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SUMMARY

Diabetic retinopathy is the most common cause of blindness in the industrial countries.

The best way to prevent visual losses from diabetes is early detection. From photographic

and angiographic images, an experienced physician can find a lot of useful information

to assess the development and progression of diabetic retinopathy, but this procedure

is time-consuming. Automatic detection of indicators of diabetic retinopathy is a more

efficient method.

The goal of this project is to develop and optimize an algorithm to detect micro- aneurysms

and small round hemorrhages in low-resolution color retinal images. Our algorithm

is adapted from a micro-aneurysm detector developed for high-resolution angiographic

films. It consists of pre-processing, morphological filtering, thresholding, region growing

and feature analysis. This algorithm has been tested on retinal images of 640x480 res-

olution. Experimental results show that it is possible to set up parameters to achieve

100% global sensitivity with up to 80% global specificity, which means that all affected

individuals could be directed to specialists without too much overload.
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INTRODUCTION

The purpose of this thesis is to report on a practical algorithm for detecting micro-

aneurysms in low-resolution color retinal images. The approach is inspired by the work

of Spencer et al. [16] on micro-aneurysm detection in high-resolution angiographic films.

Nine out of ten people with diabetes eventually develop a complication that affects the

eyes, known as diabetic retinopathy. This complication affects the blood vessels inside

the eye and can lead to blindness if untreated. With early diagnosis and treatment,

however, much of this blindness is preventable.

Diabetic retinopathy may cause lesions such as micro-aneurysms, hemorrhages (Dot,

Blot, Lipid) and vessel deformation. The earliest symptom is the appearance of small

dark spots, termed micro-aneurysms. These are small saccular bulges in the walls of

the retinal capillary vessels that appears as distinct round objects in the image. In

practice, however, the appearance of the micro-aneurysms may deviate from the classical

description.

Traditionally, diabetic retinopathy is diagnosed in several steps. First a general evaluation

is done. Then a dilated retinal examination is usually performed. Dilation allows the

physician to evaluate the retina thoroughly, looking for evidence of diabetic retinopathy.

Based on this examination, a fundus fluorescein angiogram may be advised. To perform



it, a small amount of dye is injected into a vein, and pictures are taken of the eye. This

kind of angiogram provides useful information to assess the development and progression

of diabetic retinopathy. However, this method is time consuming and the results are

unstable.

Automatic counting and analysis procedures using image processing tools have been

proposed by various authors [4] [5] [6] [10] [13] [16] [21]. M.osi of these techniques,

however, have been developed for high-resolution fluorescence angiographic films. The

main problems with this image modality are that:

1. it necessitates pupil dilation as well as injection of a fluorescent dye into the patient

in order to highlight the lesions;

2. most of the acquisition systems provide grey-scale images, which prevents the use

of color features for the classification of micro-aneurysms

Recently, digital color fundus cameras that do not require pupil dilation have become

available (the so-called non-mydriatic digital cameras). These ophthalmic image acqui-

sition systems are easy to operate and economically more suitable for mass diabetic

retinopathy screening. Of course, mass screening implies the analysis of a large number

of images, which makes the use of automatic imaging tools even more interesting. Such

tools should be able to:

1. pre-screen images to separate normal from affected eyes; and

2. provide disease grading for clearly affected eyes, letting medical specialists focus on

doubtful cases.

Low-resolution digital color retinal images are the type of ophthalmic images we are

interested in for this work. Figure 1.2 shows an example of such an image from our



46-image dataset. The image has a resolution of 20 fim/ pixel, which is fine enough to

detect most micro-aneurysms (micro-aneurysm diameter varies between 5 and 125 fim).

In developing the algorithm, we took advantage of some common image processing li-

braries such as Khoros [8] and CVIPtools [19]. The algorithm proceeds according to the

following steps:

1. Pre-processing

2. Morphological filtering

3. Thresholding

4. Region growing

5. Feature extraction and classification

In Chapter 1, we present several typical micro-aneurysm detection procedures using an-

giographic films developed by T. Spencer [16], A. M. Mendon^a [10] and F. Zana [21], as

well as describing how we developed and implemented our algorithm.

The technical details and experimental results of our micro-aneurysm detector are pre-

sented in Chapters 2 and 3, followed by a general conclusion.



Chapter 1

REVIEW AND BACKGROUND

Most of the existing work on automatic micro-aneurysm detection has been done on flu-

orescein angiographic images. They have been proposed to overcome the tedious tasks

of detecting and counting small lesions by hand on films. These angiographic images are

grey-scale images, meaning that only grey-level information is available for the classifi-

cation of micro-aneurysms.

Commercial color fundus cameras that do not require pupil dilation (non-mydriatic cam-

eras) or extensive operational training are now available. Taking into account that an-

giographic cameras necessitate a hospital visit and that the population of diabetics is

increasing, these new cameras are clearly the technology of the future for mass screening

of diabetic retinopathy. Combining non-mydriatic color fundus cameras with automatic

image processing software and telecommunication systems is a natural solution to help

improving the efficiency of the screening and simplifying the diagnostic process.



Figure 1.1: Typical retinal image analysis system

1.1 Imaging system

A micro-aneurysm detector includes two main parts, as shown in Figure 1.1: the image-

acquisition system and the image processing system.

The imaging system consists of a (non-mydriatic) camera along with its calibration sys-

tem. The digital images we used were acquired with a CANON camera CR6-45NM

producing images of 640x480 pixels on a 45° field of view (FOV). Figure 1.2 shows a

sample image.

1.2 Micro- aneurysm detection strategies for angiographic

films

To our knowledge, the only existing method for micro-aneurysm detection from color

images was proposed by R. Scott, P. Gregson and V. Kozousek [13]. It is based on

the Hough transform. The green band is used because it has the greatest contrast for

micro-aneurysms (for the same reason, we also choose the green band). After masking



Figure 1.2: An example of a low-resolution color retinal image



the retinal vasculature, a high-pass filter is applied to the image. Then Hough transform

is employed to detect the circles (micro-aneurysms). This method works well in high

resolution images where micro-aneurysms appear as perfect circles. On our low-resolution

images, a micro-aneurysm can be a two, three or four-pixel target that does not have a

clear circular form. This is one of the reason why is is difficult to apply this method on

low-resolution images.

In this section, we will review two micro-aneurysm detection procedures and one segmen-

tation algorithm that have been developed for angiographic images, and from which our

algorithm is inspired.

