A New Approach for Geodesic Reconstruction in Mathematical Morphology and Application to Image Segmentation and Tracking in Ophtalmology

Zakaria Ben Sbeh and Laurent D. Cohen^1

CEREMADE, Université Paris 9 - Dauphine Place du Maréchal de Lattre de Tassigny 75775 Paris cedex 16, France. Email: COHEN@Ceremade.dauphine.fr

Gérard Mimoun and Gabriel Coscas

Eye University of Creteil 40 avenue de Verdun, 94010 Creteil, France September 28th, 2001, to appear in IEEE Transactions on Medical Imaging

Abstract

Segmentation of bright blobs in an image is an important problem in computer vision and particularly in biomedical imaging. In retinal angiography, segmentation of Drusen, a yellowish deposit located on the retina, is a serious challenge in proper diagnosis and prevention of further complications.

Drusen extraction using classic segmentation methods does not lead to good results. We present a new segmentation method based on new transformations we introduced in mathematical morphology. It is based on the search for a new class of regional maxima components of the image. These maxima correspond to the regions inside the drusen.

We present experimental results for Drusen extraction using images containing examples having different types and shapes of drusen. We also apply our segmentation technique to two important cases of dynamic sequences of drusen images. The first case is for tracking the average gray level of a particular drusen in a sequence of angiographic images during a fluorescein exam. The second case is for registration and matching of two angiographic images from widely spaced exams in order to characterize the evolution of drusen.

Keywords: Image Segmentation, Mathematical morphology, Edge detection, Geodesic Reconstruction, Registration, Eye Fundus Angiography, Drusen.

1IEEE Senior Member’95

1 Introduction

With aging, the eye experiences a number of pathologies, one of which is the appearance of macular drusen.

Drusen are yellowish deposits located at the level of the retinal pigmentary epithelium. They first appear around age 50 and with time, may change in number and size. Drusen are considered the initial stage of age related macular degeneration (ARMD), the major cause of legal blindness in developed countries for people age 50 and above.

Significant complications that involve loss of vision, such as hemorrhages, originate with the appearance of drusen.

The exact mechanism for the appearance of drusen is not known. Nevertheless, the modification of size, confluence, and coloring of the drusen seems to be an essential risk factor in developing complications. This work falls within the application of image processing to digitized retinal angiography with a particular emphasis on automatic segmentation of drusen.

Little research has been undertaken in the field of the segmentation and quantization of pathology in retinal ophthalmology. Among these works, one finds the contribution of [27] on the quantification of the gray levels according to the macular types of drusen. The principle used is to digitize an angiography sequence. Image registration is carried out using the initial green stereotype of the vascular tree. Drusen of the sequence are then segmented and tracked manually and then compared using photometry software. The results of this experimental study highlighted the average appearance of the gray levels of the various types of drusen. In spite of the possibility of quantification that it permits, this method suffers from two major handicaps: manual segmentation and manual registration.

The use of traditional segmentation methods generally poses problems due to the nature of images as well as to the aspect of drusen [1]. The single information that we have concerning our problem of drusen detection can be summarized as follows: Drusen are bright spots arising from the background of retinal angiography images. They have non homogeneous intensity with a round shape in the best cases (See Figs. 1 and 2). The bright nature of the “spots” enables us to suppose that inside each of these drusen, there is at least a maximum of intensity. In this paper, we propose a new segmentation approach based on mathematical morphology. This consists of extracting from the set of traditional regional maxima and minima particular subclasses of connected components (Section 3.2). It concerns the maxima and minima of order λ (Section 3.3). For further study, we showed some mathematical properties of these subclasses in [1].

Also, we introduce a new segmentation tool that we call the h(x)-maxima of order β. It is based on the synthetic construction of an adaptive contrast function h(x) (Section 3.6) from maxima and minima of order respectively λ, γ. The results of this algorithm are much better than those of the previous approach for h-maxima. For that approach it is difficult to get an automatic choice of the h contrast constant and we propose here two ways of defining an automatic value for h (Sections 3.5 and 3.6). The resulting image is like the original image where the background has been removed and it lets appear only those blobs that contain regional maxima.

In Fig. 1 we illustrate an example of drusen segmentation obtained by our segmentation method. In the middle, a segmentation using the morphological transformation f − δ^∞_{f,β}(f(x) − h(x)). On the right, the image of the same transformation, under constraints (see Section 3.7.3).

The structure of the paper is as follows: Section 2 presents the medical background of drusen in angiographic images and underlines the importance of their study. In Section 3.1, we present briefly some classic segmentation methods and show that they fail to give satisfying results. After giving some background to Mathematical Morphology in Section 3.2, we introduce the notion of Maxima and h-maxima of order λ in Sections 3.3 and 3.4. We use these notions to find automatically the h contrast parameter in Section 3.5 to get a first good segmentation of drusen. This method is improved in Section 3.6, where we introduce the Adaptive contrast parameter h(x). The method has been shown to be very efficient on various kinds of drusen images. In Section 4, we show how we applied our segmentation tool to track drusen, first during a fluorescein examination and then for the comparison and the mapping of drusen in two examinations taken on two different dates. This is relevant both for the application to quantitative and qualitative study of the evolution of drusen with age. Finally, we give in appendix more background in Mathematical Morphology.

Figure 1: Example of drusen segmentation using the h(x)-maxima of order β. Left: original image, middle: segmentation, right: using geometric constraints. Notice on middle some small regions which are removed in the right image.

2 Drusen in Angiographic images

Initiated in the 1970s by Dallow, digitized retinal angiography is used increasingly in ophthalmology. Its principle consists of replacing traditional photographic images by digitized images. Currently, images of sizes 512x512, 768x512, 1024x1024 pixels are used with 256 gray levels.

The course of digitized angiography mimics that of traditional angiography. As soon as the release is pressured, the image is displayed immediately on the screen. A pilot computer enables, via a camera connected on the retinograph, the sequential acquisition of fixed digital images, the storage and the possible processing of the images. During an examination, the quality of a stereotype is immediately assessed on the screen, the doctor can easily renew the image in the case of a blur or a bad contrast. Only the acceptable images will be preserved at the end of the examination. These digitized images can then be filed, transmitted or consulted remotely. These techniques of digitalization open new ways in the transmission and the remote inquiry between the center of functional browsings and the ophthalmologist expert.

2.1 Clinical Applications

Acquisition of images: Immediate visualization One of the first advantages of digitized angiography is the immediate visualization of the angiographic stereotypes on the screen, which removes the time necessary to process photographic films. Nowadays the quality of images on the screen is sufficient to allow in the majority of cases a diagnosis of the nature and gravity. (The currently used resolution is 1024x1024 pixels) Image Enhancement Improvement of the image can contribute to diagnosis. Such tools are integrated in the acquisition system. Currently, there is possibility for enhancement of contrast, luminosity, contours, possibilities of various zoom and magnifying glass, filtering, false-colors, false reliefs, incrustration of text or drawing... Image Analysis It is possible to use automatic tracing whose role is the precise localization of subretinal neo-vessels compared to the zone of the pigment xanthophyll, as well as the immediate appreciation after laser treatment of the quality of photo-coagulation by superposition of the contour of the processed zone on that of the neovascular membrane to destroy [19].

The long-term monitoring of effects such as the diabetic retinopathy or the ARMD, has been recently facilitated by registration and automatic image superposition of the images [28]. Our contribution is to go further in the automation of the user’s task in the context of drusen segmentation. Image Storing

The images captured and chosen are initially stored on hard disk then on CD-Rom. This simplifies file management and authorizes a multi-criterion search for possible statistical studies.

