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Abstract

Image registration and shape reconstruction oftiaalefundus from fluo-

rescein images are important steps to diagnosetetiseases. This is diffi-
cult due to intensity changes in fluorescein images the near-planarity of
the retinal surface, which has a narrow range pftdeariations. This study
proposes methods for the registration and the 8donstruction of a retina
from a sequence of images. We first present a nddteating vessels bifur-
cations, so called Y-features, which is a robusthggtric feature in a retinal
image. Subsequently, fitted Y-features are mateoedss images using Mu-
tual Information to register their unordered colarsd fluorescein images
globally. Second, using matched Y-features, thg@apr geometry for a
near-planar surface is robustly estimated by aeg3lparallax approach, and
a dense disparity map is estimated using the Muhdarmation criterion.

Finally, the 3-D structure of the near-planar rattifundus is reconstructed
in metric space by introducing a novel three-pasgte adjustment method.
Our experimental results validate the proposed austlon a set of difficult

fluorescein image pairs and other near-planar sernfaages.
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Chapter 1 Introduction

1.1 Background

The automatic analysis of retinal images can assiste diagnosis and management
of blinding retinal diseases, such as neovascigarrelated macular degeneration
(AMD), choroidal neovascularization (CNV), diabetietinopathy, and glaucoma
[65]. To evaluate patients with retinal diseasdisiaal photographers usually first
capture color images of the retina using a speedlfundus camera. Figure 1 shows
a retinal fundus camera. Subsequently, a fluorastge is injected into a vein in the
subject’s arm, and as the dye propagates throwgletinal blood vessels, the photo-
grapher takes a series (over a 5-10 minute sequengectures of the retina from
different view points by moving the camera sidesitde. The 2-D registration of the
retinal images in a sequence must be performetigio the images in order to facili-
tate the study of the evolution of the dye propagatFrom patterns and intensities
of fluorescence changes, the progress of retirsgladies can be inferred. For exam-
ple, CNV can be detected from patterns of fluoresteakage. In early phases of an
angiogram, the lesion with CNV is bright. Howevemnid and late phases, the fluo-
rescence leaks and creates blur. For the accumatgsess of angiogram, the registra-
tion of fluorescein images is an essential proc€ss. most common method of re-
gistering images is manual annotation of matchimgts in all images of a sequence.

However, it is a tedious and user-prone processgister all images by hand.



Figure 1. A retinal fundus camera

The retinal fundus is nearly planar but it doegehd-D depth. When the patients
have glaucoma, the optic disc is deeply intruded assult of fluid pressure in the
eye. In case of diabetic retinopathy, the fluickkeato the macula area and the fluid
makes the macula an extruded blisters difficult to measure the progress of those
diseases only by 2-D registration. The diagnosts @uantification of those retinal
diseases require 3-D reconstruction of a retinadlfis. The most well-known method
is interpretation of cross-sectional depth imagemfoptical coherence tomography
(OCT). The cost of OCT equipment and expertisesoiinterpretation, however, limit
the use of this technology. An automated and lost technology for registration and

3-D reconstruction of a retinal fundus would pravalvaluable alternative.



1.2 Goals

This dissertation presents methods that faciltfa¢eanalysis of human retinal images.
The literature on the analysis of retinal imagesnigadeals with the issue of 2-D
registration. Accurate diagnosis may also requiB[xd depth map of the retina. In
particular, the analysis of the 3-D reconstructidra retinal fundus is essential to
measure the eye pressure on the optic disc antbtea, identifying lesions, and
estimating the extent degree of lesion developnEmg.first goal of this dissertation
is the 2-D registration of color images and a sageeof fluorescein angiographic
images. The second is the calculation of the ddisgarity map of the retinal fundus
from two images. The third is the 3-D metric redamstion of the retina and the reg-
istration using the reconstructed 3-D structureesehmethods are intended to im-

prove the accuracy and reproducibility of diagndsisophthalmologists.



1.3 Issues and Difficulties

The issues and difficulties of 2-D registration &wD reconstruction of a retinal

fundus are discussed in this section.

1.3.1 Issues in 2-D Registration
The diagnosis and quantified evaluation of retdiaéases relies on the interpretation
of color images and fluorescein angiography images sequence by qualified ex-
perts. A fluorescein angiography image sequencécidethe circulation of the so-
dium fluorescein dye in the retinal vessels, amdititberpretation of critical phases in
the circulation is a key element for diagnosis. Tégistration of color and fluoresce-
in retinal images helps ophthalmologist to diagnesmal diseases.
The registration of color and fluorescein retimaages needs to address follow-

ing five issues:

Intensity changes

Feature extraction

Transformation mode

Matching method

Mosaic



(©) (d)

Figure 2.Color and fluorescein images of a retina

1.3.1.1 Intensity Changes

The intensity of the color image and the acquiresldevel angiograms vary sub-
stantially during the circulation of the dye, makithe 2-D registration of these im-
ages nontrivial. For example, the retinal vein&igure 2 are red in the color image

(Figure 2-(a)), hypointense (dark) in the earlyiaggam (Figure 2-(b)), increase in

intensity (fill with dye) in mid angiogram (Figufie(c)), and then decrease in intensi
ty (“fade”) in the late phases (Figure 2-(d)).

Therefore, the geometric registration of the ag@ms requires the use of
strong geometric invariants and a robust matchimgtion. Similarly, registering a

color image with the acquired angiograms to fatiitthe expert’'s analysis creates



similar problems, as the grey levels are not comsisacross color and fluorescein
images. The resolutions of color and fluoresceiages also vary; the resolution of
the color image varies from 640x480 to 2300x200@, the resolution of fluorescein

images varies from 1320x1032 to 2300x2000.

1.3.1.2 Feature Extraction

The process of matching and registering color dndréscein images requires the
extraction of invariant geometric features. Theededn of geometric features is es-
sential for medical diagnosis as well. There ar@eyfaatures in retinal images such

as optic disc, macula, fovea, blood vessels, afeltires.

Figure 3. Features in a retinal image, Optic disg), blood vessels(red), and Y-
features(magenta)

The optic disc is an area where all vessels amgeseconverge and it is a fre-
guently-used robust feature. The macula has anstagde and it lies on the center of
the retina. No vessels pass through the macular @tee central part of the macular

area is the fovea. Cone cells are concentrateldeiridvea area. Even though the fo-



vea and the optic disc are important geometricufeat their size varies across im-
ages and they are sometimes partially, or even [etetyp invisible in the image.

The blood vessel network is also a strong geométdture in the image. How-
ever, the color and size of the blood vessels ahavith the development of fluo-
rescein diffusion. Y-features are one of the mesable features in the retina. The
disappearance of some vessels should not affecetistration of images using Y-

features because there are a sufficient numberfe¥ires in any retinal image.

1.3.1.3 Matching Algorithm

Since the intensity of the fluorescein angiograp#tinal images changes, the size of
the vessel varies, and some parts of the retineaspgr disappear across images,
matching features in fluorescein images is a qgiiticult process. The most com-
mon method, correlation, does not work for retimahges. One study [10] uses the
shape of the Y-features to match retinal imagesvéver, because the shapes of Y-
features in one image are quite similar to eackrotihis method is incapable of dif-
ferentiating one feature from another. In the fiefdnedical imaging, Mutual Infor-
mation (MI), which has robust performance on intignshanges, is widely applied

instead of correlation for the registration of suclages.

1.3.1.4 Transformation Model

The simplest transformation for the registratiorretfnal images is a 2-D rigid mo-

tion, which only recovers in plane translation anthtion [67][69]. In this model,



two pairs of corresponding points are sufficienreoover the rigid transformation.
However, the planar rigid body model fails when gmsare skewed and scaled. The
most commonly-used transformation for the retimahges registration is an affine
motion model [7][42][43][60][61][69], which adds ale and skew to the rigid trans-
form. To estimate an affine motion, at least troeeesponding points are necessary.

If the shape of a retinal fundus is consideretid@lanar, the appropriate trans-
formation model is a homography [42]. The paransetdrthe homography, or the
projective matrix, can be obtained from 4 corresjiog points. In case where there
are a sufficient number of points that are matat@udectly, the projective transfor-
mation provides the best results. Note, howevaet, the difference in the results be-
tween the projective motion and the affine motiends to be small for retinal im-
ages, so the affine model may be a sufficiently glesamethod.

On the other hand, Can et al [9][10] refutes thgumption that the shape of a
retinal fundus is planar. Thus, they use a quadrabdel with 12-parameters to es-
timate the surface of a retinal fundus, which resgiat least 6 corresponding points.
In this method, they apply a stratified approacingdrom the rigid body model to
the quadratic model. First, with the assumptiort tiegation does not occur in the
retinal image, only the translational motion isirested. Secondly, the result of the
translation motion is used to assess the initigk@gmation for the affine motion.
Finally, the result of affine is utilized to estiteaan initial value for the quadratic

motion. This hierarchical approach removes errorestimation that are caused by



the high degree of freedom in the quadratic estonatHowever, they do not esti-
mate the shape of a retina. They only use a marplex motion, which may or may
not account for the 3-D shape.

In reality, a retinal fundus is neither a plane a@uadratic surface; rather, it has
a complex 3-D shape, and may contain extrudedriesamd an intruded optic disc.

The discussion of the 3-D reconstruction for anadtfundus is provided in Chapter 3.

1.3.1.5 Mosaic

The most common method of registering an imageesemgito produce a mosaic is
the sequential registration, which sequentiallystegs images. The downside of this
method becomes obvious when an incorrectly regidtenage is added to the mo-
saic image in the middle of the sequence. In sucase, the registration error propa-
gates to all other images. A global registratiorthod solves this problem by consi-
dering a graph that connects all overlapping imagekestimate the global registra-
tion error. We discuss global registration in Sat2.4.3.
The categories applicable in this dissertation sirewn in bold characters in

Table 1.



Modalities Feature space Matching | Transformation Mosaic
method Model

go:or B Optic disc Rigid Sequential

olor Correlation

Color — Vessels Affine Accumulative

Fluorescein | v features Mutual Projective

Fluorescein — Information | Curved Global

: Others .
Fluorescein (or Quadratic)

Table 1. The categories of this dissertation f@ &gistration

1.3.2 Issues in 3-D Reconstruction

The 3-D reconstruction of a retina may help diagnegtinal diseases, such as glau-
coma and diabetic retinopathy more accurately. Hewefew research efforts have

been conducted in the 3-D reconstruction of retimzlges. Fluorescein images of a
retinal fundus have unique properties that prevkatuse of classical stereo algo-
rithms to estimate the 3-D structure of a retineddus from a pair of images. First,

the intensity and color of the same physical posgimay vary between consecutive
images. Second, the 3-D structure of the retinadifis is near-planar so that its 3-D
depth is very shallow, which makes classical methaufit to estimate the epipolar

geometry and camera parameters of each image.

1.3.2.1 Near-planar surface

When all the points in 3-D are located on a pldhe,equations relating the images

(the fundamental matrix) cannot be reliably estedabecause this is an explicit de-

10



generate case of epipolar geometry estimation. , Tthesclassical 8-point or 7-point
algorithms are unable to estimate a correct funddahenatrix.

The 3-D reconstruction of a near-planar surfagedsiasi-degenerate case. Many
studies require that the viewing angles of eachetamshould be at least "H2(°
apart. However, the viewing angles of retinal fundmages are very close and their

motion is close to translation, violating this regment.

1.3.2.2 Intensity changes

As mentioned in Section 1.3.1.1, the intensityh#d tetinal images changes across
images. Radical intensity changes of the matchieg across color and fluorescein
images make the estimation of the dense dispas@y more difficult. The frequent-

ly-used correlation based algorithms do not worthia situation.

1.3.2.3 3-D Reconstruction of the macular area

The macula is located in the middle of the retifuaddus surface. No vessels go
through the macula. This results in a homogeneextsite in the macular area. Thus
the 3-D reconstruction of the macular area is #cdit problem. At this point, we

know of no study trying to reconstruct the macdlae algorithm to reconstruct the
whole retinal fundus including the macula and thgaodisc in 3-D is necessary for a

more accurate diagnosis and quantified analysisebus retinal diseases.

11



1.4 Overview of approach

The methods proposed here consist of three maiostophe first topic deals with
the 2-D registration of color images and fluorescangiographic images in a se-
quence. For the accurate estimation of position¥-ééatures, an articulated Y-
feature model is introduced. Fitted Y-featuresrasgched using Mutual Information
criteria. A sequence of images is registered glghm/ all pairs’ shortest path algo-
rithm. The second presents the calculation of 3elDsé disparity map of a retinal
fundus from a pair of images. To overcome the degay of the near-planar surface
of a retina, a plane+parallax approach is usedtimate the epipolar geometry. The
selected two intensity-varying images are match&dguMutual Information as a
matching criterion. The third explains the methéthe 3-D metric reconstruction of
the near-planar retinal surface, introducing thedkpass bundle adjustment method.
The images of a retinal fundus are registered abwgiback-projecting the recon-

structed 3-D structure.

