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Objective: Automatically detect the structure of blood vessels in ROP infants to allow ophthalmologist to
analyze and detect the symptom early.

Material and Method: This study presents a set of methods for detection of the skeletonized structure of
premature infant’s low-contrast retinal blood vessel network. Steps has been optimized for this study, namely
statistically optimized LOG edge detection filter, Otsu thresholding, Medial Axis transform skeletonization,
pruning, and edge thinning.

Results: A set of 100 test images are grouped together into five testing groups based on their similar charac-
teristics and clinicians suggestions. The authors applied the series of methods proposed on all the 100 images.
The result from the algorithm was compared with ophthalmologists’ hand-drawn ground truth and it can
detect the blood vessel with a high specificity of 0.9879 and sensitivity of 0.8935.

Conclusion: The authors’ algorithm can detect blood vessels effectively even though the image quality may
not be good, have high noise, and low contrast. The algorithm can also detect the blood vessel at important

locations such as the edge of the retina.
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Retinopathy of Prematurity (ROP) is an ab-
normal retinal vascularization in premature infants.
In those infants, the growth of retinal vessels does
not reach the periphery of the retina. Generally, the
development of retinal vessel network begins to grow
at approximately 15 weeks of gestation from the optic
disk into the retina and becomes complete around full
term at 9 months. Preterm birth carries many complica-
tions because this vessel is not fully vascularized. The
early indicator of ROP is a whitish gray demarcation
line between the normal retina and the anteriorly un-
developed vascularized retina. Next, there will be ridge
that obstructs vascular growth and causes congestion
of capillaries around the periphery of retina. As the
condition progresses, extraretinal fibrovascular pro-
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liferations develops. If left untreated, it may cause
retinal traction and the loss of vision. The important
risk factors for ROP are low birth weight and low ges-
tational age. To prevent permanent loss of vision,
infants at risk with less than 1,500 gram birth weight or
less than 32 week gestational ages should be screened
for ROP to receive appropriate treatment (UK guidelines
- there are differences between countries)®. Several
researchers have attempted to establish techniques
for initial diagnosis of vascular abnormalities. They
developed an automatic vascular inspection system to
analyze physical characteristics and abnormalities of
vessels by measuring size, shape, and length or net-
work characteristics of the retina. This development of
algorithms to automatically provide classification of
vessels usually gives a satisfactory result in a high
quality image with low noise. However, due to the lack
of clarity of the eye media and the technical difficulty
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of obtaining images from a preterm baby, images taken
from a baby’s eye are low-contrast, noisy, and some-
times blurred. These cause problems and are an ob-
stacle to the classification of vessels. Algorithms that
have been successfully applied for adult retinal images
might not work effectively enough within these limita-
tions. A challenging problem to investigate disease
and symptoms of ROP is the requirement to detect the
vascular network in the retina. This information can
then be used for the measurement of tortuosity and
engorgement parameters.