2.2 Some pathologies of the visual system

In this section, we show some pathologies which are most frequently encountered in aged subject. We will give a short outline of the mechanisms of cellular aging. Many pathologies of the visual system are due to cellular aging. One distinguishes two categories of cellular system.

• Cellular system with division: These are generally cells whose physiology is relatively simple; they are located in zones where they are constantly subjected to aggressions of physical agents (example: cells of the skin, of the scalp, cornea....); their speed of renewal is considerable; all the cellular system is replaced between one to six days depending on its nature.

• Cellular system without division: On the contrary, this consists of cells not presenting division after their initial development, such as for example the cells of the neurosensory retina. If the quickly renewed system is surrounded by two systems which do not divide, secondary deteriorations can occur; (For example, the presence of waste coming from the system with division and accumulating within the system which does not present division) One of pathologies often encountered in an old subject is Age Related Macular Degeneration (ARMD). ARMD appears as a complex of complications in the macular area. It occurs at age about 50 years and is regarded as the first cause of legal blindness in the industrialized countries after fifty.

Clinic: ARMD often presents as a deformation and distortion of the images and in particular of the straight lines, and a loss of acuity with feeling of hole or scotome in the visual field.

Angiographic anomalies: Presence of drusen, appearance of sub-retinal neovessels (SRNV) or choroidal of visible type with sharp edges or occult type with blurred edges, hemorrhages (membrane) or separation of the pigmentary epithelium.

2.2.1 Drusen

Drusen constitute the initial signs of the ARMD. They are yellowish of round shape, with hyper-fluorescent spots, and are discovered with the examination of the retina in retinal angiography in fluorescence. They correspond to deposits of extra-cellular material located between the basal membrane of the pigmentary epithelium and the collagenous intern layers of Bruch’s membrane. Much work has allowed the study of drusen on the morphological and ultra-microscopic level as well as on the experimental and evolutionary level.

Various types of drusen have been described (see Fig. 2):

• Hard Drusen in optical microscopy, hard drusen appear round, small, of a diameter lower than 50 μm with sharp edges [12, 31]. In electronic microscopy, hard drusen consist of a finely granulous hyaline material [31]. They are interpreted like the reflection of a metabolic disorder localized in the pigmentary epithelium [44].

• Soft Drusen in optical microscopy, has a structure in the shape of a dome, are larger (250 μm) and their contours are blurred [31, 30]. In electronic microscopy, soft drusen consist of a pale amorphous material, comprising membrane remains. Some authors interpret them like the reflection of a diffuse abnormal operation of the pigmentary epithelium [12, 45].

• Other drusen

Mixed drusen are found between these two extrem; they are round, composed of a combination of membrane remains and residues of hyaline material. They may be derived from hard drusen and transformed into soft drusen [32].

Basal laminar drusen correspond to a nodular and diffuse thickening of the basal membrane of the pigmentary epithelium. This type of drusen seems to derive from a process different from other drusen [17].

Figure 2: On the left: Hard drusen, on the right: soft drusen.

2.2.2 Origin and pathogenesis of drusen

Several assumptions have been advanced about the origin of the drusen. Some postulate that they come from an exudation starting from the choroidal veins; this is the mesodermic ”or vascular” theory. Others propose epithelial theories: either the cell of the pigmentary epithelium is transformed directly into a drusenoidal substance (transformation theory), or the secretion of these cells forms drusen by deposit (deposits theory). The epithelial theory is currently accepted by the majority of authors.

2.2.3 Drusen evolution

The evolution of drusen is very variable. They can get joined together, disappear, transform from one type to another or become complicated to neovessels. The prognosis of each type of drusen varies according to the respective risks of neovascular complications. Thus, hard drusen rarely become complicated to neovessels. The soft ones are associated in a way that is statistically significant with subretinal macular neovessels (SRNV) [19]. The pseudoreticular have a bad prognosis. Drusen are strongly related to the early stages of the ARMD, stage to which the visual acuteness is normal before the appearance of complications. It is at this stage that treatment should be considered. More precisely, various studies are currently in hand on the possible beneficial effect of the laser photocoagulation on drusen (see references in [1]).

To prejudge and quantify the natural evolution and the modification of the aspect and number of drusen and the effectiveness of the laser treatment, it is obvious that a quantifiable objective system, ideally automatic, is not only desirable but is impossible to circumvent. The goal of this paper is the development of algorithms for automatic drusen segmentation.

3 Automatic Segmentation of Drusen

After noting some directions among several that were explored without satisfactory results, we introduce our method based on mathematical morphology.

3.1 Classic Methods

The main problems in the classic segmentation methods like thresholding and edge detection are the choice of thresholds, as well as scale factors. Since the images we deal with have a variable contrast and a variable background, even choosing the best threshold, or hysteresis thresholding [4] cannot give good results.

We also tested the watershed method [13, 43, 3] and the main difficulty was in the choice of the minima markers and the oversegmentation of the image [29].

Similarly, drusen may have different sizes in the same image. The authors of [22, 10] use Gaussian Filtering based approaches for blob detection. Notice also that in our case, we are interested only in blobs that are brighter than the background.

We did many tests [1] with methods using similar approaches without satisfactory results.

Region Growing and active contours

In order to improve edge detection we also experimented with more complex methods such as region growing and active contours. The Region Growing methods require germs of initialization, homogeneity criterion, as well as a quality function [15]. We tested this method by taking a certain number of predicates and as starting germs the regional maxima of the image (see Section 3.2). The obtained results were not very convincing [1].

The basic idea of Active contours or snakes, consists of placing an initial curve in the neighborhood of the real contour of the object, then deforming it according to a minimization process [16]. This technique has been used extensively and improved during the last few years [9, 26, 20]. Eqn. (1) represents the energy functional to be minimized in the case of a planar curve v(s) = (x(s), y(s)): E(v) = ∫ Ω [ w_1 ‖v^′‖^2 + w_2 ‖v^{′′}‖^2 + P (v(s)) ] ds (1) However, deformable contours present some difficulties in the framework of an automatic algorithm, which we summarize as follows. Initialization of the contour must be made near the physical object contour to segment. Energy E admits several local minima, algorithm may converge to a wrong local minimum. This is difficult to define potential function P . The method treats only one contour at a time.

Several solutions were proposed to solve these problems. Thus, the balloon model introduced in [8] is less demanding on the initialization, a single point in each drusen would suffice to extract its contour. Geometric implicit active contours [5, 25, 37] make it possible to remove some of the other difficulties. They extend the balloon model and allow not only an automatic management of the changes of topology of contours but also the simultaneous processing of several contours or balloons. However, like the balloon model this model presents also the difficulty of automatic initialization of initial contours. This problem is equivalent to that of the “germs” evoked above in the region growing method. A solution we suggest consists of using regional maxima of the image, noticing the fact that there is at least a regional maxima in each drusen. Once we were on our way to this solution, we found out that the mathematical morphology tools we used to determine the initial regional maxima could be extended to find directly the desired contours. This makes it useless to mix two kinds of methods since we can get the result from the initialization itself. Notice however that our results, presented in the next sections could be refined afterwards (if needed) using geodesic active contours [6].

3.2 Regional Maxima and Minima

3.2.1 Definitions

We give in Appendix A some basic definitions of Mathematical morphology. For a complete introduction see [35, 33]. A function f being given from IR^2 to Z, a chart of f consists of considering its subgraph G(f). This set is similar to a topographic map whose peaks correspond to the bright structures, and valleys to the dark structures. The notion of regional maximum and minimum allows the identification of these peaks and valleys.

