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Segmentation of Vessel-Like Patterns Using
Mathematical Morphology and Curvature Evaluation

Frédéric Zana and Jean-Claude Klein

Abstract—This paper presents an algorithm based on mathe- fundus images, the detection of the vascular tree seems a nat-
matical morphology and curvature evaluation for the detection of yral approach to the registration problem. Vessels are the only
vessel-like patterns in a noisy environment. Such patterns are Very fastures that are common to every image of the retina. This is

common in medical images. Vessel detection is interesting for the ticularly true f . hici . the si |
computation of parameters related to blood flow. Its tree-like ge- particuiarlytrue forangiographic images, since the signal comes

ometry makes it a usable feature for registration between images from a dye injection.
that can be of a different nature. In order to define vessel-like pat- In this paper, we present an algorithm that combines Mor-

terns, segmentation will be performed with respect to a precise phological filters and cross-curvature evaluation to segment
model. We define a vessel as a bright pattern, piece-wise ConneCtedvessel-like patterns. Its application to images from retinal

and locally linear. Mathematical Morphology is very well adapted . . - -
to this description, however other patterns fit such a morpholog- angiographies has been briefly presented in [9]. We study

ical description. In order to differentiate vessels from analogous the behavior of this algorithm on a wider set of angiographic
background patterns, a cross-curvature evaluation is performed. images and we extend its range to other images of the retina.

They are separated out as they have a specific Gaussian-like pro- \iessel-like patterns are bright features defined by morpholog-
file whose curvature varies smoothly along the vessel. The detectionical properties: linearity, connectivity, width and by a specific
algorithm that derives directly from this modeling is based on four . L . . ' .

Gaussian-like profile whose curvature varies smoothly along

steps:
f) noise reduction: the crest line. We use mathematical morphology to highlight

2) linear pattern with Gaussian-like profile improvement; vessels with respect to their morphological properties. We then
3) cross-curvature evaluation; evaluate the cross curvature. Vessels are detected as the only
4) linear filtering. features whose curvature is linearly coherent. This algorithm

we present its theoretical rt]’ac"grolund and i”gsnate iton (;e_a' IMm-  has been tested on retinal photographs of three different types:
ages of various natures, then evaluate its robustness and its accu- . . . : .
racy with respect to noise. fluoro_anglography, gray images optamed with a green filter, a_md
color images with no filter. Occasionally a short preprocessing

step was necessary since the algorithm only works with bright
patterns in gray level images. We then evaluate the behavior of
this algorithm with respect to different kinds of noise, in order

|. INTRODUCTION to measure its robustness and its accuracy. Finally, we compare
A. Edge Detection this algorithm to other methods and we present a conclusion.

Index Terms—Blood, edge detection, image analysis, mathemat-
ical morphology, ophthalmology, vessels.

DGE detection is an essential task in computer vision. ét .
. . . B. Morphological Operators
covers a wide range of applications, from segmentation

to pattern matching. It reduces the complexity of the image al- This section is a short reminder of some basic definitions of
lowing more costly algorithms like object recognition [1], [2].extensive morphological operators. More details can be found
object matching [3], object registration [4], or surface recorin [10].
struction from stereo images [5], [6] to be used. Vessel-like pat-We define a two-dimensional (2-D) image whose range is
terns with a Gaussian-like profile are very common, especial¥Vmin, Nmax] as a functionals: R*> — [Nuyin, Nuax), and a
in medical images. Their detection is interesting for differe®-D structuring element as a functional R* — B whereB is
goals. They can be used to measure parameters related to bieédset of the neighborhoods of the origin. In our approach we
flow or to locate some patterns in relation to the vessels in angiwil only consider structuring elements invariant by translation,
graphic images. They can also be used as a first step before tbgt are thus identified with a subsetRf, and we will refer to
istration [4], [7], [8]. A robust algorithm, suitable for differentlinear structuring elements when this subset is a segment.
types of images, should allow registration of retinal images of We then define basic operators, with respect to the structuring
very different nature and should permit one to combine informalementB with scaling factor, imageS and pointd/, € R*:
tion from data provided by various sources. In the case of eyeerosion:  €3(S)(Mo) = MIN pscas, e B2y (S(M));
dilation:  6%(S)(Mo) = MAX areng e B(Mo) (S(M));
Manuscript received November 12, 1998; revised January 25, 2001. The asopening:  v5(S) = 6%(e4(9));
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graph in digitized images (a neighborho6tof unit radius). s //i \77\\\
They depend on a marker imagg, and distance. /<\ \ |
The geodesic dilatios = A¢ () is defined by =\ \ P
/ \\ \\ ‘\‘“ // /\ﬁﬁf\ﬁ
Sl(MO) = inf({MAX JWEJ\%-I—C(Sm(M))}v S(Mo)) y \‘ "‘// //;\
ST (Mo) = ASTH(S)(Mo) = A, (SY)(Mo). — L ) A
m ™ — Y = " )
| | o S \/ /
The geodesic reconstruction (or opening) is defined by - /
e X e
rec d
VS (5) = ?élg(ASm(S))' Fig. 1. Model of vessel.

