automatically fill in gaps in

the hair structure. And unlike the MF-FDOG, our method incorporates detectors

at multiple hair width scales to better differentiate thin hairs from the background.

Moreover, comparing the response of our method in Figure 5-12d and the response

of MF-FDOG in Figure 5-12a, our method better emphasizes the hair structures

and reflects their true scale with better accuracy. Although the INF performs better

than the other 2 competing methods by AUC, the AUC does not reflect whether

the structures detected are hair-like. Individual hairs in the hair mask should have

smooth outlines and approximately constant width throughout its length. Since the

INF uses a circular region of support, it equally enhances small objects and wide lines

alike. In Figure 5-12c, tiny dark blobs on the skin induce a high response for the INF.

These objects may be adjacent to hair pixels and thus affect the smooth outline of

hairs. In contrast, the response for our method (Figure 5-12d) shows that the hair

structures are smooth and hair pixels exhibit much higher responses than those of

pixels belonging to the skin and microrelief structure.

5.3 Adaptive Thresholding

Finding the appropriate threshold for response image Ir is very important for accu-

rate segmentation. Hair detection methods in the literature use various thresholding

methods: the MF-FDOG uses the FDOG as multiplicative pixel-wise weights on a

fixed threshold; Fiorese et al. employ Otsu's method [761 to threshold the top-hat

transform; the INF is thresholded based on learned parameters of the test dataset

from linear regression. These thresholding methods are optimized for detecting high-

contrast, dark hairs, and thus do not work well for a handful of our dataset images. In

this section, we introduce an adaptive thresholding method for our proposed curvilin-

ear structure detector. If light and dark hairs are chosen to be detected from the same
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(a)(b

(C) (d)

Figure 5-12: Response imnages fromn various curvilinear structure detectors. (a.) MIF-

FDOG. (b) Top-hiat transform. (c) INF. (d) Our mnethod.

image, then adaptive thresholding is applied separcately: one threshold for detecting

lighlt hairs and another threshold for detecting dlark hairs, and both output masks are

combined into a singt)le mask by at pixel-wise OR operation.

5.3.1 Observations

For the 15 images iii our- hair-occhuded skin image dataset, we varied the threshold

t,. for 1000 discrete values in rang4 e t, = [0, 0.999] and evaluated the resulting set of

segmentation hair masks {M 4 , . , M Ioo } using functions that reduce each mnask into

a. scalar response value. As such, as I, is varied, the response value is characterized.

And we used observations this relationship to possibly select ani optimal threshold.

The first function is the cdge denisity of the mnask, denoted by ED (t,.). First, the

gr1adient magnitude (by forwa-rd difference) of mask Mi is evaluated. Second, the

gradient magnitude is normalized by "/2 division. Third, the mean of all gradient

mantude values is computed. By evaluating all mnasks {MsV ., M Ioco} values

of' the function ED(t,) are obtained. This function gives it simple mecasure of' the
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amount of edge variation in the hair mask with respect to threshold t,. A high

amount indicates that the mask contains a high density of curvilinear structures such

as hairs and microrelief, and vice versa.

The second function is the mean branch length of the mask, denoted by MBL (t,).

First, the skeleton of the mask is obtained using morphological thinning. Second,

branch points of the skeleton are removed to reveal unconnected, single pixel width

branches. Third, the mean area of the branches is computed. By evaluating all

masks {M1 , ... , M1ooo}, values of the function MBL(t,) are obtained. This function

indicates the average length between branches in the skeleton image with respect

to threshold tr. A low MBL indicates the presence of highly branched microrelief

structure while a high MBL indicates that most of the extracted structures are long

and hair-like, since it exhibits significantly less branching.

We illustrate both functions in the plot in Figure 5-13; t, was varied to obtain

masks from the image with prominent microreliefs in Figure 5-5a. In this example, at

tr = 0.008, ED is at the maximum, where all curvilinear structures in the skin image

are extracted. At a particular threshold t rO = 0.053, where MBL = 10, a mixture of

mostly hair pixels and some microrelief structure were extracted. Misclassified hair

pixels did not appear like hair-like structures and could be easily removed by mor-

phological operations. From tr = 0.053 to t, = 0.14, microrelief quickly disappeared

but at the same time, hair structures slowly reduced in width, and eventually, gaps

appeared in the hair structures. In summary, as tr increased, misclassified hair pixels

increasingly disappeared but misclassified skin pixels increasingly appeared.

In general, for all 15 hair-occluded skin images, the function plots ED (tr) and

MDL(tr) exhibited similar behavior. In ED, the maxima appeared within tr =

[0.001, 0.01. Upon increasing t, after the maximum point, a characteristic L-shaped

appeared in the curve. Values of tr above the value of tr at the L-shaped "corner" of

the curve indicated a region of stability where many hair pixels remain but most skin

pixels are removed. ED then steadily decreased as tr increased. However, from ED, it

is not clear where the optimal threshold lies. For the plot of MDL (tr), a peak which

may exceed MBL = 10 sometimes appeared at low values of tr before the function de-
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creased to a value below 10 at the value of /,. where J) hit the maximum. Thereafter,

MDL(t) was a piecewise monotonically increasing function until MDL (tn) > 10.

) 02. . . 0 12 114

Threshold

t, 0.008 t= 0.053 t. = 0.1 t, = 0.14

Figure 5-13: Graph of ED and MBL against threshold values and corresponding

masks at selected threshold values 1. Skin image froim Figure 5-5a.