Definition 1 Given X ⊆ IR^2, the connected opening [40] at a point x is the set C_x [X] defined as the connected component of X containing x, if x ∈ X and ∅ else.

Definition 2 (Plateau of a function) Let f be a function f ∈ F(IR^2, Z), the plateau of f at a point x of E ⊂ IR^2 noted Plt_x(f) is the connected component of E containing x and of constant altitude equal to f(x): P lt_x(f) = C_x [{y ∈ E | f(y) = f(x)}] Definition 3 A regional maximum, (respectively minimum) M of an image f is a plateau, without neighbors of higher (lower) level than f(M). We will note by Max reg(f), (min reg(f)) the set of regional maxima, (minima) of f.

Notice that this definition corresponds to a region of the image and not always a single point. Formally, M ⊆ IR^2 is a regional maximum (or minimum) of f if and only if there exists V_M , a neighborhood of M satisfying: ∀y ∈ V_M \ {M} f(y) < f(M) (2) (or ∀y ∈ V_M \ {M} f(M) < f(y) respectively)

We note that the concepts of regional maxima and minima are global and nonlocal. One cannot affirm that a connected component is a regional maximum (minimum), by examining only one small arbitrarily selected neighborhood of this component as it is the case for the local maximum concept. This is an advantage since it will not consider points that are seen as local maxima due to a flat neighborhood, but are not truly maxima. Also, only one regional maximum component is detected in a maximum with a flat area instead of many points.

3.2.2 Extraction by markers

A practical way for the extraction of regional maxima and minima consists of using the concept of edges and plateau markers. The advantages of algorithms based on these concepts are their simplicity of implementation and their speed, since they can be written in a parallel way (more details can be found in [24, 1, 2]) .

Using morphologic dilation, we can define f_1 and f_2 the two following functions of F(IR^2, Z):

f_1 = min([f ⊕ g_H − f], 1) f_2 = min([(f + f_1) ⊕ g_H − (f + f_1)], 1)

where g_H is a planar structuring element and f ⊕ g_H is the dilation of f by g_H (see Appendix A for more details). The binary mask associated with the edges of the plateaus is the set of points such that f_1(x) ≠ 0. Plateau markers correspond to the set of points such that f_2(x) ≠ 0.

Definition 4 A regional maximum is a plateau which has no marker.

3.2.3 Extraction by geodesic reconstruction

One can also extract the set of regional maxima from an image f by considering the reconstruction from f by geodesic dilation from (f − 1) under f (See Appendix A, [42, 29]) and substracting the result from the original image f.

Definition 5 The set of regional maxima is defined by: Max reg(f) = { x ∈ IR^2 / (f − δ^{+∞}_f (f − 1) )(x) > 0 } = ( f − δ^{+∞}_f (f − 1) ) 1 (3)

using the notation F_h = { x ∈ IR^2 / F (x) ≥ h } for the h level set of F . The equality in Eqn. (3) is due to the fact that the function has integer values.

Remark 1 The algorithms described previously can be used without any difficulty for the extraction of the regional minima of the image; we just have to replace f by (−f) (or (255−f) to keep the same range of gray levels) and we have min reg(f) = Max reg(−f) The two definitions (markers or geodesic reconstruction) give exactly the same set of points for regional maxima. However, it may be more convenient to use one or the other formula in order to show some mathematical properties whether they involve set comparison or distance criteria.

On the right image of Fig. 3 we show in white the set of regional maxima. We notice that there are far more of them than the number of clear structures present in the original image. We can confirm that each maximum is a peak of intensity in a certain neighborhood which is not necessarily a drusen, or part of drusen. That is why it is natural to find a specific selection criterion of these maxima, in order to keep only the most representative.

Figure 3: On the left, the original image, on the right, the set of regional maxima.

3.3 Maxima and minima of order λ

In this part, we define and use a new class of connected components of a given image f depending on a parameter λ > 0 which may be seen as a scale factor. Definition 6 we call the regional maxima (or maxima) of order λ the connected components of the set (f −δ^{+∞}_{f,λ} (f −1))_1. (δ_{f,λ} indicates geodesic dilation under f with respect to a planar structuring element of size λ, with convention δ_{f,1}(g) = δ_f (g)). We denote by Max reg_λ(f) the set of maxima of order λ. Max reg_λ(f) = { x ∈ IR^2 / (f − δ^{+∞}_{f,λ} (f − 1) )(x) > 0 } By transposition of the definition of the maxima of order λ we can define the set of minima of order λ by: min reg_λ(f) = { x ∈ IR^2 / (ε^{+∞}_{f,λ} (f + 1) − f)(x) > 0 }

where ε^{+∞}_{f,λ} is the geodesic erosion (see appendix A).

We can show that the sets of regional maxima of order λ, (Max reg_λ(f))_λ, form a decreasing sequence with regard to inclusion: Proposition 1 ∀ f ∈ F(IR^2, Z), if λ < λ^′ then Max reg_λ0 (f) ⊂ Max reg_λ(f) (4)

As illustrated in Fig. 4, the more the parameter λ increases, the less maxima of order λ are retained. This is why λ can be seen as a parameter for selecting the regional maxima of a given image. The parameter λ allows a selection of regional maxima of the image according to their intensity and their inter separation distance (see [1]).

Figure 4: in white: Maxima of order λ. From left to right λ = 2, 4, 7.

3.4 h�maxima

The previous sections present a way to find starting points for all the bright areas of the image, like drusen. Instead of using these points as initialization for a second step, like active contours or balloons [8], we extended the definition of the connected components to get a larger area. Thus we define a way to find the complete drusen spots with a method that remains based on geodesic reconstruction (dilation or erosion of f). We will present now the set of h-maxima (h-minima can be defined by transposition).

Definition 7 The h-maxima of a numerical function f are the connected components of the set Max_h

Max_h(f) = (f − δ^{+∞}_f (f − h))_1

The h-maxima allow the extraction of the clear structures of the image without any constraint of shape or size. Only the parameter h intervenes. It is related to the height (contrast) of the structures to extract.

Geometrically, the h-maxima can be interpreted like the regional maxima of the image δ^{+∞}_f (f-h) [42] (see Fig. 5, where R_f = δ^{+∞}_f ).

We illustrate in Fig. 6 the principle of our method that has removed the background and kept only the three bright spots.

Figure 5: Example for a 1D profile: On the left are shown f and f − h; on the right, the result of geodesic reconstruction. The three flatten areas show the aspect of the h maxima.

We note that the h-maxima were introduced in order to overcome the problems of noise met with the regional maxima. This concept is more robust and less sensitive to noise. However, the choice of the parameter of contrast h remains to be determined. In order to choose it automatically, we can make some remarks about the total behavior of the algorithm with this parameter. The area of each object extracted depends on the value of parameter h. An increase in h is accompanied by a growth of this area. We notice that only the maxima with strong contrast will persist.

Figure 6: Example on a 1D profile: On the left are superimposed f and R_f (f −h) and on the right the difference keeps only the bright spots and removes the background.

By changing the size of the planar structuring elements in the definition of hmaxima, we find a new set of connected components which we call h-maxima of order λ.

Definition 8 The h-maxima of order λ of a numerical function f are the connected components of the set Max_{h,λ}

Max_{h,λ}(f) = (f − δ^{+∞}_{f,λ} (f − h))_1

In a way similar to maxima of order λ, the sets of (Max_{h,λ})_λ satisfy the following inclusion:

Proposition 2 ∀ f ∈ F(IR^2, Z),

if λ < λ^′ then Max_{h,λ}0 (f) ⊂ Max_{h,λ}(f) (5)

The more the parameter λ increases, the more the area of the connected components of Max_{h,λ} decreases. When λ grows, some small objects vanish.