Many works have been proposed to detect
ROP signs effectively by visual inspection of retinal
blood vessels. The main vessel properties indicating
ROP are an increase in vessel width and tortuosity®®.
Regular inspection produces a large number of retinal
photographs for ophthalmologists and experts to review.
This might be cut down by the use of digital imaging
technology that provides means for non-ophthalmo-
logists to automate the preliminary diagnosis of the
disease®. Many papers such as Martinex-Perez et al®
reported a semi-automatic method to measure and
quantify the geometrical and topological properties
of retinal blood vessel from fundus retinal images.
Chanwimaluang and Fan® and Gao et al® introduced
efficient methods for automatic detection and extrac-
tion of blood vessels. Canny experimented with an
algorithm of matched filters®® for vessel detection.
Chaudhuri® used a Gaussian vessel cross-sectional
profile and assumed Gaussian imaging noise for vessel
detection using matched filters. A method of registra-
tion of retinal images based on feature detection was
reported by Byrne et al®?. Line finding algorithms
along with a probabilistic relaxation scheme has been
proposed to extract and describe the blood vessel pat-
tern in retinal images by Akita®**®, These segments
were later connected to a vessel network and labeled
as arteries or veins according to their chromatic infor-
mation. Tolias and Panas®® developed a fuzzy C-means
(FCM) clustering algorithm that uses linguistic descrip-
tions like “vessel” and “nonvessel” to track fundus
vessels in retinal angiogram images. Quek®”, Hoover®®,
Chutatape® and Zhou®, proposed similar methods
based on a matched filter to extract vasculature from
two dimensional medical images. Gang et al®® showed
the Gaussian curve is suitable for modeling the inten-
sity profile of the cross section of retinal vessels in color
fundus images. Aylward®? extracted blood vessels from
two-dimensional images using a scale space technique
with sub-voxel accuracy while Wood®@ equalized image
variability as a preprocessing step in their method to
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segment retinal vessels. Neural network application
is proposed by Sinthanayothin et al®. It employed
intensity edge detection and principal component
analysis of input images as inputs to multilayer per-
ceptron neural networks to identify blood vessels.
Nekovei and Sun® detected blood vessels in XRA
images using a back-propagation network. Leandro et
al® used a continuous wavelet transform combined
with morphological operators to segment blood vessels
within the retina. Staal®” presented a method to detect
vessels by proposing a more natural representation for
elongated structures, such as vessels. Parvin et al@®,
Huang and Stockman®, and Aylward et al®® described
similar algorithms that used generalized cylinders
to extract tubular structures in 2D intensity images.
Mahadevan et al® presented a set of algorithms for
robust detection of vasculature in noisy retinal video
images. Gao et al®? presented an automatic quantifica-
tion of blood vessel topography in retinal images. This
system utilized digital image processing techniques to
provide more reliable and comprehensive information
for the retinal vascular network. Vermeer et al®® pro-
posed a method for blood vessel detection in retinal
images based on a Laplace and threshold segmenta-
tion. Ayala et al®® presented a main idea to define the
averages of a given fuzzy set by using different defini-
tions of the mean of a random compact set of retinal
vessel detection.

Many previous techniques have demonstrated
that they can be applied successfully on adult images.
However, those methods are not sufficient to detect
vessels on infant images. There are many differences
between the adult and infant image such as visibility of
the blood vessels, global noise in the image, and thick-
ness of vessels. Fig. 1 shows (a) an example of an infant
retinal image and (b) an example image of an adult reti-
nal image. However, retinal blood vessel detection in
infants is equally important as detection of blood ves-
sels in adults even though it is a more difficult problem.

Material and Method

The authors have experimented with the ap-
plication of many adult images algorithms on infant
retinal images taken using a RetCam120 camera. A
successful combination of those statistically optimized
algorithms for the infant retinal vessels classification
is explained in this section.

Statistically optimized Laplacian of Gaussian filter

for infant’s low-contrast image edge detection
The edges in an image give structural infor-
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Fig. 1 (a) Example image of an infant retina
(b) Example image of an adult retina

mation about its boundaries. To detect blood vessels,
edge information is significantly important because
the vessels are clearly visible in an edge image. The
authors’ first step was to extract edge information
from the original infant retinal image. After qualitative
comparison of the performances between many public
domain edge operators with the set of infant images,
the authors found that Laplacian of Gaussian (LOG)
detected blood vessel from most of the data set very
well. The LOG operator is described by equation (1)“2.
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where (X,y) is the size of optimal kernel filter
and the scale parameter ¢ is estimated adaptively
between 1.0-1.6.

However, a few parameters needed to be opti-
mized to reflect the infant retinal image. An effective
result depends on the right size of an optimal kernel
filter. Statistical variation of o and operator size was
then investigated. The authors varied 6 from 1.0t0 1.6
in 0.1 steps. Operator size was also experimented from
3x3,5x5,7x7,and up to 21x21 because the actual size
of blood vessel was unknown at the beginning. All the
combinations of o and operator size were then applied
onatest set of 20 images. Fig. 2 and 3 show some chosen
results after variation of ¢ and operator size.