Interestingly, for all 15 images in our hair-occluded skin image dataset, when we

set MBL = 10, we obtained hair masks at a particular threshold to with a mixture of

mostly true hair pixels and skin pixels. Even at hair intersections, few gaps appeared

in the hair pixels, and the width of the hair was preserved. Most of the hair structures

had smooth edges and noisy non-hair structures were mostly non-adjacent to the hair

pixels. We display the hair masks of some of these images in Figure 5-14. Overall, the

hair masks appeared favorable as initial segmentation masks; simple morphological

operations are able to remove non-hair like objects as such the round object appearing

in the mask fron Image 6 (Figure 5-14a).

To further investigate the above empirical result, we repeated the above proce-

dure on the dataset of skin-only images (Figure 5-3). The function plots ED (t,) and

MDL(t,) looked similar to that shown in Figure 5-15, corresponding to image 4 in

Figure 5-3. ED([,) peaked at values of t, = [0.038, 0.079]. Also, the curve after

the maximum was not L-shaped, but instead, ED(tr) decreased steadily as t , was

increased. The range of the maxima of ED (t,) for the skin-only dataset did not inter-

sect with the corresponding range in the hair-occluded skin dataset. More notably,
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(a) (b)

(c) (d)

Figure 5-14: Hair masks after thresholding at MBL 10 for four images taken from

dataset in Figure 5-2. (a) Image 6. (b) Image 8. (c) Image 10. (d) Image 13.

after the initial early high peak in MDL (t,), the value remained well below 10 as t,

continued rising.

..... ....

0.02 0.04 0.06 008 01 0.12 0.14

Threshold

C.

0

Figure 5-15:
Skin image fr

Graph of ED and MBL against threshold values for skin-only image.

o1 image 4 in Figure 5-3.

5.3.2 Threshold Searching

We construct our adaptive threshold based on line search. A single parameter, thresh-

old tr, is varied to determine an optimal mask image Al, at optimal threshold tO fromi

response image I.
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To find the optimal threshold, first a threshold tmax is found by solving a problem

specified by:

arg max ED(t,) (5.12)
O<tr<0.14

The problem is solved by golden section and parabolic interpolation line search [23].

Second, find the optimal threshold t,0 at MBL(t,) = 10 in range tax < t, < 0.14.

This is approximately solved by starting at tr trnax and increasing tr in small steps

of 0.001 until the first instance that MBL(t,) 10. If t, 0.14, then output an

all-false hair mask. Otherwise, output the optimal mask M0 by thresholding response

image Ir at trO.

5.4 k-Nearest Neighbor Classification

The optimal mask M, found from threshold search may contain some artifacts that

cannot be simply removed by morphological analysis. For example, there may be

spurs connected to hair pixels that originate from the microrelief. The microrelief

may appear hair-like, but most would not share the same colors as hair. As such, in

this section, we describe a method to take color into account for improved classification

accuracy.

We use a k-NN classifier [71 to further classify hair pixels in optimal mask M,

into skin and hair pixels. Simply put, each hair pixel in M is a query point in an

m-dimensional metric space, and we find the k nearest training data points to the

query point. Then, a majority rule decides how the query point is classified. For our

application, the Euclidean distance between data points is used and k is set at 5. k is

chosen large enough so that classification noise is minimized while k is small enough

so that the structure of the 4-dimensional neighborhood surrounding the query points

is preserved.

In order to use the classifier, the training data points and query points need to

be defined. 4-dimensional data points of each pixel location in hair-occluded skin
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image I are created by appending response 1r to the 3 channels of the skin ilIge; We

represent the data points as a data matrix X of size nrTips x 1, where 0 tn, IS th

number of pixels in image I. The 3 color channels are represented in Lab color space.

This color space was chosen because the Euclidean distance between data points iin

Lab color space is perceptually uniform. The data points in X are scaled to have

zero-ie(an and standard deviation of 1.

Training data with skin pixel classification originates from1 the coniplement of

optimal hair miiask A[0, denoted by AU. Pixels in X that are true inl Af, are extracted

and given the label "skin".

Training data with hair pixel classification are constructed as follows: First, an

optimal hair-only threshold /rh is found by increasing [, above [.,o )s1Ch that ED( t.)

SrED(tro) is satisfied, where s,. = 0.9. This is approximately solved by starting

at t, = rO ( and increasing /, in small steps of 0.001 until the first instance that

ED(t,) < s,ED(tro). Second, the ihair-oily mask -A1 is extracted from [, using

threshold trh. Third, pixels in X that are true in MA, are extracted and given the

label "hair".

Query data comes from optimal mask JAI. Pixels in X that are true in Al0 are

extracted. By only querying these pixels, the set of hair pixels contained in the output

mask froni the classifier AfkVN is a subset of the set of hair pixels from .

[n Figure 5-16, AL, 1A, and M is shown for the test Image in Figure 5-5a with

response nage in Figure 5-12d.

(a) (b) (c)

Figure 5-16: Input masks for k-NN classifier for test image with proiinent microrelief

(Figure 5-5a). (a) Skin-only mask All. (b) Hair-only mask A17. (c) Query mask Al0 .
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5.5 Morphological Processing

The output hair mask from k-NN k NN contaills coiiected regions representing uion-

hair objects. These are filtered out. Ii morphological operations using 8-connectivity

of pixels. First, small objects < 10 pixels in area are filtered out. Second. the

circularity of each connected region1 [1041 is defined:

JFn =(5.13)
,,T R2

where A is the area of region in pixels and R, is the radlus of the iiiniinumi bounding

circle of the region. Fc takes on values of [0, 11. A high V, indicates that the region

appears circular, and a low F, indicates a hair-like region. Furthermore, objects with

high T', and large /?.,, may represent regions of heavily clumped hairs that should

not be filtered out. Therefore, using empirically-deteriiiiiied values, if F, > 0.1$ and

R, < 20 for a connected region, it is filtered out as a non-hair object.