1.5 Contributions

The novel contributions of this dissertation are:
(1) The use of an articulated Y-feature model,
(2) A global 2-D registration method using the all paghortest path algorithm,
(3) The estimation of epipolar geometry by a planet@ranethod and search

space reduction using accurately matched Y-features
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(4) The estimation of a dense disparity map using Mutfarmation criteria,
(5) The definition of a near-planar surface imagesienge, and
(6) The 3-D metric reconstruction of a near-planar axgfusing the proposed

three-pass bundle adjustment algorithm.

1.6 Thesis overview

Chapter 2 describes the 2-D registration of cotat #uorescein retinal images with
model-based Y-feature extraction, matching Y-fesdumand the global registration.
Chapter 3 explains the estimation of the epipokongetry and the dense disparity
map from retinal fundus images. Chapter 4 showstBereconstruction of a retinal
fundus and the registration of fluorescein imaggagia 3-D structure. In Chapter 5,

concluding remarks are given and some future reBedirections are listed.
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Chapter 2 2-D Registration

This section presents a fully automatic methodrégistering color and fluorescein
angiograms in 2-D. The method consists of four nsééps. First, the seed positions
of Y-feature are computed using a PCA-based arsabfdilirectional filters responses.
Second, an articulated model of each Y-featurédtedfto the image features using a
gradient descent method. Third, the extracted Yufea are matched by maximizing
Mutual Information. Lastly, color and fluorescemages are registered globally us-
ing the all pairs’ shortest path algorithm. In Figd, the overall flow of the 2-D reg-
istration methods is shown.

Chapter 2 is organized as follows: In Section Rréyious studies are reviewed.
In Section 2.2, we describe the initial estimateaof-feature position. Section 2.3
explains the fitting of an articulated Y-feature seband its validation. Section 2.4
describes the matching of the Y-features. In theti®e 2.5, global registration using
all pairs’ shortest path algorithm is proposed. &kpental results of these methods

are reported and discussed in Section 2.6.
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2.1 Previous work

2.1.1 Feature Extraction
The key element of matching and registering cofat #uorescein images is the ex-
traction of invariant geometric features. Commauggd robust features are the optic

disc, blood vessels, Y-features, and image edges.

a. Optic disc

The optic disc is a frequently-used and robustufeatvhere all vessels and nerve
fibers converge. Although many studies [47][62] dawplemented the image regis-
tration with the detection of the optic disc, iteus limited since it requires the optic
disc to be visible in the image, and the imagdsetoegistered by a simple translation
model[18]. The assumption of a simple translation madgboses a stringent re-

striction which is often not valid with fluoresceamgiograms.

b. Blood vessels

Another important feature in retinal images is blogsselsA number of research
papers have addressed the issues of blood vedsahe@ament and extraction not
only with retinal images, but also with other mediicnages such as lung and cere-
bral images [33][53][63][64]. The extraction of wets in lung and cerebral images

is more complicated than in retinal images. Becdhs#& images represent the slice
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of the vessels, some vessels that face in a vedilezetion to the camera can be dis-
played as an oval spot. Therefore, to obtain ateussults, a vessel extraction me-
thod requires a 3-D modeling based on the volumienafje sets [33][53][64]. Un-
like the lung and cerebral images, blood vesseleeiimal fundus images are 2-D
features. The most common method to extract theelesn a 2-D image is to use
directional filters [11][68][69]. Exploiting the pperty of linearity in vessels, blood
vessels can be extracted using a set of shiftedsskau filters rotated at different
orientations. In [35][33][53], vessels are detdcémd enhanced based on the prin-
cipal component analysis (PCA) value of each piremedical images. However,
this method extracts not only vessels but also cessary nodules. Recently, Agam
et al. [1] proposed a method to suppress the nedarid to enhance vessels by im-
plementing the Cauchy distribution-based probafilismiodel. Several investigators
[42][66][68][69], have demonstrated the detectidnbtbod vessels through a ma-
thematical morphology approach using linear stmattalements. This method per-
forms well to detect bright vessels. To detect daagsels, the method is applied on
the negative version of the image. This method,évar, has difficulty when there is
great variation in the vessel colors; for examglgring the early phase of the fluo-
rescein angiogram, when both dark and bright vess® present in the same image
(Figure 2-(b)). Existing methods of vessel detettave therefore not suitable for
extracting vessels in color and fluorescein imagkere the color, the size, and the

brightness of vessels vary across fluorescein isiafjigese methods are not able to
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extract vessels in a low contrast image whichésramon attribute of the late phase

of fluorescein angiograms.

c. Y-features
The retinal vascular tree has a regular patterpifafcation which form Y-features,
and thereby provides a reliable set of featuresrietinal image. Can et al. [8][9][10]
present a method of Y-feature detection in retimeges. Y-features are extracted
while tracing the vessels by finding the centerldween the left and right bounda-
ries of the vessel. An important advantage of utiiegcenterline of the vessel is that
the Y-feature detection is less affected by vaoieiin retinal vessel diameter which
can occur as a result of the normal pulsatilityatinal blood flow. On the other hand,
because the centerline cannot be reliably extraictatie branch area, this tracing
method produces multiple and inaccurate centetiposi which subsequently cause
errors in the image registration. Tsai et al. [58][improve this approach by specify-
ing a branching area and extracting the centettipnsof Y-feature within the area.
With this method, the center position is estimdted the closest point of the three
linearly approximated traces. Nevertheless, thishowe still produces multiple Y-
features in one branch.

Zana and Klein [69], proposed a method that detdw Y-features using the

mathematical morphology approach with structuramednts of Y and T shapes.
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However, this approach does not estimate the atient of the Y-features accurately
and it tends to generate a large number of falssctiens.

In [12], the authors have proposed a method fachvthe initial positions are
estimated using directional filters and the acaunadsition and shape of the Y-

features are obtained by fitting an articulated etdd the image boundary.

d. Others
Besides the optic disc, vessels and Y-featuresfotvea and pathological symptoms
such as nodule or hemorrhage contain significaatufes. Unlike vessels, lesions
and a fovea entail an oval shape. In [22], fove#uarescein angiographies is de-
tected by the active contour model. Exudates, druged areas of leakage are also
important features in the retinal images.

In many cases, the image itself is treated asaturie and registered directly

[61][67][50]. In other cases, simple gradient dge images are used as a feature [7].

2.1.2 Matching Algorithm

The most common window-based matching criteridta@esum of squared difference
(SSD) and cross-correlation (CC). In case of médioages, Mutual Information
(MI) gives Dbetter results for intensity changes ohultimodal images
[7][40][48][60][61][67] [50]. Mutual Information des not rely on the intensity val-
ues but on a statistical measurement called entidjpya and Wells apply Mutual

Information to register retinal images [60][61][61heir method maximizes Mutual
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Information of two retinal images and derives tlesttaffine transformation with the
gradient descent approach. The problem with theithod is that it easily falls into
local minima and is quite time consuming, sinchas to use the two entire images
as a feature to compute the Mutual Information. [/RIC and SSD tak®(N) time

to calculate the correspondence of two images, &ddés number of the pixels, Mi
has O(N "M) complexity, whereM is the number of pixels in a Parzen window,

which estimates the density function of entropy.

2.1.3 Global Registration

The most common method of registering images iaqauance is sequential registra-
tion, which registers images one at a time. In [} the authors propose a dual-
bootstrap iterative closest point (ICP) algorithonrégister a pair of images using
blood vessels as features. They improved the acgwfathe registration and solved
the initialization problem of the ICP algorithm. &ldownside of this method is that
when an incorrectly registered image is added ¢ontiosaic image, the registration
error propagates to all other images. A globalstegiion method solves this problem
by considering a graph that connects all overlagpmmages and estimates the global

registration error. We discuss the global regigirain Section 2.5.

2.2 Estimating Initial Y-feature Positions

In this section, we present a method for locatinfedture candidates in the image.

Y-features are characterized by regions in the enabere three vessels converge.
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The Y-feature should have exactly 3 strong respoffigen directional filters span-
ning 180. The PCA based analysis of filter outputs allowdalocate the positions

of the Y-features in the image.

2.2.1 Directional Filtering
The approximate position of a Y-feature is estirdatsing a set of directional filters.

We use a 2-D Laplacian of Gaussian (LoG) filterteszd at the origin:

1 X2 2 1 1 - 52+52
LOG:Zpss 4+Y4_ _ o 25 %5y (1)
Sy, S, s, s° s

With the proper selection &f, andsy, (Sx=16 andsy=4 for a640 480 image), the
elongated shape of the LoG filter is created. Whik base kernel, directional filters
are generated by rotating the kernel frorto 180 degrees. A large number of direc-
tional filters will generate finer responses frdme tY-features in the image. However,
this can cause duplication of the responses froenveissel. On the other hand, using
a small number of filters could result in some m@sy-features. As a tradeoff, we
use 6 directional filters at 6 different anglestHis paper, all parameters related with
image size, such as the filter size, the lengtthefY-feature, the search space, and
window size, are specified for@0 480 image. These parameters can be changed

proportionally to account for the size of an imagégure 5 shows théfilters used.

21



= z /# W N X

0° 30° 60° 90° 120° 150°

Figure 56 Directional LoG Filters defined using, = Hhds, =4
2.2.2 Principal Components Analysis
The initial position of Y-features is estimatedrfrahe 6 filter responses. Since a Y-
feature should respond at exactly 3 different dio&s, we use the Principal Compo-
nents Analysis (PCA) method to detect the pixelthwarge responses in exactly 3
different filter outputs. A local analysis of theettional filter responses permits the
integration of responses from neighboring pixelee T 3 neighboring pixels for
each filter response are then transformed to 1dix8ls, and are autocorrelation of
the 6 9 matrix is calculated. The resulting@autocorrelation matrix is decomposed
to eigenvalues and eigenvectors using the Sinjdare Decomposition (SVD) me-
thod. For each pixel, we examine the third largegenvalue; if this eigenvalue is
large, the pixel is considered as a good candidate Y-feature. After sorting pixels
by the third largest eigenvalues, we select thé b@8 features for each image. In
Figure 6 we show the extracted seed points usiadPDA analysis of the directional

filter outputs.
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Figure 6. Initial Y-feature position in two images of differemodalities. Only
the best 100 features are selected.

2.3 Fitting an Articulated Y-feature Model

We propose a Y-feature extraction method basedttomgfan articulated model. The
articulated model is fitted by maximizing the logatensities inside the template and

gradient information on the boundary of the termglat

2.3.1 Articulated Model for Y-features
The considered articulated model for the Y-featurdms 8 DOF,

xX=(XY,4,,9,,9;,W,,W,,W,) which include the center position, three angles] a

three widths for each branch. The length of eaahdir is fixed.
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Wi

Figure 7.Articulated model of a Y-feature

The three arms rotate, and are attached to thercpaosition. Using the geometric
properties of the Y-features in the retinal images,constrain the arms to be neither
too close nor too far from each other. The halftiviof each armwy; (i=1,2,3, is the
distance between the center of the vessel andbiedary. The width is also con-
strained to be between the minimum and maximal gizbe vessels we are interest-

ed in detecting.

2.3.2 Initialization of the Y-feature Shape

Given the seed points extracted by the PCA anabfdise response of the direction-

al filter, the initial orientations of the threenas of the model need to be estimated.
Can et al. [8] propose the use of a rectangulal gnd local detection of the maxi-

mum intensities for each vertical and horizonta¢ lover the whole image in order to

estimate the shape of Y-features. This approackeber, has several potential flaws:

(1) a large number of grids must be dealt with,YZeatures located at the edges of
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the grid cannot be detected, and (3) local maxiroen fthe four grid lines are se-
lected in an ad-hoc manner to find the three bessels. Our method detects three
bright or dark vessels from the circular bounddrthe Y-feature located on the seed
points. Along the circle, peaks or valleys of irgities are detected. Peaks represent
bright vessels and valleys correspond to dark V&sBer each peak or valley, the

best three arms are selected based on the follosviog function:
13 w t 2
FO=2 [1(x, y,)]*dl dw )
i=1 '

whereL is the length of the brancly; is the half width of the branchis the index of

the considered arm, ank;, y;) is the image intensity at = x+w>sing +I|>cosy,
y, = y+wxcogy +13sing , where K,)) is the center position of the mod€l(x) de-

scribes the sum of intensities inside the Y-feataozlel, represented by the shaded
area in Figure 7. The angles of the Y-feature madeldetermined by connecting the
center of the model and three vessels on the airdadundary. In the case of a dark
vessel, three valleys that minimigg(x) are selected, and, for a bright vessel, three
peaks maximizing-(x) are considered for the initial angles of the ¥tiee model.
Every possible combination of three peaks and thadleys on the circular boundary
is tested based on the error functig(x). In Figure 8, the initial estimation of bright

and dark vessels is represented in the case aficsdges and angiograms.
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(c)
(d)
Figure 8 Initial estimation of a bright or dark vessel anduhe circular boundary.
The red cross shows local peaks, and the grees shasvs the local valleys cha-
racterizing respectively bright and dark vesselse Yellow dot in the middle
shows the center position. In (a)-(c) the seedtiooa detected for bright and dark
vessels, (d)-(e) depict the corresponding init&lan of the Y-feature model.

