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Abstract— Detection and analysis of changes from retinal
images is important in clinical practice, quantitative scoring of
clinical trials, computer-assisted reading centers, and in medical
research. This paper presents a fully-automated approach for
robust detection and classification of changes in longitudinal
time-series of Fluorescein Angiograms (FA). The changes of
interest here are related to the development of Choroidal Neo-
Vascularization (CNV) in Wet Macular Degeneration. Specif-
ically, the changes in CNV regions as well as the Retinal
Pigment Epithelium (RPE) hypertrophic regions are detected
and analyzed to study the progression of disease and effect of
treatment.

Retinal features including the vasculature, vessel branch-
ing/crossover locations, optic disk and location of the fovea are
first segmented automatically. The images are then registered
to sub-pixel accuracy using a 12-dimensional mapping that
accounts for the unknown retinal curvature and camera pa-
rameters. Spatial variations in illumination are removed using
a surface fitting algorithm that exploits the segmentations of the
various features. The changes are identified in the regions of
interest and a Bayesian classifier is used to classify the changes
into clinically significant classes. The automated change analysis
algorithms were found to have a success rate of 83%.

I. INTRODUCTION

Macular degeneration is a broad term describing diseases
that lead to a loss of central vision. Some of these diseases
affect the macula directly, while Age related Macular Degen-
eration (AMD) affects the layer under the macula known as
the Retinal Pigment Epithelium, or RPE [1]. There are two
forms of macular degeneration namely dry (atrophic) mac-
ular degeneration and wet (neovascular/exudative) macular
degeneration. Dry macular degeneration is the more common
form of the disease and accounts for 90% of all AMD. Wet
macular degeneration form is less common but more severe
than the dry form. It accounts for approximately 10% of all
AMD but 90% of all blindness from the disease. This form
is characterized by Choroidal Neo-Vascularization (CNV),
the development of abnormal blood vessels beneath the RPE
layer of the retina. These vessels can bleed and eventually
cause macular scarring which can result in profound loss of
central vision(disciform scar).

Since the effect of drugs and treatments such as photo-
dynamic therapy on CNV are still not well known, it is of
interest to automatically monitor the changes and to extract
quantitative measurements in these cases to study the effec-
tiveness of the treatment and to track disease progression.

Figure 1 shows two FA images of the same eye captured
one year apart. In the first image, the eye is starting to
develop new choroidal vessels. In the second image, there is
an increase in new vessels. The dark ring around the CNV
is a thickening of the RPE layer believed to be the body’s
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Fig. 1. Fluorescein angiograms of an eye with wet macular degeneration.
(a) Eye developing choroidal neovascularization (CNV) (b) Same eye as in
(a) one year later. There is an increase in CNV between the two dates. Also,
notice the dark ring around the CNV.

response to CNV and an attempt at containing the growth
of new vessels. It is of interest to quantify how the new
choroidal vessels (seen as the bright region in the FA), and
the RPE ring (seen as the dark ring like structure), change
over time.

II. BACKGROUND

In an earlier paper [2], the authors had described an inte-
grated framework for analyzing changes from color retinal
fundus images. The main focus of that paper was robustly
detecting and analyzing changes associated with diabetic
retinopathy in the non-vascular regions. In this paper, we
adapt the framework described in [2] to analyze changes
from fluorescein angiograms. For completeness and clarity,
we summarize the main elements of the change analysis
framework described in [2].

A. Segmentation of Retinal Features

The retinal vasculature is first traced using an exploratory
vessel tracing algorithm [3], [4]. This algorithm recursively
finds connected pairs of parallel edges of blood vessels using
directional edge templates. The branch points are extracted
from the vessel centerlines as landmarks for registration.
The optic disk is estimated using an adaptation of Hoover’s
fuzzy convergence algorithm [5], adaptive thresholding and
template matching [2]. Based on the location of the optic
disk, the fovea is detected using an adaptation of the algo-
rithm described by Pinz et al. [6]. The optic disk detecion
and fovea detection are performed on a color image that is
registered to the FA image. This is because, the optic disk
appears as a bright region in the color image and is much
more distibguishable from the background in the color image
compared to the FA image. Also, the registration algorithm
to be described next, accurately registers between the FA
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and color images and hence helps to map the positions of
the features from the color image to the FA image precisely.

B. Sub-Pixel Accuracy Registration

We use the robust dual-bootstrap iterative closest point
(ICP) algorithm [7] to register the images. This algorithm is
feature based and uses the branching and cross-over points
of the detected vasculature as landmarks to estimate a 12-
dimensional spatial transformation between the images [8].