For the test image shown iii Figure 5-5a., we display A[kNN and the final hair iiask

il in Figure 5-17.

(a) (b)

Figure 5-17: Hair mask after k-NN classification and final hair mask for test image
(Figure 5-5a). (a) Hair nask after k-NN cLssification krNN. (b) Final hair mask
Mb after morphological operations.
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5.6 Experimental Results

5.6.1 Comparison with Other Hair Segmentation Methods

Our hair segmentation algorithm was tested on the hair-occluded skin image dataset

with hand-annotated ground truth shown in Figure 5-2. Accuracy is defined as fol-

lows:

Accuracy = (5.14)
E TP +ETN + EFP + 1FN

The mean sensitivity, specificity and accuracy for our method and 4 other hair detec-

tion algorithms were calculated across the 15 images (Table 5.2).

Table 5.2: Sensitivity, specificity and accuracy for hair segmentation algorithms for
hair-occluded image dataset in Figure 5-2.

Method Sensitivity Specificity Accuracy

Abbas et al. [3] 0.6767 0.9723 0.9370
DullRazor [531 0.5197 0.9793 0.9486
Fiorese et al. [211 0.9049 0.9444 0.9356
Xie et al. [1041 0.8875 0.7276 0.7260
Our Method 0.7411 0.9890 0.9591

Our method exhibited the highest specificity and accuracy among compared meth-

ods. These improvements were made due to accurate identification of non-hair objects

and pixels in various stages of our algorithm. Accuracy is highly weighted towards

specificity because majority of the pixels are skin pixels. However, sensitivity for our

method falls short of the results for Fiorese et al. and Xie et al. In the former case,

we note that hair are objects that are only a few pixels wide and a high ratio of hair

pixels are adjacent to skin pixels, hence segmented hair that is just one pixel thicker

can result in greatly reduced sensitivity for our proposed method. In the latter case,

despite the high sensitivity, many FPs resulted in low accuracy. Among the methods

with very high specificity, our method reported the best sensitivity.

We display a few representative hair mask results from various methods and the

hand-annotated ground truth in Figure 5-18, which are overlaid on the original images.
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The masks from Abbas et al. were mostly able to differentiate hairs from microrelief,

but a few spurs remained on the hairs. The well-known DullRazor only performed

well on thick and dark hairs. It was unable to detect thin or faint hairs. Fiorese

et al. uses Otsu's method for thresholding, so there is a strong preference towards

equal numbers of both classes; this led to oversegmentation when hairs were sparsely

distributed. The method used by Xie et al. is very sensitive to pixels that possess

similar intensity values. In cases where pixels pertaining to microrelief or melanin

pigmentation on the skin and hair pixels were similar, oversegmentation occurred.

On the other hand, our method accurately identified most visible hair pixels without

requiring change any of its parameters to accurately segment hairs from any particular

skin image. It performed reasonably well even on low-contrast and thin, faint hairs.

In most cases, hair-like microrelief structure were not erroneously segmented.

5.6.2 Computation Time

The mean computation times for various hair detection algorithms are shown in Table

5.3. For images of size 400 x 400 from the hair-occluded skin image dataset (Figure

2-3), our algorithm was only 2 to 3 times slower than our implementations of com-

pared algorithms in MATLAB. For images of size 1024 x 768 from the dermoscope

dataset (Figure 5-4), a state-of-the-art algorithm by Koehoorn et al. [45] reported

a mean runtime of over a minute using graphics processing unit-accelerated (GPU-

accelerated) hardware. In comparison, our method was on average 5.5 times faster in

MATLAB.

5.6.3 Dermoscope Images

We applied our hair segmentation method on dermoscope images with PSLs, shown

in Figure 5-4. We observed that our method was able to find most hair pixels despite

different illumination levels between images and varying skin background colors. How-

ever, several images contain challenging features that our method wrongly segmented

as hair pixels. In images 2, 9 and 10, the skin pigmentation in the PSL appeared as
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Figure 5-18: Hair masks overlaid on original images for various hair segmentation
algorithms and ground truth. Pixels classified as hair are depicted in black.
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5.3: Mean computation times for various hair segmentation algorithms and
sizes.

Method

Hair-Occluded Skin

Abbas et al. [31
DullRazor [531
Fiorese et al. [21]
Xie et al. [104]
Our Method

Dermoscope Datase

Koehoorn et al. 1451
Our Method

Runtime (s) Implementation

Image Dataset: 400 x 400 RGB Images

0.8523 MATLAB
~0.4 C

1.2633 MATLAB
1.2572 MATLAB
2.5003 MATLAB

: 1024 x 768 RGB Images

73.8 GPU-accelerated C++
13.4 MATLAB

short, elongated structures with similar colors to hair, hence these structures were

segmented erroneously. Image 4 was a particularly challenging case as small circular

holes on the surface of the lesion were classified as hair even though they should be

filtered out by morphological processing. Moreover, image 5 indicated that our algo-

rithm wrongly detected lines from air bubbles in the dermoscope immersion fluid as

hair. Lastly, we noticed that in image 9, our method was able accurately segment a

fair amount of clumped hair.