1.2.1 T. Spencer's algorithm

Timothy Spencer et al. [16] developed an algorithm for segmenting micro-aneurysms in

fluorescein angiograms. The strategy comprises several steps (Figure 1.3).

First, pre-processing stages take care of correcting non-uniform illumination and shade.

For each batch of fluorescein angiograms, a flood image is also captured. This is an

image shot with no negative in the film strip holder, showing the non-uniformities in

the imaging system. The angiographic image is divided by the flood image, resulting in

an image from which variations in image intensity due to artifacts have been removed.

Shade correction is used to separate the retinal features from the background. This is

done by subtracting an image approximating the background from the original image.

The background image is obtained by smoothing the original image with a median filter

whose size is significantly greater than the largest retinal feature.

Second, a bi-linear top-hat transformation and a matched filter provide an initial seg-

mentation of the images. The shade-corrected image is morphologically opened with a
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linear structure element at different rotational orientations. To save computing time, the

author used four main orthogonal/diagonal orientations (30, 60 120 and 150 degrees),

after re-sampling the image for a hexagonal grid. Taking the maximal pixel value at

each spatial location of the opened images creates an image containing vessel sections

in all directions. Subtracting this image from the shade-corrected image produces an

image containing only circular features (potential micro-aneurysms). An 11x11 Gaussian

matched filter with a standard variation of 1 pixel is then applied to improve separation

between micro-aneurysms and any remaining unwanted features.

Third, thresholding the match-filtered image produces a binary image, in which the

objects are referred to as candidate micro-aneurysms.

Fourth, a region-growing algorithm takes each binary object in the candidate micro-

aneurysm image and, makes use of the grey level information from the original image to

delineate and fill in the domain of the feature marked by the binary object.

The final step concerns the feature analysis of the candidate micro-aneurysms. A number

of criteria are used to judge whether a grown object is indeed a micro-aneurysm, based

on information derived from its size, shape and pixel grey-levels.

Our algorithm has been, in large port, inspired from Spencer's work. However, we have

proposed the improvement of modified top-hat filter. And we have developed new tech-

niques for adaptive thresholding and color feature classification. And we remove the

match-filter step in our algorithm, since we found, for our images, it does not significant

contribute to enhance the circular targets.



1.2.2 F. Zana's algorithm

Frederic Zana and Jean-Claude Klein [21] developed an algorithm based on mathematical

morphology and linear processing for vessel recognition in noisy retinal angiograms. It

turns out that some of the ideas presented there are useful for micro-aneurysm segmen-

tation.

First, geometrical models of vessels and undesirable patterns are defined in order to

separate them from their environment. (1) The vessels are described as piecewise linear

curves, connected in a treelike way and with a Gaussian-like cross-section. (2) The

noise arising from the digitizing process is modeled as low-intensity white noise. (3) The

fluorescence from the layers below the retina, especially the choroid, is described as a

fuzzy signal, generally less fluorescent and a little more disorganized than the vascular

tree, but highly correlated.

Second, an opening using a linear structuring element is used to remove a vessel if the

structuring element and the vessel run in orthogonal directions (It will leave the vessel

nearly unchanged if the directions are almost parallel). Then some of the capillaries can

be recovered by using a geodesic reconstruction of the opened image conditional to the

original image. We have applied the geodesic reconstruction in our algorithm and found

it gives a better result than a normal morphological transform.

Finally, appropriate differental properties are computed for the purpose of further sepa-

rating vessels from other patterns. Finally, vessels are extracted using curvature differ-

entiation.

According to the author, if an entropy maximization thresholding scheme is applied on

the morphological filtered image, a binary image containing the location of round isolated

peak targets, will be produced. These targets in the binary image, indicating potential

micro-aneurysms in corresponding angiographic images, can be used as candidates for
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the segmentation of micro-aneurysms.

1.2.3 A. IVtendonga's algorithm

A. M.. Mendonga et. al. [10] also developed an automatic micro-aneurysm detection

system for use on retinal angiograms. Their method includes initial pre-processing and

enhancement steps, followed by object segmentation. In the final phase, micro-aneurysms

are validated using criteria based on local intensity, contrast and shape.

The main goal of the pre-processing stage is to reduce the intensity variations. At be-

ginning, background intensity normalization is performed by applying a mean operator

with a large window, and then subtracting the result from the original image. Then a

bi-linear top-hat transform and a Gaussian shaped matched filter work together to en-

hance objects with features resembling those of micro-aneurysms. Figure 1.4 shows the

schematic representation of this process.

The image obtained from the initial processing procedure is analyzed using the sequence

of operations shown in Figure 1.5.

The initial step consists in the localization of image structures similar to micro-aneurysms

and estimation of their central points. For this purpose, local maxima of the image are

detected. Afterwards, only those points showing intensity values higher than a calculated

threshold are considered as seeds for the region growing procedure, with the goal of estab-

lishing the limits for the segments that will be considered as potential micro-aneurysms

for further validation.

Analysis of the intensity distribution within each connected segment and its relations

with the surrounding area, using adequate criteria, is performed to determine whether
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it should be accepted as a valid micro-aneurysm. Because micro-aneurysms can be dis-

tinguished by their hyper fluorescence, manifested by high intensity values, the intensity

criterion is based on the difference between the average intensities of the segment and its

neighborhood. The second criterion concerns the contrast between the segment under

analysis and its surrounding area.

Some of the segments that result from the region growing and validation processes may

overlap. When this situation occurs, the distance between seed points is evaluated in

order to decide whether one or more micro-aneurysms should be considered for counting

purposes.

1.3 Software development

We have developed an algorithm that allows automatic detection of micro-aneurysms in

low-resolution color retinal images [20]. As the algorithm has several modules, we im-

plemented, tested and optimized each module separately. Figure 1.6 shows the strategy.

After optimizing all of the modules, we optimized the small number of free parameters

and measured the global detector performance using receiver operating characteristics

(ROC) curves.

We started developing the algorithm with the Khoros environment [8] in order to quickly

build prototyped algorithms. This enabled us to test whether the detector would be

efficient enough and to change the algorithm easily and quickly. Figure 1.7 shows an

example of the Khoros workspace we used. Each time a module was certified to be

efficient or correct within the Khoros environment, it was then fully coded using the

CVIPtools library [19].
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CVIPtools is a UNIX/Win32-based software package developed at the Computer Vi-

sion and Image Processing Laboratory at Southern Illinois University at Edwardsville.