2.3.3 Fitting Y-features

After initializing the position of the Y-feature drthe angle of the branches, we fit
the articulated Y-features using a gradient despsgthod. In addition to the con-

straints defined by equation (2), the gradient #along the boundaries of the ves-
sels is utilized to enhance the accuracy of thenastd Y-feature model. We minim-

ize the following energy:

F(x)=(- 1)"‘% ) m;v OL[I (%, y,)dl dw-% OL[G(xi,yi )|7dl A3)

i=1 Wi {-w W)
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whereG(x;, i) is the gradient value on the boundary, amD for a dark vessein=1
for a bright vesselG(x;, i) is computed by the gradient of Gaussian filtetpati
When an articulated Y-feature is correctly fit, ten of the intensity valueb;(x),
in a Y-feature will be maximum for a bright vessald the boundaries of the model
are on the edge of the image. In addition, we caimsthe angle and width of the
branch to be within a specified range of valuese Télative angles between the

branches of the Y-model are defineddafq), g.(q), andgs(q) as follows:

b£g()=9,-g£h,
b £9,()=¢;-g,£b,, and
q £gs( )=q1-q3+2p£bu’

whereq=(q1, @, @) and angle boundaries are setbte=p /9,b, =10p /9. These
bounds were defined empirically after observing tha Y-feature goes beyond the
specified boundary angles in the working set ahedimages for this study. Similar-

ly, the half width of each branch is constrainedibfining an upper and lower bound

on the width:
wEWEW,i=123
In our experiments, boundaries of the half width set tow; =1, w, =4. The

length of the Y-feature model and the width of et¢sundaries are determined to
be proportional to the size of the image. Thesesttaimts are enforced using La-

grange multiplier, thus solving the constrainedroation problem with the above
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inequalities [3] . We use a penalization approasimgia barrier function. The in-

equality constraints on the anglgare translated to the penalty function:

S

e 1
s (9,0)-b)(b,- g,())

B()

Figure 9 plots the barrier functidd( ) with different values o$, which controls

the smoothness of the barrier functiés s increases, the curve becomes steeper

near the boundaries. In our experiments we set.

B(X)=((x-b)(b, X))

Lower Bound{bl) ' Upper Bound{bu)

Figure 9. The barrier functions with lower and eppoundary w.r.t. t&. When
the valuex is closer to the lower or upper bounds, the fumcpenalizex by asso-
ciating a large value.

A similar barrier function is used for the width the arms, and the complete
penalization function considered is:

3 1 3 1

+ (4)
= a(g;()-b)b,-9;0)  ja b(w; - ), - w)

B(,w)=
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wherew =(w,,w,,w,). & and b are parameters to homogenize radian and pixel into

metric quantities.

The extraction of Y-features in the image consétsitializing the model using
the feature point location and orientations anhfitthe articulated Y-model to the
image features by minimizing the function:

E(x) =F(x)+/B( ,w) (5)
where/ mitigates the trade-off between the goodnesst @b fimage features and the
constraints on the orientation of the arms and ttiéckness. The functiok is mi-
nimized iteratively using a gradient-based approach

Fitting is performed based on Equation (5). Sitmeearticulated Y-feature has 8
degrees of freedom, if we were to update all 8patars at once, the gradient algo-
rithm could be trapped in a local minimum. To pravehis, we fix the three end-
points of the branch and update only the positimhtae width of the arms. Once the
center point of the Y-feature converges to a statip location, the angles and widths
of the branches are updated. The gradient-basedhination scheme is iterated un-
til it reaches a maximum number of iterations,te€l5, or the parameters reach sta-
tionary values. As the PCA analysis detects bgtkegyof vessel (i.e. bright/dark), the
model is fitted twice to detect Y-features, firgsaming dark vessels and second
assuming bright vessels. After alignment, the Wfea candidate with the higher

gradient value on the boundary is selected.
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All fitted Y-features do not necessarily correspaa real bifurcations of vessels.
Indeed, many initial Y-features are selected basedvhether they have a high re-
sponse to the directional filters, as describe8ewtion 2.2. A large number of seed
points are considered in order to minimize the noisgeal Y-feature in the image.
After fitting the articulated model to the seleciethge regions, we discard some of
the extracted Y-feature points where the bounddryhe arms of the articulated
model does not lie on strong edge points. If 2/ghefboundary of any arm is not on
the edge, the Y-feature model is discarded. FigOrshows the procedure of fitting

(

an articulated Y-feature model.
C)

(b)

(d) e) (
Figure 10 The procedure of fitting an articulated Y-featunedel to image data
with a gradient descent approach. Gradient desuetttod iteratively updates the
Y-feature articulated model as shown in second third columns. The yellow
and white points correspond respectively to thel ggent, and the estimated cen-
ter point. The green and red crosses indicate césply local valleys, and peaks
in the grey level distribution. (a)(d) Initial Y-d#ure model of bright or dark ves-

sel. (b)(e) Y-feature model after fitting. (c)(feected Y-features. Every valid Y-
feature is classified into bright or dark vessels.
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2.4 Matching Y-features

The circulation of the fluorescein dye in the ratinessels translates into different
grey level properties in the color and angiogranages, making the matching of
extracted Y-features challenging. We propose tocmaitracted Y-features across
modalities and through different phases of theutatton using the local maximiza-

tion of Mutual Information. To match individual Ye#tures, geometric descriptions
are too coarse, and intensity matches are unrelidn to the intensity changes. In-

stead, we do match intensities, but use Mutuakin&dion rather than correlation.

2.4.1 Mutual Information
Mutual Information is derived from entropy theoBntropy is known as measure of
information, and it is mostly used in communicattbeory. After measuring the un-

certainty of an evert by probability of the event, the entropy is deéirsy
H(z) =- p(2)Inp(z)dz

wherep(z) is a probability of evert, and also interpreted as a probability of occur-
rence of event. In p(z) is the size of information per eventThe definition of en-
tropy H(z) is the average amount of information to be gaiinesh a certain set of
events. For the most uncertain event, its entrepyaximal, and for the most pre-

dictable events, the entropy is minimal. Mutuabhmhation is defined by this entropy
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theory. When there are two evemzjsand zg, the Mutual Information for a pair of

eventszy andzg is defined by [67]:

Ev (2.,2:)=H(z,)+H(z:)- H(z.,Zs) (6)
Equation (6) indicates that the maximization of Maltinformation is related to the

minimization of the joint entropH (z .,z . ) [48]. Marginal entropyH(za) andH(zg)

boost the Mutual Information value when each ewg@indzg has more information.
In the case of images, when two image patehesdzg have more texture, marginal
entropyH(z,) andH(zg) has a high value; when two image patches areasirto

each other, the joint entrogy (z,.,z.) has a low value. Matching images using Mu-

tual Information gives not only the similarity of¢ images, but also the credibility

of the matching.

2.4.2 Matching Y-features using Mutual Information

We consider a rectangular window enclosing the aftfee model in the source im-
age and compare it to other windows in the tangeige within a search area, which
is set to a fifth of the image size. Y-featuresvidrich Mutual Information is maxim-
al among the set of candidates are paired. Wenseeventsza andzg as two win-

dows enclosing the Y-features. We consider thieviohg approximation of the en-

tropy:

H(z) » - 1 In p(z)

zzlz
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where N, is the size of the window, and the density functiop(z) is estimated

based on Parzen window density estimation. Sincasoreagp(z) from the infinite

boundary is also difficult, the Parzen window agmto estimate the density function
p(z) from the sample patterns within the finite womd We consider a Gaussian den-
sity function for the Parzen windoW,e, and the distribution of the grey levels is lo-

cally approximated as follows:

P@> - g(z-2)

p ZjTWP
whereN; is the number of samples in the Parzen Windfdwand g, (2) is the uni-

or bi-variate Gaussian density function with a diag covariance matrix [67].

Now the entropy function becomes:

H(2) »-i mi gy(zi B Zj) (7)
w

221z Npa
We consider a window enclosing the Y-feature madehe source image and com-
pare it with other windows in the target image with specified neighborhood. Y-
features for which Mutual Information is maximal @ang the set of candidates are
paired. In Figure 11-(a) and (b), the extractede#tdires are displayed. The small
squares in the image indicate locations selectednagitial Y-feature but which
were later discarded due to low image gradientacaliie edges of the Y-feature

arms.
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© (d)
Figure 11. (a)(b) Fitted and validated Y-featurgu&es indicate non-validated Y-
features. (c)(d) Matching pairs of Y-features asnoedalities

2.5 Global Registration

In this section, methods to register color and ritscein images are discussed. A
simple registration method is to register imageguisatially. However, the registra-
tion error in the previous stage can be propagatéide next stage of the registration.
We propose a global registration method, which ey an optimal registration

solution for an unsorted sequence of color and@sicein images.
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2.5.1 Pairwise Registration

Using matched pairs of Y-features, images are tagd using an affine transform
model. The RANSAC method [17] is applied to fina timliers from the matched
features. Among randomly sampled three matchingsp#ie best three matching
pairs are selected to obtain the affine transfammch minimizes the geometric er-

rors of every match:

N

Abest = argMAin Eéeometric: i {(Xi - Ayl )2 + (yl - A_:L)(i )2} (8)

2N |
wherex; andy; are a matching pailN is the number of matching pairs, aids the
affine transform obtained by selecting 3 pairs efiedtures. With the selected affine
transform, the geometric error for each matchingipaomputed. Based on the error,
the outliers among the matching pairs are remoweltlae inliers are considered for
the estimation of the affine transform. Figure ¢l&nd (d) show the pairs of corres-
ponding inliers after matching and registration.

After the estimation of the affine transform, wefide the registration error

function E* with the geometric error of matched Y-features hhdual Information

of whole image pairs after transformation.
E*(1,,1,) = Edeomenill 151 2) - By (1,A(1,)) )
whereA is the estimated affine matrix*Eomericis the geometric error in Equation

(8), andEy, is Mutual Information in Equation (6)1 is the normalization factor for

two different error scales of Beometicand By .
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Images in a sequence of angiograms can be regissexqquentially using the se-
quential registration as illustrated in Figure &2-However, if one image is not cor-
rectly registered, this error propagates to theaieing images. Furthermore, the reg-
istration across modalities varies in accuracy ating to the phase of circulation of
the fluorescein dye in the retinal vessels. Théaloegistration is introduced to au-
tomatically reduce the registration errors of aordered set of images within and
across modalities. The global registration is idezhto identify the best registration
among all pairs of images, while minimizing thelgdbregistration error. Figure 12
illustrates the difference between the sequengigistration and the global registra-

tion.

(a) Sequential registration (boleal registration

Figure 12. Difference between (a) Sequential reggisin (b) Global registration
constructed from all pairs’ shortest path algorithm
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Figure 13 A complete graph of a sequence of color and flemem®m images.
Nodes correspond to images and costs of edge signad our registration er-
ror. Originally, this sequence has 17 imagestteicomplete graph with only 7

images is shown for display purposes.
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2.5.2 Selection of the Reference Frame

The quality of the resulting mosaic depends comalalg on which image is selected
as the reference frame. We propose here a methaklecting the reference frame
that gives the lowest registration error using grapalysis. To address this problem,
we construct a complete and undirected graph, wtierenodes correspond to the
images to be registered, and the edges correspotig fpairwise registration of the

images. A cost is associated to each edge, repiggehe registration error com-

puted by Equation (9) obtained by the pairwisegstegiion. Figure 13 shows an ex-
ample of a complete graph of images; there areribges in this set of data but for

clarity, only 7 images are shown for display pugsos

The global registration problem is formulated aslihg the shortest path from
every node to all the other nodes in this compeitt undirected graph. The all-pairs’
shortest paths are calculated using the Floyd-Védralgorithm [20]. With this algo-
rithm, all shortest paths from a node to any otiwtes are obtained. When there are
n images in a sequence, we builch @ size symmetric adjacency matix where
each element represents the geometric error ofrhages. If there is no connection
between two images, an infinite value is assigmedHat corresponding element of

the adjacency matriA.
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Procedure All_Pairs_shortest_path(n, A s)

begin
for k=1ton do
for i=1ton do
for j=1ton do
if  Aliklt  A[kjl<  Alij] then
begin

Alijl=  Alik]+ Ak
slijl= slikl+  slkjl;
end

end All_Pairs_shortest_path

After running this algorithm, the shortest patst lirom imagel to imagej is
saved in the liss[i,j] . In the matrixA, the accumulated costs for each shortest
path are calculated. Theh row of matrixA indicates the registration errors from the
imagei to all other images. Therefore, the values in eamh of matrix A are
summed up and the row with the minimum total regt&in errors is selected as the

reference frame:

Referenceframe= arg‘il\{/llin} R.or (1) = arg‘Tl\{Qin} All, ] (10)
il {1,...n il {1,..n j=1

whereReror(i) is the total registration error with the refereriamei.