5.6.4 Light Hair Detection on Dark Hairs

In our proposed method, the black top-hat transform is substituted with the white

top-hat transform in order to detect light hairs. Ideally, for images with dark hairs

only, no pixels should be marked as light hairs. When we ran our algorithm on the

hair-occluded skin image dataset (Figure 5-2), no light hair pixels were detected for

most images. However, images 4 and 10 contained some pixels labeled as light hair,

as seen in Figure 5-20. These "light hairs" were actually thin, elongated gaps between

dark hairs. As a direction for future work, we recommend morphological analysis of

the dark hair mask to determine the likelihood that pixels in the light hair mask are

true light hairs.
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Figure 5-19: Hair masks from our method overlaid on dermoscope images containing
PSLs and dark hairs. Pixels classified as hair are depicted in green.
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(a) (b)

Figure 5-20: Hair masks found using light hair detection on images with only dark

hairs. Green pixels in images indicate pixels classified as hair. (a) Image 4. (b) Image

10.

5.6.5 Low-Contrast Hairs

The image of a mixture of dark and light hairs (Figure 5-5b) presents challenging

circumstances for our hair segmentation algorithm. Both dark and light hairs in the

image are thin, low-contrast features. Although our multiscale matched filter is able

to highlight the thin, single-pixel thick light and dark hair structures (Figure 5-10),

the adaptive threshold declared failure by returning an all-false hair mask in both

cases. In the plots of ED(t,) and MBL(t,) for dark and light hairs in Figure 5-21,

MBL never exceeded 10 and peak ED was located at relatively high values of tr.

Thus, our adaptive threshold failed to detect hairs. For these two cases, the optimal

threshold was actually above t, = 0.14, which is difficult to predict based on ED

and MBL measures alone. Therefore, a direction for future work is that of improving

the adaptive threshold by finding new mask measurement functions so as to detect

low-contrast hairs.

5.7 Discussion

In this chapter, we presented an automatic hair segmentation algorithm that achieved

very accurate segmentation results. It combines the top-hat transform and multiscale

matched filter to detect hairs. Next, it is employs a robust adaptive threshold. The

thresholded result is refined by k-NN classification of hair and skin pixels and morpho-

logical processing. Compared to other hair segmentation algorithms in our evaluation,
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Figure 5-21: Graphs of ED and MBL against threshold values for image with mixture
of dark and light hairs. (a) Using dark hair detection. (b) Using light hair detection.

our proposed algorithm performed much better in producing visually coherent hair

masks for skin images with a variety of dark hairs in a range of colors, hair distri-

butions and widths: most non-hair structures such as microrelief were removed and

hairs extracted were smooth, elongated lines with accurate widths. Thus, our method

is more robust than existing hair segmentation algorithms. At this level of accuracy,

the algorithm is fast; it is 5 times faster than a recent GPU-accelerated method. In

the same vein as existing literature, we tested our method on a set of dermoscope

images with PSLs. Our algorithm detected almost all dark hairs and comparatively

few non-hair objects remained in the mask.

Nevertheless, our proposed method has limitations that remain challenging re-

search problems in the field. First, combining detection of dark and light hairs re-

mains problematic. As dense dark hairs produce erroneous light hairs between thin

gaps, a robust technique to combat this problem is desirable. Second, although our

curvilinear structure detector was able to detect low-contrast dark and light hairs,

the adaptive threshold was unable to decide an appropriate threshold level. Hence,
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a more robust thresholding method based on new mask measurement functions will

be explored in the future. Third, in our datasets, we used images with even illu-

mination. In more realistic settings, local illumination varies within an image, and

different adaptive thresholds may be needed in different regions of the same image.

Thus, as future work, we will explore different methods to vary the threshold across

the spatial domain of a skin image. Examples of these methods include fusing infor-

mation on local illumination levels into our adaptive threshold or initially dividing

the image into separate visually coherent connected regions. Fourth, several skin im-

ages contain low-contrast, faint hairs with very large gaps and hairs that were out of

focus. These hairs were not reliably detected by our curvilinear structure detection

method. To increase accuracy, predictive tracking of individual hairs is desired. This

research direction also paves the way for hair counting and accurate width determi-

nation, which have various applications areas such as tracking the progression of hair

loss.

For predictive hair tracking, we propose using the multiscale matched filter to

reliably detect the orientation of individual hairs based on the orientation angle that

gives the maximum response at each pixel. An illustration of the result is shown in

Figure 5-22b for the image shown in Figure 5-22a. The orientation at each hair pixel

in the image is similar to the orientations of its neighboring hair pixels, even for pixels

in very low-contrast hairs regions, so connected regions with similar orientations can

be easily extracted. This allows the full width of hairs to be approximated. Assuming

that the orientation of pixels of hairs in connected regions with similar orientations

do not abruptly change and that hair width remains approximately constant, track-

ing by orientation is done as follows: Using seed regions derived from our original

proposed method, individual hairs are identified and tracked by traversing the length

of successive hair regions with similar orientations while keeping the hair widths ap-

proximately constant to ensure smoothness of hair edges. If hair gaps appear, the

lengths of the ends of hair can be extended based on similar orientations of two ends

of hair that are nearby while maintaining an appropriate hair width.
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(a) (b)

Figure 5-22: Hair orientations at each pixel from multiscale matched filter and cor-

responding skin image. (a) Skin image with hairs. (b) Orientation of hairs at each

pixel. The color bar represents orientations in steps of 0 {0, 15', . 165} miapped

to orientation numbers {1, . . . , 12}.
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Chapter 6

Guided Inpainting of Skin Images

Tying together our skin registration and hair segmentation algorithms, we present

a novel method for reconstruction of the hair-occluded skin surface. Using multiple

viewpoints of the skin surface and physically shifting hairs at the same time (i.e.

combing hairs in different directions), registered skin images with digitally removed

hair are combined to construct actual skin texture. This is motivated by the need

to remove hairs from skin images to reveal the underlying microrelief structure for

skin image analysis, particular those with hairs that are dark, long, thick and dense.