CVIPtools is a collection of computer imaging tools that provide three levels of services

to users. At the bottom level are the CVIPtools libraries (the application programming

interface). Based on the CVIPtools libraries are the cviptcl and cvipwish shells. The

cviptcl shell is an extension of Tel with additional CVIP capabilities. With cviptcl, the

user can either use the command line for interactive image processing, or write cviptcl

shell scripts for batch processing. The cvipwish shell is the extension of cviptcl with the

added functionality to build a graphical user interface (GUI). At the top of CVIPtools is

the CVIPtools GUI, which allows the user to experiment with many of the sophisticated

tools available without the need for any knowledge of computer programming.

We found the CVIPtools image structure and image input/output functions quite useful

for our programming. During the development, we have made some modifications and

optimization on mathematical morphology functions for our project.

12



Digitize

Image Flood

Illumination Correction

1C Image

Shade Correction

BLTHT

MA-Matched Filter

Grey-level Threshold

Candidates

Region Orowing

Analysis

B ackground Image

Accept/rej ect

Micro-aneurysm. Image

Count micro-aneurysm

Figure 1.3: Spencer's strategy for the detection of micro-aneurysms

13



Mean filter

Input image

Intensity scaling

Top-hat trans,

Normalized image

Gaussian filter

Pre-processed

image

Figure 1.4: Schematic representation of the pre-processing operations for the Mendonga's

algorithm

14



Pre-processed image

Local maxima

Thresholdingolding

Region growing

Micro-aneurysm

validation

Micro-aneurysm

counting

Mean & standard Dev.

Thresholding computing

Distance
between seeds

Figure 1.5: Sequence of operations aiming at micro-aneurysm segmentation for the Men-

donga s algorithm

15



Tmage capturing

Development of algox-itlim

For each module

Find the algoritlim of tlie
module

Tnrplementation of the
pa-ogram

Test & optimize
program

itimize the
;ram

JVticro-aneurysm detector

Figure 1.6: M.ethodology used in the project

16



iiM'MIISBIBMWwliitffitNiinBWNBKBSWNISBK

File Edit V/orkspace Options Control Glyphs Help)

^

Areall

» <new) ENVISIBN getlnage Get Inase
lENVISIONBIN/seUnage -o /tmp/ioE9440b -screen -kdf

# <neu) DflTftMANIP kfornats Supported Formats
MflTAHANIPBIN/kfornats -1 /tmp/ioE94.10b -o /'hone/her'on/yang/'project/uk^pam -pnm

Figure 1.7: An example of the Khoros workspace

17



Chapter 2

THE MICRO-ANEURYSM

DETECTION ALGORITHM

Our algorithm for detecting micro-aneurysms includes several steps [20]. After a pre-

processing stage, a top-hat transformation is applied to enhance small circular objects.

Thresholding this image results in a binary image containing candidate micro-aneurysms.

A region-growing algorithm then delineates each marked object and a subsequent anal-

ysis of the size, shape characteristics and color feature of each candidate results in the

final segmentation and classification of micro-aneurysms (and possibly other round hem-

orrhages). Figure 2.1 shows the block diagram of the algorithm. The individual modules

are described in the following sections.
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2.1 Pre-processing

The main purpose of the pre-processing step is to extract the circular region of interest

(ROI) and to correct for non-uniform illumination of the image caused by the optical

retinal response or non-uniformity of the imaging system [6] [9]. Another operation

performed at the pre-processing stage is separation of the color image into different

bands, as input for the following stages. For instance, we extract the red, green and blue

bands from the RGB color space and the hue band from the Hue-saturation-lightness

(HSL) color space.

According to the medical definition, micro-aneurysms appear redder than the back-

ground. For this reason we first tested detection on the red band but found that it

was very difficult to identify the micro-aneurysms against a red background (Fig 2.2).

We then found that the green band is a better choice, as micro-aneurysms can be seen

more clearly (Fig 2.3).

The photographic image captured is a 640 x 480 color image (see Fig 1.2 for an example).

Only the center constitutes the region of interest (ROI) and the wide dark area outside

the fundus portion is of no use. We use a mask (see example in Figure 2.4) to force

the program to work only in the ROI [6]. For each pixel in the color image, a test is

performed to check whether the corresponding pixel value on the mask image is white

(255). If so, the pixel is processed, otherwise it is skipped.

Image non-uniformity may be caused by variation of the light intensity or the reflection

angle during image acquisition, or possibly by a change in the flash angle. In order to

correct intensity variation, the green band image is divided by a background image. This

background image is obtained by smoothing the original image with an oversized median

filter [6]. Figure 2.5 shows the smoothed background image and Figure 2.6 shows the

result of the non-uniform illumination compensation. Each illumination-corrected image

20



Figure 2.2: Red band image

Figure 2.3: Green band image
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Figure 2.4: An example of a mask image

becomes the basis of all the subsequent image processing and analysis.

2.2 Top-hat transformation and geodesic reconstruc-

tion

The most difficult problem in segmenting micro-aneurysms is to separate them from

the vessels. From Figure 1.2, we see that vessels and micro-aneurysms are quite simi-

lar in color. However from a geometric point of view, vessels are linear features while

micro-aneurysms are circular ones. A mathematical morphological filter is used here to

distinguish them.
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Figure 2.5: An example of a smoothed background image

Figure 2.6: An example of a non-uniform illumination compensated image
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2.2.1 Top-hat filter

The top-hat filter combines openings and closings with algebraic differences and can be

used to extract the top portion of a peak signal [15]. The white top-hat (WTH) filter of

an image I is the difference between the original image I and its opening:

IWTH = I — I Open (2.1)

As the opening is anti-extensive [14], meaning that lopen C J, the white top-hat is always

positive. An example is shown in Figure 2.7 for a 1-D signal. The black top-hat (BTH)

filter of an image I is defined as the difference between the closing of the original image

and the original image.

IBTH == I dose ~ I (2.2)

Since the closing is extensive [14], meaning that Iciose ^ I, the black top-hat is always

positive too. The shape and size of the structuring element used for top-hat transforms

depend on the morphology of the structures to be extracted. For instance, if we are

looking for white linear features of size / in direction 0, a black top-hat with a linear

structuring element of size / and direction 0 should be considered. If we are looking for

these features in all directions, it is necessary to consider the union of black top-hats in

all directions.