2.5.3 Optimal Registration

After the reference frame is selected, the globgistration is simply accomplished
by selecting the shortest path from reference freoradl other frames as represented
by the listss[i,1] ... s[i,n] . The selected shortest paths from a referencesfram

to all other frames give an optimal solution givee costs on the edges, since this
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guarantees that total registration error acrosg@&mare minimal. The time com-
plexity of the algorithm is @f), wheren is the number of nodes. Figure 14 illu-

strates the shortest paths from the reference ftarother frames.

?L i "

b

L

o

)
€
F]
€

Figure 14 An example of global registration from the seldateference frame to
all other frames using the shortest path algoritNodes of images are con-
nected by arcs with registration error betweenweimages.
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2.6 Experimental Results

We conducted experiments on 11 sets of imagesl1TIhmage sets were chosen by
an experienced retinal specialist to be represeataf the typical range of images
encountered in clinical practice, encompassingngeaf common retinal diseases.
Each set contains one color image and approxim&@lgngiographic images, in-
cluding very dark ones with poor contrast. In mafsthe previous work dealing with
retinal angiogram registration, these images anplyi discarded and not registered.
Furthermore, in some pathological cases, irregsients with very strong contrast
bias the extraction of Y-features. Only the grekamnmel of the color image was con-
sidered as it contains the best signal response.

We have added, regardless of the type of the imagsidered, a pre-processing
stage based on morphological operator for incrgafie accuracy of the Y-feature
selection. Morphological operators are appliedraofeo to obtain rectilinear structures
in the image. These represent good indication ®fpitesence of a vessel [68]. After
opening the image with a linear structuring elemaith 12 different orientations,
the maximum value of the 12 different responseselected for each pixel. The Ii-
near opening and the sum of top-hats remove ssw@hted spots and enhance ves-
sels detection. To detect dark vessels, the imageverted before using the same
process. Since we are processing the collectidranfes independently of the circu-
lation phase of the dye, images can have both taigth dark vessels. In the experi-

ments described, we have preprocessed all imagetady. Y-features detected
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from original and preprocessed images are pairethéiching and the registration of

frames.

Figure 15. A view of registered images
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Figure 16 Mosaic image of registered angiograms

Figure 15 shows the pairwise registration of calod one of fluorescein images
using an affine transform. The global registrativas derived using the all pairs’
shortest path algorithm described in Section 2I Mmode corresponds to each pic-
ture and the weight of the edge represents thetragon error in Equation (9). Fig-
ure 16 shows the final mosaic obtained after regigg a set of images.

We have conducted an evaluation to quantify tleei@acy of the detection of the
Y-feature using the proposed articulated model. Mdee measured the number of
detected Y-features, as a variable of the totalbemof seeds pointds detected by
the PCA-based algorithm. The obtained ROC cunwigplayed in Figure 17. The

ROC curve is saturated at approximately 0.17 fdksection rate with more than

43



0.96 positive detection rate. Ground truth wawged by hand-tagging the location

of the Y-features in the image set.
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Figure 17. ROC curve of Y-feature detection acauydio the number of Y

features N

Evaluating the accuracy of the registration acmosslalities is a difficult task

because of the lack of ground truth. We definedgitweind truth by annotating cor-

responding points manually and deriving the growath affine transform matrix.

We have also compared the proposed approach lmaséite matching of Y-

features to other different methods that use dthage features. In Table 2, we show

the registration error obtained by: PCA-based festLthe pairwise registration of Y-

features fitted to image characteristics, and usirgy global registration method.

91.09% of images2@5 out of 258 images) were accepted for the registration, and

8.91% of images23 out of258images) were automatically discarded from thesregi

tration since they had high registration errors: €aor images, only one image is

discarded among 11 color images. Among 23 discardades, 1 image is from col-
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(a) Early phase (b) Early Phase (c) Late phase

Figure 18. Examples of fluorescein images discaedgdmatically from the regis-
tration because of high registration error withesttimages in a sequence

or images, 7 images from the early phase, 0 images the middle phase, and 15
images from the late phase of fluorescein imagegiré 18 shows examples of dis-
carded images. We notice an improvement of theracguoy using the proposed
global registration method with the all pairs’ dlest path algorithm. The geometric
error of matching points was calculated from thenualy estimated ground truth
affine transform. The average pixel error of thegmsed method i2.757204.This
value was obtained by averaging over the wholetéhages considered in the 11
sets of image2@4 pairs).

This evaluation of 2-D registration using manuaheatation has limitations,
however. First, manual annotation cannot be perite annotation is performed
by a human. Second, the actual shape of the rista&-D surface, but we registered
the images by 2-D affine transformation. These swarces of errors contribute to
the results reported in Table 2. We address thes&tions by reconstructing the 3-

D shape of a retina in the next chapter.

45



# of Sequent_ial Sequent_ial G_Iobal_

Image # of discarded Re_g|strat|on Regls_tratlon Regls_tratlon
Name | Images Images with PCA- with with

based features Y-features Y-features
Retina_1| 20 0 2.2760 2.5658 2.3313
Retina_2 17 3 8.4572 3.5519 2.8198
Retina_3 9 0 3.6032 1.9391 1.7253
Retina_4 17 0 8.2562 3.4280 2.5488
Retina 5| 24 1 2.7828 3.8374 1.6484
Retina_ 6| 24 3 2.7372 3.3803 3.5249
Retina_7 24 4 4.7375 6.0997 2.8175
Retina_8 32 6 3.0115 4.7030 3.1998
Retina_9 20 0 4.2200 2.9743 2.4980
Retina_10, 38 5 5.3870 4.8811 4.1132
Retina_11) 33 1 3.9761 2.7736 2.0227

Total 258 23 4.335719 3.792287 2.7572

Table 2 Comparison of average geometric pixel errors udimg sequential regis-
tration of corners, the sequential registratioextfacted Y-features, and the glob-
al registration using Y-features.
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Chapter 3  3-D Shape Inference

In this chapter, we propose an automatic methadféo the 3-D shape of the fundus
from a pair of images. The method consists of tleteps: First, the matched Y-
features from a pair of images are used to estithatepipolar geometry based on a
plane+parallax approach. Second, the images etiied by the estimated geometry.
After the rectification, the search space on thenboe for stereo matching is esti-
mated based on the Y-feature correspondences.efuirstly, a dense disparity map
is estimated using Mutual Information criteria.gtiie 19 shows examples of a pair
of retinal images used in this study. In Figure 2@ overall flow of proposed me-

thods for the 3-D shape reconstruction is shown.

() (c) (€)

(b) (d) (f)

Figure 19. Various pairs of retinal images (a)(bages of Retina_A, (c)(d) Images

of Retina_B (e)(f) Images of Retina_C. 47



This chapter is organized as follows: In Sectiah tBe previous studies are re-
viewed. Section 3.2 addresses the problem of estighapipolar geometry. Section
3.3 explains the matching algorithm for dense digpanap. Section 3.4 discusses
the experimental results including the comparisbthe performance of various ste-

reo estimation methods on fluorescein images.
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[ 2-D Registration ]

Matched Y-features

A 4

Plane+Parallax Algorithm

l -002 -047 -507M0

Fundamental Matrix F= 052 -001 16853
507 -173®7 190667

[ Estimate Epipolar Geometry using }

A 4
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Rectified Images
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[ Dense Stereo Matching }

using Mutual Information
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Disparity Map

Figure 20. Overall flowchart of 3-D reconstructioiretinal fundus
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3.1 Previous work

To obtain the 3-D shape of the retina, practitisr@ten use specialized devices such
as a scanning laser ophthalmoscope (SLO) or arcabptoherence tomography
(OCT) system. Based on the principle of low-coheeemterferometry, OCT pro-
vides anin vivo cross-sectional image of the retina that simulat&Esoscopic visua-
lization and has axial resolutions under 3um [48][@Jnfortunately, the cost of
OCT equipment and the expertise required for iterpretation have limited wide-
spread adoption of this technology, particularlydeveloping countries. In addition,
angiographic studies using these OCT systems thangefér proved to be challenging.
An alternative to subjective inspection and higktconaging consists of inferring
the 3-D shape of the retina using images acquiigdavwommonly-available, lower-

cost fundus camera. Figure 21 shows OCT data ahtwila.

Figure 21. Cross-sectional image of a macula obthby OCT
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A few research efforts have been reported ondoheeapt of reconstructing the 3-
D shape of an optic disc from the retinal imageé§[ER]. Previous methods are rela-
tively simple as they only consider images that mechronously acquired using a
calibrated rig and therefore the epipolar geomesgmation is performed offline
using a calibration pattern. The problem of the 8Hape reconstruction of a retinal
fundus from sequences of fluorescein images habe®t addressed in the literature.
We believe that a successful 3-D reconstructicimefretina from a pair of fluoresce-
in images should provide a cost-effective and usiagnostic tool for ophthalmolo-

gists.

The first step to obtain a dense stereo map tgication, a process which aligns
the matching points along horizontal scanlinesortter to rectify two stereo images,
the epipolar geometry, represented by the fundaahematrix, should be estimated.
After rectification, each point in one image is ofed with one in other image by the
matching function. In this section, we list the \poeis works on epipolar geometry

estimation and various stereo matching algorithms.

3.1.1 Epipolar Geometry Estimation

The classical approaches for estimating the fundéahenatrix F (using 7- or 8-
points) [2][25][36], are not accurate because theps of the retina is relatively flat
[24]. Even in disease states such as macular edeh@e the central retina can be

“dramatically” thickened, the retinal surface eléoa in these situations is relatively
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modest compared with the overall radius of cunetirthe retina. Furthermore, al-
though a retinal fundus has a curved 3-D shapesutface curvature is relatively
small. In [34],the authors proposed a method for computing thddomental matrix

using the plane-and-parallax approach. The metbadists of first estimating the 2-
D projective motion, or the homography, and thdariing the epipoles by using two
other matching points belonging to residual paxatiegions. The fundamental ma-
trix is then estimated using the epipoles and tradgraphy. In [15], the authors use
the RANSAC (RANdom SAmple Consensus) method [1delect a set of 7 match-
ing points that are not on a plane and estimatefuhdamental matrix using the

plane-and-parallax algorithm.

3.1.2 Dense Disparity Map

A comprehensive review of several stereo estimatiethods is provided in [51]. In
particular, graph cut [32] and belief propagatiéb][methods have shown good per-
formance on test sets of stereo images with sdeamang large depth changes, simi-
lar intensity for identical pixels, and texturedjiens. Retinal images, however, ex-
hibit unique and specific challenges, such as agryntensities, shallow depth retinal
fundus surface (especially in relatively normaina}, and low texture. Existing me-
thods in the literature are not well adapted ferest estimation of the retinal fundus
from fluorescein images, as attested by our contiparatudy presented in the expe-

rimental results section.
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3.2 Estimation of Epipolar Geometry

The homography and the fundamental matrix are astidhfrom a set of Y-feature
correspondences between two images. This sectemrides the method for estimat-

ing the epipolar geometry from a pair of fluoresdenages of a retinal fundus.

3.2.1 Homography Estimation

Using the matched pairs of Y-features, images egestered by a homography. The
RANSAC method is implemented to detect the inlemsong the matched features.
The best four corresponding pairs of Y-featuressamlected to estimate the homo-
graphy, which minimizes the geometric error:

Huw=argmin 2 - Hy, ) +(y,- 1 ) (12)

wherex; andy; are the matching pair amtlis the homography.

3.2.2 Fundamental Matrix Estimation

At least seven point correspondences are necessastimate the fundamental ma-
trix of the epipolar geometry. However, variousnsi@d implementations of the 7-
points and 8-points algorithm were tested and dit provide satisfactory results
[25][36]. Figure 22 shows the result of the cormgging epipolar lines defined by

the fundamental matrix estimated by the 8-poinbadgm.