Figure 7: On the left the original image, on the right the set (Max_{h,λ}).

We illustrate in Fig. 7 an example of the (Max_{h,λ}) set, here λ = 9 and h = 30. In the first two lines of Fig. 9, we show the evolution of the result with increasing parameter h. Here h appears as a contrast parameter and the result depends much on the choice for this parameter. If h is small, we obtain small regions centered on regional maxima of the image. If h increases, the regions grow and can merge together.

Remark 2 Many methods of Mathematical morphology use both object markers and background markers which simplify the segmentation [13, 38, 29]. In our case the only possible background markers would have been the retinal vascular tree. However as the background of retinal angiography images is very variable and may be the same as some drusen at other locations in the image such an approach would fail.

Remark 3 There is a difference between the (r,h) maxima concept, introduced in [34] and the notion of the h-maxima of order r. In order to understand this difference we compare in [1] the two sets when h = 1. The (r,1) maxima are the regional maxima with a gray level strictly higher than 1. This means that the (r,1) maxima do not depend on parameter r. However the 1-maxima of order r are by definition the regional maxima of order r. These sets decrease, with regard to inclusion, with parameter r (see Proposition 1 and Fig. 4).

3.5 Automatic determination of contrast parameter h

During the last few years a particular interest was given to the concept of dynamic extremum [21, 22, 38, 11]. In Mathematical morphology we also find this concept in the work of [13, 14, 36, 29]. In the next section we define a new concept, which we call ”relative dynamics,” that we will assign to each one of the maxima of order λ. 3.5.1 Relative dynamics

The idea of our modeling is based on the fact that one starts from sets of points representative of the clear structures of the image. Then, we try to recover the object marked by a given maximum according to its force of contrast which we measure using its relative dynamics.

The sets which we use are: the maxima of order λ and minima of order γ. We used maxima of order λ to mark the centers of drusen and the minima of order γ for marking the local background of a drusen near its edges. Thus, according to the distribution of drusen in the image, the doctor will be asked to provide the parameters λ, γ that will be a kind of characteristic signature of the processed image. This choice would probably be done only once for a set of images that have the same kind of Drusen. In practice, we chose parameters λ, γ verifying: λ ≥ γ. We recall that λ, γ have a significant role in the number of markers of the most representative structures of the image.

Before defining the relative dynamics of a maximum of order λ, we start by giving a definition of the relative support of a maximum of order λ. Let (λ, γ) be two positive numbers of IN, M a maximum of order λ.

Definition 9 The relative support of order γ of a maximum M, supp_γ(M), is the smallest dilated of M with nonempty intersection with min reg^−_γ , where min reg^−_γ (M) = {p ∈ min reg_γ(f)/ f(p) < f(M)} . Here is an algorithm to obtain the relative support:

M_0 = M M_k = M_{k−1} ⊕ H k_0 = inf { k ∈ IN, M_k ∩ min reg^−_γ (M) ≠ ∅ } supp_γ (M) = M_{k0} where H is the basic structuring element. This corresponds to a front propagation starting from M and that stops when it meets a minimum. This could be accomplished more efficiently using fast marching simultaneously from all maxima [7].

Definition 10 The relative dynamics of a maximum M^λ of order λ is:

dyn_γ(M^λ) = f(M^λ) − sup[f(m) | m ∈ min reg^−_γ (M^λ) and m ∩ supp_γ(M^λ) ≠ ∅] In some cases, the front of propagation associated with a M_λ maximum stops after having touched more than one minimum of order γ, in this case, for the calculation of relative dynamics it is necessary to choose the minimum of order γ with maximum intensity.

Remark 4 according to these two definitions we deduce that ∀ M^λ ∈ Max reg_λ , ∀γ ∈ IN : dyn_γ(M^λ) > 0

Figure 8: How to find the nearest minimum of order γ.

3.5.2 A first step toward automatic segmentation of drusen

One of our first algorithms for the extraction of drusen used the h-maximum concept (see Section 3.4). However, the results obtained depended too much on the parameter h. We thus use our concept of h-maxima of order β (connected components of the set (f − δ^{+∞}_{f,β} (f − h))_1), and adapt the parameter h to the processed image by giving a value to β dependent on the type of drusen used.

A first way to find automatically the value of parameter h is to define it as the average between the maximum and the minimum of relative dynamics of the image: h = 1 2 (max_i [dyn_γ(M^λ_i )] + min_i [dyn_γ(M^λ_i )]) (6)

With this definition of h, we obtain rather good results, as shown in the examples of Fig. 12 (middle images). However, there were lacks in the localization and the elimination of the artifacts. This is why we give in the next sections a different way to define a local value of h.

3.6 Adaptive contrast parameter h(x)

In the preceding sections, we saw in various examples that the algorithm of hmaxima depends on the value of the parameter h used. We now deal with the following question: in order to get automatic detection of drusen, can we adapt the parameter h to the structures to be extracted?

Our idea consists of adapting locally the parameter h in order to get the bright spots present in the image through the algorithm of h-maxima of order β. Thus we do not consider h as a constant anymore but as a contrast function h(x) depending on the location on the image.

Definition 11 The h(x)-maxima of order β of a numerical function f are the connected components of the set (f − δ^{+∞}_{f,β} (f − h(x)))_1 We now give a way to define h(x) in order to detect drusen. If (M^λ_i )_i are the regional maxima of order λ, let D_i represent the intersection between supp_γ(M^λ_i ) and the other relative supports of the image supp_γ(M^λ_j ). We then define h(x) as follows:

h(x) = dyn_γ(M^λ_i ) if x ∈ supp_γ(M^λ_i ) \ D_i sup j/x∈suppγ(M^λ_j ) [ dyn_γ(M^λ_j ) ] if x ∈ D_i c if ∀i, x /∈ supp_γ(M^λ_i ) (7)

We choose constant c such that c ≤ min_i [dyn_γ(M^λ_i )]). We illustrate first this approach in Fig. 10 with a synthetic example with non homogeneous spots on slanted disturbed background. Using h(x) as defined in Eqn. (7) and defining the constant c = min_i [dyn_γ(M^λ_i )]), we obtain perfect detection of the clear spots.

Notice that, as expected, the dark spots are not extracted. For this simple example traditional methods would be completely inefficient [1].

We show on Fig. 11 the main stages of our approach on a drusen image. In order to simplify calculation of the supports and the relative dynamics, we reduced (just for calculation of h(x)) each minimum of order γ, m_γ and each maximum of order λ, M_λ to representative points of these connected components (center of gravity). Thus relative supports are composed of disks.

We see in Fig. 12 illustrations on different kinds of images. The use of a constant h instead of h(x) does not make it possible to emphasize simultaneously all the spots especially for the low values of h (see middle row).

Figure 9: Test Images: blobs are detected in spite of different contrast values. In each blob, the gray level function is defined as a half sphere with a maximum in the middle. The background itself has an increasing gray level from left to right. The first two lines show the evolution with increasing constant parameter h. On the last line, the result with automatic determination of function h(x) and the transform f − δ^{+∞}_{f,β} (f − h).

Figure 10: Test example: on the left the original image, in the middle, the result with automatic determination of constant h and on the right the result with automatic determination of function h(x) of Eqn. (7) with: λ = 13, β = 13 , γ = 21. Notice for example a difference on the left for the third circle from top which is better localized with h(x) method.