2.2.2 Top-hat transformation to extract vessels

In our application, we want to remove vessels from the image so that only the circular

features (micro-aneurysms) are left for further analysis. Since vessels appear as black
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/

Figure 2.7: Opening on a 1-D signal

linear structures in all the directions, a white top-hat transformation with a linear struc-

turing element is employed. Micro-aneurysms are segmented from the vascular structure

in the non-uniform illumination compensated (NUC) image. The image is morphologi-

cally opened with the linear structuring element at different rotational orientations. The

greater the number of rotational positions, the more likely there is to be an orienta-

tion for which the structuring element is exactly aligned with vessel sections of a given

orientation. We employed 12 elements at every 15 degrees.

The opened images are combined by taking the maximal pixel value at each spatial

location on different image, resulting in an image which contains vessel sections of all

orientations, but with no circular features present.

Finally, subtracting this combined vessel image from the NUC image produces an im-

age containing only circular features (micro-aneurysm candidates). The length of the

25



structuring element is just greater than the diameter of the largest circular feature to

be segmented. In order to extract certain circular targets, the minimum length must

be greater than the maximal diameter of such targets. However, the shorter the length

is, the better it fits small vessels of high curvature. Thus, certain structuring element

will fail to distinguish some of small curved vessels, which leads to the use of geodesic

reconstruction.

2.2.3 Geodesic reconstruction

The aim of geodesic reconstruction is to recover some small curved vessels which may be

eliminated by a standard top-hat filter.

After the top-hat transform, the image contains in principle no linear structures. In

fundus images, however, there may be many small curved vessels that are not removed

by the top-hat transform. The reason is that the opening structure element may be too

long to fit small vessels. Thus, the opened image may eliminate not only the circular

features but also some small curved vessels. Geodesic reconstruction [22] by dilation is

used to recover these linear features.

In mathematical morphology, the term "geodesy" is used whenever an operator is con-

trolled by some external constraints [15]. A geodesic dilation always involves two images.

The first image is dilated by an elementary isotropic structure element. However, the

result of this dilation is not allowed to exceed the second image. The second image thus

acts as a limit to the propagation of the dilation of the first image. Let / and g be two

images such that f < g. The geodesic dilation of size 1 of / conditional to g is denoted

by ^ (/) and is defined as the infimum between the dilation of size 1 of / and g

V/<ff,^>(/)=^>(/)Aff (2.3)
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g

a. 1-D signal f and control signal g

g

c. Geodesic dilation of f
conditional to g

b. Elementary dilation of f

Figure 2.8: Geodesic dilation on a 1-D profile

where S^ is the elementary dilation of size 1.

Due to the infimum operator, ^ (/) is always smaller than or equal to g [15]. Figure

2.8 gives an example of geodesic dilation for a 1-D grey-level image.

The geodesic dilation of size n of an image / conditional to an image g such that f < g

is obtained by dilating / n times conditional to g:

V/ < g,SW(f) = SW(SW[SW(...SW(f)))) (2.4)

Note that 6^ (f) does not equal S^ A g. It is essential to apply the infimum operator
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a. 1-D signal f and control signal g

c. Geodesic erosion off
conditional to g

b. Elementary erosion off

Figure 2.9: Geodesic erosion on a 1-D profile

after each elementary geodesic dilation in order to control the expansion of /.

Geodesic erosion is the dual transformation of the geodesic dilation; it is illustrated in

Fig 2.9. Let / and g be two images such that f > g. The geodesic erosion of size 1 of /

conditional to g is denoted by e^g) (f) and is defined as the supremum between the erosion

of size 1 of / and g:

V/>ff,4"(/)=<(l)(/)VS (2.5)

where e^ is the elementary erosion of size 1.

Due to the supremum operator, 4 (/) is always greater than or equal to g. The geodesic
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erosion of size n of an image / conditional to an image p, such that / > g, is obtained

by eroding / n times conditional to g:

v/ > s,4")(/) = 41)(41>(^1)(...41)(/)))) (2.6)

Geodesic dilation and erosion converge after a finite number of iterations. This is the

basis of morphological reconstruction algorithms.

The reconstruction by dilation of an image / conditional to an image g such that / < g is

defined as the geodesic dilation of / until idempotence has been reached, and is denoted

by R,(f):

R,(f)=^')(f) (2.7)

where i is such that 8g (f) = 6g (f)- This transformation is widely used on binary or

grey-level images. On binary images, it makes it possible to reconstruct all objects of an

image g marked by an image /. The reconstruction by dilation of an image on a 1-D

grey-level signal is illustrated in Figure 2.10.

The reconstruction by erosion of an image / conditional to an image g such that f > g

is defined as geodesic erosion of / until idempotence is reached and, is denoted by R*g(f)'-

W = 48)(/) (2.8)

where i is such that e(g (f) = €g (f). Figure 2.11 shows reconstruction by erosion on

a 1-D grey-level signals. The removal of all holes within objects in a binary image g is

currently done by the filter.

In our problem, we want to recover some small vessels from the opened image. We

applies geodesic reconstruction by dilation on the opened image conditionally to the

original image. The structure element used is a 3x3 square. The reconstructed image is

used to replace the opened image as input to the subtraction performed in the improved
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a. 1 -D signal f and control signal g b. Reconstruction by dilation off
conditional to g

Figure 2.10: Morphological reconstruction by dilation on a 1-D profile

a. 1 -D signal f and control signal g b. Reconstruction by erosion of f
conditional to g

Figure 2.11: Morphological reconstruction by erosion on a 1-D profile
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top-hat transformation. Figure 2.12 and 2.13 show the difference between normal top-

hat transformation and top-hat transformation with geodesic reconstruction. The images

have been enhanced by histogram equalization for display purpose. It can be seen that

geodesic reconstruction makes the final output images containing less noise. Figure 2.14

presents a schematic representation of the improved top-hat transformation.

2.3 Constant false alarm rate thresholding

The next processing step is grey-level thresholding to produce a binary image representing

the candidate micro-aneurysms.