In Chapter 2.4.1, we described that inpainting methods currently used in digital hair

removal (DHR) methods simply interpolate intensity values from skin pixels that

border hair pixels. They contain information on true skin texture obstructed from

view by the hairs. In our evaluation, we will visually compare these conventional

inpainting methods against our guided inpainting method.

6.1 Algorithm Design

6.1.1 Overall Design

The overall design of guided inpainting for skin images is illustrated in Figure 6-

1. The goal is to reconstruct skin texture obstructed by hairs in target image T.

First, target image T and N source images S1,...,SN are each processed by the
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hair segmentation method described in Chapter 5. The target and source images are

multiple viewpoints of the same skin patch scene with hairs physically moved before

each image is acquired. Then, hair binary masks from segmentation are dilated by

a square structuring element of 5 pixels in width. This step ensures that the entire

hair border of detected hairs is delineated. Otherwise, darkened hair borders may

appear on the final reconstructed image. This is followed by initial inpainting using

MATLAB proprietary function regionfill for all images. The function smoothly inter-

polates intensity values of inner hair pixels from skin pixels at the borders by solving

Laplace's equation -for Dirichlet boundary conditions. Initial inpainting prevents dis-

continuities at the boundaries of removed hair so that image patches can be more

reliably registered. Also, implicitly, initial inpainting is used to smoothly "fill-in"

hair pixels in the target image that remain unknown due to occluding hair or inac-

curate registration in all source images. At the end, hair masks (denoted by MT and

,... , Ms) and initially inpainted skin images (denoted by T' and Si,...,S')

are obtained. Second, initially inpainted source images S, ... ., S' are each registered

to initially inpainted target image T' using our skin registration method described

in Chapter 3. Thereafter, registered images R1 , ... , RN are acquired. Third, missing

pixels values in initially inpainted image T' are replaced according to information in

registered images R1,. . . , RN which we term guided inpainting. Guided inpainting

consists of two steps: (1) compositing an (2) blending, which will be described in the

following sections. The output image of guided inpainting is denoted TI.

6.1.2 Guided Inpainting

Compositing

Guided inpainting is motivated by discontinuities in intensity at the boundaries of hair

and skin as a result of compositing. These discontinuities are seen as visible seams.

In the usual sense, compositing is the direct replacement of missing pixel values in the

target image from the registered image. In our case, for N source images, we define

compositing as directly replacing missing hair pixel RGB values in intially inpainted
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Final Inpainted Skin Image

Figure 6-1: Algorithm flowchart for overall design of guided inpainting of skin images.
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image T' with values chosen from skin pixel values in registered images R 1 , ... , RN-

Given a pixel classified as hair in image T', the compositing procedure described

below assigns each hair pixel to an image in registered image set { Ri i = 1,..., N}

such that the corresponding skin pixel in Ri replaces the hair pixel.

First, using the dense deformation field estimates from skin registration, hair

masks of source images Ms1 , ... , MsN are registered. Registered hair masks are de-

noted by MR 1 ,... ,

Second, for each image pair T' and Ri, the spatial distribution of final matched

keypoints, denoted by K}, from skin registration determines which regions of the

corresponding registered image are aligned with the target image. For simplification

of notation, as K} actually represents a pair of keypoints, we let K refer only to

keypoints in the domain of initially inpainted target image T'. In general, a high

local density of Ky indicates a high likelihood that the local region is accurately

registered. As such, keypoints in Ky are removed unless there are at least Kfn = 3

keypoints found within a radius Kf, = 100 from that keypoint. Kf, and Kf, are

chosen such that most isolated keypoints are eliminated so that the filtered set of

keypoints maintains a sufficiently dense and even spatial distribution of keypoints.

Large values of Kfn and small values of Kf, tend to filter out keypoints in sparsely

populated regions of keypoints, while small values of Kfn and large values of K, tend

to retain more isolated keypoints. The filtered set of keypoints is denoted by Kjf.

Third, we let each keypoint in Kf determine an enclosed region indicated by a

filled circle of radius v, with center coordinates being the coordinates of the keypoint.

v, is equal to the maximum distance of neighbors found during keypoint removal, or

equivalently, the distance to the Kfn-th nearest neighbor in Ky. For an image pair T'

and Ri, the union of all filled circles is termed the region of validity. This is indicated

by true values in binary mask AIM.

Fourth, a binary mask Mvh is constructed to indicate hair pixels in initially in-

painted image T' with known skin pixel values due to the registered images. The

mask Mvh is computed by taking the intersection of target hair mask M7J with the

union of all skin masks from registered source images (denoted by MR1 , . . ., MR,) as
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follows:

Mvh = M, (MRl U ... U MRN)

Fifth, MA, is constrained to the region of validity by computing the intersection of

Mvh with the union of all regions of validity from the N target and registered image

pairs:

Al', = An (M U...uM ) (6.2)

This ensures that the resulting binary mask Mh contains only hair pixels in initially

inpainted image T' with known skin pixel values from accurately registered regions

of the registered source images.