The geodesic closing is defined by

d)fs‘ij(s) = Nmax - ’YE’R’(;IQX_SM)(NmaX - S)

Il. VESSEL-LIKE PATTERN DESCRIPTION

A. Crest Lines and Rotating Matched Filters

Much has been written about detection of edges with a
Gaussian-like profile. At least three different methods were
applied to vessel segmentation: crest line detection [7], rotating
matched filters [11], and neural networks [12]. Both methods
[7] and [11] use linear operators and are based on differential
properties. The crest line approach is based on the detection of
the Gaussian profile by the use of up to the third derivative.
Crest lines are lines where the magnitude of the maximum
curvature is locally maximum in the corresponding principal
direction (definition of [7]). This yields edges that are not
necessarily connected. Rotating matched filters have been
applied to the green plane of color eye fundus images in order
to detect patterns with Gaussian profile across a constant line.

Those matched filters are based on results and theory described h. i.
in [8] and [2]. In this case, vessels can be very well highlighted,
however further treatments, specific to the data, are necessary (©

to remove other undesired linear features. We will shopg 2. various background textures. (a) Image with an addition of dark regions
that the use of some morphological filters leads to an image@rounded by a bright gray value. (b) Regular background noise, with some
simplification that eases the computation of cross-curvaturé%?'"a”es- (c) Smooth texture with linear features in the background.

Based on this observation, we have developed an algorithm

based on a precise description of vessel-like patterns andrhere are different kinds of undesirable patterns encountered
look-alike background elements that combines morphologiGghen extracting the vascular tree. We have classified them into
and differential properties. different cases m that we will refer to in this article.

Case 1) Noise occurring during the digitization process, or

B. Vessel-Like Pattern Modeling due to undesirable elements whose texture can be

We assume that the vascular tree is the only element of our described by a low intensity white noise.
image that is locally uniform in color or gray value completely Case 2) Background linear features that can be confused
described by the following properties (see Fig. 1): with vessels in some parts, but that do not meet all
« the shape of a cross-section looks like a Gaussian curve; the requirements (they can be too thin or too close).
« itis connected in a tree-like way; Case 3) Other kinds of patterns that are not linear. We can
» vessels have a certain width and cannot be too close to- separate them into three subcases:
gether. casea) large bright or dark areas;
These properties can be separated into those related to the mor- caseb) bright or dark thin irregular zones;
phological description (linearity, connectivity, vessel width) and case c) small bright or dark areas.

those related to the calculation of some parameters (the curve ofase 4) Low signal/noise ratio concerning the intensity of
the Gaussian profile, its variation along the crest lines). vessels (see Figs. 2 and 9).
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Fig. 3. Openings using linear structuring elements.

I1l. TREATMENT OF RETINAL FLUORESCEINANGIOGRAPHIES

A. Images of Retinal Fluorescein Angiographies

Images of retinal angiographies are obtained after an injec- (©) (d)
tion of fluorescein into the left arm. Retinal vessels are higlig. 4. Each step of the morphological treatment: (a) initial image, (b)
lighted using an ultraviolet light. The diffusion process lasts supremum of opening, (c) reconstruction, and (d) sum of top-hats.
few minutes: after 5 min, the signal is very weak and noisy.