The morphologically transformed image (iMorph) has a black background and bright tar-

gets with a typical histogram shown in Figure 2.15. The bright targets correspond to the

"tails" of the histogram. This allows for the use of constant false alarm rate(CFAR) tech-

niques to separate potential targets from the background. Conventional CFAR thresh-

aiding techniques (see for instance [11] and references therein) were considered at the

beginning of our study, but it turned out to yield undesirable detection results (too

many targets detected in some images and too few in others). The reason is that the

false alarm rate that needs to be set in advance does not relate in anyway to the presence

or absence of micro-aneurysms in the image. Of course, we could set the threshold to

a low level in order to get a high detection rate (at the expense of increasing the false

detection rate), but this would make subsequent target analyses more difficult. We prefer

to optimize the thresholding step as much as possible.

We found that the following thresholding formula provides the best result:

Thresh = am^ (2.9)

Where a is a constant and ms is the second-order moment of the histogram hi^ ^ of the
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Figure 2.12: Top-hat transformed image without geodesic reconstruction

Figure 2.13: Top-hat transformed image with geodesic reconstruction
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linear structure
element(165°)

Figure 2.14: Scheme of geodesic top-hat transform
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Histogram of Top-hat transformed image

\•s

Figure 2.15: Histogram of a top-hat transformed image

image iMorph- This heuristic choice is based on the (experimental) fact that the number

of micro-aneurysms is approximately proportional to the second-order moment and to

the squared root of the fourth-order moment. In fact, it is well known that the fourth

central moment (named kurtosis) of a distribution is a typical measure of the flatness

of the density function. In the case of the histogram of an image, if a large proportion

of the grey-levels are far from the grey-level means, i.e. at the "tail" of the histogram,

then its kurtosis will be large. From the histogram hi^ ^ we can obtain a symmetric

distribution centered at the origin simply by

hIMorphW ^ ^ >
(2.10)K(k)={ ^J(-,)

Morph

if/cX)

otherwise

The kurtosis of h (A;), represented by ,^4, can thus be used to compute the threshold

for the image iMorph- In our experiment, the formula Thresh = P-^M proved to be

efficient since it allowed for a good trade-off between detection and false alarms with a

fixed coefficient (3 for all the images tested. Equation 2.9 was actually used because it
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Figure 2.16: An example of the binary image (black dots represent targets)

is approximately equivalent to Thresh = (3-^/JJ^. In fact, ,-4 is the same as the fourth

order moment m^ of hi^ . Since hi^ approximates the exponential distribution

\exp(—\x), 7714 = 6mj, thus Thresh = /3^/jn = (3V6m'2.

In our program a has been set to 0.9. The binary objects in the thresholded image are

referred to as candidate micro-aneurysms and, along with the original grey-level image,

constitute the input data for the next step, which is the region-growing algorithm. Figure

2.16 shows an example of a binary image obtained from thresholding.
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2.4 Region growing

In this step, the region growing algorithm is used to mark and fill the targets (candidate

micro-aneurysms).

Region growing is a procedure that groups pixels or subregions into larger regions [1] [16].

An initial set of small areas is iteratively merged according to similarity constraints.

Starting by choosing an arbitrary seed pixel and comparing it with its neighboring pixels,

a region is grown by adding in neighboring pixels that are similar. Pixel aggregation is

a method in which one or more seed pixels establish initial subregions. Pixels on the

periphery of a subregion are added to it if they satisfy certain similarity criteria.

To do region growing we assume that:

1. Image I has n regions R\...Rn.

2. Each region J^ has one connected component (4-connected or 8-connected, whichever

is appropriate).

3. There is no overlap between regions: Ri U Rj = 0, for all i ^ j.

A given pixel p is a member of exactly one region R^. The region growing approach

proceeds as follows:

1. Start with a seed pixel that lies within the ROI for the detection

2. Check neighbors of the seed pixel to see whether they are similar. If so, add these

pixels to the region

3. Check neighbors of newly added pixels for similarity. Repeat process until no new

pixels are added. Similarity criterion: Define a predicate P(p,q) that is true when

two pixels p and q are similar.
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4. When the growth of one region stops, simply choose another seed pixel which does

not yet belong to any region and start again.

5. This whole process is continued until all pixels belong to some region.

The designer of the system which uses this technique must solve two problems: how

to select seeds to properly represent the regions of interest and how to select suitable

properties to establish which points should be included in a region. In our algorithm,

the region growing algorithm delineates and fills in the domain of the feature marked by

the binary object. Seeds are selected by taking each binary object within the candidate

micro-aneurysm image and using the original image to provide grey-scale information.

The region growing algorithm starts by finding a one-pixel seed. This is done by reducing

each discrete binary object to a single pixel so that the seed for region growing is located

at the center of the feature it represents. The single-pixel seed is selected by looking over

the small connected region in the binary image and retaining the pixel with the lowest

grey-level in the corresponding green band image.

However, these seeds are not used directly to the region growing algorithm. Having

undergone several processing steps, the binary objects may not correspond exactly to the

real target. In order to correct this potential problem, we test the 4x4 neighbors of

each seed in a way similar to the one used for extracting a seed in the thresholded image.

This means that we scan a 4 x 4 square in the green band image and test each pixel in

order to find the pixel with the lowest value. These pixels are then stored as seeds for

the region growing algorithm.

The criterion for inclusion of a pixel in the growing object is similar to the one proposed

by Spencer [16]:

^ -^ ^seed ~t~ ^\^bgnd ^seed) ^-
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Figure 2.17: Definition of the fraction parameter used in region growing

where i is the grey-level of the pixel being tested; igeed is the grey-level of the single-pixel

seed; ibgnd ls the grey-level of the background image at the same spatial position; and

a; is a value between 0 and 1, representing the fraction of the grey-level that will be

included in the segmentation (see figure 2.17 for the definition of x). For example, a

value of x = 0.75 would include all but the lowest 25% of the feature. Depending on how

accurately the background image represents the true grey-levels of the pixels immediately

surrounding the target, values of x approaching unity may cause the region growing to

exceed the boundaries of the feature and grow indiscriminately into surrounding areas

of the retina [16]. To avoid this, values of x were chosen to be between 0.5 and 0.75.

Finally, we found that the value x = 0.5 gave the best results.

Pixels in the grown region are tested for inclusion in the object and are accepted or

rejected according to the above criterion until the growing stops. Normally the region

growing algorithm stops after filling a small target. However, it cannot stop if the seed is

on a vessel or in the background. If the region starts growing from a pixel belonging to
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Figure 2.18: An example of a region growing image

a vessel, the process will not stop until it goes through (almost) all the vessel networks.

