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In this paper we describe the automatic segmentation of the optic nerve head (ONH) with
the long-term goal to diagnose automatically early stages of glaucoma. The images are
average images obtained from a scanning laser ophthalmoscope (SLO). The segmentation
consists of the main steps of finding a region of interest containing the ONH, constraining
the search space for final segmentation, and computing the fine segmentation by an active
contour model. The agreement of ‘true positive pixels’, i.e. pixels attributed to the ONH by
both manual and automatic segmentation, is very good. The classification results from three
different classifiers using manual or automatic segmentation still show an advantage of
manual segmentation. One means to further improve the automatic segmentation is to use
information from a SLO as well as from a fundus camera.
Introduction
Among the promising areas for medical image
processing is the (early) automatic diagnosis of
frequently occurring and severe diseases. It
offers the potential to reduce the time for
diagnosis or to increase the number of persons
screened,
to
establish
standardized,
reproducible, and economic procedures, and in
the long run to reduce the costs of treatment and
to reduce errors if more and more cases are
being evaluated and documented resulting in
improved algorithms. Two frequent and severe
diseases are glaucoma - the second most
common cause of blindness in developed
countries [11, 15] - and stroke - the third most
frequent cause of death in Germany. Glaucoma
basically destroys the optic nerve head (ONH),

an effect visible in images of the retina which
are available from different imaging devices.
We concentrate in our work on the so called
“open angle glaucoma”. A stroke is a sudden
blocking (or also a bleeding) of a vessel (artery
or vein) in the brain. A hypothesis is that the
risk of blocking may be estimated from the
vessels visible in the retina.
Types of Images
Images of the retina may be obtained by a
fundus camera (FC), a scanning laser
ophthalmoscope (SLO), or a scanning laser
DOPPLER flowmetry device (SLDF). The SLO
became a widely used imaging device for
measuring the ONH [13, 10, 3], and we use
images obtained with a “Heidelberg Retina
Tomograph (HRT)” [4]. It records a series of

images at different depths from which also an
average image is computed as shown in Fig. 1.
In addition FC images are available with two
examples given in Fig. 2.Work based on SLDF
images is reported in [14].

glaucoma

Diagnosis of glaucoma using the HRT images is
based on features (parameters) which are
computed by the HRT software after manual or
automatic outlining of the contour of the optic
nerve head (ONH). Examples of features are the
disk area, the area of cup and rim, the volume of
cup and rim, the mean and maximum cup depth,
and a measure for the three-dimensional shape
of the cup. The reproducibility of ONH borders
was investigated in [7, 12] and showed the
desirability of automatic and reproducible
approaches.

normal

Fig. 1. Two examples of HRT average images.

left eye, “good” image

Segmentation of the Optic Nerve Head

An overview of the processing steps to segment
the optic nerve head (ONH) is given in Fig. 3.
The four main steps are preprocessing to correct
non-uniform illumination, the determination of a
region of interest containing the ONH, the
constraining of the search space for refining the
ONH contour, and finally the computation of the
ONH contour using an active contour model.

right eye, “bad” image

Fig. 2. Two examples of FC images.

Fig. 3. The processing steps to automatically segment the ONH

Preprocessing

Region of Interest for the ONH

The goal of preprocesing is to correct for nonuniform illumination. Let the input image be
denoted by f ij( in ) , i = 0, 1,L, M y , j = 0, 1,L, M x .

The goal of this step is to find a region smaller
than the original image and containing the ONH.
The basic approach is to find the dark regions of
the ONH, but remove blood vessels and noise.
Hence, the image is binarized by a threshold
θ1 = µ − 0.25σ , where µ and σ are the mean
value and standard deviation of the grey values
of the corrected image f ij(corr ) . Next we compute

To estimate nonuniform illumination a median
filtering with a mask of size 31× 31 is
performed, which is large with respect to the
maximal vessel diameter (about 10 pixels), but
small with respect to the ONH (about 160
pixels). The result of median filtering is an
image
f ij(med ) . We compute correction

coefficients
rij =

max i , j ( f ij( med ) )
f ij( med )

and adjust the difference image by the correction
coefficients to get
f ij( adj ) = ( f ij( in ) − f ij( med ) ) rij + c .

The constant c is chosen to make the mean
value of f ij(adj ) approximately equal to 128.
The final corrected output image (Fig. 4) is
computed from

f ij( corr)

⎧
0 : f ij( adj ) ≤ 0
⎪
= ⎨ 255 : f ij( adj ) ≥ 255
⎪ f ( adj) : else
⎩ ij

In addition, to eliminate border effects, the
image borders are removed.

original image

corrected image

Fig. 4. Correction of nonuniform illumination.

an EUCLID distance map (EDM) which assigns
to each pixel its distance from the nearest
boundary point and threshold the EDM by θ 2 to
remove vessels. Since the maximal vessel
diameter is about 10 pixels, θ 2 = 6 is selected.
The rough position of the ONH is taken to be
the center of gravity of the remaining pixels and
the size of the ROI is set to for a 20° × 20° field
of view in the HRT image.

