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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

(a) (b)

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(x, y), and a

reflectance component, R(x, y), in the following form:

F (x, y) = I(x, y)R(x, y). (1)

Taking the logarithm of the observed image in equation 1,

the slowly varying illumination field can be estimated by

using a 4th order polynomial surface [2]. i.e.

I(x, y) = exp(S�P ), (2)

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(x, y) = exp(FL(x, y) − S�P ). (3)

where FL(x, y) is the logarithm of the observed image

F (x, 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 x is given by:

P (x) =
N∑

i=1

wip(x/gi), (4)

where wi is the weight associated with component gi 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 gi is given by:

p(x/gi) =
1√
2πσ2

i

exp

(
− (x − μi)2

2σ2
i

)
, (5)

where μi and σi are the mean and standard deviation of gi.

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 wi

σi
and the component with the maximum value for this

ratio is designated as the background component with mean

μκ and standard deviation σκ. i.e,

κ = arg max
i=1,2,..N

{wi

σi
}. (6)

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 Rr denote the dark RPE hypertrophic region. Com-

ponent i is designated as belonging to Rr if its mean is

sufficiently smaller than the average background intensity as

shown:

μi < μκ − ασκ. (7)

α is a positive parameter that decides how much contrast

is expected between the background and the dark region. α
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 Rr 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 Rr. Then y is labeled as belonging to Rr if:

μy − μυ

συ
< 1, (8)

where μy is the mean of the intensities in y, μυ and συ

are the mean and standard deviation of the intensities for

pixels already in Rr. 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.

(a) (b)

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 Fi(x, y) and Fj(x, y). The reflectance compo-

nents from each image,Ri(x, y) and Rj(x, y) are estimated

as described in Section II. The difference image is formed

as:

�R(x, y) = Ri(x, y) − Rj(x, y). (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]:

Ωi =
1
σ2

n

Σ(x,y)εwi
(�R(x, y))2 ≤ Γ, (10)

where σn is the noise standard deviation of the difference

in the no-change regions. The threshold Γ is derived from

the fact that Ω follows a χ2 distribution with N degrees of

freedom, where N is the number of pixels in the window. Γ
can be obtained for a particular false positive rate, α from

the χ2 tables. We use a 5 × 5 window (N = 25) and set

α = 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:

f1 = Ri(x, y),
f2 = Rj(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.
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(a) (b)

(c) (d)

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.

(a) (b) (c)

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.

REFERENCES

[1] F.L. Ferris 3rd, S.L Fine and L. Hyman, ”Age-related macular degen-
eration and blindness due to neovascular maculopathy”, Archives of
Opthalmology , vol. 102, no. 11, 1984, pp 1640-1642.

[2] H. Narasimha-Iyer, A.Can, B.Roysam, C.V. Stewart, H. L. Tanenbaum,
A. Majerovics and H. Singh, Automated Analysis of Longitudinal
Changes in Color Retinal Fundus Images for Monitoring Diabetic
Retinopathy, IEEE Transactions on Biomedical Engineering ,May
2005.

[3] A. Can, H. Shen, J. N. Turner, H. L. Tanenbaum and B. Roysam,
”Rapid Automated Tracing and Feature Extraction From Live
High-resolution Retinal Fundus Images Using Direct Exploratory
Algorithms”, IEEE Transactions on Information Technology in
BioMedicine, vol. 3, no.2, June 1999, pp 125-138.

[4] K. H. Fritzsche, A. Can, H. Shen, C. Tsai, J. N. Turner, H. L. Tanen-
baum, C.V. Stewart and B. Roysam, ”Angiography and Plaque Imag-
ing: Advanced Segmentation Methods. Chapter:Automated Model
Based Segmentation, Tracing, and Analysis of Retinal Vasculature
from Digital Fundus Images”,CRC Press, Boca Raton.

[5] A. Hoover and M. Goldbaum, ”Locating the optic nerve in a retinal
image using the fuzzy convergence of the blood vessel”, IEEE
Transactions on Meedical Imaging, vol. 22, no. 8, 2003, pp 951-958.

[6] A. Pinz, S. Bernogger, P. Datlinger and A. Kruger, ”Mapping the
human retina”, IEEE Transactionss on Medical Imaging, vol. 17, 1998,
pp 606-619.

[7] C.V. Stewart, C.L. Tsai and B. Roysam, ”The Dual-Bootstrap Iterative
Closest Point algorithm with application to retinal image registration”,
IEEE Transactions on Medical Imaging, vol. 22, no. 11, 2003, pp
1379-1394.

[8] A. Can, C.V. Stewart, B. Roysam, and H.L. Tanenbaum, ”A feature-
based, robust, hierarchical algorithm for registering pairs of images of
the curved human retina”, IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 24, no.3, 2002, pp 347-363.

[9] R. Adams and L. Bischof, ”Seeded region growing”, IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, vol. 16, no.6,
1994, pp 641-647.

[10] S.-Y. Wan and W.E. Higgins, ”Symmetric Region Growing”, IEEE
Transactions on Image Processing, vol. 12, no.9, 2003, pp 1007-1015.

[11] A. Dempster, N. Laird and D. Rubin,”Maximum likelihood from in-
complete data via the EM algorithm”, Journal of the Royal Statistical
Society , vol. 39, 1977, pp 1-38.

[12] P. Paalanen, J.-K Kamarainen, J. Ilonen and H. Klviinen, ”Feature
Representation and Discrimination Based on Gaussian Mixture Model
Probability Densities - Practices and Algorithms”, Technical Report,
Lappeenranta University of Technology, Department of Information
Technology, 2005.

[13] T. Aach and A. Kaup,”Bayesian algorithms for adaptive change
detection in image sequences using Markov Random Fields”, Signal
Processing: Image Communication, vol. 7, 1997, pp 147-160.

4717


	MAIN MENU
	Go to Previous Document
	CD-ROM Help
	Search CD-ROM
	Search Results
	Print


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents suitable for export to IEEE PDF eXpress. May 2005. PaperCept.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