Also, if a seed belongs to the background, it means that the maximum grey-level value

of the seed we have in Equation 2.11 is less than or equal to the grey-level value of the

tested pixel. From Equation 2.11, we can easily see that the program would then mark

the entire image as one target.

To avoid those two problems, a control mechanism is used to force the region to stop

growing. If the diameter of the grown region is greater than the maximum diameter of

the objects we want to distinguish, the program is forced to stop. An example of a region

growing image is shown in Figure 2.18.
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2.5 Classification

This is the final step, where micro-aneurysms are validated. Objects in the region grow-

ing image are analyzed to identify micro-aneurysms based on various features. These

features are either geometry-based (upper and lower limits of the perimeter, aspect ra-

tio, complexity of the shape) or color-based (hue in the HSL color space). A number of

criteria are used to judge whether an object is a micro-aneurysm or not.

2.5.1 Geometric features

Although micro-aneurysms are similar in color to vessels, it is obvious that they are

different from a geometric point of view. Several geometric features are considered for

the purpose of the final classification. These are area, aspect ratio and complexity [12].

The area of a target is calculated by counting the number of pixels forming the target.

An upper limit is set for the size of the area of a candidate micro-aneurysm. We do not

set a lower limit for micro-aneurysm detection because depending on the resolution of

the camera and the size of micro-aneurysms, we can get micro-aneurysms as small as one

pixel. In fact, a small target which contains less than 4 pixels is automatically identified

as a potential micro-aneurysm and sent to the color feature analyzer. However, if other

circular lesions need to be detected (i.e. small hemorrhages), a lower limit could be set

by the operator.

The complexity of the shape, also called circularity, is measured by calculating the quan-

tity C = p^^ga . A circle has a complexity value of unity in continuous space. In a

digital image, values of complexity just below unity are possible. An upper limit has been

set to ensure that target with capillary tail attached to them or with a slightly irregular

shape are excluded at this stage.
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The aspect ratio, which is defined as the height-to-width ratio, is also used to measure the

shape of a target. Although the definition of aspect ratio is quite simple, the calculation is

not straightforward. In digital images, a target could be in any orientation, which means

simply calculating the ratio of its limitations in the horizontal and vertical directions will

not give its aspect ratio.

For irregular features, it seems preferable to take into account the actual shape and the

location of all the pixels present. This approach defines the centroid of the feature, a

unique (re, y) point that can serve to balance the feature on a pinpoint if it were cut out

of a rigid, uniform sheet of cardboard. Then we calculate the orientation of a target [2]

[12].

Having determined the coordinates of the centroid and the target's orientation, we can

calculate the longest dimension, which is the line between the two points on the periphery

that are farthest apart (also known as the maximum Feret's diameter), and the shortest

dimension. Then the aspect ratio can be calculated as the ratio of the longest and shortest

dimensions.

In principle, micro-aneurysms are spherical lesions and appear as circular dots in photo-

graphic images. Thus the aspect ratio of a micro-aneurysm should be unity. However,

many of them are elongated in some way. For example, some micro-aneurysms may have

a small tail (small vessel) connected to them. These will not look like circular target,

particularly, when a target contains only a few pixels. The lower limit of the aspect ratio

is set to tolerate these deviations from the ideal case.
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2.5.2 Color features

One of the reasons for working on low-resolution color retinal images is that they provide

us with color information that allows a precise segmentation of micro-aneurysms from

various types of noises. The color feature applied in this classification is the hue value

from the HSL color space.

In our problem, we have observed that micro-aneurysms are redder than the background

or other lesions. Thus the measurement of redness would be a useful feature to segment

micro-aneurysms from other features. Hue is a representation of a color angle and is

therefore used to make the final decision on whether a target is a micro-aneurysm.

A local thresholding approach is needed, since retinal color varies from person to person.

We therefore turn to a dynamic thresholding method similar to the one used to set the

green band threshold. Specifically, a Gaussian constant false alarm rate (CFAR) approach

is used to adaptively select the detection threshold. The mean and the variance of the

hue band of a target are calculated and it is declared to be a true micro-aneurysm if its

hue value satisfies the following equation:

P<p,-a-a (2.12)

where P is the average hue value of the pixels in a target, p, and a- are the local mean

and standard deviation of the hue image, and a is a coefficient, with a value between 1.0

and 1.5 in our application. It has a similar meaning to that of the fraction parameter

in the region growing equation and indicates what proportion of the hue feature will be

segmented as a micro-aneurysm.

If a target passes all of the geometric and color feature tests, the detector counts it and

marks the target as a detected micro-aneurysm. Figure 2.19 shows a sample detection

result.
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Figure 2.19: A sample detection result (white targets are detected micro-aneurysms)
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Chapter 3

PARAMETER OPTIMIZATION AND

DETECTOR'S PERFORMANCE

We have run the algorithm on our 46-image dataset and certain artificial images to

perform the test. These experiments allow us to optimize the parameters used in the

algorithm. The detection results are analyzed using the Receiver Operation Character-

istic (ROC) curve analysis method [3], which leads to the conclusion that our algorithm

is practical for mass diabetic retinopathy screening.
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3.1 Parameter optimization

We try to develop an automatic detection algorithm with as few free parameters as possi-

ble in order to produce a detector capable of running with minimal operator intervention.

This is also one of the reasons for building an adaptive grey-level threshold and color

feature scheme. However, there are some free parameters that need to be set and opti-

mized, some of which depend on the resolution of the imaging system, others can be set

to the optimized values by training the detector.

We have applied our algorithm on different images in order to optimize the free param-

eters. These are the length of structure element in the top-hat transform, the coefficient

of the modified CFAR thresholding, the upper and lower limits on the target area, the

lower limit on target complexity (circularity), the lower limit on the target aspect ratio

and the upper limit on the mean target hue value.

3.1.1 Parameters of geometric features

Both the length of structure element in the top-hat transformation and the upper limit

on target area are related and determined by the size of the micro-aneurysms and the

resolution of the imaging system (see Chapter 2 for details). For instance, if the maximum

dimension of micro-aneurysms is about 125/^m and the resolution of the imaging system

is about 20 p,m/' pixel ^ the length of structuring element will be 7.

The most difficult problem in parameter optimization is how to deal with small features.