Another difficulty is due to the histology of the eye, which is 2) Using the Connectivity Property¥Ve remove noise while

composed of s_everal layers. The Ia_ye_rs below the rgtm_a_ cre Sserving most of the capillaries using a geodesic reconstruc-
background noise whose characteristics may vary significan ¥%n of the opened images into the original imagje

among people.
Therefore, a sequence of photographs taken during a 5-min
injection gives adequate material for vessel detection under a Sop = V5. (MaX;=1...12{7L: (S0) })-
noisy environment with various signal intensities. The size of
the detected vascular structure, in angiographic images, is @ch structuring elemenk; (every 15) is 15-pixels long
lated to the degree of diffusion of the dye into the vessels. It céh-pixel wide). Its size is approximately the range of the diam-
also be used as a preprocessing step of a registration algorigier of the biggest vessels 812 x 512 x 8 images of retinal
(see [13]). Later on, we will use this algorithm on other reting@ngiographies, as explained in [11]. In the imagg, every
images. isolated round and bright zone whose diameter is less than 15
pixels has been removed. Being a supremum of openings by
B. Morphological Treatment for the Recognition of Geometri[r;econstruct_ion this operation_ s an opening (see [10]), called
Features linear opening b)_/ reconstructioof size 15. Remove_z(_j elements
include white noise (case 1) and some abnormalities (case 3c).
Because of the linear property of vessels, we use morpholog-The sum of tophats on the filtered imagg, will enhance
ical filters with linear structuring elements. all vessels whatever their direction, including small or tortuous
1) Recognition of Linear Partsiinear bright shapes vessels, even inthe low signal (case 4). The large homogeneous
can easily be identified using mathematical morphology. Apathological areas (case 3b) will be set to zero since they are
opening using a linear structuring element will remove a vesseichanged byy;,,, however thes,,, image contains a lot of de-
or part of it when the structuring element cannot be includedils corresponding to case 2 and possibly case 3b that are also
inside the vessel, as is the case when they have orthogogathanced by the difference.
directions and the structuring element is longer than the vesseB) Using Differential Properties as a Separating TodlVe
width. Conversely, when the structuring element and the vesaskume at this stage that any nonzero point in the picture has a
have parallel directions, the vessel will stay nearly unchangddminant direction, and thus can be considered as part of some
(see Fig. 3). If we consider the openings along a class of lindangthened pattern (vessels, patterns 2 or 3b). We will refer to
structuring elements, a sum of top-hats along each directitire curvaturewhenever it is the curvature in the cross direction,
will brighten the vessels regardless of their direction. Howeveawhich is now defined for every pixel under the former assump-
this operation requires the length of the structuring elementstton. Its evaluation using the Laplacian will be discussed in the
be large enough to remove big vessels, hence we will recoveifowing section. In case 3b [Fig. 5(b)], the signal appears as
a lot of noise in the sum of top hats. In order to deal witthin and irregular bright linear elements, therefore the curvature
this problem, we preprocess the image using the connectivifgts positive values on a width smaller than in the case of the
property (Fig. 4). vessels (see Fig. 6), and it is not necessarily linearly correlated.
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(A)

Fig. 5. (a) Vessel and (b) and (c) cases 3b and 2 from SectionU1-8xdV
are the principal directions.

Fig. 7. Differential elements of the image.

curvature calculation in order to compute a first order estimation
that is less computationally expensive than in [7].

We assume that the first filter leads to an image that locally
looks like one of the three cases described in Fig. 5. Hence, for
any pointp € R? of imageS, if k; andk, are the principal
curvatures of the surfac€ at p then we either havé; ~ 0
or |k1| < |k2|. In Fig. 5, we have denoted Hy the principal
direction corresponding tk;, andV the normal direction, cor-
responding td:,. We will always use these local coordinates in
Fig.6. Laplacianimages highlighted around zero (positive values in white athie following.
negative values in black) before and after the alterning filter. In order to describe these simplifications with respect to the

functional S, we will express the former approximation as:
In case 2 [Fig. 5(c)], the signal tends to be low and disorg@sS/dz =~ 0, 35 /82 ~ 0 andd?S/dzy ~ 0. It simplifies the
nized, and the curvature will have alternating positive and negamputation of matrices called the first and second fundamental
ative values in various directions: linear morphological opefilorms that are used to compute the curvatures (see [14]).
ings performed on the curvature image are very well adaptedThe first fundamental forinin the basigU, V) is given by
to such treatments. However, in a few cases, this fuzzy signal