Sixth, label assignments from 1, .. . , N are decided by partitioning pixel locations

in regions marked true in mask Mvh. For each true pixel in mask Mvh, the distance

to the nearest keypoint in each set of filtered keypoints KNf is calculated. Then,

label assignments from 1, . . . , N for each pixel in mask IA is given by the minimum

distance among nearest keypoints. Sixth, using the label assignment, hair pixels in

T' are replaced by skin pixels from corresponding registered images R 1,.. . , RN. The

composite image is denoted by C.

In Figure 6-2, we display the algorithm flowchart of the compositing process using

notation defined in the above description.

Image Blending

Initially inpainted target image T' and composite image C are blended using Laplacian

pyramid blending [12] with mask M,h. In this process, image C guides initially

inpainted target image T' such that skin textures are preserved in the final inpainted

skin image, denoted by T1. Note that if a pixel in C is composited, then skin texture

is preserved at that pixel, otherwise, blending ensures intensity values at all other

regions are close to preserved, including those of initially inpainted regions in T'.
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Figure 6-2: Algorithin flowchart for compositing. Notation follows description found

in Chapter 6.1.2.
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To generate a Gaussian pyramid, an image is successively blurred by a Gaussian

filter and downsampled. This generates a set of low-pass filtered images with de-

creasing filter bandwidths; each image represents one of the 1, levels in the pyramid.

The Laplacian pyramid is a set a band-pass filtered images constructed by taking

the difference between consecutive images in Gaussian pyramid levels. A detailed

exposition on these pyramids, including decomposition, reconstruction and choice of

parameters, is found in [12].

To blend both images, the following steps are taken:

1. Build Laplacian pyramids LT, and LC for images T' and C respectively.

2. Build a Gaussian pyramid GMh for mask Mh.

3. For each level 1, and pixel location (x, y), combine LT, and Lc using weights

from GM,' to form a combined pyramid LT,:

LT,(lp, x, y) = G Mh(l, x, y)Lc(lp, x, y) + (1 - GM ,, x, y)) LTI (p, X, Y)

4. Collapse pyramid LT, by successively upsampling and summing each level to

produce final image TI.

As inpainted regions in image T' are smooth, there are few high frequency details in

these regions. Hence, the overall effect is that high frequency details from composited

pixels in image C are added to inpainted regions in T', while the low frequency content

(i.e. color) in these regions in C and T' are blended to remove seams.

6.2 Experimental Results

6.2.1 Implementation

Our procedure was implemented in MATLAB Release 2015b. A system with an Intel

Xeon E3-1225 v3 3.2 GHz processor was used. Also, we used the OpenCV 2.4.13
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(Python 2.7.12) 181 implementation of the fast marching method [931 and Windows

application DullRazor [531 for coniparison of different inpainting methods.

6.2.2 Dataset

The aim of this investigation is to provide a proof-of-concept for guided inpainting

of skin images. Therefore, a set of 4 hair-occluded skin images, comprising 1 target

image and N = 3 source images, were obtained from the same area of the ventral

forearm. The images are of resolution 2040 x 2040. The images were taken from a

male of Caucasian descent in the 18 to 35 age group. The images exhibit dark, long,

thick and dense hairs on tanned skin. A human operator set the camera orientation

constant while the long hairs were physically moved by combing hairs in different

directions before recording each image to reveal different regions of the underlying

skin. The set of 4 images are shown in Figure 6-3. The red square outlines inked on the

skin surface only serve as visual niarkers for human observers to validate registration

results; they are not used by the skin registration algorithm for alignment.

(a) (b) (c) (d)

Figure 6-3: Dataset for guided inpainting of skin images. (a) Target Image T. (b)

Source image S1. (c) Source image S,. (d) Source image S.

6.2.3 Algorithm Demonstration

Corresponding hair masks after hair segmentation for our dataset is displayed in

Figure 6-4. After initial inpainting and subsequent image registration, we obtained

initially inpainted target image T' and registered images R1 , R2 and R.3, as shown

in Figure 6-5. Most hair pixels in the images were removed but some degree of
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misalignment occurred in different local regions. Sets of final matched keypoints

from K, .... , K} found during registration are shown in Figure 6-6. Green keypoints

represent keypoints remaining after keypoint removal K'.. Kf. and red keypoints

represent keypoints removed. The locations of matched keypoints are correlated with

locally aligned regions of the image. This is reflected in Figure 6-7, which shows

the respective regions in binary masks M1 , M and M where true pixels in the

masks represent regions that are deemed to be accurately registered. Figure 6-8

displays the assignment of pixels in M '. Blue pixel assignments indicate label 1 and

correspond to pixels taken from R1 to create composite image C. Similarly, red pixel

assignments indicate label 2 and green pixel assignments indicate pixel label 3. Black

pixel assignments indicate pixels that are taken from image T' (i.e. pixels are not

replaced).

--

(a) (b) (c) (d)

Figure 6-4: Hair segmentation masks from target and source images. (a) Target
image mask MT. (b) Source image mask Ms1 . (c) Source image mask lS9 2 . (d)
Source image mask M 5.

(a) (b) (c) (d)

Figure 6-5: Target and source images after initial inpainting and image registration.

(a) Initially inpainted target iniage T'. (b) Registered image R1 . (c) Registered image

R 2. (d) Registered image R:3.
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(a) (b)

Figure 6-6: Sets of final matched keypoints KJ ... t , found during image regis-
tration and after keypoint removal. Green keypoints represent keypoints remaining

after keypoint removal K>.,... Kf. Red keypoints represent keypoints removed by
keypoint removal. (a) Image pair T' and R1 . (b) Image pair T' and R2. (c) Image

pair T' and R 3.

