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Abstract

Advances in medical device technology have resulted in thga of devices that sense, record,
transform and process digital data. Images are a key forniaghdstic data, and many devices have
been designed and deployed that capture high-resolutigivainimages in different parts of the spec-
trum. Computers have enabled complex forms of reconstmuaf cross-sectional/ 3D structure (and
temporal data) non-invasively, by combining views from tiplé projections. Images thus present
valuable diagnostic information that may be used to makéwkelrmed decisions.

Computer aided diagnosis is a contemporary exploratiomplysacomputers to process digital data
with the aim of assisting medical practitioners in intetiprg diagnostic information. This thesis takes
up a specific disease: diabetic retinopathy, which has Vish@racteristics manifesting in different
stages. Image analysis and pattern recognition have beentaslesign systems with the objective of
detecting and quantifying the extent. The quantitativerimfation can be used by the practitioner to
stage the disease and plan treatment, track drug efficacyake decisions on course of treatment or
prognosis.

The generic task of image understanding is known to be caatipoglly ill-posed. However adding
domain constraints and restricting the size of the probleakenit possible to attempt solutions that are
useful. Two basic tasks in image understanding : detectimhsegmentation, are used. A system is
designed to detect a type of vascular lesion called mictagse, which appear in the retinal vascula-
ture at the advent of diabetic retinopathy. As the diseasgrpsses it manifests visually as exudative
lesions, which are to be segmented, and a system has bedopdeléor the same.

The developed systems are tested with image datasets ¢hat #re public domain, as well as a
real dataset (from a local speciality hospital) collectedirdy the course of the research, to compare
performance indicators against the prior art and elicitdsetnderstanding of the factors and challenges
involved in creating a system that is ready for clinical use.
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Chapter 1

Introduction

In medical diagnosis, images are a source of in-vivo, paintdservations that are visually analyzed.
Complex imaging modalities are deployed in medical diagnasd planning owing to the clinical value
of visual information. Practioners and clinicians arerteai to make decisions based on perceptible cues
visually obtainable from medical images.

Images form the key information source in many medical deess for purposes such as diagnostics,
surgery planning, therapy and follow up. In some applicetjovisual information is the only source of
observations - brain FMRI for instance. It may even be the that the information sought is perceiv-
able only in visual information - lung nodules in MR images, €&xample, present strong likelihood of
developing tuberculosis.

The information captured in images is best interpreted bydwexperts. The primary task towards
attempting automated interpretation of visual informati® object detection. This chapter introduces
the problem of object detection in medical images, fornadat general image detector, and discusses
about retinal images and diabetic retinopathy. The thesigldps analysis algorithms for color retinal
images to perform automated detection of indicative lesmfrdiabetic retinopathy.

1.1 Object detection in images

Detection of objects in images is one example of an image rstataling task. The object has a
known visual manifestation, which is searched in the imadanual search becomes a tedious task as
the field of view increases. When accuracy, speed and umbétection are the requirements, the task
calls for automation.

The object detection task can be considered as the firstiengh-abstraction of visual information.
Higher abstraction tasks built upon object detection ajeablrategorization and object identification
[Ponce 06]. The detection task consists of localizing imsta of the target object as projected on
images. The challenge lies in constructing a detector #gxdiopns to stringent requirements of accuracy
necessitated by the application.



Object detection is helpful in clinical decision-making.heTl object to detect could be disease-
indicative lesions, hemorrhages, tumors, anatomic strest or interesting patterns. In the case of
diabetic retinopathy, initial stages of the disease areaterized on the retinal photograph by 'dot’
lesions . The extent of affliction is indicated by the counthaf lesions, and their locality. Object de-
tection can provide quantitative information in each ofsthaituations. The clinical decision-making
process can be augmented by automatically analyzing viet@mation and transforming it into a
presentable and measurable form. The information yieldeddcbe useful in deciding the treatment,
planning surgery, and for tracking progress.

1.1.1 The detection task

Detection inimages is a task of finding the locality of a thagect in a given image. In order to find
instances of the target, a detector may invoke knowledgleptototypical appearance of the target.
The prototypes of the target are expressechasacteristic patterns, which are points in a measurement
space or “feature-space”. A metric is defined in the featpees to quantify the proximity of candidate
samples to the known prototypes. The value of the metricshtelplecide whether an observation is that
of a target or not.

The locality and number of occurrence of the characteristic patterns may be directly utilized in
deriving descriptive information abothe state of NatureFor instance, in retinal image analysis, the
spatial proximity of exudative lipids to the macula is anigador of the criticality of non-proliferative
diabetic retinopathy[Das 06]. Accurate localization ofudcteristic patterns may also be beneficial in
improving precision of treatment and attentive care. Eshae localization of every instance of the
target is laborious when performed manually, hence thedbskject detection in medical images is of
significance, and amenable to computer automation.

This chapter gives a general formulation of object deteciimages, performance criteria neces-
sitated by medical image analysis, and introduces diabetiitopathy, the illustrative case taken up for
this thesis. Also presented here is a dichotomy of the popylproaches for detection in the art.

1.1.2 Formulation

Define animage detectoas a detector that localizes a specific target object in trengmagel. Let
I be decomposable into sub-imagedn such a manner that in eaéh the two possible states of Nature
are ‘target presentuf;) and ‘target absentuy).

The general definition of detection is estimation of the entistate of Nature, from among a finite
set of possible states. Each prevailing state of Naturblistas a behaviour which may be observable.
Considering the example of weather, defining the states airas one ofrainy, sunny, cloudy},

a meteorologicabbservationis a sample ofneasurementgoverned by the prevailing state of Nature,
and detection involves estimating the state of Nature gavareteorological observation.



In terms of the observations, each state of Nature correisptina causal factor or distribution of
observation probabilities, and detection involves ediiimgethe source distribution for an observation.

If © is the state of Nature to be detected, define a hypothliésis2 = wq, the null hypothesis, or
the hypothesis which declares target to be absentfFAnd) = w; as the alternative hypothesis, which
declares target to be presentiin

The detector is then regarded as the tuple= (S, P,T") whereS is a set of characteristic patterns
known to be exhibited by the target objeét,is a function which partitions input into sub-imaged;,
andI’ = {~;} is a set of decision tests for ea¢hto decide between the two states of Nature. Each test
~; is of the form

vi(T) 231 0 (1.2)

accepting one among the two hypothesed;.at

The members of sef are governed by the representation chosen to depict thet taibject. One
method of providingS is inductive learning, by giving a set of training sampiéswvhich are sub-images
with the state of Nature labeled as “target present” by a domepert. In the absence of such training,
data analysis techniques may be used to obtain the chaséictpatterns. This is further elaborated in
Section 1.3.

The partition functionP may act such that the partitiodsare of varying size and overlapping. This
makes it possible to have combinatorial ways of partitigninamong which those partition functions
which do not fragment the target are of interest.

Thus the detectob consists of .S, P,T"), and given an imagé, outputs

U = {¢[y(Ly) > 0} C {i}, (1.2)

the indices of the sub-images in which the target object &ted to be present (called thesitives.
Design of a detector involves modeling the training subiesdg, obtaining the optimal partition func-
tion P and establishing the decision teftsThese elements are designed such that the detector meets
some optimality criteria, elaborated next.

1.2 Performance characteristics

The performance of detectors is measured by two kinds ofsepwssible in the detection tadilse
alarmsandmisses The nature of the deployment governs the performance nexgent for detectors.
For instance, if deployed in a screening scenario where @idecabout the normalcy of the subject
is to be made automatically, the system is expected to filiemormal cases (which are expected to
constitute a majority) and earmark those cases with higbgiitity of being abnormal, for manual
analysis by experts. In this application, the detector IdEed such that false alarm rate does not
exceed a certain value (typically 1-4 false alarms per infAtpeamoff 08] ). If the detector is used in



treatment planning or tracking, and provides visual outpuhe clinician, the hit-rate (complement of
miss-rate) is expected to be very high (typically above 80%)

The performance of a given detectbris ascertained by observing its outplitfor a set of known
images - images where the “truth” is known about the localftthe target objects (denote*).

An accurate detector is one whose output closely mat@fesComparison of and ¥* involves
two sets defined here. A matdhP is found as the set of one-to-one correspondences betWeard
U*, TP is the set otrue positives The setF'P = ¥ — TP are thefalse positives

The following relation can be stated about the sEtsT P and F'P:

TP
0<|TP[<[¥F], or 0< %gl 1.3)
For a single imagé, thesensitivityof the detector is defined as= %. Sensitivity is the power of

the detector to accepf; when target is actually preserf? & w,), expressed as a percent value. Other
names for sensitivity arue positive fractiondetection ratehit rate?, andrecall.

High sensitivity is achieved even whéfy is accepted indiscriminately, irrespective(ofi.e., ¥ ~
{i}). Itis desirable that — T'P, or FP — ).

Over a datasets and averageF'P| are the two metrics to quantify a detector. Detector design i
hence an unconstrained minimization(df- s) and|F P|. Since detector design involves identification
of decision testg§” and the suitable partition functioR, the process in essence is a minimization of
functionals.

In practical applications however, requirements are sdherolerable number of false alarmg),(
in which case detector design is a constrained optimizadfonsubject to|FF/P| < 7 (the classical
Neyman-Pearson task).

1.2.1 Detector design outline

The design of the image detector requires specificationeo€timponents below:

e S the set of characteristic patterns S consists of appearance rules and sample feature vectors
characterizing the target. The rules are captured in indjition (embedded in the detector logic)
or explicit form (rule-based knowledge system). In the ¢gpisituation, samples are created of
subimages with target (independentiof the evaluation set), called the training set.

e P the partition function . P is specified considering the variations in scale of the inmage,
and the size of the target.

e [ the set of tests T is designed for each variant of the characteristic patterns

e U* the evaluation set

'For a dataset of images, sensitivity over the dataset {31, |TP|:}/{> ", |¥*|:}
2The quantityl — s is called the miss rate



1.2.2 Assumptions

The formulation above transforms the problem of detectido one of decision, and poses detector
design as an optimization of some objectives. But the sniuiepends on the correctnessSf The
detector has a fundamental dependence5pand so good representative patterns are assumed to be
made available to the detector.

The performance of the detector also relies on adequateageef the search space by the partition
function P. Scale normalization of the input image should also be atteoifor in the logic ofP.

The evaluation se¥* should be dependable and the set size statistically signifisince the detector
is evaluated based on it.

1.3 Solution strategies

The formulation in Section 1.1.2 highlighted the key comgras of the image detector. This section
relates some prominent solutions in the literature to cdatfpnal methods of realizing the described
components.

The state of art in general image detection can be categointe two approachedearning-based
andunsupervised data analysis-based/hile the former approach transforms the optimizationvabo
into optimization of equivalent criteria, the latter exsss greater emphasis on domain and application
knowledge in order to perform the task.

1.3.1 Learning-based approach

Target detection can be posed as a classification betweegetTand ‘Non-target’, using training
samples describing the target only. The problem is pertiteeoutlier detection, and the taxonomy of
[Hodge 04a] names it as single-class classification orayutletection offype-3 Detection is viewed
as single-class classification since, for a given repraientof S, ‘non-target’ is not rigorously defined
and may encompass any number of classes based on the régtionenf S.

Several techniques [C.Papageorgiou 98] [Viola 01] [Datgl€dlve the single-class problem through
binary classification, considering a carefully selectemtmalized sample set of the target instances and
a “clutter” set populated by random selection of numeroutitimms from several images known to not
contain any instance of the target. The boot-strappingitrgimethod was used by [kay Sung 98], to
accumulate negative training samples (the false alarmminig images devoid of the target), itera-
tively modifying the decision surface until satisfactoligatimination is achieved over a disjoint test set
of images.

The optimization criterion in the formulation above is sformed by the type of classifier chosen.
For instance, a Fisher discriminant classifier [Dudar@@kimizesnter-class distance while minimizing
intra-class scatter. The SVM classifier [Burges &&ximizeshe margin of separation between the



optimal hyperplane and the labeled samples. A feed-forwatdtal network classifier performs a least-
squares minimization of training residuals. A classifieewlapplied to the detection problem, finds the
set of decision testB which best separate the training samples as target ancangei:t

It can be stated thahe correctness of the binary classifier decision surfaciers low false positive
rate (|F'P|/|¥|) and low miss ratél — s)

Lety = g(x) be the obtained decision hyperplane equation correspgnadithe separating boundary
of the two classes; andwg, with x the multivariate random variable corresponding to theuieat
measurements; is obtained by the process of classifier design based oreldlining samples. Let
g(x) be the true decision hyperplane (assuming that it exists).

The decision test provided by this hyperplanis: if y > 0 declarex to be inwy, else declare to be
in wo.

Givenx* the observations at subimagés$ of the ground truth, antr their labels, with elements of
I* € {1, -1}, Considerxy, x;,, such thaky, U x;, = x* and

1 ifx*ex*
g(x*) = P
-1 ifx* exj

Then, a particular evaluation sampige x* with labell; is classified wrongly by; if

9(xi)g(x3) < 0,0r [;.g(x;) <0 1.4)

If wy corresponds to the state of Nature accepting the alteenhfipothesis (target present), then
|[FP| = |{xi € x5, ; §(xi) > 0}], and|TP| = [{x; € x}, ; §(x3) > 0}

A correct classifier (denotg) tends to the hyperplang as good training samples are provided.
This means thag separates;; andx;,. A correct classifier thus yields maximuiP|, the number of
true-positives, andl’ N |, the number of true negatives.

TN

Figure 1.1Venn Diagram showing the sets TP, TN, FP and FN

Fig. 1.1 shows a Venn diagram illustrating the séts(bounded by green circle}y (bounded by
blue circle), TP = ¥ N ¥x (green region), and@' N (cyan region).



The classifier is capable of manipulatifg (blue circle) in order to achieve maximuf#'P| and
maximum|T'N|. SinceT N is disjoint of Ux, from the Venn diagram it can be seen that maximizing
|T'N| results in minimizing F'P|.

Hence for a fixed evaluation set of sige|, a correct classifier maximizes= |T'P|/|¥| and mini-
mizes|F'P]|.

The essential theme of the learning-based approach maynbmatized as statistical inference :
select a system thdtestmodels the target, based upon statistical evidence prdvidg¢he form of
labeled samples. Unlike this approach, the following paraddoes not directly perform an explicit
optimization, and relies more on domain knowledge, hdasisassumptions and constraints.