: as\> [as\ (s
can have a curvature that looks very much like a small vessel. 1+ <_> <_> <_>
Our strategy does not separate this signal from the retinal ves- B Oz dx ) \ 9y
sels [Fig. 5(a)],leading to false detection that is hopefully rare t- 9S 9S 95\ 2
and isolated. vl B e + 15

dr dy dy

After computing a Laplacian, we obtain a good estimation of
the curvature (see Fig. 6). Then we perform a linear opening ltys thus simplified into
reconstruction of size 15, then a linear closing by reconstruction
of size 15, and finally a linear opening of size 29. This alter- 1 0
nating filter removes patterns corresponding to case 3b, and in by~ 0 14 <§)2
most cases patterns corresponding to case 2. These sizes were dy
chosen for typicabl12 x 512 x 8 images of the retina. Values S
should be adjusted to the size of the vessel-like pattern. We wliffe normal vector at point is given by

discuss this matter in Section VIII. Failing to adjust those pa- as
rameters can lead to the removal of some apparently interesting <0, o0 1)
features. The algorithm was designed to segment the main ves- N, = Y
sels and remove all possible false detection under various kinds 1+ <§> 2
of noise. Another strategy may simply require a different alter- dy
nating filter, thus we will not deal with the adjustment of this
last parameter in our discussion. The second fundamental fotrnis given by
2 2
C. Evaluation of the Curvature using the Laplacian <g_§> <g_5>
Let C be a regular curve contained.fh passing through € o = % 235 ch
S (see Fig. 7). Lek be the curvature af atp andcos 8 = n- N, 14 a5 <ﬁ> <ﬁ)
wheren (resp.N) is the normal vector t@' (resp.S) atp. The oy dzy ay?

numberk,, = kcos@ is called the normal curvature ¢f C S ‘The natural | duct ind _ duct on the ¢ ol
F € natural Inner proauct inauces an Inner proauct on the tangent plane

at P, and prmm_pal curvatures are the two extrema,pf/vhen_C whose matrix is the first fundamental form.

varies. A detailed general method for curvature calculation canys . is the Gaussian map anidv, its differential form defined on the tan-

be found in [14]. The top hat filter simplifies the image beforgent plane, thet, is the matrix of the inner product: — —dN,(v) - v.
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which we simplify into

1 0 0

1+ <a_s> dy?

dy

FQZ

As proved in [14], the principal curvatures are the eigenvalu|
of the Weingarten endomorphism whose matrix is

=3/2 70 0
95\ ?

oy
We deduce thak; ~ 0, ky ~ (1 + (95/9y)?)~%/2(9%5/0y?).
As was expectedfi| < |k2|. We notice that9%S/dz?) +
(8%S/9y*) has the same sign as (sinced?S/dz? ~ 0), and
is independent of the frame.
Hence, the sign of the Laplacian can be used as a good
proximation of the sign of the curvature. Experiments were 4

ways found to be in accordance with this approximation (s
Fig. 6).

IV. MAIN ALGORITHM
We can summarize our algorithm as follows:

Sop =75, (MaXi=1...12{v£,(S0)})
12

Ssum 1= Z (SOP - rVLi(SO))'

i=1

Fig. 9. Late diffusion time.

This transformation (a sum of top hats) reduces small brigg%
noise and improves the contrast of all linear parts. Vessels coft
be manually segmented with a simple threshol®op,,. How- | r
ever, mostimages contain noisy data requiring further treatmeg * ;
hence, the computation of the curvature :

Stap = Laplacian(Gaussiaﬁf;}‘f"X(Ssum)) )

Then the alternating filter, leading to the final result

S1 ::’Ygf:p(MaXi=1m12{’YLi(Slap)})
So = </)g€1'c(|\/|in7‘,=1---12{</)h7- (51)}) Fig. 10. Image with many dark patterns.

Sres = (MaX¢=1...12{’y%7_(SQ)} 2 1) ) ) ) ) ) )
_ _ ~diffusion time (Fig. 9) and low-contrast images (Fig. 8). Images
A PC Pentium 133 MHz with 16 MB of memory runs this alfrom normal eyes produce nearly perfect images (Fig. 17)

gorithm on &512 x 512 x 8 image in less than 3 minutes. Note  \we have encountered false detection in the following cases:
that the program was written in Visual Basic under Aphelion, an , hyper-fluorescence that looks linear (Fig. 11, center

image understanding and processing software package, and that |:om blob):
a C program would run much faster. Algorithmic improvements '

. * black zone next to a brighter zone (Fig. 10);
can also be considered (see [15]).

+ round linear bright structures are mistaken for vessels, and
appear as white isolated circles.