(a) (b) (c)

Figure 6-7: Region of validity in different image pairs indicated by true pixels in
binary masks. (a) M'. (b) M,2. (c) Af1M.
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Figure 6-8: Assignment of pixels in mask MA,.. Blue pixels indicate label 1. corre-
sponding to pixels taken from image R1 . Red pixels indicate label 2, corresponding
to pixels taken from image R2 . Green pixels indicate label 3, corresponding to pixels
taken from image R3 . Black pixels indicates null assignment; pixels are riot replaced
in T'.

6.2.4 Visual Comparison with Other Methods

By visual inspection, we compared final inpainted images T, from our guided inpaint-

ing method and various other methods. The full-sized images can be seen in Figure

6-9. A region of size 300 x 300 is extracted from all full-sized images at the top-left

corner of the red square visual marker oi the skin. These images are shown in Figure

6-10. The original image in (a) shows dense, thick hairs occluding the skin surface.

The average image (b) and median image (c) of images initially inpainted image T'

and registered images R1 , IR2 and R3 drastically reduced the appearance of remaining

hair objects in the image, but the microrelief was significantly blurred as the images

were not all aligned accurately throughout. For (d), DullRazor 1531 failed to remove

many hair pixels from target image T. Wherever hair pixels were detected, bilinear

interpolation caused these pixels to lose their texture and become smooth in TI. The

results in (e) and (f) appear similar to each other. Using our hair segmentation al-

gorithm on target image T, most dark hair pixels were removed. However, the fast

marching method [931 in (e) and MATLAB's regionfill in (f) cannot replicate skin

texture. Thus, skin texture occluded by hair appeared smooth. In (g), replacing

missing pixels by our compositing procedure allowed texture to be reconstructed.
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But seams appeared at the borders of hair objects, especially when different local

illumination levels were present in the images. By blending the composite image C

with the initially inpainted target image T in (h), the seams were much less obvious;

reconstructed skin texture by guided inpainting looked realistic in skin areas that

were composited in C.

6.2.5 Visual Comparison Using Microrelief Extraction

Accurate reconstruction of skin texture allows us to extract the microrelief structure

of skin images obscured by dense hairs with improved accuracy. In this section, we ran

our microrelief extraction algorithm (described in Chapter 4.1.4) on the original target

image T, image inpainted by fast marching method [931 and our hair segmentation

result and image inpainted by our proposed guided inpainting method. The results

are shown in Figure 6-11. The original image in (a) and its corresponding 300 x 300

region in (d) showed that hair caused the microrelief detector to extract both the

skeleton images of hair and microrelief. Also, many large gaps in the structure were

present. For the image inpainted by fast marching method in (b) and its corresponding

zoomed-in version in (e), we found that DHR drastically reduced the amount of gaps

in the extracted structure. Also, interfering hair structures were no longer extracted.

However, some gaps in the structure continued to appear at smooth inpainted skin

pixels. The extracted microrelief for our proposed method, displayed in (c), with

its corresponding zoomed-in version (f), showed that most gaps in the structure had

disappeared. Furthermore, the microrelief was visibly more connected at inpainted

regions. In this demonstration, by drastically reducing the amount of gaps in the

microrelief structure, guided inpainting seems to improve the accuracy of microrelief

extraction on skin images with dense hairs. As future work, we propose ground truth

comparison by comparing microrelief structure extracted before shaving and after

shaving hairs from the same area the skin.
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(b) (c)

(d) (e) (f)

(g) (h)

Figure 6-9: Comparison of final images T[ for various inpainting methods. (a) Original
image T. (b) Average image. (c) Median image. (d) DullRazor on T. (e) Fast
marching method on T. (f) MATLAB's regionfill on T. (g) Compositing. (h) Guided
inpainting.
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(a) (b)

(d) (e) (f)

(g) (h1)

Figure 6-10: Zoomed-in comparison of final images T, for various inpainting methods.
A 300 x 300 region from images in Figure 6-9 is shown. (a) Original image T. (b)
Average image. (c) Median image. (d) DullRazor on T. (e) Fast marching method

on T. (f) MATLAB's regionfill on T. (g) Compositing. (h) Guided inpainting.
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(a) (b)

(d) (e) (f)

Figure 6-11: (a-c) Extracting microrelief from images with dense hair. (a) Original
image T. (b) Inpainting of T by fast marching method using our hair segmentation
result. (c) Guided inpainting of T by compositing and blending using our hair segmen-
tation result. (d-f) 300 x 300 region of full-sized images showing extracted microrelief
in detail. (d) Original T. (e) Fast marching method. (f) Guided inpainting.
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6.3 Discussion

In this chapter, we described guided inpainting for reconstruction of texture on hair-

occluded skin. For accurate texture reconstruction, guided inpainting uses images

from multiple viewpoints of the skin with hairs physically moved around before

recording the image. In a proof-of-concept demonstration, we were able to regis-

ter all other images to the first image after hair segmentation and initial inpainting,

then selectively composite pixels and blend images to produce a realistic-looking skin

patch without hairs. Unlike conventional inpainting methods, the true skin texture is

reconstructed. From this skin patch, we could extract the obscured microrelief struc-

ture of the skin more accurately due to the drastic reduction in gaps on the extracted

structure compared to conventional inpainting.