It obviously makes no sense to calculate circularity and aspect ratio for targets with less

than 3 pixels. For the images from our dataset, the resolution is 20p,m/pixel, which

means we could have micro-aneurysms with only 1 pixel. These candidates were not

subjected to geometric tests but sent directly to color feature analysis.
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In order to find the correct criteria of complexity and aspect ratio for micro-aneurysms,

target shape characteristics containing 3, 4 and 5 pixels were carefully studied. With this

aim, an image with a grey-level background of 127 and white targets (255) was used as

input to the program. After studying the results of the complexity and the aspect ratio,

we obtained the desired criteria. In appendix A, we list the shape characteristics for the

different targets studied.

3.1.2 Parameters of the CFAR threshold and the color feature

They are the coefficient a in Equation 2.9 and the fraction in Equation 2.12. As men-

tioned in section 2.3, a has been set to 0.9.

The color feature parameter has been set by running the detector on many images and

by calculating the mean hue value for all candidate micro-aneurysms. Comparing with

a ground truth, an upper limit of 0.5 was obtained.

3.2 Detector's performance

It is impossible in this type of application to get a perfectly reliable ground truth on

real images. Even medical experts fail to identify all micro-aneurysms in an image.

This implies that direct statistical evaluation is very difficult in practice. To overcome

this difficulty, while getting a general idea of the detector's performance, we used a test

procedure, which is very popular in satellite imagery. It relies on the insertion of known

targets in real "background" images and the analysis of ROC curves (see for instance

[17] and references therein).
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Figure 3.1: An example of a ground truth image

Small chip images of 7x7 pixels containing only one true micro-aneurysm were extracted

from abnormal fundus images and inserted into normal fundus images. In this way, the

number and position of all micro-aneurysms are known exactly. The difficulty of the

task, however, is to insert targets smoothly so that their appearance is as natural as

possible. To this end, we calculated the background of the chips and inserted them by

matching their background with the local background of the "background image" (the

normal fundus image). A ROC curve analysis was then used to establish the optimal

relationship between the sensitivity and the false positive rate. Figure 3.1 shows one

example of an artificial abnormal fundus image with 15 micro-aneurysms inserted.
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3.2.1 Principle of ROC curve analysis

The purpose of a medical diagnostic test is to provide information about the presence

(and sometimes the extent) of a disease or other health condition. The diagnostic test

should be able to discriminate between patients who have a particular disease and those

who do not have the disease (or discriminate among different extents of disease in a given

patient).

A diagnostic test can have four basic types of outcomes, as shown in Table 3.1. For

example a true positive diagnostic test result is one that detects a marker when the

disease is present. A true negative test result is one that does not detect the marker

when the disease is absent. Table 3.1 also gives the definition of false positive and false

negative.

To report the performance of a medical test, probabilities of the four above possible

types of outcomes (Table 3.1) are used. The two most commonly used characteristics

are sensitivity and specificity (see Table 3.2). Sensitivity measures the ability of a test

to detect disease when it is present. Specificity measures the ability of a test to correctly

exclude disease in a non-diseased case. However, simply using of sensitivity and specificity

has certain disadvantages [3]. For example, one algorithm can have a better results for

positive cases (i.e. it has a better sensitivity), while situation reverses for negative cases

(i.e. it has a poor specificity). One efficient tool to overcome such problem is the ROC

curve analysis. In order to introduce how the ROC curve analysis is carried out, the term

"marker" has to be explained first.

The technical performance of a medical diagnostic test depends on a number of factors

[3]. Among these are the precision and accuracy of the test, the observer variation in

reading the test data, and the relationship between the disease of interest and the cut-off

level of a marker or surrogate used in the diagnostic test to determine the presence or
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Table 3.1: Possible outcomes from diagnostic tests

Test Result

Positive

Negative

Disease

Present

True positive(TP)

False negative (FN)

Status

Absent

False positive (FP)

True negative (TN)

absence of that disease. The marker for a disease or condition is typically defined as a

certain cut-off level of a variable such as blood pressure or glucose level. In detection

of micro-aneurysms, the marker can be any of the parameters, such as CFAR threshold

level, the length of structuring element and the maximal hue value. If the marker is set

very strict, the sensitivity will be low while the specificity will be high. On the other

hand, the sensitivity will be high while the specificity will be low.

A commonly used ROC curve is the plotting of relationship between the true positive

ratio (sensitivity) and false positive ratio, which is a complement of specificity [18], as a

function of the cut-off level of a disease marker. ROC curves help to demonstrate how

raising or lowering the cut-off point of a test affects tradeoffs between correctly identifying

people with a disease (true positives) and incorrectly labeling a person as positive who

does not have the condition (false positives).

3.2.2 Detector performance

In this section, we make use of the ROC curve principle to evaluate the performance

of our detector. We report here the ROC curve depicting the relation between the

detection rate (sensitivity) and the error rate (complement of predictive value positive).

The detection rate is defined as number of true micro-aneurysms detected / total number
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Table 3.2: Operating characteristics of diagnostic tests

CHARACTERISTIC

Sensitivity

Specificity

Predictive value positive

Predictive value negative

FORMULA
TP

TP+FN

TN
TN+FP

TP
TP+FP

TN
TN+FN

DEFINITION

Proportion of people with

condition who test positive

Proportion of people without

condition who test negative

Proportion of people with

positive test who have condition

Proportion of people with negative

test who do not have condition

of known micro-aneurysms, which is equivalent to sensitivity, and the error rate is defined

as number of false targets detected / total number of targets detected, which is equivalent

to 1- predictive value positive. One of the reasons we did not use false positive rate

(specificity) is that in order to get the true negative value, it is necessary to use non-

micro-aneurysm targets in the experiments. The selection of such targets to be included

in the experiments is highly arbitrary and subjective. To study the relation between

the sensitivity and the error rate, only true micro-aneurysm targets are necessary. This

relation still reveals important characteristics of the detector.

To test the Equation 2.9 and eliminate the possible bias to the histogram, healthy retina

images rather than affected images are used as the background image for the insertion

of targets. Three images of healthy retinas, with 88 inserted micro-aneurysms at known

positions, were used to build ROC curves. Figure 3.2 shows the ROC curves calculated

from these tests.

In Figure 3.2, the detection rate is plotted in Y-axis, while the error rate in X-axis. A
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straight line along Y-axis will be an ideal ROC curve, which means the test achieves a

100% sensitivity and 0% error rate.

Each curve corresponds to a different region growing parameter. Each point on a curve

corresponds to a different value of the thresholding parameter a (Equation 2.9). The

color feature (hue) is not included in this test.