Figure 11: Main stages of our extraction algorithm: original image, on the top left; maxima of order λ of the original image, on the top right; function h(x) obtained after processing of the maxima and minima of order λ of the image, on the left of second row; the image (f −h(x)), on the middle of second row; the image δ^{+∞}_{f,β} (f −h), on the right of second row; the image f −δ^{+∞}_{f,β} (f −h), on the bottom left; the binarized image of f − δ^{+∞}_{f,β} (f − h) by thresholding at gray value 1, on the bottom middle; contours of the previous image superimposed on the original image, on the bottom right.

Figure 12: Different types of real images. On the top: Original images, in the middle: our method with constant h from Eqn. (6), on the bottom: our method with the adaptive function h(x) from Eqn. (7).

3.7 Application to Drusen Segmentation

In this section we describe the main stages involved in our algorithm to apply it to drusen segmentation. In order to apply the method introduced in the previous sections, we need a few steps of preprocessing and postprocessing.

3.7.1 Preprocessing : Smoothing

Initially, we choose the area of interest of the original image (manual stage carried out by the doctor). We usually focus the search of drusen in the central area of the retina (Fovea). Then, in order to reduce the noise, we filter the selected area using a median filter followed by an average filter.

3.7.2 Our new approach for drusen Segmentation

The next stage consists of building a synthetic image h(x) starting from the set of maxima of order λ and minima of order γ (generally we take γ ≤ λ). The choice of the parameter λ can be taken as the expected minimal length separating two centers of drusen. This choice is a useful criterion for selecting the regional maxima that can be inside a drusen. Refer to [1] for theoretical results showing that the distance between two regional maxima of order λ with different gray levels is always greater than λ.

On angiography images, drusen correspond to areas with strong contrast. It is the only relevant information we have. This is the place where we use the main algorithm introduced in this paper in Section 3.6: the h(x)-maxima.

The result obtained at this stage is often accompanied by detection of a certain number of artifacts which will be almost eliminated in the next stage.

3.7.3 Postprocessing : Segmentation under constraints

Notice that the results obtained with our method may have to be refined. First there are very small regions (artifact problem) that are detected which we remove using constraints, as described below. Also, in case a very precise contour is needed, active contours may be useful to improve localization of edges (see Section 3.1).

In order to keep only the relevant spots and to eliminate a certain number of artifacts, we force constraints on the objects of the final segmentation. These constraints are to be adapted according to the nature of the images processed. For example, in the case of the images obtained with green stereotype, our algorithm will avoid extraction of the blood vessels since they generally do not present a maximum of intensity. On the other hand, in the case of a fluorescein image (see Fig. 14), vessels and drusen have a similar hue. The use of shape and contrast criteria then becomes necessary to differentiate drusen spots from vessels.

• Shape criterion. As a characteristic of the object shape we have chosen the ratio R =^{λmin}_{λmax} where λ_{min}, λ_{max} are respectively the lower and upper eigenvalues of the inertia covariance measure matrix. The ratio R is a measure of the roundness of the object. In the case of drusen, we choose the criteria s_1 ≤ R (s_1 is a fixed threshold). This is sufficient to discriminate between drusen and vessels.

• Contrast criterion. In order to overcome the artifact problem in mathematical morphology segmentation, some authors use thresholding and dynamic filtering technique of the h-minima (h-maxima) image. As reported by [13], a special care must be done when choosing the h parameter in this case. The author of [13] proposed to choose h close to the minimum dynamics of the structures to be extracted.

Here we use a similar thresholding approach (contrast criterion) to remove the artifacts of weak contrast. Among the criteria of contrast which one can take into account in this problem of segmentation under constraint, we retain the following criterion over the considered region R: C(R) = (max_R(g) − min_R(g)). We used this parameter to eliminate the objects with weak contrast from the result image g = f − δ^{+∞}_{f,β} (f − h). • Area criterion. This criterion preserves in the final segmentation image only those objects whose area is higher than a threshold T . Thus, small artifacts due to noise will be removed. The threshold has to be chosen rather small since the only drusen with small surface are round and have high contrast compared to the image background.

3.7.4 Results

In Fig. 12, we show results of this method on different kinds of drusen images. This underlines the fact that our approach is efficient for a very large range of images. Results with an adaptive contrast function h(x) are compared with the previous definition of the constant h we used earlier in this paper. We show in the middle row of Fig. 15 examples of segmentations under constraints.

In Fig. 13 we show and compare the hand and automatic segmentation of drusen. The manual segmentation is given by hand drawing by three different ophthalmologists. It can be seen that the differences between these segmentations are often important. This underlines the issue of reproducibility by human drawing and the difficulty of the task at hand. The automatic results are obtained using our method with constant h of Eqn. (6) and our method with the adaptive function h(x) of Eqn. (7).

• Computation Time. The computation time of our segmentation method depends primarily on the number of maxima of order λ which will be processed. In the case of our images, the detection phase of maxima of order λ, minima of order γ, construction of the function h(x) takes about 54% of the total time calculation. The remaining 46% are to be distributed between the calculation of the function g = f − δ^{+∞}_{f,β} (f − h) and the postprocessing under constraints of the objects of the image g. The constraints stage depends on the number of objects to be processed since for each object, we must test whether or not it satisfies the set of previous criteria. As an indication, on Pentium 133MHz (which was used at the time of this work) the complete processing of an image of size 256 × 256 containing 722 objects took about 37s.

• Objective of Drusen Segmentation. Once this segmentation has been obtained through the previous steps, there can be various goals of data analysis, like counting drusen and finding their area. This is useful in the context presented in the next section dealing with Drusen tracking and Drusen Classification.

Figure 13: Manual extraction of drusen illustrates the issue of reproducibility by human drawing v.s. automatic detection. On the top left, the original image; On the top right and in the second line, manual drusen segmentation by three different ophthalmologists; On the last line, the results for automatic drusen segmentation, with constant h on the left and with the adaptive function h(x) (on the right) with: λ = 21, β = 9, γ = 21.

Figure 14: On the two rows on the top (from left to right and from top to bottom) the original fluorescein sequence. On the two rows below the registered sequence using the anchors methods. All images of the sequence are registered with the first image.

4 Drusen Tracking and Classification

Tracking drusen during eye examination is very important for ophthalmologists. We propose to describe briefly the stages of the methods which we adopted in order to match drusen in a sequence of retinal angiography. We limit ourselves to two examples:

• Short term tracking: propagation of fluorescein in a drusen; • Long term tracking: Comparison of the area occupied by drusen at two different examination dates (time between them could be months or years).

Figure 15: On the left, our segmentation method on 4 registered images of the sequence of Fig. 14. Middle, after constraints of shape, contrast and area. Right: results of the tracking constraints.

4.1 Registration Problem

Matching shapes and Image Registration are often used in medical image processing. They consist of superimposing images by the mapping of common characteristic elements. The utility of matching in digital ophthalmology is not to prove. Indeed, it is enough to know that during an examination of retinal angiography, the patient does not cease moving the treated eye, which lets any exploitation of the acquired images almost impossible for sequential analysis. Currently, it is not possible in the medical protocol of the fluorescein examination, nor that with the green of indocyanine to immobilize the eye treated by an anaesthetic product throughout examination, because this can prove to be dangerous for the patient. Concerning the problem of image registration in ophthalmology, some progress is reported in the PhD of T. Koné [18] who proposed an automatic geometrical method to perform the registration. He dealt with a pair formed of an image in green light or blue and of an image at the early time of fluorescein injection. The technique starts by detecting the points of bifurcation of the vascular structure of the retinal images to match. These junction points are then matched to find the best affine transform. The results of this method are satisfactory but only in very limited cases. It is out of focus of this paper to review all the existing matching methods (see complete survey in [23]). We will limit ourselves to the simple method we use which is known as registration with anchors.