53



In Figure 22, we show examples of erroneous etbmaf the epipolar geome-
try from a set of correctly matched Y featurestHa examples above, the motion of
the camera between two acquisitions is close tara franslation. There are two
common situations where a degenerate case occuhe iastimation of the funda-
mental matrix [24]: Cases in which both camera &enand the 3-D points are on a
ruled quadric, or when all the points lie on a plarin the case of retinal images, the
later case is common because the surface of tmaristrelatively flat (except in a
few patients with severe retinal disease). Althotlgh points are not on the same
plane, the range of 3-D depth is too shallow toagsatisfactory fundamental matrix

from the 8-point algorithm.
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(@) (b)

(c) (d)
Figure 22. Examples of estimated epipolar geometigg an 8-point algorithm

in the case of a translation of the camera. Thenastd epipolar geometry is inac-
curate. (a)(b) Retina_A (c)(d) Retina_B

To overcome this limitation of the 8-point algbrit on retinal images, we use
the plane-and-parallax algorithm proposed in [33ijven 4 corresponding points,
first a homography is calculated. Adding 2 morenpabrrespondences belonging to

residual parallax regions enables us to estimatéottation of the epipoles. The fun-

damental matrix can then be estimated by:

F=[e¢H (12)
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whereH is the homography obtained from the Equation €t the epipolec¢is the
intersection of KIx1)" y; and Hxy)" y» wherex; andy; (i=1,2) are a matching pair of
features, andy is a matrix notation for the calculation of thess product. Figure

23 illustrates the plane-and-parallax algorithnegstimate the fundamental matrix.

€] © €]
° 0]
€]
o © °
o O o
Parallax H
. Parallax €

Figure 23. lllustration of the estimation of fundamal matrix using thep-
lane+parallax algorithm. 4 corresponding pointsirgefthe projective
geometry,H. Two additional points in the residpafallax regions define
the epipolex¢which then provides the estimate of the fundamengdrix

F=[ ed-H

We have implemented a RANSAC-based algorithm fer plane-and-parallax

method, similar to the one used for the estimatibthe homography. For each esti-
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mated homography, we randomly select two additionatching pairs with large
geometric errors reported by Equation (8) to forrfumdamental matrix. Subse-
quently, we select the fundamental matrix thasfas the following equation.

Foest = arngin (Xi Fy, )2 (13)

wherex; andy; is the corresponding pair. Figure 24 shows theesponding epipolar

lines obtained by the plane-and-parallax appro@hbb. plane-and-parallax algorithm
can reconstruct not only flat-like surfaces bubasirfaces with greater 3-D varia-
tions. After estimating the fundamental matrix,reteimages are rectified using

Gluckman and Nayar’'s method [21] for the estimatbthe disparity map.
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(a) (b)

(©) (d)

Figure 24 The epipolar lines obtained from the plane+paxaltlased fundamental
matrix estimation.

3.3 Stereo Matching and 3-D Surface Estimation

3.3.1 Estimating the Search Space
In this section, we address the problem of estimgatihe depth range from the set of
matched Y-features. The definition of a suitablarele space within the scanlines for

stereo matching is important: when the search sigao® narrow, the corresponding
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points cannot be identified, on the other hand, wiie search space is too wide, it
may be possible to detect the corresponding pixetbe scanline, but the detection
is not necessarily accurate. A proper range fersétarch space gives a high confi-
dence in matching; and it also reduces the comipatéime. Most of the existing
algorithms manually select the search space tthgebest results. One approach for
automatically estimating the search space is bagsedsing a coarse-to-fine search
[41]. This method assesses the approximate offs¢he search space from the
coarser level, and does not provide an accuraimast In addition, error from
wrong matches in the coarser level can be propddatéhe finer level. In [45]the
search space is defined based on the maximum dfisparity gradient value. This
requires scenes or surfaces with strong dispaniyeipth, and therefore may not be
applicable to many retinal images. We propose datkethat automatically defines

the search range by using the matched Y-features.

Although some cases of severe retinal diseasehanay “dramatic” distortion of
the retinal morphology with focal elevations of tetina several hundred microns
above the expected retinal surface, for many patidre retina has a relatively small
3-D depth variation. As such, the disparity seaphce is fairly shallow. Since dis-
parities for the sparse key features are knowmpadlity at other points can be easily
extrapolated because the retinal surface is anstlplanar surface. Assuming that
corresponding Y-features are well distributed astbe images, the search space can

be easily estimated from the set of known dispegiti
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Figure 25-(a)(b)(c) shows the histogram of thesdedisparity map. Figure 25-

(d)(e)(f) shows the histogram of Y-features’ disp@s. We note that the shape of the

distribution can be well approximated by a Gaussietribution. Even though the

number of sample points defined by the Y-featusemuch smaller, the histogram

follows the same pattern as the one estimated ewléhse disparity map. The aver-

age and the variance of the Y-features’ dispanéyadso similar to those of the dis-

parity map.

After rectifying the position of matching Y-feaas, we can obtain the meag)

00000

00000

ooooo

R A I I L I

Depth of Y-features (Retina_A)

(d)

ooooo

ooooo

00000

Depth of all pixels (Retina_B)

(b)

()

35000

30000

25000

20000

15000

10000

L

Depth of all pixels (Retina_C)

(©)

Figure 25. (a)(b)(c) Histograms of all pixels’ disppy for each stereo pair.
(d)(e)(f) Histograms of Y-features’ disparity. Theean(r) and the standard
deviationg) of each histogram is (a#-6.1,5=2.221 (d) m=-6.0,sy =2.801
(b) m=-55.15=2.459 (e) my =-54.3 sy =2.121(c) m=-2.8 s=0.983(f) m =-

3.55v=1.336
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and the standard deviatiaryj of disparities among all transformed Y-featureres-

pondences. The search sp&ds then determined by the following inequality:

M -4sy< S <m+4sy (14)

which has99.994%confidence interval in the Gaussian distribution.

3.3.2 Dense Disparity Map using Mutual Information

In the rectified images, all matching pixels areglied on the same scanlines. On the
scanline, the lower and the upper bound of thechesprace are estimated by the me-
thod described in the previous section. This negduces a 1-D narrow search
space which enables a more accurate computatithreafense disparity map. In case
of the retinal fundus images where the intensitiethe matching areas vary across
the stereo images, a general cross-correlatiordagerithm does not provide satis-
factory results. Instead, we propose an algoritising Mutual Information for

matching points along the scanlines and estimdtiaglepth map.

In [30], the authors used only joint entropyzKHs) rather than Mutual Informa-
tion for the general stereo matching criteria. The psepdomethod does not work
well on low-textured areas. When mostly texturebgsas are compared to each oth-
er, joint entropy has a high value on texturelegs,awhich is incorrect. However,
marginal entropies Hg) and Hgg) help to boost the Mutual Information value on
the textured structures. In [27], he author eswuidhe discretized density function

p(2) in order to reduce the time complexityz) is calculated at the given point and it
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is convolved with a 2-D Gaussian to simulate thasdg function. However this

simplification reduces the accuracy of Mutual Imf@tion.

We use Equation (6) to implement Mutual Informatidn Mutual Information,
the marginal entropies B{) and Hgg) are included and the density functiq(z) is
computed individually using a Parzen window estioratvith Gaussian assumption.

The disparity of each pixel is determined by follogvequation.

disparity = argmaxMI (d) = argmaxMl (z,, 2z 4) (15)

d' s d s

whereMI(za,zs ¢) Is Mutual Information from Equation (6) arzd 4 is the window of

d pixel distance from the windowg in the second image. Each pixel is centered in a
window za, which is then compared with a wind@g/y in the other image within the
search spac8& The pair of windows that has maximum Mutual Infation deter-

mines the disparity of each pixel position.

Since the range of disparity values is narrow,stihigpixel resolution of disparity
is essential in the 3-D reconstruction of retimahges to avoid “staircasing” in the
disparity map. We estimate the disparity map withpsxel resolution using a qua-

dratic interpolation relying on neighboring Mutuatormation values as follows:

Subpixel= disparity + = ¢~ 2

2 b- min(a,c) (16)

wherea=MI (disparity-1), b=MI(disparity), c=MI (disparity+1), anddisparity is the

value of selected disparity in Equation (15). Ewveligparity is determined individual-
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ly by the Mutual Information matching criterion. W® not apply any smoothness
constraint to calculate disparities. Based on #xernomy of stereo algorithms [51],
only the matching function is applied. Neither aggtion nor optimization methods
are used. In our experiments, we have observedtith methods only degrade the

accuracy of the matching.

3.4 Experimental Results

The reconstructed 3-D shape is evaluated againstiaig annotated ground truth. A
more accurate depth map would require knowledgleinternal and external cam-

era parameters, which are currently unavailable.

3.4.1 3-D shape of retinal fundus images

We conducted experiments on more than 20 seterdsimages and 3 challenging
pairs of fluorescein images as selected by an expmd retina specialist (3 pairs are
shown in Figure 19). Retina_A has a large elevisidn in the center of the image.
In addition, the stereo images of Retina_A haveeiy strong illumination change.
Retina_B is the concave shape with a very smalbriem the upper middle part of

the image. Retina_C is almost flat, but it has $m#lusion at the optic disc.

After the Y-features in each image are extractedi matched, the epipolar geo-
metry is estimated using the plane-and-parallaxrdtgn (Figure 23). The stereo

images are rectified based on the fundamental xyand the search space is esti-
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mated from the set of matching Y-features (Figlsea@d Equation (14)). Using Mu-
tual Information, subpixel resolution dense disfyamaps are estimated and shown

in Figure 26.

In Figure 26-(a)(b), (c)(d) and (e)(f), the 3-Daplks for Retina_A, Retina_B,
and Retina_C are shown from different views. Insthénages, the disparity values
have been scaled (by a factor of 30) to magnify3He depth. The estimated 3-D
depth maps have little noise even though we did apyily any post-matching
smoothing step. The calculated depth values neabdluindary are incorrect due to
occlusions. The size and degree of the elevatednlesea of Retina_A is demon-
strated in Figure 26-(a)(b). Figure 26-(c)(d) shdkes concave shape of the fundus in
this myopic patient’s eye. The optic disc is ineddarea in retinal fundus image. In
Figure 26-(e)(f), 3-D shape of a blister-like eltwa of the retinal surface is accu-

rately estimated.
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(a) Retina_A side view (b) Retina_A

(c) Retina_B side view (d) Retina_B

(e) Retina_C side view () Retina_C
Figure 26. Dense 3-D depth maps using Mutual In&diom

3.4.2 Evaluation of the stereo matching
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The evaluation of the 3-D reconstruction is onethef most difficult processes in

medical images because of difficult access to gitaumith measures. We evaluated
the performance of the reconstruction by annotattiegcorresponding points in the
stereo images. The error is measured by the piral ketween the annotated ground

truth disparity and the estimated disparity.

In the first experiment, we evaluate the perforogaaf Mutual Information ac-
cording to the window size. There are two window$/iutual Information. One i
in Equation (6), which is the area window enclosiihg current pixel position. The
other isW,, which is the Parzen window to estimate the dgrfaitction.N, andN,
are the sizes of each window. First, we fixed thezen window size t®,=3 and
measured the pixel errors, changing the area winglae;N,. Second, we fixed the
area window size td~=15 and monitored the errors, changing the Parzedow

size,N,. The error measures for these two scenarios ateeglin Figure 27-(a) and

(b).

66



300+
250 250 -
200 2.00
_5- —e— Retina_A|
@ 150 150 - ———0—999 9+ ¢ | = RetinaB
Q
g —a— Retina_C|
1.00 1.00
0.50 1 0.50 -
000 —— 000 17—
5 10 15 20 25 30 35 40 45 50 55 60 123456 78 91011
AreaWindow Size Parzen Window Size
(a) (b)

Figure 27 (a) Errors according to the area window sidg,of Mutual Informa-
tion. (b) Errors according to the Parzen windove gk,

In Figure 27-(a), as the area window size increase errors decrease first, then
stabilize, and increase. The graph of Parzen windaw also follows the similar
pattern with that of the area window size. Sincetdl Information is a statistical
measure, more data gives better accuracy. Howexen the window size is too
large, the saliency of Mutual Information decreasesaddition, the larger window,

the slower is the computation.

In the second experiment, we evaluated the pedooe of different stereo
matching algorithms. We have used the evaluatialesdrom the Middlebury data-
base [71] for SSD, DP (Dynamic Programming), SOafine Optimization), and
GC (Graph Cut) algorithms. For SSD, not only suns@fiared difference, but AD
(Absolute Differences) were also compared witheddht parameters, such as win-

dow size, shiftable window, and truncation. Forbglooptimization algorithms, such
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as DP, SO, and GC, we compared the performance twithmatching functions
(SSD and AD) and with different smoothness termd, the best parameters for each
image were selected for each method. We implemeNt€@ (Normalized Cross
Correlation) and Mutual Information. In Table 3, ean see that Mutual Information
outperforms all other methods in terms of accurddytual Information generated

little noisy estimation and is highly accurate, eue areas with low texture.

In Figure 28-(a)(c)(e), the surfaces of 3-D rdtimadus are shown. We reduced
the boundary area to remove outliers caused bysiceis. A slice of the surface is
displayed at the intersection with a vertical plaimeFigure 28-(b)(d)(f), the image
texture is mapped on top of the 3-D depth map. green line, which matches with
the intersection position of the surface imageshenleft, displays the 3-D depth of
the texture. Except the boundary area, most ofaaea well reconstructed. The 3-D

shape of lesions and an optic disc are also actyrdtimated.