1.3.2 Unsupervised data analysis-based approach

The data analysis-driven approach consists of techniqudsas normalized template matching, den-
sity estimation methods (including maximum aposteriochtdques such as random-field modeling),
thresholding and clustering. Feature detectors such asdatgctors [D.Marr 80] [Canny 86], blob de-
tectors, corner detectors [Harris 88], boundary and prékelches [Asada 86] [Brady 85] [Haralick 83]
were the earliest to use this approach.

Initial work on object detection used template matchingBktke 95] [A.Yuille 92], applying nor-
malized correlation techniques and deformable templatggetform tasks such as detection of faces,
pedestrians, cars and road signs. In the case of retinaksnagsupervised techniques have been used
to detect various anatomical structures such as the vasmilpGarg 07] [Frangi 98], macula, optic
disk [Singh 08] , vessel junctions [Ram 09], bright and darkidns [Sinthanayothin 02] [Huang 05]
[Bhalerao 08].

This approach relies on the factors, assumptions and thelncodsidered by the algorithm devel-
oper. The problem is generally harder than the learningdapproach. The template or the model
provides a representation of the object, and is hence exgbéatbe versatile as well as discriminative.
Techniques under this approach include significant amdysriar information and domain knowledge,
constraints, heuristics and assumptions. The learningdoapproaches yielded better results, partly
because they were developed later, but mainly becausedlydgss on assumptions about the input and
enjoy greater flexibility in representation.

The data analysis approach is suitable when samples ardraigihtforward to get or operate on
(especially with reference to the partition functiét). It is also useful where the object is simple,
variations are less, and learning is counter-productiveuperfluous.



(a) Pedestrian detection (b) Car detection

Figure 1.2 Sample outputs of pedestrian detection and car detectiormagés courtesy of
C.Papageorgiou, MIT 2000



Cornea

Optic nerve

Ciliary body

Figure 1.3 A schematic sagittal section of the human eye, with schenealargement of the retina. Im-
age courtesy diVebvision: The organization of the retina and visual systdaiga Kolb, Eduardo Fer-
nandez and Ralph Nelson, John Morgan Eye center, Univekitijah. http://webvision.med.utah.edu

1.4 Focus of the thesis

This thesis aims to demonstrate each of the above two apgpedy applying them for the detection
of specific lesions indicative of diabetic retinopathy inardmages of the retina.

A learning-driven approach is designed for the detectiomaroaneurysms. A multispace clus-
tering based approach is discussed for the segmentatiatidlrexudates. The designed systems and
algorithms are a step towards achieving automated sciggasia support tool for clinicians and medical
practitioners. Further, insights from the state of art dreddystems developed are presented in the hope
of streamlining and accelerating further work in automaibpct detection in images.

1.4.1 Retinal Images

The human eye is structurally organized similar to a caméight that passes through the iris is
focused onto the retina through a lens. Retina is the semsembrane that lines most of the large
posterior chamber of the vertebrate eye. The visual inftonas encoded in the retina, and transmitted
to the brain through the optic nerve.

The human eye has a circular opening called the pupil thredrgbh light enters the eye and reaches
the retina (see Fig. 1.3). Retinal imaging systems use thesiaog to capture the image of the retina.
The diameter of the pupil adjusts itself so as to let an optinamount of light enter the eye. However,
the pupil can be dilated using drugs, in order to obtain aelaligmeter irrespective of the amount of
light entering the eye. Often, in order to facilitate bettiimination of the retina, the patients eyes are
dilated before capturing the images.



As can be seen in Fig. 1.3, retina has the shape of an innaiceusf a hemisphere. Because of this,
it is not possible to capture the entire retina in a singlegeaDifferent parts are imaged by adjusting
the camera into different positions. Typically, dependimgthe field of view of the camera, a number
of images are obtained so that the part of the retina thatirgtefest is captured in at least one image.

1.4.2 Diabetic retinopathy

Diabetic retinopathy is an ocular manifestation of diabetnd diabetics are at a risk of loss of
eyesight due to diabetic retinopathy. Upto 80% of patienith wiabetes tend to develop DR over
a 15 year period. Worldwide, DR is a leading cause of blindresaong working populations. DR
is also the most frequent microvascular complication obelias. The eye is one of the first places
where microvascular damage becomes apparent. ThougheBadbestill incurable, treatments exist for
DR, using laser surgery and glucose control routines. By etection is key to ensure successful
treatment.

For this disease, and consequently for this thesis, thearétithe most important part of the eye.
Diabetes being a blood-related phenomenon, causes vastuaages, which can often be detected
visually by examining the retina, since the retina is weligated by blood vessels.

The vascular changes in diabetic retinopathy producesngsiwhich hinder the working of the
photoreceptive neurons lining the retina. Specific spatglons exist in the retina, like the fovea,
containing high concentration of photosensitive cells @rgereft of vasculature. Diabetic retinopathy
leads to risk of vision loss if vascular changes occur neeln segions.

DR presence can be detected by examining the retina foratscteristic features. One of the first
unequivocal signs of the presence of DR is the appearancécodaneurysms.

MA appear due to local weakening of the vessel walls of thdllesips, causing them to swell. In
some cases the MA will burst causing hemorrhages. As thasksand damage to the vasculature
progresses, larger hemorrhages will appear. In addititeatdng blood, the vessels will also leak lipids
and proteins causing small bright dots called exudatespeapNext, a few small regions of the retina
become ischemic (deprived of blood). These ischemic aneasgisible on the retina as fluffy whitish
blobs called cotton-wool spots.

As aresponse to the appearance of ischemic areas in the, tereye will start growing new vessels
to supply the retina with more oxygen. These vessels (cakbedascularizations) have a greater risk of
rupturing and causing large hemorrhages than normal wessel

Treatment of DR is still predominantly based on photo-ctetipn, where a strong beam of light
(laser) is applied to certain areas of the retina. The laaebe applied to leaking MAs to prevent further
hemorrhaging. It can also be applied in a grid pattern ovargel part of the retina with the purpose
of reducing the overall need for oxygen and diminishing tedl on the damaged microvasculature.
Photocoagulation can significantly reduce the risk of seridsion loss. However visual acuity already
lost usually cannot be restored.
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1.4.3 Analysis for detecting DR

Ophthalmologists can visually examine a patient’s retisiagia small portable instrument called an
ophthalmoscope. It consists of a set of lenses and a lighteppermitting the ophthalmologist to view
regions of the patient’s retina.

The pupil is narrow, thus it does not allow much light to erker eye for illuminating the retina. The
pupil may be dilated by administering eye drops (mydriasis)

An indirect way of examination is by using photographs ofritia captured using fundus cameras.
This decouples the examination process into the disjoskstaf image acquisition and interpretation.
Further, modern fundus cameras are capable of capturimglrehages without mydriasis.

Digital fundus photography thus opens the possibility ofiéascale DR screening, where diabetic
patients can be routinely checked for DR. The screeningisalwould automatically isolate abnormal
cases by applying suitably calibrated detectors of diseateators. Since the number of normal cases
is expected to be greater than the abnormal, the screeriggg® can reduce the work load of ophthal-
mologists, by having them examine only those cases whichangto categorize as normal. This can
also reduce the treatment costs and help to ensure treagffestiveness amidst scale-up in the number
of patients.

Further, the manual analysis may be augmented by using derpased tools. For example, an
image analysis system that automatically determines ibssare present, can reduce the work load
of ophthalmologists, by showing them only those cases waierabnormal, and directly archiving the
normal cases.

1.5 Contributions

The thesis documents the following contributions:

e Two broad approaches for object detection in images armedilillustrated by applying them to
the analysis of retinal images.

e The two developed systems include various novelties ingesfriechnique, dataset, validation
methodology and interpretation of results.

e The systems are conceptualized as the core of an automaabéti Retinopathy screening so-
lution.

1.5.1 Discussion

Medical images are an information source for making clinieisions. The examples stated in this
chapter pertain to visual information of medical significanlt is to be noted that the sensor capturing
the information is not restricted to the visual spectrunt, the analysis by conventional methods is
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visual. Humans can understand a scene not only by directlsirsg it, but also by viewing a finite
projection (image) of it. We can conjecture that visual esgntation through images is apt, convenient
and informative fomanualanalysis.

The state of art in automated image understanding tasksaitedi that such human-friendly visual
information is challenging to analyze and derive informatautomatically. For an automatic analysis
system, an image is a lattice of pixel (or voxel) values. Tdsktof deriving higher abstractions from
this representation is an inverse problem, and is gendlafigsed.

However analysis of medical images is not universally so.digbd imaging technologies such as
tomography are capable of obtaining sectional views ofatbje views that can not be sensed directly
by the human visual apparatus. Human understanding of suafds (as also microscopic images or
images from non-visual spectra) is equally ill-posed. Bemartheless, an X-ray image of a fractured
arm, for instance, conveys diagnostic information to a weddixpertrainedto analyze X-ray images.
Human analysis of such images (projections of the scenajilisupon semantic understanding and in-
formation available about the causal factors at play in deme. Such external information is necessary
to better formulate the problem for automated analysis.

1.6 Organization

The issues involved in the design of detectors are intradiuceChapter 1, and a framework is
described for detection in images. In Chapter 2, existingr@ches are discussed and a detector is
proposed for a class of lesions calleticroaneurysmsn retinal images. Chapter 3 gives the detailed
design of a successive rejection-based system for dateaftimicroaneurysms. An extensive analysis of
the system performance on two public datasets, and oneatlatakected during this study, is presented
in Chapter 4. To illustrate the alternative (unsupervisath @nalysis) paradigm, the problem of exudate
segmentation is taken up in Chapter 5 and a clustering-bsdedon is proposed and evaluated. The
thesis concludes with a discussion deriving insights fromstate of the art and the systems developed
during this study, and gives some open questions and directo explore.
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Chapter 2

Automatic screening for DR

The presence of microaneurysms (MAS) is an early sign ofafiabetinopathy (DR) and their auto-
matic detection from color retinal images is of utility inreening and clinical scenarios. This chapter
reviews the problem and previous efforts towards it. A neprapch for automatic MA detection from
digital colour retinal images is formulated, based on ingdrom the state of art.

2.1 Introduction

Diabetic Retinopathy (DR) is a major public health issuesaiit can lead to blindness in patients
with diabetes. Microaneurysms (MAS) are the first clinicahptom of DR. They are swellings of cap-
illaries caused by a weakening of the vessel wall [Fleminlg DBeir sizes range fror0um to 125um
[Huang 05]. In the clinical scenario, experts rely eitherdirect manual examination or fluorescein
fundus angiography (FA) where MAs appear with high conteasbright white spots. Given the high
cost and the cumbersome requirement of intravenous iojeofia dye for this type of imaging, interest
in the recent past has been on detecting MAs from colour feinetinal (CFI) images. In CFls, MAs
appear as tiny, reddish isolated dots. Automatic detecfdAs from digital CFls can play an impor-
tant role in DR screening at a large scale [Abramoff 08][Néger 05]. It can significantly reduce the
workload of the ophthalmologists and the health costs imtRescreening [Abramoff 08].

From computational point of view, MA detection from CFI réas extraction of tiny objects from a
highly varying surround which is subject to many factorsgéavariability in colour, luminosity and con-
trast both within and across retinal images due to acquisfirocess; distinctive colour and background
texture due to intrinsic characteristics of the patienishsas retinal pigmentation and iris colour; pres-
ence of other pathologies like cataract, etc; variableityudle to use of mydriatic or non-mydriatic
fundus cameras of different make. The intensity profilesaaf tases in Fig. 2.1 show contrast vari-
ations in the depth of the profile. Such variations make MAediébdn from CFIs very challenging.
Notwithstanding these challenges, the performance of a BtAalion method is assessed against expert
markings on the CFl, in terms of its detection sensitivitg @apability to handle the above mentioned
variations.
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Figure 2.1 First row shows two sample MA profile obtained from CFIl ima&econd row shows the
approximated MA profile using Gaussian model given in eguti).

The chapter is organized as follows: the next section déssuthe state of the art in MA detection,
and lists some insights derived from the existing appraacBection 3 gives the motivation for a new
approach and Section 4 conceptualizes it. Section 5 itltedra system developed upon the proposed
approach. Section 6 details the experimental evaluatidineofleveloped system. Section 7 analyzes the
results and draw some conclusions.

2.2 State of the Art

Overview: Existing methods for MA detection generally consist of tstages, where the first stage
is aimed at obtaining potential MA candidates while the selcstage is used to assign MA or non-MA
category to the candidate using features computed aroenchtididate location. The main processing
components include 1) pre-processing; selection of catgiA and 2) feature extraction; classifica-
tion.

The focus of the early methods has been on pre-processingamtlidates selection steps. Later
methods focus more on designing new sets of features andicigoof classifiers. Recently published
work have re-examined the individual processing companant presented new improvements on
certain aspects.

Due to the diversity in the presented techniques, in additicheir assessment carried out on differ-
ent datasets, a quantitative comparison of various appesais difficult!

We now look at the existing approaches in detail. Early midd work attempted to address the
problem of MA detection in FA images of the retina [Lay 83]EBiger 96][Spencer 91][Frame 98][Cree 97].
Lay etal., [Lay 83] presented the first MA detection methadH&. In this method, MA candidates were
obtained using top-hat transformation which eliminatesvésculature structure from the image yet left

'Recently, two public datasets have been made availableke maantitative performance assessment possible. A hlandfu
of methods have been evaluated on those datasets till date.
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possible MA candidates untouched. Spencer et al., [Sp&idgresented a shade correction technique
and a candidate detection method using matched filtering.

However, potential mortality associated with the intramesuse of fluorescein [Yannuzzi 86][Niemeijer 05]
prohibits the application of this technique for large-scsdreening purposes. Instead, colour fundus im-
age (CFI) has emerged as a preferred imaging modality dig nomn-invasive nature [Yannuzzi 86]. A
good amount of clinical studies show the effectiveness dff@Harge-scale DR screening [Abramoff 08].

Numerous algorithms have been proposed to detect early sfdR (MAs) from CFI. The first such
method was presented by Oien et al. [Oien 95]. The pre-psowgsised here is similar to the approach
used by [Lay 83]. A rule-based classification step was addatié processing pipeline followed in
[Spencer 96][Frame 98][Mendonca 99][Autio 05]. Usher efldsher 04] employed a neural network
based classification after candidate selection based ansiee region growing and adaptive intensity
thresholding.