From the curves in figure 3.2, the optimized CFAR thresholding parameter can be deter-

mined by finding the best trade-off between detection rate and the error rate. For example

from Figure 3.2, when error rate is 10%, detection rate is 80%. This corresponds to the

CFAR thresholding parameter value of 0.9.

In Figure 3.2, we see that the maximum sensitivity achieved by the detector is about

90%. The main reason why the detector cannot reach the maximum sensitivity of 100%

is that some true targets are always discarded on the basis of the shape analysis. This

is a consequence of the choice of lower and upper limit values for circularity and aspect

ratio. This is in fact the problem of using such geometric features on too small targets.

To see this more clearly, let s examine Figure 3.3 for an example. We have a three-pixel,

right angle micro-aneurysm with grey level of 60. The grey level of background is 30

and two noise pixels of 46, 47 stay to the left of the micro-aneurysm. If this image

were analyzed manually, we would detect a three-pixel micro-aneurysm. However, the

automatic detector running with a region growing parameter of 50% will mark all the

pixels, which have grey level value greater than 45, as micro-aneurysm. In Figure 3.3,

the detector will mark a target with the pixels of grey level 46,47 and 60. This target is

of course a linear structure and will not pass the test of geometric feature analysis.

The solution presented here allows to obtain a good trade-off between the detection rate

and the false positive rate. the algorithm has been run on the 46 images of our dataset.

The results show that it is possible to set the algorithm parameters to ensure 100%
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Figure 3.3: A sample image with a three-pixel micro-aneurysm

global sensitivity (i.e., the ability to detect at least one micro-aneurysm in a true sick

eye), while maintaining a high value (up to 80%) for global specificity (i.e., the ability

not to detect any micro-aneurysms in a healthy eye). From a clinical point of view,

100% global sensitivity and 80% global specificity are important because this means that

all affected individuals will be identified and directed to specialists, without overloading

them with a too large number of healthy persons.

Finally, processing one image takes about 15 seconds on a Pentium II-300M;Hz processor.
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CONCLUSION

Designing a micro-aneurysm detector that works on digital low-resolution color images

rather than angiographic grey-level films is more attractive in the context of mass screen-

ing for diabetic retinopathy, which requires a quick and economical diagnostic system. In

this thesis, a micro-aneurysm detector has been developed for use on low-resolution color

image rather than angiographic grey-level images. Its integration with a color image

acquisition system (a non-mydriatic camera) will allow medical professionals to perform

micro-aneurysm detection in a easy and economical way. The algorithm is an adapta-

tion of a micro-aneurysm detector developed for high-resolution angiographic films with a

modified top-hat transform, a new adaptive CFAR threshold and a adaptive color feature

analysis [16].

Of course, the procedure can be improved in many ways: faster image pre-processing

and morphological filter implementation, more accurate statistical models, texture-based

region growing, improvement of the geometry-based features, etc. However, detecting

all the micro-aneurysms in a retinal image is not a necessary condition for successfully

diagnosing and treating the diabetic retinopathy. The proposed detector can have a high

detection rate (80%) while maintains a relatively low error rate (10%). On the other

hand, it can achieve a 100% global sensitivity, while maintains 80% global specificity.

For mass screening purpose, we believe that the algorithm satisfies requirements for a
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practical implementation.

It is more than likely that the resolution of non-mydriatic digital cameras will increase

in the future, while the system cost will remain stable or even decrease. We believe that

our algorithm, which is already performing well in detecting dim targets in low-resolution

images, should perform better on higher-quality images
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Appendix A

SHAPE CHARACTERISTICS

ANALYSIS FOR SMALL TARGETS
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Table A.l: Analysis of geometric features for targets containing 3 pixels

Serial No. Shape Perimeter

12

10

12

12

Circularity

1.697653

1.697653

3.819719

2.652582

3.819719

3.819719

Aspect ratio

3.0

1.0

1.707431

1.188346

1.5

1.206674
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Table A. 2: Analysis of geometric features for targets containing 4 pixels

Serial No. Shape Perimeter

10

Circularity

1.989437

Aspect ratio

4.0

14 3.899296 1.179619

10 1.989437 1.300376

10 1.989437 1.5

14 3.899296 1.078631

14 3.899296 1.014950

1.273240 1.006686
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Serial No. Shape Perimeter

10

Circularity

1.989437

Aspect ratio

1.207184

10 1.989437 1.000177

10 12 2.864789 1.247808

11 16 5.092958 1.138588

12 12 2.864789 1.381543

13 12 2.864789 1.5

14 12 2.864789 1.108008
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Serial No. Shape

15

Perimeter

16

Circularity

5.092958

Aspect ratio

1.471411

16

17

18

19

20

16 5.092958 1.102307

16 5.092958 1.156909

16 5.092958 1.694779

14 3.899296 2.0

14 3.899296 1.052373

21 12 2.864789 1.000487
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Serial No. Shape

21

Perimeter

12

Circularity

2.864789

Aspect ratio

1.000487

22

23

14 3.899296 1.0

16 5.092958 1.0

24 14 3.899296 2.0
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Table A. 3: Analysis of geometric features for targets containing 5 pixels

Serial No.

1

2

3

4

5

6

7

Shape Perimeter

12.0

12.0

10.0

12.0

16.0

12.0

12.0

Circularity

2.291831

2.291831

1.591550

2.291831

4.074367

2.291831

2.291831

Aspect ratio

5.0

1.862610

1.128767

1.125564

1.667585

1.315625

1.0
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Serial No.

8

9

10

11

12

13

14

Shape Perimeter

16.0

18.0

20.0

12.0

12.0

20.0

16.0

Circularity

4.074367

5.156620

6.366198

2.291831

2.291831

6.366198

4.074367

Aspect ratio

1.058321

1.299766

1.0

1.0

2.0

1.462152

1.707166
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Serial No,

15

16

17

18

19

20

21

Shape

i

Perimeter

12.0

12.0

20.0

12.0

12.0

14.0

14.0

Circularity

2.291831

2.291831

6.366198

2.291831

2.291831

3.119437

3.119437

Aspect ratio

1.707223

1.5

1.0

1.138242

1.452257

1.321435

1.0

64



Serial No.

22

23

24

Shape

.1

Perimeter

14.0

18.0

20.0

Circularity

3.119437

5.156620

6.366198

Aspect ratio

1.302061

1.299430

1.103619
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