C. Robust Illumination Correction

Non-uniform illumination is a well known problem in
retinal imaging and is primarily caused due to a combina-
tion of different factors. When comparing images taken at
different times for changes, one must compensate for the
spatially non-uniform illumination. In order to remove the
effect of illumination, we use an algorithm that robustly
estimates the illumination and reflectance components by
homomorphic filtering and robust surface fitting, leveraging
extracted retinal features [2]. The observed image is modeled
as the product of an illumination component, I(z,y), and a
reflectance component, R(x,y), in the following form:

F(z,y) = I(z,y)R(x,y). ¢))

Taking the logarithm of the observed image in equation 1,
the slowly varying illumination field can be estimated by
using a 4" order polynomial surface [2]. i.e.

I(z,y) = exp(SP), )

where S is a matrix composed of powers of x and y, the pixel
locations and P is a vector of the polynomial coefficients.
Using the estimated illumination component, the reflectance
component can be recovered up to a scale factor as:

R(z,y) = exp(Fp(z,y) — SP). 3)

where F(z,y) is the logarithm of the observed image
F(z,y).

III. IDENTIFICATION OF REGION OF INTEREST

In this study, we are specifically interested in the cases
of choroidal neovascularization, where the RPE layer has
formed a “ring”around the CNV. As mentioned before, this
dark region is formed by a thickening of the RPE layer
around the neovascularization. Inorder to analyze the changes
inside the dark RPE region(which encloses the CNV), we
need to identify the RPE region in each image. Candidate
RPE regions are first obtained using a Gaussian mixture
model formulation. This is followed by region growing to
refine the region.

A. Obtaining Candidate Regions Using Mixture Modeling

The intensities in the FA image are modeled using a
Gaussian mixture model. The probability of observing a pixel
with intensity z is given by:

N
P(z) = Z wip(z/g:), 4)

where w; is the weight associated with component g; and N
is the number of components in the mixture model, which
is set to 4 in our case. The likelihood of the pixel to have
come from component g; is given by:

exp <(”““)2> )

2
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p(z/g:) = ﬂ%

where p; and o; are the mean and standard deviation of g;.
The parameters of each of the components is estimated using
the Expectation Maximization (EM) algorithm [11], [12].

The intensity distributions in FA images can vary signif-
icantly. In-order to capture these intensity variations, a two
step approach is adopted. In the first step, the intensity of
the background is identified by estimating the component pa-
rameters over the whole image and excluding the segmented
vasculature and optic disk regions. Among the components
in the Gaussian mixture, the background component is
identified as follows. Intuitively, the background component
should be the component with the maximum weight and least
variance. Hence the components are sorted according to the
ratio % and the component with the maximum value for this
ratio is designated as the background component with mean
1 and standard deviation 0. i.e,

K = arg max{%}. (6)
i=1,2,.N 0j

In the second step, the estimation is repeated over a small
region centered around the fovea location. The location of the
fovea can be detected from a color image that is registered
to the FA image as described in section II. This region, to
be referred to as the foveal region from now on, is a circular
region with a diameter of 200 pixels centered around the
fovea. The value of 200 was selected from the average size
of the expected regions from the images under consideration.
Once the parameters of the Gaussian components in the
mixture model are estimated, we can identify the RPE
hypertrophic region as described below.

Let R, denote the dark RPE hypertrophic region. Com-
ponent ¢ is designated as belonging to R, if its mean is
sufficiently smaller than the average background intensity as
shown:

Wi < flg — Q0. (7N

« is a positive parameter that decides how much contrast
is expected between the background and the dark region. «
was set to 0.5 in this work.

The above step produces the initial segmentation for the
RPE hypertrophic region.Since this initial segmentation is
obtained inside the foveal region, and there is no guarantee
that the desired region is fully segmented, a region growing
algorithm is used to further refine the candidate region.

B. Refinement using Region Growing

Region growing is the process of joining neighboring
pixels into larger regions based on common properties. Many
different variations have been proposed for region growing
[9], [10]. Here we use a version of the region growing
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algorithm where a region is expanded based on the intensity
properties of the neighboring pixels.

The set of boundary pixels for R, is first identified. The
regions adjoining the boundary pixels are then tested for
a similarity criterion with the region under consideration.
Suppose we are testing a small region y, which is adjacent
to R,. Then y is labeled as belonging to R, if:

Hy — Ko

Oy

<1, ®)

where 1, is the mean of the intensities in ¥y, p, and o,
are the mean and standard deviation of the intensities for
pixels already in R,. Equation (8) means that y is added to
the current region if its average intensity is at the most one
standard deviation greater than mean intensity of the initial
region. The region growing step described above is iterated
until convergence.

Fig. 2. Sample segmentation results. The segmented RPE hypertrophic
region is outlined in green.

Figure 2 shows sample segmentation results for two eyes.
In order to find the region of interest for change analysis, a
mask is found from the segmentation of the RPE region for
each image. In cases where the RPE ring is well formed, the
mask is the RPE segmentation with its interior filled in. In
cases where the RPE ring is not well formed and has gaps,
the mask is formed as the smallest polygon that inscribes
the regions in the RPE segmentation. The logical OR of the
masks from the two images is the region of interest for the
change analysis. The next section describes how the changes
are detected and classified.