Use of supervision:Niemeijer et al.,[Niemeijer 05] presented a supervisexkllassification tech-
nique to extract red lesions to get MA candidates. A largefdeatures was added to the original feature
set used in [Spencer 96]. A knn classifier was used for MA reitimg. The recognition performance
of individual MAs has been evaluated on 50 images colleatenh fdifferent screening programs and
clinical hospitals.

Local information: Huang et al.,[Huang 05] presented a local adaptive apprtmaektract candi-
dates, where multiple subregions of each image were auiatiatanalyzed to adapt to local intensity
variation and properties. This method was evaluated on 2@&®% taken from STARE retinal dataset
[Hoover ]. Fleming et al.,[Fleming 06] presented a local gm@&ontrast normalization technique to get
more discriminative features for MA. A vessel-free regisrobtained around each detected candidate
using watershed segmentation. Vessel-free region is thed 10 enhance the contrast of candidate. A
parametric model of a paraboloid is used for the MA and fitled et of pixels obtained by applying
region growing on the candidate location. The model pararaetre used to derive a new set of features
for the candidate and finally classified using a knn classifiee recognition performance of individual
MAs is evaluated on a total of 71 images collected from a sengeprogram.

Morphological processing: Walter et al.,[Walter 07] used a morphological (diametésying tech-
nique for detecting candidates. A supervised densityebakessifier, trained on 21 images, is used for
MA classification. The method has been evaluated on a dataii&l images. Huang et al.,[Huang 07]
used edge-based information to delineate MA candidatemegind evaluate on 49 images collected in
a clinical examination setup.

Template matching: Quellec et al. [Quellec 08] presented a method based on &eplatching
with a generalized Gaussian template. The matching is peef in the wavelet domain to obtain MA
candidates. The classification stage optimizes the seteofi wavelet sub-bands in which maximum
discriminative information exists for MAs versus non-MAgiens. This scheme has been evaluated on
35 CFls acquired for screening purposes.
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Comparison of methods based on performanceThe MA detection methods described above re-
port sensitivity figures ranging from 30 to 89%. It is diffittd assess the merit of these methods based
on these figures since each method uses a custom-built dataseious sizes and reporting of results
is not standard. A few datasets such as DRIVE [Staal ], STAR&oJer ], MESSIDOR[Klein] are
available in the public domain, yet these are not adequatéhéoevaluation of MA detection meth-
ods as they do not contain locational information about theshresent in the images. Recently, to-
wards bringing standardization in evaluating MA detectioethods, two evaluation datasets have been
made public: a) DIARETDB1 [Kauppi 07a] with 89 CFls and b) Repathy online challenge (ROC)
[Abramoff 07][Niemeijer 09] with 100 CFls, respectively.h@&se sets provide multi-observer (expert)
information on locations of MA.

Prior to these two datasets, evaluation on a common datasatet possible in the early MA detec-
tion methods due to a lack of standard evaluation dataseatcd{ét is difficult to conduct a quantita-
tive performance comparison of individual processingsimesented by various methods [Winder 09].
Now, with the availability of 2 public datasets, it is desi&to assess existing methods or any newly
developed method on these datasets. This will help in ifyémdi the optimal series of processing steps
and their best specifications for MA detection.

These public datasets have been available very recentlihanefore only a limited number of meth-
ods have been tested on those dataset. Bhalerao et al ¢fBb&I8] proposed an unsupervised technigue
evaluated on DIARETDB1 [Kauppi 07a]. It involves contrastmalization, blob detection by filtering
with Laplacian-of-Gaussian filter, and complex filtering @m orientation map derived using gradient
components. A sensitivity of 82.6% at 80.2% specificity isated. Good automated screening solu-
tions require high sensitivity at lower fppi (number of falsositives per image). The attainable average
fppi of this method is not inferable from the reported infation.

Kande et al., [Kande 09] presented a relative entropy bdsedHholding to extract candidates and
used SVM to perform classification. The evaluation was ontasgd of 80 images drawn selectively
from STARE [Hoover ], DIARETDBO [Kauppi 07a] and DIARETDBXKpuppi 07a] datasets. Of these
80 images, 30 are used for training and remaining 50 are usetgdting (no guidelines are given in
[Kande 09] for image selection).

Retinopathy Online Challenge (ROC) presents a referentabase for automated MA detection
in CFls for diabetic retinopathy screening [Abramoff O7igiheijer 09]. Five distinct MA detection
methods (see Table 4.5) have been evaluated on this datakatmprehensive comparative analysis
is available in [Niemeijer 09]. We examine this in greatetailén our experimental section.

In general, a good performance on a common dataset doesinsigte directly to a comparable per-
formance on much larger unselected datasets [NiemeijgAB&moff 08]. This is due to the following
factors associated with a dataset:

a) population under consideration likAsian, westerh,

b) source of the images - drawn from screening or clinicahade,
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c¢) ratio of normal images to images having DR pathologies,
d) camera used to acquire images,
e) retinal imaging protocol- including field of view, restiin and size of images and

f) total number of images in a dataset.

The two public datasets differ from each other on the abowatioreed factors (a dataset-wise sum-
mary on these aspects is presented in Section 6A). Congiguke reported performance on either of
these datasets may not translate to a similar performanae onseen dataset. In addition, these datasets
contain not more than 100 images (DIARETDB1: 89 and ROC: ¥0¢h implies that a method’s per-
formance on these datasets may be insufficient to estinsgpeiformance on larger datasets.

It is understandable therefore that recent studies havelued that

¢ the performance achieved by automated detection methegsoged for early DR detection are
not yet acceptable for inclusion in clinical practice [Atwaff 08] and

e there is a move towards evaluation of various methods raltaer development of new method-
ologies to address the MA detection problem [Winder 09].

The strategy behind the existing methodologies is maimhedi at getting a good characterization of
the MA structure. Complex modeling of MA structure for cattatie detection [Bhalerao 08][Quellec 08],
local enhancement for illumination invariant MA featurédgming 06], use of local context/statistics
and color information [Fleming 06][Niemeijer 05][Walte?Dare all attempts to get a rich set of MA
features. Different characterizations for MA can be evidan the following two aspects:

1. robust modeling of MAability to handle variations in MA profiles

2. unigueness of the characterizatiaability to discriminate from non-MA structures.

Overall, the existing methods are more successful in the daspect with progressively different
improvements in modeling. However, they are not succes#fudiscrimination between MA and
dark non-MA structures. This is addressed by most of theagghres using an explicit segmenta-
tion of dark structures to bring uniqueness in MA charaz&gion. For example, suppression of can-
didates on vessels and optic disk is achieved using vesdebptic disk segmentation, respectively
[Abramoff 08][Fleming 06][Walter 07]. These help elimirafalse positives to a good extent but at the
cost of rejecting true MAs in the proximity of dark non-MA stitures. Various post processing steps
are in turn devised (for example, [Fleming 06]) to addregsghoblem.

In summary, discrimination between MA and non-MA structuremains an area that needs im-
provement and hence warrants fresh examination. In our ,woeekpropose a new detection strategy
which is motivated by the above conclusions.
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2.3 Approach Formulation

MAs appear as tiny, reddish isolated dots, subject to smehbity- or structure-based transforma-
tions. As mentioned above, detection of MAs is compoundethbypresence of similar looking struc-
tures or image noise, leading to high number of false pesitivf we consider true MAs and non-MAs
(similar structures) as two classes, in a given image, tbhbatility that a candidate belongs to the true
MA (Pr) class is substantially smaller, compared to that of beétantp non-MA class ). Here, we
can formulate the MA detection problem as a problem of ditgct target embedded in a background
clutter, where the target occurs with a much lower probigbdbompared to the cluttery < Pp).
From this formulation point of view, the earlier methods danviewed as attempts towards getting
better characterization of target class using variousifeatand candidate detection techniques.

We are interested in exploring whether knowledge of theeldlass can play a positive role in MA
detection. Thus, instead of the earlier formulations wiéfeis the only object of interest, we consider
attempting to gain better understanding of objects in tiiten class, in addition to the target class.
We believe that such understanding and characterizati@omfmonly occurring clutter can lead to an
alternative way to approach MA detection.

In order to illustrate the limitation in modeling the targstclusively, let us consider a Gaussian
template matching solution to extract MA candidates. Thass&n mode{s which is a good approxi-
mation of a true MA (target) profile, is defined as

2 2
G(z,y) = A exp ((5” ;U?) LW 2_0‘%0) ) 2.1)
where amplitude ‘A models depthizg, 1) center location and standard deviatien,, o, ) captures
variability of MA in x and y directions. This model is capald&characterizing fuzzy/good definition,
low/high intensity and small/large size MAs typically falim a CFI. Figure 2.1 shows samples of MAs
taken from a CFl image and corresponding profiles generatied &qn. 2.1. A sample image shown in
Fig. 2.2(a) contains three MAs highlighted using green soxXgplying the template G on the sample
image, and thresholding (done empirically) yields a biranput image, indicating the locations of the

candidate MAs.

It is observed that for accomplishing good sensitivity, ti@del for the target also selects consider-
able amount of clutter into the set of candidate MAs. It carséen from the result of thresholding in
Fig. 2.2(b) that MAs are extracted, but at the cost of high peinof false alarms. Among the clutter
responses it could be possible to identify using knowledganatomy certain candidate locations at
which MA can not occur. In the sample considered, many faeres occur at vessel structures and
general image background. Some unknown structures cadctahtribute to clutter. In Fig. 2.2(b), the
sample false alarms highlighted in cyan arise due to noise.

At these two situations, we propose to model the cluttezngiting to address the discrimination as-
pect early, and postpone the target modeling. Such a sgrtagaims at very early clutter labeling, can
be beneficial to the overall detection as this can facilipetaressive rejection of clutter responses (us-
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Figure 2.2 (a) A sample region of a CFIl. Green box highlights the true Méations and magenta box
shows the similar looking image noise. (b) Template maghésults using Gaussian model, given in
Eqgn. 2.1.

ing many rejectors sequentially), and target recogniti@y ive performed when fewer clutter responses
remain.

Each rejection stage can be implemented in supervised apansgsed fashion, and responses clas-
sified as clutter can be removed from further considerati@tajning the remaining responses as putative
targets. These are to be passed on to the subsequent répedtother examination. The objective of
such a cascade of rejectors is to redireewhile maintainingPr. This approach is akin to the pattern
rejection-based object recognition approach proposedabgBet al.,[Baker 96]. The following chapter
describes an approach to MA detection based on this idegyranities specifications of an illustrative
implementation of the approach.
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Chapter 3

A successive rejection based approach for early detectiorf o

Microaneurysms in CFl

We propose a method for MA detection where the strategy $electa set of candidate MAs using
a simple threshold in a pre-processed image, and thengilisnnon-MA clutter among the candidates
using a set of rejectors in cascade. Since the clutter cissltiple objects of different characteristics,
the known and frequently occurring clutter objects arectejg first, and a second stage is designed to
discriminate the remaining class of (largely unknown)telubbjects. In the final stage, the MA positives
are assigned confidence values based on their similarityedMAs.

Supervised Candidate Rejection Stages

Image

Feature Set-1
Extraction

Rejection Rejection
Stage -1 Stage -2
Detected

o e e e e e e 1 MAs

Feature Set-2
Extraction

Preprocessing

Similarity

Computation
Candidate

selection

Figure 3.1 Outline of the proposed approach

Fig. 3.1 illustrates the processing pipeline of a MA detattinethod developed from the proposed
idea. The candidate selection method may be a traditiogatiim such as template matching, matched
filtering or morphological processing. Our focus is on harglkather than acquiring candidates. Sub-
sequent stages aim at rejecting non-MA clutter from the ickate set.

The first stage rejection aims at eliminating candidategirmating from dark structures like hemor-
rhages and vessels. Once such candidates are suppresssolrites of remaining non-MA candidates
could be due to local minima formed by image noise, regioweeh two bright regions, optic disk, etc.
Handling such candidates is the purview of the second mjstage.
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Culling of non-MA clutter by two stages in cascade is expgdteresult in a significant reduction
in the number of reported candidates. In the final stage, ¢lee@ of similarity (confidence value) of
each remaining candidate, to a true MA profile (which rangesf0 — 1]) is to be computed. A final
set of MA points can be obtained by applying a threshold oncthrefidence value. The confidence
threshold is meant to be adjusted based on the desired parfice in deployment. For instance, for a
high-selectivity solution, threshold value should be s#{\high, so that only obvious (high confidence)
MAs are reported by the system. In the forthcoming sub-gastieach of the processing stages is
elaborated in detail.

Implementation: This section provides an illustrative implementation @& #pproach constructed
above. Elaborated below are details of the components aftarsyas envisaged in Fig. 3.1.

3.1 Pre-processing (PP)

CFls present variability in colour, luminosity and contrasth within and between retinal images
due to the acquisition process. Pre-processing is an éssinst step to normalize variations in order
to aid in further processing.

Popularly deployed color fundus cameras produce a cologéndd the retina in 24-bit RGB. A
heterogeneous set of CFIs from various commercially asailtundus cameras is shown in Fig. 3.3.

The CFI can be considered as a tri-band image consistinges thannels, each capturing intensities
in the red, green and blue bands of the visible spectrum. ésiseig. 3.3, the image is predominantly
yellowish (additive composition of red and green). Theraasblue content in the image due to the
scene.

Compared to the red channel, local structural informatidth vespect to background is better con-
trasted in the green channel. This is illustrated in Fig. 3.2

We therefore consider the green colour plane of CFI to camtyatl our processing, as do most
existing work (for eg.,[Niemeijer 05][Fleming 06][Quedi®8]).

The green channdj, of retinal image!;,, is modeled as a subtractively degraded image of a uniformly
varying background illumination, as

My : I, = Iy — Iy, (3.1)

By this model we intend to designate dark structures suchoasl lvessels and microaneurysms to
the foreground{;,). The backgroundlf,) is assumed to be a slowly-varying surface in a large domain.
It is thus approximated by a using median filter of size ab&uio230 pixels ory,,.

The fundus camera illuminates the retina and captures thganwith the same aperture. Ambient
illumination can not be imaged in this setup. Thus we trdammination as a property of thienage not
the scene. This permits us to perform background approiomaising I, itself, without considering
the details of the structures in the scene, pose and madiuifica
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(a) rgb subimage

(d) rgb subimage (e) red channel (f) green channel

(g) rgb subimage (h) red channel (i) green channel

Figure 3.2 Selecting the channel to operate

The foreground estimatéy, is obtained by subtracting, from I,
Iy =Iby — I, (3.2)

At bright regions,J,, < I, whereas at foreground regiorfs, > I;,,. This subtraction thereby gives
negative value to the bright pixels, and negligible positialue to the retinal background. The overall
mean value of the difference is a small value. The pixelsrtgavalue below the mean are quantized to
0.