Matching Functions Retina_A Retina_B | Retina C
Sum of Squared Distance(SSD) 3.5281 2.4851 3.5207
Dynamic Programming(DP) 2.5780 3.41938 4.0795
Scanline Optimization(SO) 2.1882 2.9460 3.5228
Graph Cut (GC) 1.9562 2.4396 3.8251
Normalized Cross Corr.(NCC) 1.6873 0.8419 0.9400
Mutual Information(Ml) 1.5673 0.8899 0.8827

Table 3 Disparity Errors of different stereo algorithmeriSSD, DP, SO, and GC,
parameters with the best performance for each inaageselected. For NCC and
MI, the parameters are fixed across images.
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(a) Surface map of Retina_A (b) Texture map of Retina_A

(c) Surface map of Retina_B (d) Texture map of Retina_B

(e) Surface map of Retina_C (f) Texture map of Retina_C

Figure 28. Reconstructed 3-D shapes of retinalif(ac)(e) Surface maps with
an intersection plane. The heights of the vertmlahes are determined by the
minimum and maximum values of 3-D depths (b)(dJ@xture maps. Each line
matches with the intersection position of the stefamage on the left.
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Chapter 4 3-D Reconstruction and Registration

In this chapter, we address the problem of the Bublidean reconstruction and the
registration from multiple images, given that theserved surface is nearly planar.
This is difficult, as classical methods work wetllypif the scene is truly planar (mo-
saicing) or the scene has certain significant defattiations (classical Structure-
from-Motion (SfM)). One domain in which this probieoccurs is image analysis of
a retinal fundus. In Figure 29, examples of fluoeds images are shown. Our ap-
proach is to first assume planarity, and perfor®-@ global registration. A first
bundle adjustment is applied to find the cameratipos in Euclidean space. We
then select two images and compute the epipolamgay between them using a
planetparallax approach. These images are matchegeérerate a dense disparity
map using Mutual Information. A second bundle ainent is applied to transform
the disparity map into a dense Euclidean 3-D depdlp, fixing the 2 camera posi-
tions. A third bundle adjustment is performed tbnes both camera positions and a
3-D structure. All images are back-projected to 3H@ structure for the final regis-
tration. The method is evaluated by synthetic asal retinal images. The entire
process is fully automatic. The method is geneaatl can be applied to other do-
mains, as shown in the experiments. Figure 30 shbe/overall flow chart of the
proposed approach.

Chapter 4 is organized as follows: in Section gréyious studies are reviewed.
Section 4.2 summarizes 2-D global registration afd shape reconstruction algo-
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rithm. Section 4.3 describes the three-pass buadjliestment algorithm to estimate
the camera motion and to reconstruct the 3-D straah Euclidean space, followed
by the final 3-D registration. In Section 4.4, ysihe synthetic structure, the method
is evaluated and near-planarity is defined. Expenital results are given in Section

4.5.
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(@) ()

(b) ®
() (@)
(d) (h)

Figure 29: (a)(b)(c)(d) Example of retinal fluorest images (e)(f)(g)(h) Two
pairs of stereo retinal images from a patient veitje-related macular degenera-
tion. A characteristic ‘blister’ in the macula iarder to see in the red-free images
(e)(f) than it is in the images taken after injentof fluorescein dye (g)(h) into the
antecubital vein. Nevertheless, the image in (lusred which complicates ste-
reoscopic measurements.
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Figure 30. Flow chart of the proposed approach



4.1 Introduction

Registration of images of a near-planar surfagergerally performed in 2-D, which
generates errors due to 3-D depth information.rrore accurate registration, the 3-
D structure of the surface has to be explicitlysitdared. However, the near-planarity
condition makes it difficult to estimate a 3-D sfiwre since it is a quasi-degenerate
case for the estimation of the geometry from imgd&$. For the Euclidean recon-
struction of the surface, the plane at infinity @hd absolute conic have to be esti-
mated when camera parameters are not provided. \oywdhe lack of 3-D depth in
the surface prevents us from estimating even affgenstruction. Triggs suggested
a method reconstructing a near-planar surface tt@rhomography of each image
[56]. Assuming that the projection of one directmipoints at infinity is orthogonal
to every image plane, the camera parameters anea¢stl for Euclidean reconstruc-
tion. This method needs at least 3 images if amyfocal length is estimated. How-
ever, the author recommends 8~10 images for relisggults. Furthermore, the im-
ages should be taken with 10-<2fhgle differences.

Near-planar 3-D surfaces are common, such as naalestructures (facades of
buildings), terrain images from a satellite, or amage of 3-D structures taken at
distance. To reconstruct and register those imisg@s important issue since they are
quasi-degenerate cases to reconstruct in 3-D Eaclicspace. One good domain
where this problem occurs is fluorescein angiogeaguences of a retinal fundus.

We recall the properties of the fluorescein angiagof a retinal fundus: (1) the re-
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tinal fundus has a shallow depth. The overall shajepatch of a sphere, but there is
intrusion in an optic disc, and sometimes thereeataided blisters in the middle of
the macula. (2) The intensity level of angiograrhanges significantly during the
circulation of the fluorescein dye. (3) Camera motis close to a translation. In the
middle phase of a fluorescein sequence, imageshawny vessels and their bifurca-
tions with high contrast. In contrary, the earlydahe late phases of fluorescein se-
guence pairs have fewer vessels with lower contfEstis, when we try to find
matching features across images, (4) the numbertrangbosition of the matching
features of image pairs are not consistently digted. Those properties make it dif-
ficult to apply Triggs’ algorithm, or any other autalibration method for planar
scenes [31].

Brown and Lowe proposed an image registrationrélgo for near-planar sur-
face images such as scenery images [6]. They Sk fS8atures for the invariant
features and RANSAC method to obtain the matchifigrs [38][39]. They estimate
a focal length and a rotation vector for each camusing bundle adjustment. Since
they do not consider the 3-D structure, nor traisieof the camera, the method also
creates residual errors. They reduce residualswusually by blending multiple im-
ages. However, our goal is not a mosaic, but anstoacted 3-D structure and an
accurately registered image sequence of the rdtinaus, which is more useful for

the doctor’s diagnosis.
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We propose a fully automatic method for the retroicsion and the registration
of images of the near-planar surface. Since weatamistain 3-D structures from all
image pairs, we use only one dense 3-D depth flemnost accurately registered
pair. Even if the number of matching points in gsly or late phase of fluorescein
angiograms is small, we may estimate at leastdheeca parameters of those images.
Combining a dense 3-D depth structure and the inaggh camera motion, we reg-
ister a full set of fluorescein images in 3-D.

We propose a three-pass bundle adjustment algurifine procedure is as fol-
lows: first, we register images in 2-D using a @lbbegistration algorithm [6].
Second, a pair of images with the low registragoror is selected and a dense dis-
parity map of the pair is obtained using the pla@eallax algorithm for the geome-
try, and Mutual Information for the matching criterThird, three-step bundle ad-
justment algorithms are applied for the estimatbtoth the camera parameters of
each image and the reconstruction of a 3-D stracflio take depth effects into ac-
count, we first assume that the majority of thenece planar. The scene is estimated
as a plane and 3-D depth information out of tha@lig considered to acquire the 3-
D geometry from the images. Finally, using the canparameters, every image is
back-projected to the reconstructed 3-D structuck re-projected again to the refer-

ence image to acquire the final registration.

76



4.2 2-D Global Registration and 3-D Shape Reconstructio

For the 3-D reconstruction, the same methods destin previous chapters are used,
which are the 2-D global registration and the 3Hape reconstruction of the near-
planar surface. Y-features are extracted usingrédoukted model and matched
across images using Mutual Information. The glaleglistration method, using all
pairs’ shortest path algorithm, finds the refereimage and its connections to other
images with the lowest registration error.

After registering images in 2-D, a dense dispanigp is estimated from two
images, which have lowest registration error, udimg method in Chapter 3. We
make use of the planar assumption: the plane+parallgorithm is applied to esti-
mate the fundamental matrix [34]. We rectify theagas using Gluckman and
Nayar’s algorithm by obtaining 2-D rectificationthographie®R; andR; for images
I, andl,, minimizing resampling effects [21]. Two image® aectified tol™; and
IR, such as,

|R1:R1| 1
1% =Ral>.

Figure 31 shows the rectified two images.
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(a) (b)
Figure 31: Rectified images. Two images are seletbe the estimation of the
dense disparity map

The search range of the disparity is determinedshyssian assumption of Y-
features’ distribution [14]. Subsequently, a pdimt ";(x,y) is matched with that of
IR,.(x+d, y) in the 1-D search rang¥ S Mutual Information in Equation (6) is used
as matching criteria, since Mutual Information abust to intensity changes in the

fluorescein images [14]. The disparity mnaps calculated by the following equation.
D(x,y) = argmaxEy, (17(x,y), 15 (x+d,)) (17)

where Ey, calculates Mutual Information between two rectdaguneighborhood
windows centered on the specified position. Theatity mapD describes the cor-

respondence dfi;andI®; such as,

1Rx,Y) » IR0+ D(X,), V) (18)
We transform the above equation to original posgia andl, by applying inverse

rectification homographie®;™ andR,™.
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I 1(x1, y1) = R 1%4(x,Y)
(19)
| 206, Yo) = Rz R0+ D(XY), Y)
I 1(x1, Y1) andl »(Xp, ¥2) are matching points in the original images. ladtef dense

disparity map, we use these dense correspondeniceddinal images as an input to

the bundle adjustment to achieve the 3-D recortibruc

4.3 3-D Euclidean Reconstruction and Registration

The disparity map encodes correspondences betwethied two images, but is not
a reconstructed structure. The 3-D structure afiréase should be reconstructed at
least up to Euclidean (or metric) space, where sogle is not determined. For the
Euclidean reconstruction of a structure, the irdband external camera parameters
are necessary. In this section, we propose a 3dlid&an reconstruction method for
near-planar surfaces using a three-pass bundlstatgat algorithm. In addition, the
reconstructed 3-D structure is used for the regfistn of images of a near-planar

surface.

4.3.1 3-D Euclidean Reconstruction
When the camera parameters are unknown, the dassconstruction method is the
stratified reconstruction algorithm, which reconsts a surface first in projective,

second in affine, and third in metric space, stggtep. Since we obtained a funda-
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mental matrix by the plane+parallax algorithm, vem infer the projective transfor-
mation matrices by
P.=[110], P2=[[e -F|e]
We express points in the 3-D structureXaghen the projected image points age
P, X for imagel ; andx,= P.X for I,.
If we find the plane at infinity, the affine trdonsmation matrices can be ob-
tained by applying the 3-D homograpHy such that

P, =P; H.t Pap =Py H. L, andX, = HaX

I |0
whereH , = | , andp is the plane at infinity. We need 3 vanishing p®ito

define the plane at infinitp . However, the 3-D depth of a surface is too shatio
determine the vanishing point in the depth directibherefore, we cannot proceed to
the next stratified reconstruction method any méigure 32 shows the projective
reconstruction of a retinal fundus in Figure 3. BaP points are estimated by trian-
gulation [24]. Since the reconstructed points areh@ plane, we cannot estimate the

plane at infinity.
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(a) Frontal view (b) Side view
Figure 32: Projective reconstruction of imagesigufe 31

The other method for 3-D reconstruction is usingdie adjustment [37][57].
This method can determine the internal and exteraalera parameters of each im-
age and reconstruct the 3-D scene structure inidéasl space simultaneously. We
use bundle adjustment using the Levenberg-Marqumairdmization method in [37].

Since we have corresponding Y-features for allgenpairs and dense matching
points of a pair of imagels; andl ; in Equation (19), we can apply bundle adjust-
ment. However, if we apply bundle adjustment to getamera parameters and the
3-D structure at the same time, the method falis iocal minima. When we try to
estimate the camera parameters first, the 3-Dtstieics not provided, andce versa
To solve this situation, we propose a three-passlleuadjustment using first a pla-
nar assumption for the near-planar surface.