Most of those problems are rare and related to some disease,

This algorithm has been tested on a database of about 200they may be problematic when they are connected to the vas-
giographies, from patients with various abnormalities. The meular tree (which occurred once but was not significant). Parts
jority of the images were taken directly with a digital cameraf vessels were not detected mostly in the late diffusion phases,
but the database image also contains photographs digitized veitid when they were hidden by some wide hyper-fluorescence
a scanner. The typical image size wid® x 512 x 8, however (see Fig. 12, left) and in case of very low contrast (Fig. 13). In
the database included images as big)#% x 1024 x 8. Robust- every case, the detection was in accordance with the description
ness was evaluated at this stage on noisy images from the lagegave in Section 1ll-B: some nonvascular patterns simply fit

V. RESULTS ONDIGITAL RETINAL ANGIOGRAPHY
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Fig. 14. Green image from diabetic patiént.

to detect specific patterns. In order to bring together the informa-
Fig. 11. Diffusion of the dye outside the vessel. tion contained in all the images of a series of tests, it may be very
useful to be able to register images of different types (see [13]).
Since images may be very different, correlation techniques or
other techniques that use the knowledge of a neighborhood may
be hazardous. It seems necessary to use an invariant feature as a
frame. Vessels are certainly the most appropriate pattern to use
as a frame, therefore their segmentation in various types of im-
ages is of the utmost interest.

A. Green Images of the Eye Fundus

In these images, the vessels appear dark, hence the prepro-
cessing step is a simple inversion of the gray values. It is fol-
lowed by the main algorithm, no other processing is necessary.
As expected, results may be less refined than with angiographic
images (fewer vessels are visible), but they are still very precise
and in accordance with the information contained in the image.
The algorithm has been applied to several images from diabetic
patients (see Fig. 14).

Fig. 12. Image on a detail.

B. Color Images of Eye Fundus

Color images from transparent negatives developed on paper
are digitized in RGB with a scanner. The blue band appearsto be
very weak and does not contain much information. The vessels
appear in red, however the red band usually contains too much
noise or is simply saturated since most of the features emit a
signal in the red band. Imitating physicians we have used the
green band. Inversion was performed before applying the main
Fig. 13. Other case, with a very low contrast. algorithm. The image quality was poorer than for green images
of the retina, both because of a bad exposure to light and because
m the development on paper. As a consequence, results appear
to be less robust than in the former case, however they seem suf-
Iﬁi%ent to define a frame (see Figs. 16 and 17 for a healthy eye).

is algorithm has been tried on 31 images (of poor quality)
from ill patients and two images of normal eyes. Fourteen im-
ages (including the two of the normal eyes) were correctly seg-
mented with most of the vascular tree detected (see Fig. 15), but

The algorithm has been adapted to other types of retinal iinthe remaining 19 images too few vessels were detected. These
ages: green images and color images of the eye fundus.  results can be attributed to the lack of contrast at the end of the

Green images of the retina are taken by physicians with gregigitization process, which is worse in our case because of the
filters, and color images represent the natural colors of the aysture of the illness. The contrast of the retina is thus lowered
fundus. In such images, vessels are less contrasted than in angi30—_ o ) has dark s it has b verted bef
graphic images in the state of complete diffusion (in mid-phasgzlpi'rri'rfqepotsiigg\;gggegage as dark vessels, 1t has been inverted betore
and they contain less information: smaller branches of the Vesse&ince the image has dark vessels, it has been inverted before superimposing
tree are simply not in the image. Each type of image is designedsels.

the same model. The limit of detectable contrast is visible
Fig. 13.

Results consist of binary images superimposed upon the o
inal image multiplied by a factor of 0.4.

VI. GENERALIZATION TO OTHER RETINAL IMAGES
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Fig. 15. Green component of a color imatye. Fig. 17. Image from an angiography of a normal eye.

Fig. 18.

Image 17 with an addition of 100 in a selected box.

Fig. 19. Image 17 with a division by 2 in a selected box (ROI).

with reconstruction allowing the recovery of smaller vessels
connected to the detected area. The scale effect is encountered
in two parts of the algorithm: 1) during the sum of top hats, big

by the signal coming from lower layers which are more V'S'bl%essels are excluded when their profiles are larger than the first

Further preprocessing for contrast enhancement, specific totﬁtsl%cturmg element and 2) during the very last opening, vessels
disease, has allowed a full recovery of the vascular tree in &, 5o ot longer than the last structuring element or that ap-

\t/vhole set (;)f |mar?esldht())wever \g/e tr:j'nk thzt atbert]ter d'g'é'z%ear tortuous compared to this structuring element are removed.
lon procedure should be considered in order o have a be hg. 16 illustrates this behavior for vessel detection.

treatment for images with low contrast in the green plane. The

algorithm should also be tested on a wider range of illnessesg  Robustness with Respect to Different Types of Noise and
Changes in Contrast

Fig. 16. Different scales of an angiographic image.