Statistically, the authors found that an ¢ of
1.4 at the operator size of 11 x 11 yielded the best per-
formance®>),
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Medial Axis Skeletonization

The skeletonized structure is useful informa-
tion because it provides a simple and compact repre-
sentation of a shape and preserves many of the topo-
logical and size characteristics of the original shape at
the same time. The length of a shape can be calculated
by considering just the end points of the skeleton and
finding the maximally separated pair of end points on
the skeleton. It is crucial that the authors can find un-
derlying structure of the vessel automatically because
many ophthalmologists consider the abnormality of
the retina by looking at the orientation and complexity
of blood vessel structure®-®)., The edge image from
the previous step will be at threshold and skeletonized
in this section. Before the resulting edge image from
the previous step is skeletonized with Medial Axis
Skeletonization algorithm, Otsu’s thresholding algo-
rithm was applied to binarise the image into two classes,
black and white. Otsu method automatically chooses
the threshold to minimize the intraclass variance of the
black and white pixels®.

The Medial Axis Skeletonization algorithm is
chosen from quantitative experiments and applied to
the binary image in this step in order to extract struc-
ture of the blood vessels. The vessel tree is then cre-
ated by connecting these centerlines Medial Axis
Transform is defined as the locus of the centre of all
the maximal inscribed circle of the object as described
in equation (3).

The medial axis transform of an image A is
determined by the medial axis of A and the medial axis
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Fig. 2 (a)original image and (b), (c), (d), (e), (f) are resulting images after application of fixed operator size 11 x 11 and G is
varied 1.2, 1.3, 1.4, 1.5 and 1.6 respectively

Fig. 3 (a) original image and (b), (c), (d), (e), (f) are resulting images after application of fixed o and varied operator size of
5x5,9x9,11x11, 13 x 13 and 15 x 15 respectively

J Med Assoc Thai Vol. 90 No. 9 2007 1783



distance function f defined on the medial axis of A. The
medial axis function is directly related to the generalized
distance. For the following definition of the morpho-
logical skeleton of an image A with respect to a struc-
turing element K by the sets {S,,..,S, }*“> where,

S, = AOK—(ASK)oK and ASK = A..(2)
n n 0

The skeleton of an image A is then given by

(& denotes erosion operator with n iterations and is
© an opening operator)

After the algorithm is applied, the blood
vessels (including other artifacts) are thinner and can
be visibly observed. In fact, it is only one pixel wide
throughout the image except on the intersection
points. The resulting skeleton is located at the central
line of the original image. This result shows that the
skeletonized image can clearly maintain the blood
vessel topology and the blood vessel network as illus-
trated in Fig. 4. This valuable information is important
when the authors later calculate other properties, like
tortuosity of the blood vessel.

b

Fig. 4
(c) and (e) respectively
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Image Pruning

The authors used of a series of morphologi-
cal operations to reduce the size of the noise that
is smaller than a specific size. One set of the series,
known as image pruning, is used in this step. The re-
sulting image from the previous step is processed with
image pruning as defined by steps from equation (4) to
equation (7).

Xy = A® (B} oottt (4)
XZ_J(X1® =10 TR (5)
Xy = (X, ®@H)AA oo (6)
Xy = X, U X goovooooomssoeesssoessssoesssseessseesn (7)

where X, is the result of pruning set A with structuring
element B “. X, X, and X, are resulting images of
the intermediate process. ® denotes a morphological
thinning operator while @ is a dilation operator. ® de-
notes hit or miss transform. Three examples of results
from this step are demonstrated in Fig. 5. Original
images 5(a), 5(c), and 5(e) are processed and Fig. 5(b),
5(d), and 5(f) are their results respectively.

Images on the right hand side (b), (d) and (f) are results of skeletonized process of images on the left hand side (a),
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Fig. 5 Images on the right hand side (b), (d) and (f) are results of pruning process of images on the left hand side (a), (c) and
(e) respectively

Fig. 6 Images on the right hand side (b), (d) and (f) are results of spur removal process of images on the left hand side (a),
(c) and (e) respectively
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Spur Removal by morphological Opening

The authors’ last step in the process is to
remove isolated noise, or spurs, a cluster of pixels that
has a size less than 15 pixels. Morphological opening
is chosen to use in this step because it is robust, fast
and easy to implement. This island removal algorithm
utilizes Erosion (©) and Dilation (&) (erosion followed
by dilation) as in the following equation.