As we need 3-D points for the initial input of hile adjustment, we assume
those 3-D points are on a plane, parallel to thegenplane. Initially, we set the 3-D

structure to have the same size as the refererageiplane since the scale does not

81



matter in Euclidean space. Therefore, the width thedheight of the 3-D structure
are the same with those of the reference image¢henplanar 3-D structure is parallel
to the reference image. Assuming that there iskesv and the CCD cell is a square,
we estimate only the focal lengtHor the internal camera parameter. Figure 33-(a)

shows the initial settings.
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e o | Plane parallel to reference imi
e o 3-D points are on the plane

Matching features across images

Ir

V | | V

(a) First bundle adjustment: Assume planar strectand estimate camera motion of each image

a

1
' Dense Matching Map
(b) Second bundle adjustment: Fix two camera metiand estimate 3-D structure

/

IR'

(c) Third bundle adjustment: Refine motion and ctiice

Figure 33. Three-pass bundle adjustmenis the reference image. The triangle
indicates camera position with R, T, and
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In the first-pass of bundle adjustment, fixing g8hape of the 3-D structuxe
which is a plane at this moment, we estimate th&tiom matrixR;, the translation
vectorT; of the each camera, and focal lenfytth = 1, .., m, andm s the number of
images in a sequence) from the matching Y-featacesss images. The depth of the
whole 3-D plane is also determined in this step.ti#¢se parameters are estimated
by minimizing the following re-projection error,

E(P,X) = " Ix; - PX| (20)

i=1 j=1
wherex; is j-th feature position in the imagen; is the number of corresponding
features in the image P; = Ki[Ri[Ti], and the internal camera parame{gr consists
of only the focal lengtif.

In the second-pass of bundle adjustment, we ®xdimera parameters of two
imagesl ; andl ,, and estimate only the 3-D structure from the detmrespon-
dences of the stereo imagés,andl . The index order of points of the dense 3-D
structure is set as same as that of the referemagsi to refer the back-projected posi-
tions of the 3-D structure in the final registratijorocess. Since it is assumed that the
surface is a plane, the points not on the plansecagrprojection errors when we re-
project the 3-D structures to any image excepftexeace image. By moving those 3-
D points on the plane to a certain 3-D positiorhwiducing the re-projection error,

the 3-D structure is estimated minimizing the falilog equation.
p
B = P Poxi @)
=1
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wherep is the number of dense matching poi¢é, is 3-D points of those dense
matches, ané, and P, are the projection matrices bf andl ,. Figure 33-(b) illu-
strates the second-pass bundle adjustment.

In the third-pass bundle adjustment, we refinehltbe camera motion for all
images in a sequence, the 3-D structure using dhee anatching features;, the
camera parameteR from the first-pass bundle adjustment, and thenstructed 3-

D structureXd,- from the second-pass bundle adjustment.

EPX)= " - x| 22)

i=1 j=1
Figure 33-(c) shows the third-pass bundle adjustmen

After the three-pass bundle adjustment algoritiwerhave both the internal and

(a) Frontal view (b) Side view

(c) Frontal view (d) Side view
Figure 34: Reconstructed 3-D structures of thenattiundi (a)(b) Reconstruction
of the retina from images in Figure 29-(a)(b)(c)RBconstruction of the retina
from images in Figure 29-(e)(f)(g)(h). 85



external parameters of each camera and the 3-Dtsteu Figure 34 displays recon-
structed 3-D structures of the retinal fundi. We tlss information for the final reg-

istration method.

4.3.2 Registration by Back-projection
The reconstructed 3-D structure of a retinal funitgedf provides useful information
for doctors to diagnose the retinal disease. Magave make use of the 3-D struc-
ture for the registration of other fluorescein irmagThe common 2-D registration
method is to set a reference image and to regiter images one by one in 2-D
[12]. When the surface is not a plane, the redistraising this method may generate
residual errors caused by the 3-D structure. Therotethod is to reconstruct the
surfaces from each image pairs in 3-D and regesD structure using 3-D registra-
tion algorithms, such as iterative closest poi@R) method [4]. When the surface is
near-planar, it is hard to reconstruct the 3-Dditme from the image pairs as men-
tioned in Section 4.1. Instead, we propose thestegion method using one 3-D
structure and camera positions by back-projectingnages to the 3-D structure.

The reference image is one of the images witi3tBedense disparity map. To
register the-th imagel; to the reference imade, all pixelsxg in the reference image
plane are back-projected to the 3-D structdreand then, the 3-D poirX is pro-

jected to the image point.
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To estimate the back-projected 3-D points from riierence frame, we trace
back the index of the 3-D structure, which hasdhme index order with reference
image in Section 4.1. The projection matixfor the reference image is

Xr= PrX. (23)
The function of back-projectionis
X =b(Pg,Xg) - (24)
The 3-D structur& is re-projected to imageby
X; = P, X = Pb(Pg, Xz) (25)
The pixel value of re-projected positiandetermines that of registered position of
imagei. Since the re-projected position»gfis not an integer, the pixel valuexfis
determined by bilinear interpolation from the ndighing 4 pixels. Figure 35 illu-

strates the registration method using the 3-D &irac

X1=P10(Pr, Xg)

1 Reference Imagk

y

Figure 35. Registration by back-projecting to a 3tfcture
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4.4 Definition of Near-Planarity

In this section, we evaluate the proposed methawyusynthetically generated 3-D
structures. In addition, boundary of 3-D recondtaicof retinal images is specified
changing the depth of the 3-D structure, the basednd the angle of two cameras.
Our result presents a factor, which is directhatedl to near-planarity. Based on the

factor, we discuss our definition of a near-platyaaind its minimum requirements.

4.4.1 Synthetic Retinal Images

Reconstruction of a retinal fundus is a difficutbpess since no method provides the
3-D structure of the whole retinal fundus. OCT datay be a good ground truth val-
ue but an OCT machine estimates only a partial efearetinal fundus rather than
the entire retinal fundus. Because of this limagatof OCT, we evaluated our method
with synthetically generated retinal images.

We generated two kinds of 3-D surfaces, one Isyperbolic paraboloid, and the
other is asinc surface. The hyperbolic paraboloid has a simitapg with a saddle.
The saddle point is on the center of the surfatéhésinc surface, the height of sine
waves peaks in the middle and gradually decreaseard the end. The width and
height of both surfaces ad0 480 We set the internal and external camera parame-
ters similar to those of a retinal fundus camerarbler to generate synthetic images,

a texture is mapped to the 3-D surface and thesairis projected to each image
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plane based on camera parameters. Figure 37 shewsages where the textured 3-

D surfaces are projected.
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(a) 3-D structure of a hyperbolic parafb) 3-D structure of a Sinc function
boloid, size : 640480 42 the size of the structure : 64480 30

(c) 3-D structure of a hyperbolic para{d) 3-D structure of a Sinc function
boloid, size : 640480 171 the size of the structure : 644080 121

(e) 3-D structure of a hyperbolic para{f) 3-D structure of a Sinc function
boloid, size : 640480 301 the size of the structure : 64480 304

Figure 36. Synthetic 3-D surfaces with differenptterange. (a)(c)(e) A hyper-
(Y- ¥o)® (%= %)
b? a’
value, &, Yc) is the center of the image, aredandb values are fixed as the one

10th of the width of the structure, which asb=64. (b)(d)(f) A sinc function,

. 2 2
M ,whereN:\/(X' 2(0) +(y- Zyc) _
w a b

bolic paraboloid functionz=s , Wheres is a variable scale

Z=S
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(a) Images projected ontasancsurface

(b) Images projected onto a hyperbolic paraboloid

Figure 37. Images projected onto synthetic surfaces

In the first experiment, with varying depth of therface, we generated multiple
sets of synthetic images. The purpose of this éxg@et was to define the upper and
lower boundaries of a near-planar surface, loch&deen a plane and a non-planar
3-D surface. Figure 36 shows examples of two symthsurfaces with different
depths. For each set of images, the complete rercatien process demonstrated in
this dissertation (i.e., Y-feature extraction, Z3l@bal registration, 3-D shape recon-
struction, and 3-D Euclidean reconstruction) wascexed respectively. Figure 38

shows the reconstructed structures and error map.projected images of planar
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surfaces such as Figure 36-(a) and (b) were nanstaicted. This is because the
projected images did not provide enough 3-D infaroma(parallax residual in this
case) to estimate the epipolar geometry. In Fi@&€d), thesinc surface was accu-
rately reconstructed, except the central area dluleet self occlusion of the structure
and insufficient range of parallax residuals torespnt the sharp extrusion.

After the reconstruction, Euclidean distances betwthe synthetic 3-D structure
and the reconstructed 3-D structure were calcul&tignire 39 shows the reconstruc-
tion errors regarding the varying depths of strreguFor the method unable to re-
construct images, the error was set as the maxiralue. In Figure 39-(a), average
reconstruction errors are plotted. The graph indiaelatively high reconstruction
errors for planar surfaces. We investigated tipdeear surfaces and determined that
the high error came from the inaccurate estimatpgiolar geometry. Because most
of the matching points are on the same plane, iabtelparallax points were selected,
producing the erroneous fundamental matrix. Orother hand, the error stays com-

paratively low in near-planar surfaces.
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(a) Reconstructed hyperbolic paraboloid
size : 640480 171 Error map ( Error : 6.518786)

(c) Reconstructed hyperbolic paraboloid
size : 640480 301 Error map ( Error : 12.06079)

(b) Reconstructedincfunction
size : 640480 121 Error map ( Error : 10.03085)

(d) Reconstructedincfunction
size : 640480 304 Error map ( Error : 39.74035)

Figure 38. Reconstructed synthetic surfaces wifflergint depth range. The boun-

dary of the 3-D structure is not well reconstrudledboundary occlusions in ste-
reo matching.
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As the depth increases, the error increases gigpdiide reasons for the in-
creased error are as follows. First, the firstsgasndle adjustment in the proposed
method assumes that the surface is planar thusetinm processing the wide-depth
3-D structures. Secondly, the self-occlusion mada#gfficult to estimate an accurate
disparity map. Finally, the high scale of depthréased the absolute error. However,
we note that an accurate comparison between wipttdgtructures and narrow-
depth structures requires normalization of the eachnstruction error with its depth
scale. Thus Figure 39-(b) plotted the normalizedmstruction error. As described in
the figure, when the depth ranges are between 80280, the method provided a
reliable result. In case of a hyperbolic parabql®it?6 of the 3-D structure was cor-
rectly reconstructed when the depth range was Ih5@ase of ainc surface, 92% of
the surface was correctly reconstructed. Most efdtrors resulted from the lack of
texture when processing stereo matching of retmabes. In addition, theinc sur-
face particularly has a sharp extrusion in the exeaf the structure, further causing

the increment of reconstruction error.
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Based on this experiment, we estimate the lowanary of the depth range for
reconstructing a retinal fundus as 11% of the ciatjtength of the image. For ex-
ample, in a 640x480 structure, the required degtige is at least 90. However, this
minimum requirement applies only to commercialnatifundus camera settings. If
the cameras have higher resolution or wider basetire required range would be-
come lower and also enables the reconstructioatofal fundus with narrower depth
range. The upper boundary of the depth was 45%eofliagonal length of the image.

The second experiment computed the reconstruetimns with varying baseline
of cameras. To capture the images in wide baselireeangle of cameras was ad-
justed to direct the 3-D structure. We fixed treptth range as 100, and all other
camera parameters were set as the same as thexpiesiment. Figure 40 shows the
average reconstruction errors with respect to teelne of cameras. With the nar-
row baseline cameras, the method did not estinha@dundamental matrix, because

the range of parallax residuals was too narrowth@mother hand, in case of the rela-

(@) (b)

Figure 39 (a) Average reconstruction errors based on thehdemge of 3-D
structure. (b) Normalized reconstruction erroryiganormalized by the size of the
depth. 95



tively wide baselines, the method reconstructedctires correctly. With the wider

baseline cameras, the reconstruction errors grigdnateased because that; (1) im-

ages were distorted by a perspective effect; andpé2ts of images were self-

occluded by 3-D structures.

Average Reconstruction Error w.r.t Baseline

\

1\

I A .
R A ..o
\\W_/'\'\-

20 40 80 120 160 200 240 280
Baseline

Figure 40. Average reconstruction errors accortingase-
line of two cameras

4.4.2

Definition of Near-Planar Surface

The depth of a structure and the baseline of casreme important factors to recon-

struct a near-planar surface. However, each fantatself does not determine the

accuracy of reconstruction. For example, evendfdbpth is very narrow, high reso-

lution images and wide baseline of cameras mayigeoaccurate estimate of 3-D

structure. In general, besides the depth of thetire and the baseline of cameras,
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angle of cameras and resolution of the imageslaceralevant to the definition of a
near-planar surface image.