1, contains high value at dark structures — vessels, microgsms, hemorrhages, which are anatom-
ically identifiable, and some striated regions in the gdnetinal background, imaged due to retinal
pigmentation, laser marks or streaks.

To exclusively enhance the MA;, is match-filtered, the filter being an instance of an isotropi
Gaussian density function defined on the radial distanaa tre filter origin. The standard deviation
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Figure 3.3 Representative CFls from three different datasets. Fist shows images taken from
DIARETDB1 (PDS-1) [Kauppi 07a]; Second row shows imagestakom ROC dataset (PDS-2)
[Abramoff 07]; Third row shows sample images in CRIAS
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(o) of the filter is matched to the size of the lesion. For imademagnification from 50 to 30 degree,
the range of MA profiles can be captured usihg < ¢ < 2.0.

L = Ipg% 9(00pt) (3.3)

Filtering results in high value at MA and similar-sized dftfe whereas the striated regions are
blurred due to the smoothing nature of the filter. To augmieatrélative contrast of microaneurysms
further, we apply morphological top-hat filtering 1g,, with a disk structuring element of radius 5
(i.e. object diameter is matched to 10 pixels). The resgylimagel;; shows high value at the target
lesions, in addition to some similar-structured noise hsag the border line of the prominent vessels
(whose diameter was greater than the structuring elemeaiid locations on vessels having small local
variation similar in morphological structure to the target

To eliminate the linear structures if,, we use morphological opening with linear structuring ele-
ment in 12 orientations [Spencer 96]. The suprema of theinget;,, is used as the marker, and with
1, as the mask, we perform morphological reconstruction, tolge The final preprocessed image
I, is obtained by subtracting.c.., from I.nq:, thereby suppressing linear structures. The potential
candidate locations ify,, have a high intensity. Fig. 3.4 shows the intermediate tesdikhe processing
occurring in this stage, ankl,, for a typical retinal image.

3.2 Candidate Selection (CS)

This stage is simple and very similar to the earlier presboaémdidate selection schemes [Spencer 96].
The goal of this stage is to apply a thresholdignto get candidates.

The task of this module is to select candidate regigng from I,,,. The locations inl,, having high
value are potential candidates,, is scaled to the range [0, 1], and quantized to 256 valuesubyding.
An integer threshold can now be used of),,, to get a candidate sét(t), as

C(t) = {p [ Lpp(p) = t}. (3.4)

Candidates obtained in this fashion are actually smaltgficonnected regions. We choose to assign
the co-ordinates of the minima of each finite regiorto

Selecting a low threshold gives more number of candidatesdfgd a$C'|; see Fig. 3.5). We choose
an optimal threshold,,; as the least value @fsuch that the number of candidates does not exceed an
upper boundol (typical value 200). Thety = C(topt)

The selection ofol for a given dataset involves observing the threshold chextiatics oft (variation
of |C4| with ¢) in relation to the distribution of,, values at true lesions; graphs illustrating these are
shown in Figs. 3.5 and 3.6.

The PP stage ensured that retinal background obtains a loa wel,,,, and higher values at MA and
optic-disk junctions. In Fig. 3.6, the peaks indicate thatkue oft > 50 would cause the rejection of
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(@) CFI: I;,; green boxes indicate locations of true- (b) Foreground imagéy,
MAs

(c) Bottom-hat enhancement for small dark objects (d) Candidate soft-map,,

Figure 3.4 Processing occurring in PP stage

many true MAs . Reducing to values below 50 adds exponentially more and more vesselspand
background noise int6';, which is undesirable. The peaks in Fig. 3.6 show that a v@llu&lose to 40
is optimal. This corresponds to a value around 20Qdér

Given a pre-processed imagg, the optimal threshold,,; over,, is found as the minimum value
of t at which if threshold is applied (as per Eqn. 3.4), the nunatbeandidatesC (t,:)| is less thartol.

Idealized detectors show exponential decrease in falséidates with increase in threshold, and
constant decrease in sensitivity (number_oﬁﬂue_lesiom, at this module). The observed threshold char-
acteristics ofC'S are shown in Figs. 3.7(a) and 3.7(b). The sensitivity momiotdly decreases (nearly
piecewise-linearly) with increasing threshold. This Iddmic trend variation between the sensitivity

and fppi ensures reduced loss of true-MAs while searching,fe.

We apply a linear mapping to stretch gray-levelsigf in the range of [0-255]. This mapping
normalises inter-image value variations usually found # Mcations. A sample soft-map obtained
by this mapping is shown in Fig. 3.4(d). Since, MAs appearraghbstructures in/,,, an appropriate
threshold is applied to retain bright pixels. This is folldvby a connected component analysis to
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Figure 3.5 Relationship betweenand|C(t)|, on a typical retinal image. Vertical axis is logarithmic
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Figure 3.6 Histogram showing the distribution df,, values at true-MA locations in a dataset of 89
images

delineate candidates as small regions formed by connebteld pThe local minima of each component
are used as candidates in further stages.

If n is the number of candidates obtained by applying a threshold 7,,,, a low ¢ gives many
candidates, but selectivity is low. For each imafgis,chosen such that is below a desired bouni!.
This is done to ensure selection of as many true-MAs as gessilhile keeping the total number of
possible false candidates below a tolerable valuh).(In our experiment section, we present an analysis
about the role of this stage on the detection performance.

3.3 Successive Rejection

The set of selected candidates (designhated g®btained from the CS stage will include many true
MAs and several false candidates from the clutter class. ekdhe rejection approach, a cascade of
rejectors which characterize non-MA is now designed. Tted igoto reject the false candidates, while
retaining as many of the true MA as possible.

Many of the false candidates occurring(fj are due to clutter such as

e points where vessels turn sharply

e depressions appearing on vessels
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junction of small vessels

points in the optic disk

small islands enclosed by bright lesions.

depressions amidst hemorrhages

small flame-shaped hemorrhages.

noise pixels, laser artifacts, and other structures

Broadly the above clutter class can be grouped into two asbek: vascular versus non-vascular
clutter. Thus, we aim to design two rejectors to suppressithiehe first rejector is intended to reject
false candidates occurring on vasculature. Two reasonwat®this: (1) vascular structures are com-
paratively easier to model than non-vascular clutter; &ydalse candidates on vasculature occur very
frequently inCy. The list above is not exhaustive, and depending on the etatsatter may arise due
to unforeseen factors or photometric variations. Hencpestised learning techniques are chosen for
the rejectors.

While true MA samples can be obtained out of expert-anndtdtga (ground truth), false positive
samples have to be chosen in order to guide the learning.isTinigortant since the rejectors are meant
to model the clutter and discriminate them from true MA. Teehhigue and the features used in the
rejectors are elaborated below.
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Figure 3.7 Filters used inRJ;

3.3.1 Rejection Stage 1R.J;)

The task ofRJ; is to identify fromCy, the known class of clutter namely, candidates in vascrdatu
hemorrhages, vessel junctions in the optic disk, etc.

The candidates ify being local minima of ,...,,, are isolated points. Their local contextiig).c.,
provides a clue about their location of occurrence. Henderrination about the local context of each
candidate is extracted and used to decide if a candidatelis t@jected. The information extracted
from each candidate consists of responses to some speaizaiyned filters, and scale-specific statistics,
explained below. The local context of each candidate is arequeighborhood centered at the candidate,
taken ing,cen.

Feature Set-1

Anisotropic Filters Vessel fragments can be modeled as elongated structureset &f oriented
(second-derivative of Gaussian) filters are designed &ctihese elongated structures

The analytical expression for the second derivative inrgation is found using 1-dimensional ker-
nels, using the following relationships:

1 x?
gg(.%') = \/W eXp(_7) (35)
9o () = —go(z) X %
2 52
gg(ac) = go(z) ¥ v (3.6)

A smoothed anisotropic Gaussian second derivative fjliglis constructed using separability as

9oz (%,Y,0) = go () 9o, (y), (3.7)

whereo. is the standard deviation of a static 1-dimensional smagtfaussian function.
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Such oriented filters should help in discriminating betwkdse candidates on vessels and true MAs
by way of high response to the former and low response to tter.la

A bank of filters at 6 equi-spaced orientations and 3 diffeseales are used at the output of which
the maximum £,,,), variance £,) and sum {,) of the responses are computed. The following features
are then derived for each candidate at each scale:

e (rs —ry,): this difference is high for true MA locations which are cheterised by high, (about
6 times that of-,,,) compared to clutter located on vessels.

e 1, this is expected to be low at true MA locations, and high asetand junction locations.

The psf of the filters are depicted in Fig. 3.7. A total of 6 tges is thus derived from the filters.

Scaled difference-of-Gaussians difference of Gaussian (DoG) filter acts as a blob detegiomg
a high response to dark, isotropic structures. We introduariant of DoG, given by

fa=ag(oz) —g(o1) (3.8)

whereo, < o9 anda > 0 is a parameter controlling the height of the rim (see Fig),3 8 controls
the width of the rim. At a candidate resembling a well-defihd4, this filter’s response-; is high.
If a candidate lies on a vessel; is low value (going negative if the vessel is thick). This enbe an
informative feature for discrimination.

The anisotropic and DoG filters described above are similahé¢ centre-surround mechanisms,
tuned to oriented structures, found in early stages of giold vision systems. Specifically, they are
equivalent to centre-off types of ganglion cells.

x10°

-4

6.
30

10

Figure 3.8 Scaled difference-of-Gaussians
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Inverted GaussiansWhile the first two type of features help detect clutter in vhasculature class,
a second type of clutter structure that is similar to MAs asenbrrhages. In order to capture these,
inverted Gaussian filters at high scate £ 2,4, 6) are used. These filters will maximally respond to
larger objects such as hemorrhages and thick vessels irasbit well-defined MA. These responses
g, are hence included in our feature set.

The above features are intended to capture informatiordtmaliscriminating candidates on vascu-
lar structures from true-MA. The model used for charactgian is explained next.

Table 3.1 F'S;: Features extracted at each candidate fdy
Feature Description
(rs —ry) Difference between sum and max of responses
from rotatedg,., (o») at 3 scalesoy = 20/2) i = 3,4,5
r, Variance of responses from rotategd, at 3 scalesds)
rq Response to scaled DoG filter
rq(0) Response to inverted Gaussian=£ 2, 4, 6)

Classifier-1

The design of the feature vectétS; is such that the feature-vectors corresponding to true lesmp
occupy the positive (first) hyper-quadrant of the featuracspmnd are agglomerated near the coordinate
origin (have low positive values). In contrast, the featueetors corresponding to false samples are
scattered in the feature space away from the origin.

We use the nearest-mean classifier, which computes the mM#amtoue and false training samples,
and stores them as prototypes. A new samplis labeled by considering the distance to the prototypes
and assigning the label of the nearest prototype to the neyplea

Iy = argmin(|[a, — puill), i = true, false (3.9)

wherey; is the prototype of classin the training set.

The R.J; is trained offline using training data. Since both true ansefdA samples are required
for training these are obtained as follows. Given a set dfiitrg images, the candidaté% are selected
first. Then the subset of true MAY,,... C Cp) is found. A random sampling is done ov&§ — Cy,,...
to obtain false sampleS,,,.. -

3.3.2 Rejection Stage 2

The second stage is designed to handle the remaining cléssgely unknown) clutter objects. The
function of this rejector is to identify from the candidat€s passed byR.J;, the remaining class of
clutter objects. These clutter arise due to a variety ofaeaicluding image noise and are difficult to
model. Hence, a very different strategy is required forrteeppression.
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Figure 3.9 Subimage indicating candidates rejectediy; (indicated with cross)

A more general perspective of the problem of target-cligégraration, is outlier detection. Here, an
outlier is defined as a sample which appears to be inconsigtinthe remainder of the data [Barnett 94]
(or abnormal). By modeling the target, outliers to the maxdel be isolated as clutter, and rejected.

Hodge and Austin [Hodge 04b] describe three fundamentabagpes to outlier detection:

Approach-1: unsupervised clustering , with no prior knagle of the data (ho modeling of the
source or underlying semantics)

Approach-2: model both the normal and abnormal (akin to igeed 2-class classification)

Approach-3: model only the normal, or in few cases model timyabnormal

The approach-3 is analogous to semi-supervised recognitithe method only learns the data
marked as normal, and requires no abnormal data. A systeed lmsapproach-3 verifies if a query
sample is within the boundary of normality. This method igatale of correctly labeling new abnormal-
ities, as long as the sample is outside the boundary.

We follow the approach-3 and model the true MA to recognizgtet as outliers. True MA samples
are thus used to build a model. The features that are exdraotedesigned to support the model, by ver-
ifying the isotropic nature and absolute topography of twedidates. A new set of features is proposed
here for achieving this.

Feature Set-2

Distance featureIn F'S;, the distance between a sampleand the true-sample prototype BfJ;
(denoted asli -y = ||z, — frue||) €NCOdES a condensed information about the sample. The wélu
dirue 1S low for candidates that are similar in appearance to defined MAs. It is thus carried forward
to RJ, as a feature.
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Correlation features Isotropy of a structure may be characterized by invariaosfale topography
with respect to in-plane rotation about its centre. A seteaitdires to capture this information would
be the correlation between a local neighborhood contaittiegstructure, with itself after rotation. A
high correlation at several orientations indicates a liggotropic structure. The set of such correlation
values is used to quantify the isotropy of the candidate.

Thus the second set of features faF, comprises of values obtained by correlating a square window
(from I,,..n) around the candidate (just larger than the expected sthedésion), with rotated versions
of the window. The rotation is performed about the minimahaf tandidate. We use 5 equally-spaced
orientations (each /5 radians apart), to get 5 correlation values. These featueedenoted aRgy.

15

15 10

60 -
8 10

(a) A plane at level = 72 sectioning the surface defined by @ Contours of the above surface at 32 equally-spaced slevel
grayvalues of a candidate neighborhood (M=32)

Figure 3.10lllustrations of level cuts at a candidate

Features based on level cutBhe local grayscale topography around a candidate carpbesented
using iso-contours or level-curves of the local neighbothoonsidering it as a height map. We derive
a set of features based on level "cuts”, which we define asl filleel-curves.