Let I_b, I_r be two images. We wish to register I_r with I_b, assuming I_r is obtained as result of a linear transformation from the basic image I_b. There is then a vector T and a matrix R such that if M_b(x_b,y_b) and M_r(x_r,y_r) are matched points respectively in I_b and I_r then:

M_b = T + R.M_r (8) [ x_b y_b ] = [ t_1 t_2 ] + [ r_{11} r_{12} r_{21} r_{22} ] • [ x_r y_r ] (9) Eqn. (9) is supposed to be satisfied by N pairs of control points {(x_{b,i}, y_{b,i}), (x_{r,i}, y_{r,i})}_{1≤ i ≤N} , N ≥ 3. The best affine transform is then found by least squares based on correspondence on the set of matched points (see [1]).

We illustrate in Fig. 14 the result of using this registration method on a sequence of retinal angiography during fluorescein examination. The control points were selected on the vascular tree^2. All images of the original sequence were registered on the first image of the sequence to remove eye motion. The reader may notice in Fig. 14, how the patient moves his eye relative to the camera.

In the next section, we will describe how we can use our segmentation method (of Section 3.6) on a sequence of images and how it can contribute to the medical diagnosis of drusen during a fluorescein examination.

2We took three couples of points of junction on the vascular tree

4.2 Sequence of fluorescein images

We consider in this section a sequence of images representing the progression of fluorescein in the vascular tree of a patient presenting drusen without confluences (see Fig. 14). At the various stages of the examination, we are interested in the evolution of the gray levels inside a particular drusen. Such tracking enables quantification of the diagnosis over time. Indeed, comparison of the results obtained during repetitive examinations makes it possible to consider the effect of a treatment for the patient. The images of our sequences are 256x256 with 256 gray levels. The examination lasts 20 minutes during which the doctor takes images at various intervals of time. Then, we carry out for each image I(x, y, t) the following processing:

• Smoothing of I(x, y, t) by an average filter;

• Gray level normalization^3 of I(x, y, t) with the reference image I(x, y, 0); • Registration of the image I(x, y, t) with the first one I(x, y, 0); • Calculation of the adaptive contrast function h(x) associated to the image I(x, y, t); • Drusen Segmentation for each image of the sequence by calculation of h(x) maxima of order β;

• Selection of Drusen according to constraints (we use a structure of “linked list of linked list,” see [1]);

• Tracking of different chosen drusen of the sequence; • Output is the intensity evolution of the tracked drusen.

We show, in Fig. 15, the result of this approach on four images of the sequence. The images on left column show contours of the objects obtained after a segmentation using our algorithm of h(x)-maxima of order β. For all the images of the sequence we took as parameters: λ = 7, γ = 7, β = 5. Notice that in this type of images, vessels are also bright areas, and they are detected using our segmentation approach. However, they are easily removed, as shown in the middle column images, after applying the constraints of shape, contrast and area described in Section 3.7.3. The images on the right column illustrate the tracking of some chosen drusen. We specify that tracking is defined as one of our constraints so that the tested object verifies in addition to the preceding constraints the constraint of being included in one of the initial rectangles defined around each tracked drusen chosen by the doctor. We were able to track each drusen of the right column images. We show in Fig. 16, as an example, the evolution of the average intensity of the central drusen in our sequence. Notice how this intensity varies during the fluorescein examination. In the first images, we observe growth of the average intensity of the spot, which corresponds to the first stage of the fluorescein examination. Continuing, starting from the fifth image, this average decreases, a fact which is perfectly normal in this

3reduce I(x, y, t) to the interval [min_{(x,y)} I(x, y, 0) , max_{(x,y)} I(x, y, 0)] by linear transformation

Figure 16: Average intensity of a drusen in sequence of images.

type of examination. In the eigth image, we have a new increase followed by a reduction in the average and this is due to the extra injection of fluorescein which underwent this patient during this examination. We note that a similar evolution to that of Fig. 16 was established, but in a manual way, in the case of drusen sequence in [27].

4.3 Classification and rate of aggravation of drusen in the course of time

We now use our segmentation tool as a preliminary stage for the tracking of drusen over time. The subjective diagnosis of the doctors evaluating the state of drusen for a patient could thus be replaced. Let I_{t1} , I_{t2} be two images such that: t_1 ≤ t_2^4. We subject these two images to the same series of transformations described previously for registration and segmentation. We are interested to evaluate the difference in area occupied by drusen in the two images I_{t1} , I_{t2} . We can calculate for each drusen

4t_1, t_2 will be two dates of different examinations for example.

of I_{t2} its match and its area change d_i between the two times t_1 and t_2. We can also use our results to classify the types of evolution of drusen. For the classification of drusen between t_1 and t_2 we distinguished six classes as illustrated in Fig. 17

Figure 17: Different classes of drusen.

• class 1: increase or reduction in the area of drusen between times t_1, t_2 without any modification in number.

• class 2: the drusen vanishes at time t_2 • class 3: state of confluence between at least two drusen at time t_1 to give one drusen at time t_2 • class 4: division of a drusen at t_1 to at least two drusen at t_2 • class 5: creation of new drusen at t_2 • class 6: drusen of I_{t1} , I_{t2} not belonging at any of the previous classes.

We used the relations of intersection between the objects of our segmentations at times t_1 and t_2, in order to classify the various types of drusen:

• drusen D_1 of I_{t1} belongs to class 1, if and only if there exists a unique drusen D_2 of I_{t2} such that: D_1 ∩ D_2 ≠ ∅ and ∀D_j ∈ I_{t1} with j ≠ 1, D_j ∩ D_2 = ∅.

• drusen D_1 of I_{t1} belongs to class 2, if and only if there is no drusen D_2 of I_{t2} such that: D_1 ∩ D_2 ≠ ∅

• drusen D_2 of I_{t2} belongs to class 3, if and only if there exists at least two drusen D_{1,1} and D_{1,2} of I_{t1} such that: D_{1,1} ∩ D_2 ≠ ∅ and D_{1,2} ∩ D_2 ≠ ∅ and ∀D_j ∈ I_{t2} with j ≠ 2, D_j ∩ D_{1,1} = ∅, D_j ∩ D_{1,2} = ∅

• drusen D_1 of I_{t1} belongs to class 4, if and only if there exists at least two drusen D_{2,1} and D_{2,2} of I_{t2} such that: D_{2,1} ∩ D_1 ≠ ∅ and D_{2,2} ∩ D_1 ≠ ∅ and ∀D_j ∈ I_{t1} with j ≠ 1, D_j ∩ D_{2,1} = ∅, D_j ∩ D_{2,2} = ∅

• drusen D_2 of I_{t2} belongs to class 5, if and only if there is no drusen D_1 of I_{t1} such that: D_1 ∩ D_2 ≠ ∅

Our method is of course limited by the hypothesis that we have a correct segmentation for both images. In order to get similar results in the two images, they are normalized in gray level, and the same segmentation parameters are used. It may happen however that a drusen detected in the first image was removed in the second due to size or shape constraints. A way to improve this point would be to make a cooperative segmentation of the two images. Also, the constraints may be applied only in conjunction with the presence of similar drusen in the other image. We show in Fig. 18 the images of an eye fundus presenting drusen. On top left, an image taken during an examination on (2-12-83). On top right, an image taken on (4-25-88). We notice clearly that on these two images there is a variation of the total area of drusen. How can we measure this variation ? We applied our algorithm, as described above, to the central areas of the two images (see the second and third rows of Fig. 18). In this illustrative example, t_1 and t_2 correspond to the two dates of examination.