Our extensive experiments on different sets oigesarevealed that the key vari-
able related to the definition of a near-planarfag was the parallax range, which
was determined by the depth of the structure, éselution of the image, and the
baseline and the angle of cameras. The parallagerenpossibly determined simply
by examining the minimum and the maximum valueparallax residuals. However,
the outliers of residuals precluded the usage ®mimimum and the maximum val-
ues of residuals. Assuming that the parallax redgdof retinal images follow a
Gaussian distribution, we used the similar approadbguation (14) that was used to
automatically determine the search space. Usingalearrespondences used for the
second-pass bundle adjustment, we estimate thigarangeR.

m -2s4 < Parallax Range <ig +254
(26)
R=4s4

wheremng is the mean andy is the standard deviation of the distance of dewnse
respondences. If the distribution of the residdalfows the normal distribution,
95.45% of samples are included in the inteRaFor the images that do not follow
normal distribution, median, minimum, and maximualues are possibly applicable

to define the parallax range.
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Accordingly, we define near-planar surface imagi@am@image with low parallax
ranges. The defined image in this case includesmly the image of the near-planar
surface but also images of a surface with a widedepth, including those taken at
distance with low resolution or a narrow baselWéen images of a surface with
very narrow depth are taken closely with high regsoh or taken with a wide base-
line, those are also included as a near-planaaseiifnage. There are two minimum
requirements for the reconstruction of near-planaface images. First, the parallax
residuals have at least two Manhattan distancespxel. Second, two parallax di-
rections are not parallel. A more reliable reduttwever, needs a parallax range that
is wider than the minimum requirements. Figure Hdvwss that each image has some
intervals of residual ranges where the proposedaodetvorked best. However, the

intervals vary depending on the characteristicuofeges.

(a) Registration Error (b) Normalized registratemmor

Figure 41. Reconstruction errors according to rafgerallax residuals
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4.5 Experimental Results

We tested on 5 fluorescein sequences of imagesaa®tjuence of facade images.
Each fluorescein sequence has 10~20 images (lotah&es). Two sequences (Re-
tina_1 and Retina_2) are images of healthy refimadli; Three sequences of Reti-
na_D taken in different fluorescein phases aretesind two sets are shown in Fig-
ure 29-(e)(f) and (g)(h). The images demonstratetiaal pigment epithelial detach-
ment (‘blister’) in the macula secondary to choabideovascularization from age-
related macular degeneration. The ‘blister’ in Bigure 29-(h)s out of focus, which
makes the image reconstruction difficult. Imagdsetaduring early or late circula-
tion of the sodium fluorescein dye are very darkhvwgoor contrast. For doctors, the
accurate registration of fluorescein retinal fundusages is a very important issue,
because the small intensity changes in fluoresteages can produce a different
diagnosis. From the intensity changes in a pixalitpn in fluorescein images, dif-
ferent types of disease can be defined [26][65r&fore, doctors take images most-
ly on the pathologically suspicious area with sndhslational motion. We tested
the performance of each registration method by mlinannotating the ground truth
in Section 4.5.1 and by using the current clinigald standard, optical coherence
tomography (OCT) in Section 4.5.2. In Section 4.9iBer near-planar surface im-
ages are tested with the proposed method. Inde4tb.4, we compared our method

with other state-of-art commercial products, Autokt Photomodeler, and Boujou.
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4.5.1 Fluorescein Images

First, the 2-D global registration was performedsets of fluorescein images. For all
images, Y-features were extracted using the agiedlmodel and they were matched
across images using Mutual Information in Equati®n For the global registration,
when the geometric error of pairs in Equation (&svinigher than the certain thre-
shold value @eometid, those pairs were discarded from the fluoresseguence. We
set gyeometic=3 pixels; accordingly, the normalization factor vwset as/#=3 in Equa-
tion (9). Since this threshold is very tigRtl.43% of images, whose registration er-
rors were higher than the threshold value, wereadiited in the experiment.

Two images with the small registration error amdwegh parallax range (more
than 3 pixels of parallax range) among image paée selected for dense matching.
The mean 2-D registration error value of selectedge pairs wa$.4830pixel. Af-
ter obtaining dense correspondences and applymghtiee-pass bundle adjustment
algorithm, the 3-D structure of a retina is recamged and camera parameters of all
images are estimated. The reconstructed 3-D steutishown in Figure 42. In Fig-
ure 42-(a)(b), a healthy retina was reconstructe@ @&urved surface, and its optic
disc is also well reconstructed. A retina withlstbr was clearly reconstructed in

Figure 42-(c)(d).
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(a) Surface Image (b) Textured Image

(c) Surface Image (d) Textured Image

Figure 42: Reconstructed 3-D surface images ofétieal fundi. The line indi-
cates the elevation of the surface in one y-axis.

All points in the reference image were back-prigddo the 3-D structure and
re-projected again to each image to define thel piakie of each point in a regis-
tered image. Since the registration is performelg on the 3-D structure, if back-
projection of a point does not intersect the 3-iDctre, the point is not registered.
Therefore, the displayed area of back-projectedyenads smaller than that of 2-D
registration method. The registration error of fesrein images for each method is
shown in Table 4. Since the depth range of Retirend Retina_2 is quite narrow,

the difference of registration errors between 2eBistration and the proposed regis-
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tration method was not evident. However, the regfisin errors of the sequence of
the retina with a blister wer21435for 2-D registration and.2469for registration
by back-projection, since the retina has a largbrdepth with larger parallax ranges.

Figure 43 shows a mosaic of registered retinal esag

. . Retina_D
Retina_1 Retina_2 with a blister
Parallax Range 2.664023 1.830510 5.882474
Error of
2-D Global Registration 1.047754 2.475218 2.143509
Error of Registration
using 3-D Structure 0.980606 2.123321 1.246913

Table 4. Comparison of average geometric pixelrerod retinal fundus
images using the 2-D global registration and thgisteation by back-

projecting to 3-D structure. For each set of rétimages, parallax ranges
are shown.

Figure 43. A mosai®f Retina_1. 12 images weaeblended in the mosaic.
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4.5.2 Evaluation of Reconstruction using OCT data

The evaluation of 3-D reconstruction is a difficpitocess in medical imaging be-
cause of the difficulty in accessing ground trutbasurements. The manual annota-
tion cannot be accurate since some feature pointssfluorescein images are invis-
ible, blurred, or moved since the width of vess#ianges. One possible source of
ground truth data is obtained in this study fromTOEowever, because OCT data
and fundus images are acquired by different mashibés not easy to align the data
to the 3-D shape data. Therefore, for evaluatiom,mmanually matched several fea-
ture positions, which have high curvature valuesnfthe OCT dataX, to the 3-D
depth map)Y, to align them to obtain a 3-D transformation mxaff. Differences
between the 3-D point in the transformed OCT d&(X), and its nearest neighbor

point in the 3-D depth mayy, are calculated as an evaluation criterion.

1
E(X,Y,T)=—
(XY, )=

X xl X

T(X,)- argr;r}iQHT(xi) - yJHH (27)

whereNy is the number of the points in OCT data.

Retina_D, which has a blister in a macula, hasettzets of images in different
fluorescein phases and corresponding OCT data #@emmercial instrument (Carl
Zeiss Meditec, Dublin, CA). Set_1 and Set 2 arewshan Figure 29-(e)(f) and
(9)(h). Set_3 are taken in final phase of angiogvath a narrow baseline. For each

sets, we reconstruct the 3-D structures separasatyg the three-pass bundle adjust-
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ment algorithm. The reconstructed 3-D shapes ahReb are evaluated by compar-

ing our results to aligned OCT data in Table 5.

Retina_D Set 1 SetR Set_3
Parallax Range 5.882474 2.422023 1.360333
3-D ReconstructiorError 2.077233 4.548050 8.755127

Table 5. 3-D registration errors of 3-D reconstedcstructure and 3-D
OCT data in pixel metric.

Even though Retina_D had an obvious 3-D structine registration error of Set 3
was high, since the images are taken with veryomabyaseline with small parallax
range,1.360333 Figure 44 shows reconstruction of three setsrages and 3-D

registration with OCT. Set_1 and Set_2 were acelyratconstructed.
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Reconstructed structure

3-D registration of structure and OCT
(a) Reconstruction of Set_1, parallax range:5.882#ayistration error: 2.077233

Reconstructed structure

3-D registration of structure and OCT
(b) Reconstruction of Set_2 parallax range:2.2320@egistration error: 4.548050

Reconstructed structure

3-D registration of OCT and incorrectly
reconstructed structure

(c) Reconstruction of Set_3 parallax range:1.3808egistration error: 8.755127
Figure 44. 3-D Registration of reconstructed strret and OCTs
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4.5.3 Other Near-planar surface images - Facade Images

We also tested on other types of sequences. Ffurshows selected images of a
facade of a palace in Denmark. The facade look$élait does have a 3-D structure.
Instead of Y-features, we used SIFT features [B&r matching SIFT features us-
ing the SIFT description vector, all following pesses are the same as the methods
explained in this paper. Figure 46 shows 2-D regest images. Figure 48 shows the
reconstructed 3-D structure after the three-passllbuadjustment. The two pillars
are merged in reconstruction, since we used a wirglpe of 41 for matching. Fig-
ure 47 shows registered images using the proposg#ioh Figure 49 shows the tex-

tured 3-D structure from a different viewpoint.

() Image 5 (b) Image 6
Figure 45. Selected fagade images
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Figure 46. 2-D registration of a facade

(b)
Figure 47. Registration using back-projection te 8D
structure of a facade
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Figure 48. 3-D reconstructed facade

Figure 49. Textured structure from a different \p@mt
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We also evaluated registration errors of each atetor fagcade images in Table
6. The ground truth is manually annotated. Sinedfdigade has wider 3-D depth than

a retina, the difference of errors is more pronegnc

Facade
Parallax Range 33.067138
2-D Global
Registration 10.124093
2-D
Registration Error Registration using 568167
3-D Structure '

Table 6. Comparison of average geometric pixelrsrob facade images

4.5.4 Comparison with Other Methods

We tested other state of art commercial packagesear-planar surface images.
First, we used Photomodeler [72] to reconstruch Isyhthetic images and real retin-
al images. However, for all sequences of retinalges the process fails to converge.
The error message was that no 3-D points couldat®ulated due to low camera
angles, which is common in retinal images. Secaratested Boujou4 [70], which
accurately estimates camera motions and sparseiiss for a non-planar scene.
The features were correctly tracked in 2-D but ¢sémation of the structure and
camera motion was incorrect. For facade imagesjddoocould not process them
because it requires more than 5 frames. All foal retinal sequences produced very
poor results. Even though the actual camera madiafose to a pure translation, the

estimated motion was a rotation. This is a wellwn@ambiguity for small displace-
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ments. Even after adding the option of a plane tcaims, their results were poor.
The average normalized reconstruction error of Bodijwas 32.16% for synthetic

image sets. Our method gave only 8.24% error osdhee image sets.
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Chapter 5 Conclusion

In this dissertation, we have described method2-Df registration and 3-D recon-
struction of retinal fundus images. Extracting “&tigres with an articulated model
provides robust, accurate, and fully automatic stegtion of color and fluorescein
retinal images. The PCA analysis of the directidiilggr responses presents good
estimates of the initial position of Y-features.eTiitting of the articulated Y-feature
model provides accurate estimates of the Y-fegiasitions in the image. The model
is also capable of discarding false alarms. Th@gsed global registration has dem-
onstrated a satisfactory performance in registecoigr images and fluorescein angi-

ograms of the retina in difficult cases where insagetailed low contrast.

Reconstructing a 3-D shape of the retinal fundamfa fluorescein pair of im-
ages is challenging, since gray levels vary adltlieescein dye propagates through
the vessels. The difficulty also comes from the that the 3-D retinal surface is
near-planar. To solve these problems, we propaseéthod of the 3-D reconstruc-
tion that integrates reliable landmarks, definedYbyfeatures, a plane+parallax ap-
proach for robust epipolar geometry estimation, etneMutual Information criteria

to estimate the dense stereo map.

The Euclidean reconstruction of a near-planaraserfrom images is a difficult
problem because it is a quasi-degenerate casédoedtimation of geometry. We

proposed a three-pass bundle adjustment methad, tite camera parameters are
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estimated using planar assumption of the surfaeegrsl, the 3-D structure of the
surface is reconstructed in Euclidean space bwydixhe camera parameters, and
third, both the 3-D structure and the camera moéimn refined. The proposed me-
thod not only reconstructs a near-planar surfadeuiclidean space but also registers
its images by back-projecting images to the 3-Dcstire. In addition, the near-planar

surface image is defined in terms of the paraléange.

All processes were completed without any useraateon, and they were fully
tested and evaluated with a large number of retinafjes. We believe that our me-
thod will play a crucial role in assisting ophthalmgical diagnosis based on a wide
range of retinal fundus images. In addition, theppsed method may be applied to

many other near-planar surface images.

Since the retinal images are produced from ananisvnear-planar surface, the
proposed method works on most sets of images. Hipteiimages of an unknown
surface are given, our method may not work on irmaijea planar surface or a non-
planar surface. Future work should focus on, fastomatic categorization of a giv-
en surface as planar, near-planar, or non-planachlayacterizing the surface and
using residual ranges, in order to apply differetonstruction methods for each
surface. Second, the 3-D shape inference methaddshe extended to use multiple
images in a sequence, rather than two images onbn attempt to produce more

robust and wider range of 3-D reconstructions.alynthe current method requires
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segmentation of a scene into multiple near-plangases so that more complex 3-D

structures in the scene may properly be reconsiuct
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