Structures resembling MA are local minima Ig,..,. Therefore the level curves at a MA-like
candidate can be expected to be closed curves, making itssiljpe to perform filling within each
level-curve, to obtain a finite area. We call this ardavel-cut

Fig. 3.10(a) depicts the topographic surface obtained fyalizing the local grayscale neighborhood
of a candidate as a height map. A plane parallel to the grotamkefat level) when intersecting with
the surface, sections it and the intersection points ddfimésivel-curve (shown in Fig. 3.10(a)). A level
cut is the closed area bound by a level-curve, containingimvit the coordinate of the minima.
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The area of a level-cut at levglis taken to be the number of pixels in the level cut and is dmhot
asA(l;). The features we propose are based on observingAeianges in the levels relevant to the
candidate neighborhood.

At each candidate, the lowest and highest relevant levelmted ag,,;, andl,,.., are found from
the minimum and maximum gray values within a window (of radi) centered at the candidate mini-
mum. M equi-spaced level cuts are chosen between these extrentaeaackaA(l;); i = 1,2,..., M
of each level cut is determined and used to derive the foligviéatures:

d1 = lnaz — lmin : the estimated depth of the candidate grayscale topography

le = argmax{A(l;4+1)/A(l;);7 = 1,2,..., M} : this denotes the level at which the level-cut area
changes suddenly at the next level. (the approximate nil-lef the candidate).

v: the ratio of volume of the candidate, to the volume of aniitae:cone with base are#(l.), and
heighth:

W
~ Alloh/3

v

(3.10)

le
whereV, = > " A(l;), h=dl,/M
=0

Table 3.2 F'Sy: Features extracted at each candidate fds

Feature Description
die Distance of sample fromg,.,. of F'Sy
Ryy Correlation of candidate with small window
at 5 angles of rotatior3(°)
m/d; Depth of the candidate
A(ly) Area at the first level abovig
m/l. wherel, is the “rim-level” of the candidate
A(l.) Area of the candidate
measure of “jump”
measure of “overflow”
Volume of the lesion relative to volume of
cone of similar dimensions

NN

Q: This is a measure of “overflowQ = %b
= A(le + 1) — A(l,).

T: This is a measure of “jumpT = Aletl

A(le)
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Figure 3.11Subimage indicating candidates rejectedmy (indicated with blue squares)

Classifier-I

In this feature spacef(S,), the true samples are designed to agglomerate near the, aigl false
samples are ideally scattered. The false samples are theisabie to discrimination as outliers to a
model dictated by the distribution of true samples in théueaspace.

We model a hyper-cuboidl around the true samples, defined by the range occupied infeaithe
dimension for the true samples. The true samples ideallg hdimited range and enclose the samples
within H near the origin. False samples lie outside the hyper-cubloidined. The dimensions of the
model H are stored. Given a new sample it is labeled as a true MA ied Within H and rejected
otherwise.

For trainingRJ5, true samples are taken from the outpuff; (ie. C) for known images.

3.3.3 Similarity Measure Computation (L)

The rejector cascade outputs a €etof candidates which are likely to be true MAs. This module
assigns a numerical confidence value to each sampl& inndicating the chance of it being a true
lesion.

The confidence metric is based on similarity between the Eaamq a model of a true MA. This
model can be obtained using supervised learning. We chogserfiorm the confidence assignment by
considering the signed distance of a sample from the optigy@rplane of a two-class SVM, in feature
space. The technique we apply, and our chosen featureseenex below.

Feature Set-3

To help in modeling true-MA, a few features are included fribi@ previous stages. These are:
FromRJs : dipye, A(l1), A(l), T, Q, v.

Additionally, some features based on context and symmegrjnaluded, as described below.

Context featuresA set of context features are also computed, which considepixels within the
candidate, and a context surrounding it.
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¢ Difference in mean value of the candidate region and itsosugt computed in 4 spectral bands:
red, green, blue and hugwsd; = mean(cand)—mean;(surround), wherej = {red, green, blue, hue}

e The response of the candidate to a center-surround bingery[filenhart 02] with off-center. This
is used as a rough descriptor of local minima along with itstext.

e The perimetep of the candidate, found as the number of pixels in the levelecati,. (defined in
FS3)

e Mean response of derivative of Gaussian filter bapk; g,, gzx, 9yy, 92y at pixels within the
candidate (5 filters at 4 scales each, resulting in 20 fesitsgales used are= {1, 2,4, 8})

e standard deviation of response from the above filter bank

Symmetry featuresA set of 8 features is obtained at each candidate by filtesiitly rotated Haar-
like wavelets [C.Papageorgiou 98], shown in Fig. 3.12. Téeieal 2-dimensional non-standard Haar
wavelet is rotated in 16 orientations (each separated/Byto get 16 filters, as shown in Fig. 3.12. The
axially anti-symmetric feature pairs (columns in Fig. 3.tapture symmetry of the candidate along
different axes, and the ratio of the pair responses is usézhtiges (8 in number).

Figure 3.12Ratio order of rotated Haar wavelets

The training data consists of the true MA, and FPs from theutuf R.J> for known images. The
feature values of the training data are normalized suchtiieatnean of each feature is 0, and variance
is 1.

Choice of classifier Confidence values can be assigned using a simple supesgsethe with a
k-nearest-neighbors classifier (knn). Lgtbe a novel sample to be ranked. For a given training set,
let n; be the number of true samples angd the number of false samples occurring as the k nearest
neighbors ofr, , such that; + ny = k. Then, the probability of, being a true sample can be taken
to ben,/k. This fraction relates to the confidence value gy supported by the training data. Though
practically simple, this classifier presupposes some ptiegeover the feature space and the distribution
of true and false training samples. Knn classification hantshown to perform exceptionally well
when the training data is carefully selected, for multiegairy problems [Boiman 08].

Our training data however, is bi-partite labeled, and isdlabced (false samples are more numerous
than the available number of true samples for training). sTtwe propose an alternative, which is
based on the distance of a sample from the optimal hypergihaeupport vector machine (SVM). A
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Table 3.3 F'S3: Features extracted at each positive, for

Feature Description
diwe Distance of sample from; of F'S;
A(l1) Area at the first level abovig
A(l.) Area of the candidate
I" measure of “jump”
Q
14

measure of “overflow”
Volume of the lesion relative to volume of
cone of similar dimensions
md, Difference in mean red band values within
the candidate and its surrounding region
mdg, md, Same as previous, in green and blue band
md,, ~same as previous, in hue plane
c.s Response of center-surround binary filter
p Perimeter of the candidate
mr(o),sd(c) Mean and std. deviation of response
to Gaussian derivative filtets., gy, 92z, 9oy, Gyy
within the candidates = 1, 2,4, 8
s.f symmetry features from non-standard Haar wavelet

strength of SVM is its ability to handle imbalanced disttibns of true and false samples [Cortes 95].
Additionally, it permits the use of non-linear kernel trforsnations, to overcome hyperplane linearity
assumption. The SVM is trained @ry obtained at the output of RJ, with a set of known training iesag
The confidence value is set to be proportional to the distéiore the hyperplane. The derivation of
the approach is detailed below. To summarize the outcoreesahfidence measute(a function ofz)
obtained is such that it models a posterior probability eftthio-class SVM assigning a label “true-MA”
to z,, given its feature values, i.¢(x,) = p(y, « true|z,).

3.3.3.1 Hyperplane-distance based confidence assignment

The operating condition for a supervised linear classifer loe expressed as
yi(w'z; +b) > 1 (3.11)

wherez; is a sample in feature spaag,€ {1, —1} its determined label, and is the normal to the
separating hyperplane of the true and false samples iréespace (assuming separability). Supervision
in the form of labeled sample’® = {(z;,v;)} helps to find the optimab that separates the samples in
D.

For a novel (query) sample, classification determines the lahglusing the following condition:
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B 1 if waq +b>1
yq_{ 1wz, +b< —1

This may be considered as a linear projection followed byrestiolding step, where the projec-
tion defines a functio(z,) = w’z, on the real line. This is a signed distance betwegmand the
hyperplanef. is positive for true training samples and negative for falaming samples.

Our interest is in obtaining a functiaf which maps frome, to a confidence value. If we choose the
range|0, 1] for the confidence value, the desired function can be fortedlas a probability mass func-
tion. An interesting formulation that captures the notidiresion confidence is the posterior probability
of y, being assigned the value “true-MA’, given the query sanpiat is

Y(zg) = plyq < truelzy). (3.12)

For a sample lying close t@ with positive h, the desired value of > 0.5, and a sample with
negativeh the desired) < 0.5.

Let us consider a simple piecewise-linear model for mapfimm the signed distande € [—oo, o]
toy € [0, 1]. The lineh = m(y)—0.5) linearly stretcheg using a slope ofr, with range[—m /2, m /2]
and zero intercept at = 0.5. Fig. 3.13(a) shows this model for a valueraf= 100. It is clear from
the figure that the mapping is odd-symmetric.

The mapping fromh to ¢ using this model can be expressed as a saturating linedidargiven as
the following piecewise function:

h/m+0.5 if he[-m/2,m/2|
P = 1 ifh>m/2
0 ifh<m/2
This model has a free parameterwhich determines the saturation©f Apart from being discon-
tinuous and hence indifferentiable (relevant in the erguiontext),m also restricts the saturation at
both the extremes owing to symmetry. A better model to {into 4 without discontinuities is the logit
function, given as

h(z,) = log {%} (3.13)

This is a monotonic model (see Fig. 3.13(b)), aiqu) emulates a signed distance with the desired
properties over), since

=0 ifY(xy) =0.5
h(zg)d >0 if ¥(zy) > 0.5
<0 if¢Y(zy) <0.5
Eqgn. 3.13 can be re-written to expregsn terms of (dropping the parameter, for notational
convenience) as
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exp(—h) = % -1
1
= - 3.14
1 + exp(—h) (3.14)

The model thus evaluates the posterior using a sigmoidiim¢Eqgn. 3.14). Including a bias term
(B > 0) and a scale factorS(> 0) in Eqn. 3.14, a more general posterior density can be espdess

1

v= 1—|—exp(—Sﬁ—B). (3.15)

We now replacé: with &, the actual linear projection trained from a linear classifisingD. Thus
the problem of finding a confidence functignhas been reduced to finding optimal values of scalars S
and B, which are consistent with.

We pose this as a maximization ¢f over the true samples and minimizationf(equivalently,
maximization ofl — ) over the false training samples. LB} be the true samples ard; be the false
samples inD (such thatD = D; U Dy). In the training set, ifi; = h(x;) andy; = ¥ (x;),

(S, B) = arg max { H Y H (1—v))} (3.16)

1€ Dy jEDf
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Equivalently, we consider the logarithm of the above exgices to transform the product to summa-
tion:

(S, B) = argmax { Z log (1) + Z log(1 — ;) } (3.17)

i€Dy jeDy

Using Eqn. 3.15log(y)) = —log(1 + exp(—Sh — B)), and

| —p=1- 1 _ exp(—=Sh - DB)
B 1 +exp(—Sh—B) 1+exp(—Sh— B)
Thuslog(l — ¢) = (—Sh — B) — log(1 + exp(—Sh — B))

= log(v)) — Sh— B (3.18)

Thus Eqgn. 3.17 may be simplified as

(S,B) = argmax { > log(¢) + »  (log(v;) — Shj — B)}

i€ Dy jED;
= argmax { Zlog(wi) - Z (Shj + B)}
ieD jED;
= argmin { Zlog(l + exp(—=Sh; — B)) + Z (Shj + B)} (3.19)
€D JEDy

We perform Newton descent to iteratively solve for (S, B)eTipdate rule is given by

Tyl = Tk + UH_lF(I'k)VF(I'k) (3.20)

wherex = [S B]T, n is the step sizel/ 1 F is the inverse of the Hessian of the objective function
F (RHS of Egn. 3.19), an¥ F' is the gradient of the objective function.

3.3.3.2 Training the SVM-based confidence assignment stage

Let the number of training sampl&®| = n. Training the SVM consists of minimizing the following
Lagrangian expression with respectito

Lp = tlhwll? = 3 arfuilw o(xi) +b) — 1) (3.21)
=1

where is a non-linear transformation defining the kernel funcési (z;, z;) = ¢* (z;)é(z;), and
«; > 0 are Lagrangian multipliers.

EnforcingdLp/0w = 0yieldsw = Y, a;y;¢(x;). Let D, = {z,,} C D be the subset of training
samples withy,, > 0 (for all other samplesy; = 0). D; is the set of support vectors (the samples which
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influencew). Training the SVM consists of determining the support gextand their corresponding
Lagrangiansy,, (and the scalar bias terd.
The classification condition is thus

yq(wT¢(xq) +0) > 1. (3.22)

Comparing Eqn. 3.22 with Eqgn. 3.11, we see that

h(zq) = ngzS(acq) (3.23)
= {Z asiy5i¢(x5i)}T¢(xq)
= Z asiysﬁbT(xsi)gb(xq)
= Z O, Ys, K(Ts;, Tq) (3.24)

Z‘Si

On a dataset of 50 images (PDS-2 dataset), the training satted from these images had 336 true
and 3541 false samples. The trained SVM had 523 (142 true fa&84) support vectors.

Once the support vectors and thei;, are computed, we use Eqns. 3.15, 3.24 in Eqn. 3.19, to find
S and B. For this we use only the non-support vectors (il 5 D). Geometrically, this ensures that
within the SVM margin the distance function evaluates tori(aamples within the margin receive a
confidence of 0.5). The non-support vectors are away fronmiagin, and hence contribute to faster
convergence while minimizing Egn. 3.19.
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Figure 3.13An image showing detected MAs with confidence values. Categlrejected in RJ-1 and
RJ-2 are shown in dark cross and square
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Chapter 4

Experimental Evaluation

The proposed method was evaluated against different dateosstudy its performance against possi-
ble variations and challenges that confront an automatedistAction system. For the purpose of eval-
uation three datasets were considered: two are the publielijable datasets namely, the DIARETDB1
[Kauppi 07a] and ROC [Abramoff 07] datasets. We will henctifaefer to these as PDS-1 and PDS-2
respectively to emphasise the fact they are public dataset$o distinguish them from a custom-built
set called CRIAS. This dataset is composed of images cetldor clinical purposes in a local hospital
and hence represents a homogeneous population.