IV. BAYESIAN CHANGE DETECTION AND
CLASSIFICATION

Let the two fluorescein angiograms under consideration
be denoted as F;(z,y) and F};(x,y). The reflectance compo-
nents from each image,R;(x,y) and R;(z,y) are estimated
as described in Section II. The difference image is formed
as:

AR({IJ,y) = Rl(xay) - Rj(xay) (9)

The significant changes can now be detected from this dif-
ference image. Assuming a zero mean Gaussian distribution
for the difference values, the change mask can be obtained
by comparing the normalized sum square of the differences
within a neighborhood as described by Aach et al.[13]:

1
Qi = ;Z(I,y)ewi (AR($7y))2 S F7 (10)

n

where o,, is the noise standard deviation of the difference
in the no-change regions. The threshold I' is derived from
the fact that € follows a x? distribution with N degrees of
freedom, where N is the number of pixels in the window. I"
can be obtained for a particular false positive rate, o from
the 2 tables. We use a 5 x 5 window (N = 25) and set
a = 0.0005.

Equation (10) is used to find the changes inside the region
of interest. The change mask thus obtained is classified into
different categories of change. To classify the change mask,
each pixel in it needs to be described by some features. Our
feature space consists of a two dimensional vector consisting
of:

fl - Rl(xvy)a
fa R;(x,y). (11)

A Bayesian classifier incorporating spatial contexual infor-
mation is used to classify the pixels as desribed in [2]. The
changes of interest in this application are the transitions from
RPE to CNV, CNV to RPE and Normal to RPE. The change
mask can be classified into these change classes. In order to
make the change analysis robust to false change detection,
the no-change classes, CNV to CNV, and RPE to RPE are
also added to the set of classes mentioned above.

V. EXPERIMENTAL RESULTS
A. Data Acquisition

The clinical data was recorded at Northeastern Retina Spe-
cialists (Albany, NY) using a Zeiss FF450 fundus camera and
MRP Imaging System. Eyes with wet AMD, and exhibiting
well defined RPE ring around the choroidal neovasculariza-
tion were selected for the study. Fluorescein angiography
was performed for each patient and during multiple visits
to the clinic. Color images were also obtained prior to the
FA examination. One frame from each FA series, collected
at around one minute after dye injection were selected for
further analysis. The frames were selected such that they
had approximately the same brightness levels. This condition
makes it possible to apply the robust illumination correction
algorithm described in Section II.

A test set of 12 images from different subjects was used
to evaluate the performance. Ground truth data was collected
for each of the image by manually outlining the region of
interest. This was done by an expert observer. The automatic
change analysis results were then compared with the ground
truth data.

TABLE I
COLOR CODES USED FOR DISPLAYING THE CHANGE ANALYSIS RESULTS
FROM FA IMAGES.

Type of Change Display Color Code

RPE to CNV

CNV to RPE

Normal to RPE

z
=

No change
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Fig. 3. Sample change analysis results. (a) Eye with CNV, (b) After PDT
treatment. (c) Color coded change analysis results. (d) The color coded
change region boundaries superimposed on the corresponding color image.

(b)

Fig. 4. Sample change analysis results (a) Eye with CNV, (b) Same eye
after 17 days with no treatment (c) Color coded change analysis results.

B. Change Analysis Results

Figure 3 shows the automatically extracted changes for
a patient who underwent Photo Dynamic Therapy (PDT)
between the times the two images were taken. As expected,
there was disappearance of CNV over some regions as
well as appearance over other regions. In this case, the
RPE hypertrophic layer was also seen to extend outwards
a little. We are also able to relate the changes from the FA
images to the color images. Figure 3d displays this capability,
where change regions are overlaid on the corresponding color
image. Figure 4 shows the change analysis results for another
eye. The patient was treated with PDT two weeks before the
first image was obtained. Figure 4 shows the change analysis
between the first two images. The CNV increased between
the two images. The RPE region also increased slightly.

The change classifications were compared to the different
change regions derived from the manual segmentations. The
change classification had a True Positive rate of 83% and a
False Positive rate of 18%. The high false positive rate is due
to the fact that the intensities of the CNV regions are highly
variable and in some cases very close to the background
intensity.

VI. CONCLUSIONS

The focus of this research was on developing software
tools for higher-level, quantitative, and highly-automated
change analysis from retinal images. Reliable, illumination-
invariant, and fully-automated detection and analysis of
changes in retinal images can form a valuable additional
diagnostic resource for the clinician and researcher by map-
ping the dynamic nature of diseases. In this paper, we have

extended the framework presented in [2] to analyze changes
from Fluorescein Angiograms.

The automated change analysis techniques described in
this paper have demonstrated to be effective on the patients
considered till now. In order to draw biological conclusions
about the changes and their patterns, we plan to do the
analysis on a bigger sample population over an extended
period of time.
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