There are some limitations to using this method. First, accuracy of reconstruction

is dependent on accuracy of registration as a registration result that has error of

only 1 or 2 pixels produces skin textures with discontinuities in the thin microrelief

structure. Because the accuracy of our registration method is dependent on density

of matched keypoints in local areas, only areas with sufficient density of matched

keypoints can be accurately reconstructed. Poor hair segmentation and changes in

skin appearance due to changes in viewpoint both negatively affect the density of

matched keypoints. If the density of matched keypoints is not high enough, our

method reverts to conventional inpainting (using intensity values from the initially

inpainted target image). Hence, guided inpainting motivates the development of more

robust and accurate hair segmentation algorithms and an imaging system that allows

skin to maintain its appearance from different viewpoints.

Second, our compositing procedure currently assigns a hair pixel in the initiallly

inpainting target image to a skin pixel in the image containing the nearest keypoint

to the hair pixel. It may be helpful to enforce spatial regularization of assignment

in order to prevent many discontinuities in pixel intensity in the composite image

due to misalignment or different illumination levels of registered images. Another

direction is that of making small spatial shifts in composited regions in order to

158



reduce misalignment of microrelief structure.

As future work, we plan to develop a qualitative evaluation procedure for mea-

suring the fidelity of inpainted skin texture to actual skill texture, which would likely

entail comparison of skin images or inicrorelief structure for images acquired before

and after shaving hairs. Also, experiments will be conducted on a larger set of skill

images so as to test guided inpainting for robustness to various skin and hair types.
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Chapter 7

Conclusion

In this thesis, a set of computational tools that enable quantitative analysis of skin

images taken over a period of time was presented. The enabling tools that were

described and evaluated are nonrigid skin image registration, digital hair segmentation

and guided inpainting of hairs. Also, a microrelief junction point matching (MJPM)

algorithm was proposed as a potential way to study the stability of skin microrelief

structure over time and serve as a refinement for registration.

The proposed nonrigid skin registration algorithm using multiple plane detection

for landmark identification and multilevel B-splines as the local motion model was

shown to register pairs of skin images within a 1 inch by 1 inch patch of skin with

very low sub-pixel root-mean-square error (RMSE). Experiments with skin images

containing sparse amounts of hair revealed that it is robust to transformations such as

in-plane image rotations and both local and global nonlinear distortions at different

scales. It is also robust to relatively high levels of camera sensor noise. Visual

evaluation revealed that the method is able to accurately register skin images taken

from different viewpoints, with induced stretching and taken over in the timescale of

a few months, even with variations in camera settings and illumination levels. Future

work for this algorithm includes the exploration of more sophisticated multiple plane

detection methods for robust keypoint matching, and faster and more reliable rigid

registration methods for the initial guess of the transformation.

A new digital hair segmentation algorithm was developed and it proved to pro-
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vide accurate hair segmentation for a varied set of skin images containing both dark

hairs and hair-like microrelief structure. Against several hair segmentation methods

in published in the literature, this algorithm exhibited the highest accuracy for an

dataset of 15 skin images. This was achieved with combination of high sensitivity

and specificity levels. Visual inspection of the results showed that the algorithm ac-

curately extracted the smooth contours of hair with little or no interference from

non-hair objects. Testing the algorithm on dermoscope images containing pigmented

skin lesions (PSL) revealed that it is able to extract most visible dark hairs accu-

rately without erroneously extracting the diverse assortment of non-hair structures.

Also, this algorithm is at least 5 times faster compared to a recent algorithm with

reportedly high levels of accuracy and robustness. Nevertheless, additional research

in adaptive thresholding for low-contrast hairs and merging light and dark hair de-

tection are required in order to make this automatic segmentation algorithm more

robust to different scenarios.

An approach for guided inpainting of hairs merged skin registration and digital

hair segmentation into a novel method for preserving high-resolution skin details and

texture. A proof-of-concept for guided inpainting demonstrated that reconstructed

skin textures and microrelief occluded by hairs looked realistic compared to con-

ventional inpainting methods. Furthermore, running microrelief extraction on the

reconstructed skin image resulted in an extracted microrelief structure with fewer

gaps compared to that of a conventionally inpainted skin image, thus indicating an

improvement in extraction accuracy. The next step for this algorithm is to improve

the compositing procedure by introducing more constraints on pixel label assignments

and to develop a procedure for quantitative evaluation of the results.

As an application to rigid skin registration, a MJPM algorithm was described.

The analysis showed that feature-based rigid registration by homography and random

sample consensus (RANSAC) reliably identifies a local ROI marked by the convex

hull of matched keypoints where RMSE of registration is sub-pixel. However, it was

noted that the current rigid registration method performs unreliably on skin image

pairs with slightly different microrelief appearance. In a proof-of-concept evaluation,
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the inicrorelief junction point matching algorithi was shown to accurately match two

sets of junction points within the region of interest (ROI) for a pair of skin images

taken a few months apart. The matching result exhibited sub-pixel mediani matching

error, a maximum of 2 pixels mean matching error, invariance to in-plane rotation

and robustness to various local and global nonlinear distortion scales. As future work,

research on improving microrelief structure extraction and predicting missing junction

points is required for improving matching accuracy. Also, an evaluation of MJPM on

larger datasets with an assortment of skin types and pathological conditions will lead

to more conclusive results on the efficacy of this new method for skin image analysis

and tracking.

In conclusion, nonrigid skin image registration makes it possible for skin images

taken over a period of time, from different viewpoints or with induced stretching

to be quantitatively analyzed by computers without the use of physical markers.

Consequently, rigorous analysis for skin pathological conditions and skin features

such as microrelief, hair and pigmentation can be realized. With the aid of reliable

methods for hair detection and hair removal from skin images, skin image registration

can be applied to a wider variety of skin images. Therefore, the set of computational

tools described in this thesis paves the way for new quantitative-based insights in

overall skin health and monitoring.
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