4.1 Datasets and Ground Truth

PDS-1 consists of 89 images in uncompressed PNG format, mhvhimages do not contain any
DR-indicative lesions.The images were collected from @exting program and taken under a fixed
imaging protocol. The images were selected by the medigaéréx but their distribution does not
correspond to any typical population. The annotation dagpkith this dataset is a soft map consisting
of regions indicating expert consensus level informatieraged from multiple experts. A bright region
thus indicates high consensus about the presence of MA.rdicepto the guidelines given with the
dataset, our evaluation of the presented method is done B¥ha@nsensus level (relative to maximum)
as the ground truth. A total of 182 MAs are obtained at 75% eonsss level.

PDS-2 consists of 50 training images with associated grdwtt, and a test set of 50 images
whose ground truth is retained by the organizers of the RO@petition [Abramoff 07][Niemeijer 09].
The images are taken from a DR screening program acrosspiautites, and hence captured with
different cameras, fields of view and resolution. The imagethis set are relatively heterogeneous
[Niemeijer 09] and in compressed JPEG format. The suppliediation for the training set is obtained
by merging the annotation of 4 retinal experts: if at least expert has identified a lesion, it is recorded
in the annotation. The images were acquired without didathre pupil, which leads to variations in
image quality. The number of lesions in the training set B.3e test set contains a total of 343 MAs.
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Table 4.1Dataset specifications under different related factordrédiations used: IVW: lllumination
variation with-in images; IVA: lllumination variation agss images; BLA: Blurring and lighting arti-
facts; CP: Images taken under a common protocol; ICT: Imagepcession type[UC:uncompressed/
C: compressed]

No. of Imaging Factors
images
Cameras FOV VW IVA CP Image Mydriatic
resolution
PDS-1 89 fixed 50° high low yes fixed no
PDS-2 100 varying 45° low | medium no mixed no
CRIAS 288 fixed 30° —45° | low high yes fixed yes
Image Pathological Ground
Quality type ratio Truth
Clarity | Contrast ICT BLA High Mild Type Number of experts
PDS-1 low low PNG (UC)| low none high soft multiple
PDS-2 | medium| medium | JPG(C) | low low medium hard 4
CRIAS high high TIF (UC) | high high low hard 2

CRIAS is a dataset of 288 images taken from a local hospithks& images are mainly collected
for clinical documentation and patient profiling. These gms are of diabetic patients who have been
diagnosed with DR. Mostly, these images have high pathobogyrrence, several blurring and lighting
artifacts, laser marks, pigmentation and illuminationiations. A dilation is performed before imag-
ing thus images having quite uniform illumination acrossges. Annotation was obtained from two
training experts and total number of marked MAs is 1436 wigdhe highest among the three datasets.

The detailed specifications and other variability occugriimeach of the selected datasets is summa-
rized in Table 4.1.

4.2 Practical specifications

As mentioned earlier, by design, the proposed MA detectysitesn is data driven and hence, there
are no parameters to be tuned for evaluating the systemeWhihing on each dataset, a valué has
to be provided for the CS stage. The value@fapplied for each dataset is shown in Table 4.2. The
fourth column of this table gives the rate of occurrence wé fiesions (MAS) per image in each dataset.
This factor can be used to choasg for a new dataset.

Table 4.2 Selection oftol

Dataset | nyye | N | ngpue/N | tol
PDS-1| 182 | 89 2.044 | 150
PDS-2| 336 | 50 6.72 | 250

CRIAS | 1436 | 288| 4.98 | 250
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The points captured iy (refer Section 5B) may not be accurately localized withia tiandidate
(the local minima might not be the center of the candidatéjs €an cause filter responses (use®if
and R.J) to deviate from the desired responses. To adjust for imac@s, we average the responses
obtained by filtering with the center positioned at each ef@meighbors of the candidate location, with
a weight of 1 for the 8 neighbors, and 1.2 for the coordinaiesstinCy.

Among then.,. lesions in each dataset, training is performed using 90%eofesions, holding out
the rest for evaluation. Each training stage in turn perfofoided validation with 8 folds, and the best
performing model is retained for each stage. False samptesatch supervised stage are included at
random (boot-strapped) from the output of its previousestathe ratio of true- to false-samples used
for training RJ; is 1:15. True-to-false ratio used for training thestage is 1:5.

For the L-stage, a radial-basis kernel was chosén;, z2) = exp(—v||z1 — 22||?), and a L2-soft-
margin kernel-SVM (with slack coefficient=10) [Cortes 95 surained.

Evaluating stage-wise performance

The performance aoRJ; is evaluated using sensitivity( = n/|Cy,,..|) and rejection rater(; =
n2/|Co;,...1) Wheren, is the number of samples labeled as trugis the number of samples labeled as
false andC,| denotes the number of candidates’in

The performance oR.J; is evaluated using sensitivitg{ = n1/|C1iue|) @nd rejection rater(, =
n2/|C1false|) Wheren, is the number of samples labeled as triye< 1), ny is the number of samples
labeled as falsd { = 2).

The net rejection achieved by RJ cascaditigg and R.J> can be found by applying the relation

rr =rry 4+ (1 —rr1/100)rr2%. (4.1)

To evaluate the performance of the SVM, we used histogrampistiteg the likelihood (sample den-
sity) function of the true and false validation samples. Aidml likelihood for the true class should
have mean and mode above 0.5. A desired likelihood for fdkses should have low mean and mode
close to 0. Fig. 4.1 shows the likelihood functions obtainadh validation set (from PDS-2).

4.3 Performance evaluation measure

The ground truth available with a dataset is used to deterrtiie true-positives and the false-
positives obtained overall by our MA detection method. Theeqg@mance of the method is assessed
by two measures: sensitivity, and fppi, based on the numbtue- and false-positives encountered
over images in the test set, in the following manner:

> TP,
>, GT;

> 'R
N

(4.2)

sensitivity = fopt =
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Figure 4.1Likelihood functions for the true- and false-samples iridation set. At a confidence thresh-
old of 0.5, the area (conditional density) under the trueqsla likelihood is 84.66%, false-sample area
is 98.72%. This shows that 85% of the true-MAs get a confidesatge higher than 0.5, and 99% of
false samples get assigned a confidence lower than 0.5 gfeethcted dataset).

where N is the total number of imagegP; and F'P; are the number of true positives and false
positives, respectively, obtained in tifé image of the test set, ar@T} is the number of true-MA in
thei*” image. As well known, sensitivity is independent of datases (N), but not fppi. Yet fppi is an
informative measure with respect to lesion-level detegtand the two measures capture the detection-
error trade-off. For an ideal detection, it is desired toi@eh high sensitivity at low fppi.

Typically, detection methods are evaluated by computimgisieity and fppi for each possible input
parameter setting. Varying some control parameters sisutlifferent detector responses, thus yielding
different values of sensitivity and fppi. These values hemtplotted to obtain the free-response receiver
operating characteristics (FROC) curve. A point in the FR&DI€e shows sensitivity obtained at the
respective fppi for a single parameter setting. Tradiicoanputation of FROC curve involves multiple
runs of the detection method at different parameter setting

Our presented approach for MA detection permits us to olat&ROC curve in a simpler, straight-
forward manner. A single run of our method yields MAs, as veslla confidence value associated
with each positive. From this set, we first take into congitien only those positives of each image
receiving highest confidence value, and compare with egmerbtation to compute sensitivity and fppi.
By using a threshold& varying from 1 to O on the confidence values, we graduallydase the number
of detection, and compute sensitivity, fppi value pairsaathe:. Each pair gives a point on the FROC
plot, and the points are then connected using straight timgget the FROC curve. The trend of this
curve matches the expected trend in a typical FROC.

This evaluation method is more informative compared to thditional method. It is possible to
attribute each point on our FROC to a confidence settincgand a sequence exists in the curve; as
k is reduced, fppi and sensitivity increase. The lowest pmirdur FROC is attributed to maximum
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Figure 4.2 FROC curve on PDS-1

confidence ¥ — 1), and the highest point correspondsito= 0, i.e. the entire sef’s of detected
MA. Such an understanding cannot be elicited from the fi@tid FROC, where each point is obtained
by varying one or more control parameters, and then comeatijacent points. Moreover, in this new

me

the

thod, no specific knowledge of the working of the detectads to be known to evaluate it or analyze
performance.

4.4 Experimental results

The data available in PDS-1 and CRIAS have associated grioutid Hence a part of the training

data is held out as the evaluation or test set. We use 10%tdlithese two datasets. In the case of
PDS-2, the organizers of ROC have explicitly set aside afdsfd test images (training on the test set is
not possible since their associated ground truth is nottedeoy ROC).

The overall performance for each dataset in terms of the FRM@ is discussed next.
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Figure 4.3FROC curve on PDS-2 training and test set

4.4.1 Performance Analysis: PDS-1

Fig. 4.2 shows the FROC curve obtained for PDS-1. The FRGES dsiickly at very low fppi. The
highest sensitivity achieved is 88.46% at 18.02 fppi. Tmsiiwity figures atfppi = 1,2,4,8,12, 16, 20
are shown in Table 4.3 for convenience. At 1 fppi, the searisitachieved is 70.8%. The optimal point
on the froc is at 1.2 fppi, with a sensitivity of 73.6%.

4.4.2 Performance analysis: PDS-2

Fig. 4.3 shows the FROC obtained for the PDS-2 training (ile)pand test (in red) datasets [Abramoff 07]
[Niemeijer 09]. The maximum sensitivity achieved in therinag set is 67.26% at 67.9 fppi. The best
performance (among different algorithms [Niemeijer O8])he test setis also similar: 65.6% sensitivity
at 63.1 fppi (refer Table 4.5).

The optimal performance point on the training curve is S%o4gensitivity at 5.14 fppi. On the test
curve, the optimal point is 50.15% sensitivity at 8.2 fppi.isl clear that the initial rising part of the
FROC is receded in the test set, especially for fgpb. For fppi values beyond 30, the training and
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test set performance are very similar. The initial lag issealby misses at highvalues in the test set
compared to training set. Similar performance (over tegtteining sets) towards the end of the FROC
curves indicates that CS and RJ stages perform equally vielieas the performance of the confidence
assignment stage is sub-optimal.

0.3 ! ! ! ! ! !
0Tk ERUUUOUOUPI e ................. R et oSNV R SUUS o
[ 1 -] T RPN L P -l g e e L TR o
[ Tl e s ST T e L RPN ............... .
£
2
= 1 1 -
I
=
o
w
1 | Ay COUURRRPRPS: b R TP ................. COUURURPRPS- b e o
{ : : : : : : : :
02 @ ... [ T e T e [ T P _
r! . : : . . . :
01 . ............... ................. ................. ................. ................. ................. ................. ................. ............... _
: : —+—observer 1
: : : : : : —8— ohserver 2
0 i I I i I i I
1] 10 20 30 40 al 60 70 illl 0
fppi

Figure 4.4FROC curve on CRIAS dataset set (2 observers)

4.4.3 Performance analysis: CRIAS

The evaluation of our method against public datasets PD& P®S-2 was against multiple experts.
In contrast, the performance on CRIAS dataset is assesdaddimlly, against two observers. The
training was performed using annotations of observer-d4. &4 shows the FROC obtained against the
two observers. The maximum (and optimal) sensitivity agieagainst observer-1 is 71.17% (46.8%)
at 84.1 (15.9) fppi. These figures against observer-2 a8¥5(49.47%) at 82.8 (15) fppi.

Though the system was trained with the annotations of obsdrthe evaluation against observer-2
gave a consistently better performance. The last two roWwsble 4.3 show about 2 to 4% increase in
sensitivity against observer-2 at each fppi value. Viewtat@atively, at a given sensitivity, the system
is able to achieve lower fppi when evaluated with the animtaif observer-2.

48



The difference could be explained with reference to theiteits of the observers. The number of
MAs marked by observer-1 on the CRIAS dataset is 1436. Obs@rhas marked 1510 MAs. The
selectivity of observer-2 is thus lower (observer-2 manke tesion more than observer-1 for every 4
images). Thus false positives will be lower when evaluatél abserver-2. This results in the observed
behavior of the FROC.

4.4.4 Comparative Performance Analysis

Fig. 4.5 indicates the FROC curves of all 3 datasets in a cogdbplot. It can be seen that the
performance on PDS-1 is highest among the selected datdbetperformance over PDS-2 and CRIAS
converge beyond 30 fppi, but at lower values of fppi, PDS2Mwetter sensitivity. This section analyzes
the proposed system to identify some reasons and factoesmjog performance.

Table 4.3Performance on different datasets
Dataset FPPI
1 2 4 8 12 16 20
PDS-1| 0.708| 0.742| 0.78 | 0.83 | 0.85| 0.87 | 0.88
PDS-2| 0.45 | 0.503| 0.520| 0.562| 0.57| 0.59 | 0.6
CRIAS-1| 0.09 | 0.14 | 0.22 | 0.34 | 0.42| 0.47 | 0.49
CRIAS-2| 0.11 | 0.17 | 0.26 | 0.38 | 0.45| 0.5 | 0.52

The end-to-end performance of the system can be understp@kemining the performance at
individual stages. Table 4.4 shows the performance of théc®dsisting of 2 rejectors) across the 3
datasets.

Table 4.4Performance of RJ stage in the 3 datasets
Sensitivity Rejection Rate
Dataset| RJ; | RJ, | overallRJ| RJ; | RJ> | overall RJ
PDS-1| 98.9 | 97.35| 96.23 33.14| 40.75| 60.38
PDS-2| 98.9 | 98.32| 97.23 33.14| 22.18| 47.96
CRIAS | 95.55| 99.72| 95.28 35.12| 21.09 48.8

It is seen thai?.J; and R.J> maintain very high sensitivity, leading to 95-97% sengitifor RJ. This
comes by design (RJ is expected to pass the maximum numbrreoMAs, while rejecting specific
types of non-MA). The high sensitivity levies a limit on ref@n rate achieved in RJ. Table 4.4 shows
that the rejection rate ranges from 60% in PDS-1, to 47% in2DBhe performance (sensitivity,fppi)
achieved by CS and RJ combined (excluding the confidencgremssit stage) are as follows. PDS-
1: (88.4%, 18), PDS-2: (67.26%, 67.9), CRIAS: (75.03%, B2.8Bhese values show that although
sensitivity is retained above 65%, the number of positivesspd on to the L stage is very high in the
case of PDS-2 and CRIAS (3-4 times the positives in PDS-1).
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Figure 4.5 Performance curves over 3 datasets

The nature of the dataset has a role to play in this obsenaft®S-1 having been obtained with
restricted photometric variations, fewer lighting arif blurs and fewer pathologies, is conducive for
the candidate selection (CS) stage to achieve above 90%isgnat about 80 candidates per image.
The task of RJ is simpler in PDS-1. Thus RJ achieves 60% iefjecate in PDS-1, sparing about 30
positives for L stage.