We illustrate in Fig. 18 and in Fig. 19 the results of our method of geometrical classification. Thus, we represent: in the last row of Fig. 18: on the left, drusen of class 2; on the right, those of class 5, in Fig. 19 respectively on the images I_{t1} and I_{t2} class 1, class 3, class 4, and finally in bottom drusen of class 6. Our contribution, which consists of a geometrical classification of drusen allowed us to give to the doctor a perfectly automatic tool of recognition and appreciation of the various classes of drusen. Thus, we have the possibility of knowing with precision the area of each drusen of a given class, its space position, its average intensity and its match or matches, if they exist (case of the classes 1, 3, 4 and 6). These parameters will facilitate any later statistical study.

5 Conclusion

Understanding the behavior of drusen, and their quantification, over time is of primary importance for ophthalmologists. In this paper we introduced new concepts based on mathematical morphology which are the maxima and minima of order λ. This is a new segmentation tool which enables very good segmentation of our images. This tool is based on the construction of a synthetic adaptive contrast function h(x) from regional maxima and minima and by considering the connected components of the set (f − δ^{+∞}_{f,β} (f − h))_1. Experimentation of this method on a set of images of different kinds and shapes of drusen is very satisfying for the ophthalmologist. We extended this tool for the tracking and classification of drusen taken during a sequence of images. We illustrated by examples how our method of segmentation can be used in practice and contributes to the medical diagnosis of retinal angiography.

Figure 18: On the left, Drusen of a patient in 1983; on the right, same patient in 1988. From top to bottom we show for both examinations the original image, a zoom on the central area, segmentation of the corresponding central area, examples of automatic classification (class 2 (vanish) on the left, class 5 (creation) on the right.

Figure 19: Automatic classification of drusen on I_{t1} (left) and I_{t2} (right) from top to bottom class 1 (one-to-one correspondence), class 3 (confluence), class 4 (division), class 6 (other).

Appendix A : Mathematical Morphology

Planar structuring element. Let K be a compact of IR^2. The planar structuring element associated to K is the function g_K defined by g_K(x) = 0 if x ∈ K and −∞ else.

Dilation and Erosion. Let g_K be a planar structuring element, the dilation and erosion with g_K are given respectively by: f ⊕ g_K (x) = sup_y {f(y) + g_K(y − x)}

= sup (y−x)∈K {f(y)} and f ⊖ g_K(x) = inf_{(y−x)∈K} {f(y)} . Geodesic Dilation and Erosion. Let H be the unit ball. The geodesic dilation of a numerical function f with respect to (or under) a function g (f ≤ g) is δ^1_g (f) = inf [(f ⊕ H) , g]. In the same way, the geodesic erosion of a numerical function f with respect to (or above) function g, (g ≤ f) is ε^1_g(f) = sup [(f ⊖ H) , g] . The composition formula of dilation and erosion in the case of the numerical functions give ε^{r1+r2}_g (f) = ε^{r1}_g (ε^{r2}_g (f)) and δ^{r1+r2}_g (f) = δ^{r1}_g (δ^{r2}_g (f)).

It is very interesting to notice that in the case of planar structuring elements

K, definitions above become: δ^1_g (f)(x) = min { sup (y−x)∈K [f(y)] , g(x) } and ε^1_g(f)(x) = max { inf (y−x)∈K [f(y)] , g(x) }

Numerical reconstruction. We can define the reconstruction [42, 29] of a function f starting from a function marker g, if g ≤ f, as R_f (g) = δ^{+∞}_f (g) where δ^{+∞}_f is the limit when r → ∞ of δ^r_f defined above. This operation allows the total or partial (according to g) construction of the image domes. In the case of Valleys, we can consider the reconstruction by erosion, if g ≥ f, we put then R^∗_f (g) = ε^{+∞}_f (g).

Figure 20: The reconstruction function R_f (g).

Appendix B: The retinal angiography

Since work of Maclean and Maumenee (see references in [17]), on the examination of the retina after an intravenous fluorescein injection (in the 60’s), the retinal angiography became an examination impossible to circumvent for the diagnosis of retinal pathologies. Its principle consists in visualizing the vascular tree (chorioretinal) at the time of the passage in the vessels of a fluorescent color whose molecules are excited in the presence of a light source. The dyes used are generally the fluorescein and the green of indocyanine.

Fluorescein angiography

The fluorescein is a brown and crystal substance of chemical formula (C_{20}H_{12}O_5Na) . It is prepared by synthesis starting from the anhydride of phtalic acid and of resorcin by heating to 200^0C. After injection, a series of angiographic eye images is acquired usually throughout a lapse of five minutes (300s). The measurement of time itself is carried out using an integrate stop watch reset to zero with the beginning of each examination. One can then distinguish six phases or times:

•Arterial Time: begins at 14 s with appearance of the dye in the central artery of the retina at the papilla and finishes with the injection of the first veins at the posterior pole.

• Capillary Time: at the moment of the full filling of the capillary blood vessels of the posterior pole.

• Capillary Venous Time: begins with the appearance of the dye in a posterior vein. It is generally not easily dissociable from the capillary time.

• Venous Time: begins at the time when all the veins are completely fluorescent (one minute after dye injection).

• Late Venous Time: the veins are still fluorescent, on the other hand the arteries darkened.

• Late Times: the vessels are still a little fluorescent, the tissues are more colored.

The diagnosis of the ophthalmologists is based on the analysis of the sequence of the various stereotypes of the examination.

Angiography with the green of indocyanine

The principle of examination with the green of indocyanine is the same one as that of fluorescein. It is an intravascular examination, which makes it possible to highlight often major, pathological and badly visible diffusions of the choroid under fluorescein. However, the resulting images are difficult to interpret due to weak contrast. It is necessary to wait 30 to 40 minutes so that the required coloring

Z. BenSbeh, L. Cohen, G. Mimoun and G. Coscas, October 1, 2001 39

becomes visible. At this stage, the traditional location points are badly detectable. The re-injection at this time of a small quantity of dye is enough to jointly visualize the two early and late phases of the examination.

One will note that the angiography with the green of indocyanine is not a systematic examination; it is used as guides for the treatment of the macular decays related on the age and as a means for the differentiation of the tumours of the choroid. Nevertheless, this technique is still in full development and it will surely make it possible to better understand many questions still without answers, raised by the fluorescein examinations.

Acknowledgement

The authors would like to thank the anonymous reviewers for their valuable suggestions. Dr S. Prensky helped a lot in the final corrections of the manuscript. Drusen images are courtesy of Eye University of Creteil.

References

[1] Z. Bensbeh. New segmentation method in mathematical morphology based on geodesic reconstitution: Application to drusen extraction in ophthalmology digitized angiography imaging. PhD thesis, university Paris-Dauphine, CEREMADE, May 1998.

[2] Zakaria Bensbeh, Laurent D. Cohen, Gérard Mimoun, and Gabriel Coscas. A new approach for geodesic reconstruction in mathematical morphology and application to image segmentation and tracking in ophtalmology. Technical Report 0123, CERE- MADE, University Paris Dauphine, 2001.

[3] S. Beucher and F. Meyer. The morphological approach to segmentation: The watershed transformation. In Mathematical Morphology in Image Processing, pages 433–482, New York, 1993. E.R. Dougherty.

[4] J. Canny. A computational approach to edge detection. IEEE Trans. on PAMI, 8(6):679–698, November 1986.

[5] V. Caselles, F. Catté, T. Coll, and F. Dibos. A geometric model for active contours.

Numerische Mathematik, 66:1–31, 1993.