VIl. DISCUSSION ON THEROBUSTNESS AND THEACCURACY

OF THE ALGORITHM Various types of noise and transformation were applied to

an angiographic image of the retina. Results show that the al-
We have evaluated the performance of our algorithm on agorithm is not sensitive to sudden changes in the global gray
giographic images modified by various noise additions or gevel: addition of the value 100 that corresponds to the height
metric transformations. Robustness regarding scale, noise, centhe Gaussian profile (Fig. 18), and division by a factor 2
trast, and accuracy will be discussed. (Fig. 19) were tested. The addition of Gaussian noise (Fig. 20)
) removes some capillaries but respects the global structure. The
A. Robustness with Respect to Changes of Scale addition of uniform noise (Fig. 21) is much more destructive,
Mathematical morphology transformations are known to kthough parts of the big vessels still remain. Histogram equal-
sensitive to changes of scale. Since a large part of our algoritimation (Fig. 22) creates extra noisy branches that are mistaken
relies on such transformations, scale effects cannot be avoided.capillaries.
However, the algorithm has proved to be efficient on a wide According to the various results, the algorithm is found ro-
scale of Gaussian profiles (from capillaries to big vessels). Thisist with respect to contrast change except for small areas. The
property is due to the reconstruction procedure. Apart from thedition of 100 does not change anything in the selected box,
very last opening and the tophats, all openings are computemlvever the division by a factor of two decreases every gray



ZANA AND KLEIN et al. SEGMENTATION OF VESSEL-LIKE PATTERNS 1017

Fig. 20. Image 19 with added Gaussian noise of mean 75 and standard
deviation 10 in the ROI. A vertical noisy line, two pixels wide, was also added.

Fig. 21. Image 19 with added uniform noise in the range (37,113) in the R

© (d

Fig. 24. Several edge detection algorithms: (a) morphological gradient, (b)
Sobel edge detector, (c) matching filter, and (d) proposed algorithm.

Fig. 22. Histogram equalization in the selected box.

_ o ~VIll. COMPARISON WITHOTHER METHODS DISCUSSION
level, which affects the smaller capillaries. The tophat filter is L L o
then less efficient on capillaries, even though some of them are™" ©riginal image is given in Fig. 23, and we apply several

preserved by the reconstruction. Results are less affected i§"s o thisimage, including the algorithm that we propose. We

Gaussian noise than by uniform noise, and histogram equaliJ3n discuss the quality of the result with regard to the ability

tion produces worse results because it creates false detect‘BHﬁ'se this se_gm_eptatlon for registration. For this purpose, we
The reconstruction as well as the curvature evaluation are figfine four criteria: _ _
turbed by the noise because it modifies the connectivity of the 1) good qualitative detection of the biggest vessels;

vascular structures. 2) small proportion of false detection;
3) significant number of bifurcation points can be visually
C. Accuracy Evaluation identified in the vascular structure;

4) segmented structure is connected.

The algorithm has been designed to detect patterns WlthThese criteria are qualitative and will thus require a short dis-

Gaussian profile limited at the inflection point. As a conse: cion
quence, experiments show that small capillaries appear Iarge{N :

than we would think. This behavior is due to the Gaussian filter € have applied some edge detectors (Sobel, morphological

that is used before computation of the Laplacian. It was testggge detector), the matching filter [11] based on the Canny edge

by drawing a straiaht line—two-bixels wide—inside an ima etector, as well as the algorithm that we propose to the image
y '9 ralg b gﬁ? As was foreseeable, the Sobel and the morphological edge
of the retina, with gray value equal to the mean gray value

the surrounding vessels. The result was a set of points t g{ector [Fig. 24_(a) and (b.)] produce parallel edges, the biggest
Véassels are easily recognizable whereas smaller vessels appear

contained the drawn line and included part of the line d”atqess contrasted. They satisfy criterion 3) however, an algorithm

by one pixel. A few pixels of the dilated line were missinq . . -
. ._Jor.the detection of parallel edges is necessary to achieve the
because the surrounding texture had changed the location