S=A-B=(ASB)®B

where S is the result after spur removal. Fig. 6 illustrates
results from this step.

All of the authors’ process described above
can be summarized with a flowchart diagram in Fig. 7.

Fig. 8 shows the results from each step.
Fig. 8(a) is an original infant retinal image. 8(b) is the
result after the edge detection process. 8(c) is result
after Otsu thresholding and 8(d) is the output after the
authors applied Medial axis skeletonization. The result
of the image pruning step is shown in 8(e) while 8(f)
shows the result after Spur Removal. Fig. 8(g) is the
skeletonized image superimposed on the original
image to enhance blood vessel visibility.

Results

A set of 100 test images are grouped together
into five testing groups based on their similar charac-
teristics and clinicians suggestions, namely group A,
B, C, D, and E. Group A contains images with fairly
clear vessels while vessels in images in group B are
difficult to distinguish. In group C, vessels of images
in this set are very convoluted while the vessels in
images in group D are less convoluted. Images in group
E are very noisy or blurred. Examples of images in each
test group are shown in Fig. 9.

The authors applied the series of methods
proposed on all the 100 images and some of the results
are shown in Fig. 10.

Discussion

To measure the performance of our method,
the authors created ground truth images manually by
drawing lines on vessel of original images. This is under
supervision of a trained clinician. These 100 hand-
drawn ground truth images are essential for perform-
ing a quantitative analysis of an algorithm’s results.
Both the ground-truth images and final result images
are binary images, so they can be compared easily by
using Exclusive-Or function. Some examples of ground
truth images are shown in Fig. 11.
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!

Output Image

Fig. 7 Flowchart of the authors’ proposed series of pro-
cess to extract blood vessels’ skeleton

The authors can calculate four different
values from the comparison, namely, true positives
(TP) or a number of pixels correctly detected as vessel
pixels, false positives (FP) or a number of pixels in-
correctly flagged, true negatives (TN) or a number of
pixels correctly detected as non-vessel and, finally, false
negatives (FN) or number of pixels incorrectly flagged
as non-vessels. Fig. 12 graphically demonstrates the
calculation.

The authors then used the 4 values from pre-
vious calculation to calculate performance measure-
ment values, sensitivity (Se) and specificity (Sp) as
follows

TP
SIPLTN oo 9)
Sp= e (10)
FN +FP

Where TP is true positives, FP is false posi-
tives, TN is true negatives, and FN is false negatives.
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Fig. 8 (a)Anoriginal infant retinal images
(b) edge detection result
(c) after Otsu thresholding
(d) after Medial axis skeletonization
(e) after image Pruning
(F) spur removal
(9) skeletonized image super-imposed on the original

The algorithm has been tested on 100 pre-
mature infant’s images with the image size of 480*640
pixels. All the results are shown in Table 1. Fig. 13 and
14 show the plot of sensitivity and specificity respec-
tively. Fig. 15 is a plot of relationship of sensitivity and
specificity for all 100 images.

Experimental results show that the proposed
method performs well in extracting blood vessels.

J Med Assoc Thai Vol. 90 No. 9 2007

Conclusion

In the presented paper, the authors have in-
troduced an efficient combination of algorithms for
automated blood vessel detection in infant retinal im-
ages. The proposed method retains the computational
simplicity while it can achieve accurate results in cases
of normal infant retinal images and images with ob-
scured blood vessel appearance. Efficiency of the
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Fig. 9 Shows examples of images in each test group

Fig. 10 After the series of step are applied to (a), (b) and (c), resulting images (d), (€) and (f) are obtained respectively

>

Fig. 11 (@), (b), (c) Skeletonized hand labeled ground-truth images
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