In PDS-2 and CRIAS, the CS stage is intimated of the challgsge Fig. 3.3) in the dataset by
permitting greater number of candidates (throughttiigparameter). In CRIAS for example, CS stage
achieves 78.9% sensitivity, by passing about 157 candigsteimage. The RJ stage manages to main-
tain sensitivity at 75%, rejecting about 70 candidates. fabethat 82 positives arise from RJ indicates
that the rejection achieved is insufficient. The onus is thuthe L stage to assign low confidence to the
non-MAs. However, the non-MA passing to L stage are assurdwgbthard to classify (with the usual
feature set), since easier false samples would have bemtagjearlier.
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Table 4.5 Performance by different methods on ROC (PDS-2) test imagasdt [Abramoff 07]
[Niemeijer 09]

FPPI
Method | 1/8 1/4 1/2 1 2 4 8 Score

Niemeijer et al. [Abramoff 07] 0.243 | 0.297 | 0.336 | 0.397 | 0.454 | 0.498 | 0.542| 0.395
Waikato Retinal

Imaging Group [Niemeijer 09] 0.055 | 0.111 | 0.184 | 0.213 | 0.251 | 0.300 | 0.329| 0.206
Fujita Lab [Mizutani 09]| 0.181 | 0.224 | 0.259 | 0.289 | 0.347 | 0.402 | 0.466| 0.310
LaTIM [Quellec 08]| 0.166 | 0.230 | 0.318 | 0.385 | 0.434 | 0.534 | 0.598 || 0.381
OKmedical [Zhang 09] 0.198 | 0.265 | 0.315 | 0.356 | 0.394 | 0.466 | 0.501 | 0.357

GIB Valladolid [Sanchez 08] 0.190 | 0.216 | 0.254 | 0.300 | 0.364 | 0.411 | 0.519| 0.322
ISMV [Abramoff 07] | 0.134 | 0.146 | 0.202 | 0.249 | 0.286 | 0.345 | 0.430| 0.256
Proposed Method on te$t 0.041 | 0.160 | 0.192 | 0.242 | 0.321 | 0.397 | 0.493| 0.264
Proposed Method on training0.1722| 0.3903| 0.4405| 0.4592| 0.5010( 0.5238| 0.564 | 0.436

While features play a key role in the performance of the Lest#ige training data used is also a factor
in our approach, since the system is largely data driven.tfEiv@ng data in the case of PDS-1 consisted
of 75% expert-consensus lesions. Many of the true sampégsfastraining L in PDS-1 dataset are thus
bound to be well-defined MAs. This is important, and expedted., since it models the probability
of the given sample being labeled as “true” by the 2-classsifiar i trained on the same data. Well
defined MAs help to move the distribution-modes apart, wde@mbiguous MAs tend to bring them
closer to 0.5 (equi-probable case).

The lower performance over PDS-2 and CRIAS is primarily dug¢he lack of consensus-based
annotations as used in PDS-1. The annotations are veryigensiinter-observer variability PDS-2 has
multiple observers and a union of their markings has beesntéd annotate an MA. In CRIAS only 2
experts have annotated the images and the variability legttheem has already been pointed out. The
net result of this is that in both these datasets more fuzz i part of the true MAs. Additionally,
these datasets exhibit variations in many other respeftr (Fable 4.1) as well. Hence, these datasets do
not satisfy the assumption of presence of many well-defindd M the true samples (see construction
of Egn. 3.16). Next, we do a comparative study of performamgaanst PDS-2.

4.4.5 Performance comparison against other methods testesh PDS-2

The ROC technical report [Niemeijer 09] gives a detailed pamtive analysis of 5 different detec-
tion methods on various performance aspects. A performscme is computed by taking an average
of the sensitivities reported at fppi of [0.125, 0.25, 0.5214, 8] for each method. Table 4.5 shows
the sensitivities and scores reported for the 5 differerthods [Niemeijer 09] and by our method (last
row).

!Performance obtained on PDS-2 training dataset is alsodadlin the table
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The maximum and minimum reported scores in the ROC challargf®e381 and0.206 respectively,
and the mean i8.315. In comparison, our proposed method obtains a scofe26fl. An analysis of
sensitivity at different fppi reveals that at fppi valueed 1, our method performs at par with other
methods.

PDS-2 has images of mixed sizes and resolutions which pogesbm in detection. Most of the
reported methods [Niemeijer 09] explicitly handle thistdean. Our objective of this experiment is to
assess detection performance on an unseen dataset olirsgreggmario where prior knowledge about
the dataset is not available. Thus, we did not attempt toleahdse variations or perform any special
parameter tuning for each dataset. The performance of otlraaheviewed from this perspective, can
be considered to be reasonably good.

4.5 Discussion

In this work, we formulate MA detection as a target detectioolutter problem and have identified
a potential role for learning non-MA structures in the détetprocess. An approach has been devel-
oped utilizing the insights and complexities reported ia garlier work. A successive rejection based
approach is proposed where rejection stages are arranged ba the occurrence frequency and dis-
criminability of the underlying non-MA structures. A newts# morphological and appearance-based
features are presented to characterize various non-MA ahdtMictures.

This approach has some inherent advantages over the gtigged in earlier work. First, it elim-
inates explicit segmentation of optic disk (OD) and vess$elsuppress candidates arising on such
structures. Over- or under-segmentation of OD or vesstdstahe MA detection sensitivity and fppi
[Abramoff 08][Fleming 06]. For instance, thin vessel jupatand end points are nhumerous among
the obtained candidates. Vessel segmentation employexjtoent thin vessel may also include MAs
(which are referred to as noise structures, from vessel settion point of view). In vessel segmenta-
tion, it is called a trade-off of thin vessel and small darkseo Most of the segmentation methods use
elongated property of vessel to suppress such noise. Quiasgtivessel segmentation assessment can be
performed using DRIVE [Staal ] dataset but will not be adegua quantify its effect on MA detection
sensitivity. Another limitation is that MAs near vesselsially get suppressed due to their inclusion in
the segmented vessel map. Overall, segmentation-basedessjpn of non-MA candidates is not an
optimal strategy to employ.

In the proposed method, a learning-driven rejectdr() was designed to eliminate vascular non-MA
candidates. Features based on specialized filters werdasbdracterize them. Table 4.4 summarizes
individual stage performance achieved on 3 different @dsadt can be seen that the first stage gives a
good performance. On an average it allows 97% of MAs to the stage while rejecting 34% non-MA
candidates, belonging to the vessel structure.

The second rejector also uses a learning-based strateggjdoting the FP. In this stage, the choice of
features for modeling the structures (in clutter classuisedifficult as the structure classes associated
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with the FP passed by the first rejector are mostly unknowe type of structures is different in each
dataset: in PDS-1, the FP are typically due to image noiseeca noise, small laser marks, exudate
clusters. In PDS-2, the FP are mainly due to blurred imagemegand noise. The CRIAS dataset on
the other hand contains images with high number of pathetogrhich generate FP candidates from the
following structures: small and big hemorrhages; regiotwben two bright regions (usually inside a
hard exudate cluster). This results in a high number of@uttasses. Dependency on the underlying
dataset is clearly seen in the performanc&ds (refer Table 4.4). The rejection rate obtained by second
stage is 40%, 22%, 21% on PDS-1, PDS-2, CRIAS respectivdiifewhe sensitivity remains high at
approximately 98%. The rejection performance degradeby for the two datasets which are more
challenging. We can conclude that the appearance baseddgatsed in this stage are not robust to
scale variations found in the structures.

Nevertheless, the high sensitivity signals a scope fohé&urinvestigation towards better understand-
ing and modeling of clutter classes. Experiments on largabms of images collected from typical
screening programs can give some useful insights to adtlisss

The technique of confidence measure assignment to the el@téd&t produces an outcome matched
to the perceptual capabilities of medical experts. Theaat confidence measure of MAs gives a
means to classify them into perceptually defined categaties as subtle, general and well-defined/
obvious MA. This enables us to quantitatively analyze thieab@r of the detector in different MA
categories . The added benefit is this technique enablemivigta FROC type of curve in a single run,
unlike the parameter controlled multiple runs requiredariier approaches. This makes it possible to
test the method’s behavior on an unseen data in a single run.

The experimental evaluation offers some new insights abballenges for MA detection method
development. Our experiments on different datasets weredabut without any tuning. This helps to
predict performance on unseen data.

()The best performance of our method on PDS-1 reveals atisights: Due to a fixed imaging
protocol used, image size and resolution are fixed and imtege variation is low. Consequently,
learning by the proposed method is better in PDS-1 comparether datasets. More generally, this
indicates that performance of automated screening saligitetter when a fixed protocol is used to
acquire images.

(i) The performance against CRIAS dataset (in Fig. 4.4wshthat at lower fppi, almost equal
sensitivities against both observers, indicating consems obvious MAs. Whereas, there is a good
amount of disagreement between experts in detecting dearetaubtle MAs. Thus, for an ideal evalu-
ation of the method, ground truth should be collected fronitipla experts and the evaluation technique
should account for consensus level among experts.

A recent survey [Winder 09] indicated that creation of a datrpining set is an important step to
ensure that evaluation is close to a real screening sceffdng study has also concurred that the devel-
opment of successful screening solution for DR screeningldvbe greatly facilitated by the adoption
of a standard format for evaluating detection methods.
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Chapter 5

Exudate segmentation

Exudates are a class of lipid retinal lesions visible thioogtical fundus imaging, and indicative
of diabetic retinopathy. Unlike microaneurysms which ameab by nature, exudates are of variable
size and appearance. The need is thus not detection but siegime, or demarcating exudate clusters
from background. To illustrate the data analysis-driveprapch described in Chapter 1, we devise
a clustering-based method to segment exudates, usingspalte clustering, and colorspace features.
This chapter gives the design and validation of the methaas®t of 89 images from a publicly available
dataset.

5.1 Introduction

Exudates are a class of lipid lesions visible in opticahadtimages, which are clinical signs of DR.
Two manifestations of exudates are known: hard exudatasaftpear as bright yellow regions, and
soft exudates or cotton-wool spots, which have fuzzy agrear. Automatic detection of exudates is of
interest as it can assist ophthalmologists in DR diagnosisearly treatment.

The common approaches to lesion-level exudate detectltmwfa bottom-up strategy [Zhang 05],
beginning with pixel classification, followed by region4g classification. Color values are used in
pixel classification, since exudate pixels exhibit a liditange of color. Region-level classification has
been attempted with features like edge-strength [Zhangn®8dn intensity within the region[Osareh 01,
Garca 07], and contrast features[Niemeijer 07]. The opsk @ a structure with similar color charac-
teristics as exudates, imaged in the central views of theaetOptic disk has been distinguished by
using entropy features[Sopharak 09], or using dedicatatiads like active contours[Kande 08].

Existing work use supervised classification like k-nearesgthbor[Niemeijer 07], neural networks
or SVM [Zhang 05]. In these methods, color normalizationd@sfgrmed as a common step in order to
reduce the variability within retinal images, occuring doémaging conditions, pigmentation, and pres-
ence of other pathology. Color is a prominent characterggtexudates, and the performance of existing
approaches rely on the ability of the normalization techaitp handle the variability effectively.
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Segmentation may also be performed in an unsupervised mdrove-level segmentation has been
performed by clustering using multispectral images anfoami-sized neighborhoods [Amadasun 88].
To achieve segmentation using clustering, features argutad at each pixel (or its neighborhood),
thereby yielding data points in feature space. The cluggemigorithm then assigns labels to each data
point by optimizing over a cost function [Zhang 05, OsarehKdnde 08]. Segments are contiguous
regions of pixels receiving the same label.

Two factors play a role in the clustering method: the featpace used, and the distance metric
defined upon that space. The cost function uses the distaatiic o find the proximity of cluster
prototypes to each pixel, and assigns labels based on dptétho@s of the cost function.

Multi-space clustering is a technique which uses multiplatdre spaces, with potentially each fea-
ture space using a different clustering algorithm and destametric[Bickel 04]. This technique has
shown improvement in performance compared to single-sphstering [Bickel 04, Pensa 08]. The
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Figure 5.3 Flow diagram of Segmentation by multi-space clustering

improvement is achieved by coercing the outcomes of thevichatl clusterings in a constrained fash-

ion.

In this work, we propose a multi-space clustering approaaxtdate segmentation, which does not
use color normalization or preprocessing. The proposethadatises colorspace features constituting
two feature spaces. Clustering is performed individuailgach feature space, and the obtained labels
are combined in a special manner to yield exudate segments.

5.2

Proposed method

The proposed method is a bottom-up approach consistingedbtlowing steps:

1.

2.

suppressing the fundus mask

obtaining pixel values in multiple color spaces
constructing the feature spaces to perform clustering
clustering to obtain labels

combining the clustering outcomes, to get candidatensgi

suppressing false candidates
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(b) Clustering inf2

Figure 5.4 Clustering based segmentation in two feature spaces

The fundus mask is the dark peripheral part of the RGB reiimalge, which does not contain
informative pixels (fundus pixels). The fundus mask canxmusled by thresholding the brightness (V
of HSV space). The next step computes color transformafiaiesfour color spaces, for each of the
fundus pixels. Conditionally independent feature spacesanstructed from the colorspace values. We
have considered the following colorspaces: RGB, CIE L*y*™SV, HSI, and constructed two feature
spaces:f; : (H,S,V,I),andfy : (R,G, Lx,ux,vx) . It can be seen that conditional independence
is ensured among the two feature spaces. This is essentikie]®4] for the multi-space clustering
framework.