f o . ) : ;
the inflection point. This effect can be seen in Fig. 20 Whic})ﬁ]er cr|ter|_a. The accuracy of bifurcation points will depend
. . ; . . ; n the quality of the post-treatment as well as the proportion of
contains a two pixel-wide vertical line. In proportion, smalf

vessels will thus appear wider than their real size. Simage generously provided by Dr. C. Heipke, reproduced from [16].
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Our method produces a binary image that is more selective.
Therefore criterion 1) is not fully satisfied if we include some
small vessels. However, itis the only algorithm, compared to the
other three methods, achieving a very small proportion of false
detection [criterion 2)], even if we use a high threshold on one
of the images produced by the other three algorithms. The cri-
teria 3) and 4) are satisfied with approximately the same quality
as with the matching filter, however the algorithm that we pro-
pose will lead to less bifurcation points and less false detection.
Concerning criterion 4), the algorithm that we propose creates
connected linear structures that are clean but not always con-
nected to each other. The detection of bifurcation points is thus
easy.

In order to illustrate the difference between the matching filter
and the algorithm that we propose, we have improved the con-
trast of an intermediate image [Fig. 25(a) and (c)]. These figures
are very similar with respect to the biggest vessels, however the
real difference between those methods lies in the structure of
the background noise. With the matching filter the background

(c) (d) of the image is transformed, the linear structures are more con-
Fig. 25. ¢<: (a) sum of tophats with histogram equalization, (b) automatiEraSted even when they are not relevant (for example when they
threshold from the proposed algorithm, (c) the matching filter with histogra@re not connected to a big vessel). Whereas with our algorithm
equalization, and (d) manual threshold on (c). the background structure is noisy and does not present the same
structure as the vessels. It is thus possible to eliminate the noise
completely, for example using a curvature differentiation.

IX. CONCLUSIONS

An efficient algorithm for vessel-like pattern detection has
been presented. Robustness and accuracy have been evaluated
on different images, demonstrating that it may be useful in a
wide range of retinal images. Based on a brief comparison with
some other edge detection algorithms, we can conclude that the
complementarity of mathematical morphology and linear trans-
forms allows a more complete treatment. It was possible to se-
lect vessels using shape properties, connectivity, as well as dif-
ferential properties like curvature. The robustness and weak-
nesses of the algorithm have been evaluated and explained in
order to facilitate its use for the analysis of retinal images. This
segmentation has been used for image registration of images of
the retina [13], and it is the first step toward an automatic diag-
nosis software.

Even though the scope of this article is limited to eye fundus
images, The reader should note that the proposed algorithm has
been tested successfully on other images. In Fig. 26, the road
can be described as being a tree-like edge with a Gaussian-like

rofile. Since this description fits our model, it is not surprising
0 see that the road is segmented with our algorithm. Some de-
Efapments in other areas cannot be excluded.

Fig. 26. Different scales of an outdoor image with a réad.

false detection, however it is likely that criterion 2) will not b
satisfied since nonvascular structures are also detected as e

The matching filter algorithm Fig. 24(c) produces animage o0
good quality, satisfying criteria 1) and 3) for the biggest vessels,
however some smaller vessels of poor contrast are only partially
detected. The connectivity of the structure (criterion 4) is not
guaranteed along the same capillary, as can be seen when wihe authors are grateful to the Eye University Hospital of
threshold the image [see Fig. 25(d)]. Since this algorithm al€réteil, France, to the Clinique de la Sauvegarde in Marseille,
results in some false detection (see the two arrows in Fig. Z5ance, and to the hopital de la Timone in Marseille, France, for
and does not produce a clean binary image, it may be difficgitoviding pictures. They would also like to thank Dr. I. Meunier,
to separate the good structures from the false detection. Dr. Riss, and Dr. Grimaldi for useful medical support.

ACKNOWLEDGMENT



ZANA AND KLEIN et al. SEGMENTATION OF VESSEL-LIKE PATTERNS

(1]

(2]
(3]

[4]
(3]

(6]

(71

(8]
9]

(20]

[11]

(12]

(13]

(14]

[15]

REFERENCES

H.-C. Liu and M. D. Srinath, “Partial shape classification using contour
matching in distance transformationEEE Trans. Pattern Anal. Ma-
chine Intell, vol. 12, pp. 1072-1079, Nov. 1990.