[6] V. Caselles, R. Kimmel, and G. Sapiro. Geodesic active contours. International Journal of Computer Vision, 22(1):61–79, 1997.

[7] L. D. Cohen. Multiple contour finding and perceptual grouping using minimal paths.

Journal of Mathematical Imaging and Vision, 14(3):225–236, 2001.

[8] Laurent D. Cohen. On active contour models and balloons. Computer Vision, Graphics, and Image Processing: Image Understanding, 53(2):211–218, March 1991.

Z. BenSbeh, L. Cohen, G. Mimoun and G. Coscas, October 1, 2001 40

[9] Laurent D. Cohen and Isaac Cohen. A finite element method for active contour models and balloons for 2-D and 3-D images. IEEE Trans. on PAMI, 15(11):1131–1147, Nov. 1993.

[10] L.M.J Florack et al. Cartesian Differential Invariants in scale-space. J. Mathematical Imaging and vision, 3:327–348, 1993.

[11] G. Gerig, G. Szekely, G. Israel, and M. Berger. Detection and characterization of unsharp blobs by curve evolution. In Proc. of Information Processing in Medical Imaging, Series on Computational Imaging and Vision, pages 165–176. Kluwer, June 1995.

[12] W.R. Green, P.J. Mc Donnell, and J.H Yeo. Pathologic features of senile macular degeneration. Ophthalmology, 92:615–627, 1985.

[13] M. Grimaud. La géodésie numérique en morphologie mathématique. Application à la détection automatique de microcalcifications en mammographie numérique. PhD thesis, Ecole Nationale Supérieure des Mines de Paris, Décembre. 1991.

[14] M. Grimaud. New measure of contrast: dynamics. In Proc. SPIE Image Algebra and Morphological Processing III, San Diego, 1992.

[15] Ramesh Jain, Rangachar Kasturi, and Brian G. Schunck. Machine vision. McGraw- Hill,Inc, 1995.

[16] M. Kass, A. Witkin, and D. Terzopoulos. Snakes: Active contour models. In Int. J.

of Computer Vision, pages 321–331, 1988.

[17] K.R. Kenyon, A.E. Maumenee, and S.J. Ryan. Diffuse drusen and associated complications. Am. J. ophthalmol., 100:119–128, 1985.

[18] T. Koné. Recalage automatique d’images angiographiques retiniennes par analyse numérique d’images: Application au suivi de sequences d’images. PhD thesis, Université Paris XII Val-de-Marne, Décembre. 1993.

[19] T. Koné, G. Mimoun, P. Bunel, G. Quentel, G. Soubrane, and G. Coscas. A new algorithm for automatic detection of subretinal newvessels using digital angiography. Investigative Ophthalmol. Visual Science, 33(4), 1992.

[20] F. Leymarie and M. D. Levine. Tracking deformable objects in the plane using an active contour model. IEEE Trans. on Pattern Analysis and Machine Intelligence, 6(15):617–634, 1993.

[21] T. Lindeberg. Detecting salient blob-like image structures and their scales with a scale-space primal sketch: A method for focus-of-attention. CVAP, 11(3):283–318, 1993.

[22] T. Lindeberg. Scale-Space Theory in computer Vision. Kluwer Academic Publishers, 1994.

Z. BenSbeh, L. Cohen, G. Mimoun and G. Coscas, October 1, 2001 41

[23] J. Maintz and M. A. Viergever. A survey of medical image registration. Medical Image Analysis, 2(1):1–36, 1998.

[24] F. Maisonneuve. Extrema régionnaux: Algorithme parallèle. Technical report N781, Ecole des Mines de Paris, 1982.

[25] R. Malladi, J. A. Sethian, and B. C. Vemuri. Shape modeling with front propagation:

A level set approach. IEEE Trans. on PAMI, 17(2):158–175, february 1995.

[26] Tim McInerney and Demetri Terzopoulos. Deformable models in medical image analysis: a survey. MEDIA, Medical Image Analysis, 1(2):91–108, november 1996.

[27] G. Mimoun. Intéret de l’image numérisée dans le diagnostic et la classification des drusen maculaires. Soc. Fr. Ophtalmologie, 4:48–50, mai 1989.

[28] G. Mimoun, F. Coscas, T. Koné, P. Bunel, G. Soubrane, and G. Coscas. Completely automatic overlay of fluorescein digital images. Investigative Ophthalmol. Visual Science, 33(4), 1992.

[29] L. Najman and M. Schmitt. Geodesic saliency of watershed contours and hierarchical segmentation. IEEE Trans. Pattern Analysis and Machine Intelligence, 18(12):1163– 1173, Dec. 1996.

[30] S.H. Sarks. Drusen pattern predisposing to geographic atrophy of the retinal pigment epithelium. Aust. J. ophthalmol., 10:91–97, 1982.

[31] S.H. Sarks, D. Van Driel, L. Maxwell, and K. Killinsworth. Softening of drusen and subretinal neovascularization. Trans. Am. ophthalmol. Soc. UK, 100:414–422, 1980.

[32] S.H. Sarks, P. Penfold, K. Killinsworth, and A.Y. Moussa. Drusen and their relationship to choridal neovascularization. In ”Acta XXIV Int Cong Ophthalmol,San francisco”,(Henkind P ed.) JB Lippincott Company,Philadelphia, 88:401–404, 1982.

[33] M. Schmitt and J. Mattioli. Morphologie Mathematique. Logique Mathematiques informatique. Masson, 1994.

[34] M. Schmitt and F. Prêteux. Un nouvel algorithme en morphologie mathématique: Les r-h maxima et les r-h minima. 2ème semaine Internationale de l’image Electronique, 2:469–475, Avril 1986. Nice, France.

[35] J. Serra. Image analysis and Mathematical morphology, volume 2 of Theoretical Advances. Academic Press, 1988.

[36] P. Soille. Morphologie mathématique : du relief à la dimensionalité – Algorithmes et méthodes. PhD thesis, UCL, February 1992. available at URL http://ams.egeo.sai.jrc.it/soille/thesepir.pdf.

Z. BenSbeh, L. Cohen, G. Mimoun and G. Coscas, October 1, 2001 42

[37] H. Tek and B. Kimia. Image segmentation by reaction-diffusion bubbles. Proc.

Fifth IEEE International Conference on Computer Vision, pages 156–162, June 1995. Cambridge, USA.

[38] C. Vachier. Extraction de caracteristiques, segmentation, d’image en morphologie mathématique. PhD thesis, Ecole Nationale Supérieure des Mines de Paris, 1995.

[39] L. Vincent. Algorithmes morphologiques a base de files d’attente et de lacets extension aux graphes. PhD thesis, Ecole Nationale Supérieure des Mines de Paris, mai 1990.

[40] L. Vincent. Morphological area openings and closings for grey-scale images. NATO Workshop, September 1992. Driebergen.

[41] L. Vincent. Morphological algorithms. In Mathematical Morphology in Image Processing, pages 255–288, New York, 1993. E.R. Dougherty.

[42] L. Vincent. Morphological grayscale reconstruction in image analysis. IEEE Trans.

on image processing, 2(2):176–201, 1993.

[43] L. Vincent and P. Soille. Watersheds in digital spaces: An efficient algorithm based on immersion simulations. IEEE Trans. Pattern Analysis and Machine Intelligence, 13(6):583–598, 1991.

[44] R.W. Young. The renewal of rod and cone outer segments in the rhesus monkey. J.

Cell. Biol., 49:303–318, 1971.

[45] R.W. Young. Pathophysiology of age related macular degeneration. Surv. Ophthalmol., 31:291–306, 1987.