We use k-means clustering—cross-correlation being the distance metric, treating gatints as
sequences. The values forming each such sequence are imerhtalhave zero mean and unit standard
deviation. The clusters are initialized by performing aliptmary clustering with random 10% sub-
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sampling of the data, antd centroids at random. We skt= 4, thereby partitioning the image into 4
segments.
Clustering inf; results in segments corresponding to the following stmestin the retinal image:

1. Bright lesions and bright background

2. Vessels, dark background, macula region

3. General retinal background

4. Peripheral region,

whereas clustering ify, results in the following segmentation:

1. Optic disk, hard exudates, peripheral bright regions

2. Vessels, dark lesions, dark background

3. Regions surrounding the bright objects (enclosing regif (1) )

4. Other background pixels

Regions off; with label 1 (denotel;.1) miss some minute, isolated exudates and some faint exu-
dates, which are however picked upfinlabel 1 (denotd.».1), at the cost of picking several periphery
pixels. The choice of feature space has yielded this comgiésiny nature to the clustering relevant to
the region of interest. The labels, if combined appropiyateelp to maximally identify the exudate
regions and optic disk. We subsequently show a scheme deaisehieve this.

Clustering results in separation of the four clusters, feaimich we identify the cluster corresponding
to L1.1 and Ls.1 using the following observations:

1. exudates are bright lesionsiax(7) value (of HSI) will be high in the exudate cluster.
2. exudates exhibit a yellowish colariax(R) —max(G) in exudate cluster should have a low value.

3. cluster having minimunmax(/) can be rejected as beirdg .2 or L,.2. Similarly cluster having
maximummax(R) — max(G) can be rejected as non-exudate cluster.

This logic is summed up in Table 5.1;.1 andLs.1 are shown in brown in Figure 5.4

Having identifiedL;.1 and L,.1, their complementary nature is how used to extract the nilay|
exudate regions. For this we have devised the followingreehe

L1.1 contains slightly over-segmented exudate regions, anerakelright background pixels sur-
rounding and including the optic diski.,.1 contains well-segmented exudates, minute exudates, and
several peripheral pixels. The exudate regions can thustbeceed by finding allL».1 regions present
in L;.1, and the othel ;.1 regions not present,.1. Connected components analysis is done to enu-
merate the regions and find their presencé il andL,.1. The desired regions are then extracted, as
shown in Figure 5.5.
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Table 5.11dentifying L;.1 and L,.1 clusters

max(/) | max(R)— max(G) || Possible clusters
maximum minimum L;.1,Ls.1
minimum X L1.2,05.2, 1.4
X maximum L1.2,11.3, [.2
X X L141.3,Lo.4, Ls.3

Parts of the optic disk and a few bright background regioras itenow remain to be identified and
suppressed. It can be seen that these superfluous regidmsuaiced by or cut across by blood vessels.
Yet the contrast between the vessels and the candidatenrisgimt prominent, leading to the regions
enclosing some vessel segments. The optic disk is one sgicmygvhere the major vessels are incident.

We use band decorrelation[Gillespie 86] among the RGB bemithi& candidate regions. This results
in strong accentuation of the vessel contrast. The red coergaf the decorrelated result shows a very
high value at blood vessels, whereas green component as$iighevalue at exudates and bright regions
(see Figure 5.6(a)). As per this observation, optic disioregand regions with vessel crossings assume
higher mean decorrelated red value. Thus we find the difter&etween the mean of red value before
and after decorrelation, and suppress candidates yietdivagative value of this difference.

5.3 Evaluation

5.3.1 Dataset

Our method was evaluated against the publicly available READB1 dataset, consisting of 89
images, of which 38 images contain hard exudates, and 2@iom@tft exudates. Allimages are of same
size (1500x1152) and captured using 50 degree field-of-digital fundus camera[Kauppi 07b]. The
accuracy of the method is reported in terms of sensitivity positive predictive value [G.Altman 94]
(PPV).

Since the ground truth is available in terms of polygonalmeg, and the polygons are not an ex-
act annotation of the lesions, to calculate sensitivity kregholded the green band enclosed by each
annotated polygon at highest consensus level (threslypldas done using Otsu method) and used the
resulting pixels as the true exudate regions.

Positive pixels are identified as those which coincide wikelg in the true regions. PPV is found
as the ratio of number of positive candidate pixels, to thal toumber of candidate pixels. Sensitivity
and PPV are computed across the dataset, as against agesgg@n-image evaluation (as reported in
[Garca 07]). Our method shows a sensitivity of 71.96% and BP87%.

Applying a region overlap accuracy metric, where each giloumth region is considered as seg-
mented if positive candidates coincide with at least 50%hefdground truth region, our approach has
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(a) L1.1 regions not present ifi2.1

(b) L2.1 regions present itf;.1

Figure 5.5 Candidate regions identified by coercing the clusterings

an accuracy(recall) of 89.7%. This can be compared with tipersised methods of [Sopharak 09],
which reports a recall of 87.28% on a dataset of 40 images &datal hospital, and [Garca 07], re-
porting recall of 84.4% at PPV of 62.7% on a set of 50 imagesvé¥er the performance is lower than
[Osareh 01], reporting 92% recall on a set of 42 images. Therion of at-least-50% spatial overlap
may be justified considering that several exudates are simafjular-shaped and appear in clusters.

5.4 Discussion
The use of correlation as distance metric, and use of whittsl feature spaces has compensated for

the commonly performed image pre-processing step. Toppertustering, other work in literature have
used fuzzy c-means, but have not capitalized on the fuzzybaeship values. Moreover, time taken to
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(a) RGB band-decorrelated image

(b) Positive regions after false candidate suppression

Figure 5.6

process a single image is reported to be considerably higtef@ample, 18 minutes [Sopharak 09] for
752x500 image in Matlab platform) in fuzzy c-means method.

We perform k-means clustering at pixel level using only cafdormation at each pixel, owing to
the bottom-up strategy. Processing using a pixel colodhisa structure enabled much faster clustering
(less than 20 seconds on average. See Table 5.2). This ¢abifopermits clustering on two feature
spaces.

For evaluation, since accurate lesion demarcation wasvadghble in the dataset, we have used a
threshold within the expert-annotated polygons. Thoughstiep has helped to capture the lesion bound-
ary in most cases, bright background pixels surroundingesemall lesions have also been captured.
This has affected the overall sensitivity value.
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Table 5.2Average running time for a single image: 1500x1152, in Mapéatform

Stage Avg. time taken(sec
Fundus mask suppression 0.04
Construction of color list 10.51
Color transformations 7.96
Clustering infy 12.51
Clustering infy 19.48
L41.1 andL,.1 identification 1.282
Coercion of labels 0.302
Suppression of false regions 11.802
Total 63.886

Figure 5.7 Sub-image indicating segmented exudates

The high value of PPV indicates that false-positives areifeaur approach. Some bright imaging
artifacts appearing as small blobs, and laser marks, whigkea away from the macula in central
views, are two observable false alarms. In few images, @égadgpear close to the optic disk, leading
to forming a single region enclosing both a true lesion amdaptic disk. In this case only parts of the
optic disk are suppressed by the method.

Overall, the results obtained indicate that there is goagmi@l for multi-space clustering to be
applied as a segmentation technique. Our method is sigmifffdaster than the state of the art, achieves
comparable accuracy, and segments are visually welldletecewith the lesion.
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Chapter 6

Conclusions

This thesis described novel methods for automatic anabyfsistinal images with the goal of au-
tomated diabetic retinopathy screening. In automatedesarg a computer system analyzes retinal
images before an ophthalmologist does, and only the imdgdsate suspect for the presence of dia-
betic retinopathy are presented to the ophthalmologistacfaeve this objective, the thesis presented
methods for detection of diabetic retinopathy-indicat®gions in retinal images.

Chapter 1 formulated detection as a decision between twesstarget-present” and “target-absent”.
Observations are made consisting of measurements, and#eevations help to make decisions by
comparison with prototypical patterns in the observatipace or feature space. A detector hence be-
comes a set of decision functions, where the task of eaclsidadunctiond; is a transformation from
the observation space it decision spacé;. The observatiorr is transformed into decision spasg
and the power of decision comes from the existence of nualeidering inS;.

In theory achieving such ordering helps to formulate thect&n problem as an optimization in the
decision space. Such structural restriction a8;ifts however not stated for the observation space. As
in the task at hand, for most real world decision problems riieicessary to identify what measurements
qualify to be considered as an observation amenable tatitatianalysis and inference. This is the
transport between the semantics of the real world and theredtions in the mathematical/ statistical
world.

Science is built up of facts, as a house is built up of stonasaB accumulation of facts is no more
a science than a heap of stones is a housidenri Poincare.

It is only through empirical studies, experimentation arplezience in the domain, that good obser-
vations can be made. Assuming a set of features to be awflatthe application, a classifier-approach
would try to search for a separating hyperplane in the olasierv space, projecting upon which an
ordering would arise (the projection maps from the obs@rmatpace to the decision space).

Chapter 3 considered a different perspective. Classifigigdebuilds a single projection functiagn
for a variety of samples. In the case of a multiple-discraminor perceptron learning there are multiple
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Figure 6.1 Anillustrative projection in a Fisher linear discriminaiiage courtesy of Richard O. Duda,
Peter E.Hart and David G.Stork, Pattern ClassificationpSa&dition, Wiley 2001

projections but in the same observation space. By its vemdtation statistical modeling is reductive,
necessarily missing part of the complexity of the real wtwldive a simplified representation permitting
decision making. There is thus a possibility that a part eftthining samples may not conform to their
generative hypothesis. Essentially it can be claimed thetpr 3 attempted to circumvent this by
consideringfeature sub-spacesinstead of performing the projection in a unified featuracgp

The subspaces may be constructed manually, or by applyirautnmatic feature selection tech-
nigue combined with a clustering algorithm, where eachtetudenotes a representative of a possible
expression of the target to be detected. A problem certaamise in this direction is that the number of
expressions exhibited by the target must be enumeratedrenudeded, in order to verify the outcome.
But for the detection task the annotation available is ontlidative of the target, and the different ex-
pressions of the target, such as “faint, distinct, unevéfrglmpe” and so on, are not straight-forward to
obtain, and are subjective. Further this strategy mighteti to make generalizations.

We thus shifted our focus from the target object to the nogeta in the fashion of the knowledge-
discovery technique known @srative denoisingGiles 08]. The subspace idea along with the focus on
non-MA culminated in the successive-rejection strategyMé detection presented in Chapters 2 and
3.

The presented approach exploits the high occurrence pitiypaih clutter structures and derives a
novel, successive rejection-based method. A system dexelosing the proposed approach has been
evaluated on three datasets, and a comparison of perfoematicother approaches has been presented.
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To the best of our knowledge, this is the first lesion-level Bi&ection method to be evaluated against
an extensive set of images from multiple datasets.

The practical implementation of the system opened up newectuges, foremost was the need to
identify and model various frequently occurring FP struesu(among the candidates), other than the
ones we have identified in this work, for better rejectione Tinodular design of the proposed approach
offers flexibility to include additional rejection stagesdependently, without affecting the function-
ality of other stages. The performance obtained indicatedl & more sensitive candidate selection
component is of need, to get desirable performance, sincexmeriments show that the candidate se-
lection determines an upper bound on the maximum sengitithiich can be achieved. For instance, the
wavelet-domain template matching approach of [Quelleac08]d replace the morphological approach
we applied, towards this goal.

Some questions that emerge from this work are:

1. Should the training set strive to include the entire gamhekpressions exhibited by the character-
istic patterns (without enumeration)? This would be anretfmvards generalization, but would
it penalize the performance of the system by posing greatéability ? What are the ways by
which these opposing objectives can be reconciled?

2. Given a detector, having only its parameters to controly kan it be found if there exists a
parameter value at which the detector performance is aetisfy?

Our results indicate that for the inductive learning apphoaspoused in this thesis for MA detection,
greater variations in the training set only result in reduperformance. This is evidenced in the gap
between the PDS-1 and CRIAS performance. This is concondhtthe assumption expressed in
Chapter 1, that the set of characteristic patterns be reptats/e and “good”.

The assumption is also endorsed by the “Compactness hygisthe training data —In order to
derive, from a training set, a classifier that is valid for n@nseen) objects, the representation should
fulfill the condition thatrepresentations of similar real world objects should havd&eé similar as well
1

By training with greater intra-class variations, the dfésssarises as a model with low statistical
bias, but high variance (a model with an inclination to fldkiggeneralizability). Such a model per-
mits greater false alarms leading to reduced performarspecélly in medical applications which are
required to have very low false alarms, more so in a screestagario.

A classifier trained with fewer intra-class variability ¢édlead to high performance, as seen in PDS-
1, but may lead to a rigid model (low variance, but high biaghwhe possibility of having overfitted
the training data.

These issues are traded away in the unsupervised approtGledlén Chapter 4. Here clustering
is performed as a pixel labeling step, with an intended fpanihg of the image into specific types of

from the Handbook of pattern recognition and computer wis@H Chen and PSP Wang (eds)
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partitions. Connected components form the potential regif exudates, which are analyzed further
based on RGB band decorrelation information, to reject sg®ns. This approach uses two feature
spaces where pixel labeling is performed independentlyti@desults are merged in a manner driven
by heuristics and a knowledge of the outcomes. The appr&ahsupervised and relies on domain
knowledge and assumptions on the expressions exhibiteduaates in CFI.

Future work:

The MA detection algorithm was also evaluated against asdateollected from L.V.Prasad Eye
Hospital, part of which is called CRIAS (colour retinal ineagnalysis set). The dataset contains CFlI
of 288 patients, containing at most 2 images per patientdled right eye). The dataset also contains
fluorescin angiogram images (FA) of the patients. It is thossfble to attempt automated multimodal
registration of CFl and FA, and study the turnover of MA in the® modalities. It is well-known that
MA appear as easily detectable bright spots in the FA. But$bsv about twice as many MAs as seen
in CFIL. This is because the retina is multi-layered, and CEfsture reflected light from only the first few
layers. MAs located in further layers show up in the FA butind@FI. By obtaining image registration
between FA and CFI, a number of insights might arise reggrfetter ways to obtain unequivocal
(“gold-standard”) ground truth, and strategies for depilg better MA candidate selection algorithms
for CFI.

Regarding the achievement of desired performance, detetitieory only gives an objective for
optimization. The decision capacity of the detector may $&ibed to a likelihood ratio test on the
observations. The detector model is thus data driven, yidapendent on the training data and the
measurements constituting observations for achievinfppaance. This being the case, the theory di-
rects the algorithm designer to experimentation at vangarameter settings as the only means to verify
the power of the detector. By relooking at the formulatiordefection it is possible to evolve an alter-
native way to setup the detector objective function.

The room is but a resource, | hold its lock and key
Now they call it my room, but it is what holds me
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