D. Marr and E. Hildreth, “Theory of edge detectiorPfoc. R. Soc.
Lond, vol. 207, pp. 187-217, 1980.

N. K. Ratha, K. Karu, S. Chen, and A. K. Jain, “A real-time matching
system for large fingerprint databased5EE Trans. Pattern Anal. Ma-
chine Intell, vol. 18, pp. 799-812, Aug. 1996.

L. G. Brown, “A survey of image registration techniquesACM
Comput. Sury.vol. 24, no. 4, pp. 352-376, 1992.

W. Hoff and N. Ahuja, “Surface from stereo: Integrating feature
matching, disparity estimation, and contour detectidEEE Trans.
Pattern Anal. Machine Intellvol. 11, pp. 121-136, Feb. 1989.

R. Lengagne, P. Fua, and O. Monga, “Using crest lines to guide surface
reconstruction from stereo,” iRroc. Conf. Pattern Recognitiori\ug.
1996.

O. Monga, N. Armande, and P. Montesinos, “Thin nets and crest lines:
Application to satellite data and medical images,” INRIA, Res. Ref
2480, Feb. 1995.

J. Canny, “A computational approach to edge detectit/BEE Trans.
Pattern Anal. Machine Intellvol. 8, pp. 679-698, June 1986.

F. Zana and J. C. Klein, “Robust segmentation of vessels from retin
angiography,” irint. Conf. Digital Signal Processin@antorini, Greece,
July 1997, pp. 1087-1091.

J. Serra,Image Analysis and Mathematical MorphologyLondon,
U.K.: Academic, 1982.

S. Chaudhuri, S. Chatterjee, N. Katz, M. Nelson, and M. Goldbau
“Detection of blood vessels in retinal images using two-dimensional
matched filters,”IEEE Trans. Med. Imagwvol. 8, no. 3, pp. 263269,
1989.

R. Nekovei and Y. Sun, “Back-propagation network and its configura-
tion for blood vessel detection in angiogram&EE Trans. Nueral Net-
works vol. 6, pp. 64-72, Jan. 1995.

F. Zana and J. C. Klein, “A registration algorithm of eye fundus image
using vessels detection and hough transfolBEE Trans. Med. Imag.
submitted for publication.

M. P. Do Carmo, Differential Geometry of Curves and Sur-
faces Englewood Cliffs, NJ: Prentice-Hall, 1976.

F. Cheng and A. N. Venetsanopoulos, “An adaptative morphologic
filter for image processing,lEEE Trans. Image Processingol. 1, pp.
533-539, Apr. 1992.

(17]

(18]

[19]

[20]

1019

[16] C. Heipke, “Overview of image matching techniques,” Munchen Uni-

versity, http://dgriwww.epfl.ch/phot/publicat/wks96, April 1996.

M. J. Cree, J. A. Olson, K. C. McHardy, J. V. Forrester, and P. F. Sharp,
“Automated microaneurysm detection,”limt. Conf. Image Processing
1996.

T. R. Friberg, J. Lace, J. Rosenstock, and P. Raskin, “Retinal mi-
croaneurysm count in diabetic retinopathy: Color photography versus
fluorescein angiography,Can. J. Ophthalmologyol. 22, no. 4, pp.
226-229, 1987.

B. Lay, Analyze Automatique des Images Angiofluorographiques au
Cours de la Rétinopathie DiabétiquEcole Nationale Supérieure des
Mines de Paris, 1983.

P. K. Sahoo, S. Soltani, A. K. C. Wong, and Y. C. Chen, “A survey of
thresholding techniquesComput. Vis., Graph., Image Procesal. 41,

pp. 233-260, 1988.

Frédéric Zana graduated in theoretical mathematics
from the Ecole Normale Supéerieure de Paris
(ENSP), Paris, France, in 1993, received the M.S.
degree in computer science from the ENSP in
1994, and the M.S. degree in macroeconomics from
ENSP in 1996. Since 1996 he has been pursuing the
Ph.D. degree student at the Centre de Morphologie
Mathématique, Ecole des Mines de Paris.

Jean-Claude Klein received the Ph.D. degree in
electronics from the University of Nancy, France, in
1975.

Since 1969, he has been with the Centre de
Morphologie Mathématique, Ecole des Mines de
Paris, Paris, France, where he has been in charge of
the research group devoted to the design of dedicated
hardware architectures applied to real-time image
processing and the design of a continuous blood
glucose monitoring system.