Constraining the Search Space

The goal of this step is to provide a good
initialization
for
the
subsequent
fine
segmentation of the ONH which is done by an
active contour model. This is done by fitting a
circle to the ONH with algebraic curve fitting
(Fig. 5), by fitting a circle to the neuroretinal
rim (NRR) with the HOUGH transform (Fig. 5),
and by fitting a circle to the parapapillary
atrophy (PPA) (Fig. 6). The contours of ONH
and NRR should coincide, but different
approaches are used to improve the result. Only
the circle fitting to the ONH is outlined briefly.
We start from the EDM of the previous step and
binarize it by θ 3 = 2 to filter out artifacts from
the background, but preserve relevant structures.
A circle is fitted to points on the perimeter of the
thresholded EDM which minimizes the
algebraic distance (least square sense), and then
the geometric distance is optimized by GAUSSNEWTON iteration. The result is improved by
shifting the circle to the point of maximum
correlation between the filled circle and the
potential nerve head region.

is large or with good identifiable NRR, then the
circle obtained from the fitting procedure is used
as outer limit of anchor points.

Fig. 5. Constraining the search space by circle fitting
procedure (left) and by NRR detected with the Hough
transform (right).
Fig. 7. Potential anchors (left) and suitable anchors (right).

Fig. 6. Constraining the search space by PPA detected by
the Hough transform (left). All constraing factors together
(right).

Active Contour

The goal of this step is to improve the result for
the ONH from the last step by using an active
contour model. We start from the illumination
corrected intensity image and threshold it by
θ 4 = µ − 0.5σ . Another EDM is computed and
thresholded by θ 5 = 2 to obtain potential
regions of the ONH. Potential anchor points of
the active contour are defined as change from
foreground to background in radial direction.
The potential anchor points are refined to
suitable anchor points (Fig. 7) by a rule-based
approach which distinguishes the cases where
the PPA is detected or not detected. If the PPA
is detected and its approximating circle
intersects with the circle approximating the NRR
in 95%, then the PPA circle is the outer limit for
anchor points. If the PPA is not detected and the
ONH is small or with hardly identifiable NRR,
then the circle determined by the fitting
procedure ─ but without correction by
correlation ─ is used as outer limit of anchor
points. If the PPA is not detected and the ONH

A circle is used to initialize the active contour
(Fig. 8). The final contour is found by balancing
two types of forces: internal and external.
Internal forces keep the contour shape smooth
under external loads in the tangential and
normal direction. External forces are derived
from image data and attract the contour to pixels
with some desirable features [2]. In our case
internal force controls the elasticity and rigidity
of the initial curve. For the computation of
external forces we adopted a modified model of
active contours ─ anchored snakes. This method
consists of directly searching for the best points
in the image to which the initial curve should be
attracted. For each contour point a unique
anchor, i.e., a unique source of the external force
is detected (Fig. 8). A spring connection is then
established between the point and the anchor
(Fig. 8). The final contour obtained by the least
square approach [9] can be seen on Fig. 9.

Fig. 8. Initialization of the active contour (left) and spring
connections between the initial curve and the anchors
(right).

Fig. 9. The final contour. Black line: automatic
segmentation; white line: segmentation by a medical
expert.

Results

Examples comparing manual and automatic
segmentation of the ONH are given in Fig. 10
and Fig. 11, respectively. We denote as “true
positive pixels” the number of pixels which are
attributed to the ONH both by manual and by
automatic segmentation. On a sample of 159
images containing normal and glaucoma cases
the average percentage of true positive pixels is
about 91%.

More important than the segmentation is the
classification of glaucoma and normal cases.
Once the ONH boundary is available,
classification is presently done by features
(parameters) computed from the HRT software;
different classifiers can be used. Using features
based on manually outlined ONH contours an
LDA classifier achieves 26.8% error rate, a
bagging tree classifier [5] 13.4%. Using features
based on automatically outlined ONH contours
an LDA classifier achieves 27.7% error rate, a
bagging tree classifier 22.2%.
Fusion of Segmentation Results

Fundus camera images are used to compute the
arterio-venous ratio (AVR) for the assessment of
stroke risk. The AVR is computed according to
[6] and needs, among others, the segmentation
of the ONH in FC images. Details of this
segmentation are given in [1]. From this work a
segmentation of the ONH using an imaging
modality which is different from the HRT
images is available. An obvious idea is to use
segmentation results from both HRT and FC
images to improve the overall accuracy of
segmentation.

Fig. 10. Eye with glaucoma: an example of a good (left)
and a bad (right) agreement between manual (white) and
automatic (black) segmentation of the ONH contour.
Fig. 12. Improvement of segmentation by fusion of
segmentation results from HRT and FC images; false
automatic monomodal segmentation on HRT image (left);
improved multimodal segmentation (right). Black line:
automatic segmentation; white line: segmentation by a
medical expert.

Fig. 11. Normal eye: an example of a good (left) and a bad
(right) agreement between manual (white) and automatic
(black) segmentation of the ONH contour.

At first, both images are registered using the
mutual information criterion and controlled
random search for optimization of this criterion
[8]. This registration is successful in about 94%
of cases, evaluated on 174 images. The criterion
for correctness was the agreement of vessels in
the registered images. Then the search area for

the optimization of the active contour is
constrained by the segmentation result obtained
from FC images. Fig. 12 shows an example
where this approach resulted in a significant
improvement of the segmentation result. The
impact of the fusion of segmentation results
from the two modalities on the reliability of
glaucoma
classification
is
subject
to
forthcoming work.
Outlook and Conclusion

The classification results show that manual
segmentation still gives better classification
results than automatic segmentation. A further
improvement of automatic segmentation is
expected if it is performed both on fundus and
on scanning laser images and if the results of
both segmentations are fused.
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