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Summary a planispheric coordinate system that exploits the approximate
elliptic-paraboloidal shape and symmetry of the left ventricle.

Image processing techniques are greatly devoted to locateThe fuzzy classification of the image domain provides a
boundaries of objects in addition to clear images from noisgieasure of the probability that neighbouring pixels belong to
Methods like anisotropic diffusion that work on a scale-spagge same tissue type, and is therefore incorporated into the
achieve good general results encouraging intra- rather th@ffusion process by means of the conductance function. The
inter-region diffusion by using differential information of thec|ystering is updated at regular intervals during the diffusion
data. Perona and Malik [1] have proposed a space-varigfbcess, and the initially coarse segmentation of the image
blurring which leads to the anisotropic diffusion equation is gradually improved until it converges to a meaningful

o 1(z,y) segmentation of the image regions as the smoothing action of

5 = V-(c(x,y) VI(z,y) ), (1) the diffusion process clears the image from noise.
-

. . ] ) The combined diffusion-clustering algorithm penalizes
where ¢ is the monotonically decreasing function of thentercluster diffusion and encourages intra-cluster diffusion,

magnitude of the gradient of the intensity: resulting in homogeneous intensity clusters with high contrast
1 between them. The two driving mechanisms of the diffusion

c=g(IVI) = — =S (2) process are on the one hand, the gradient based function

1+ () governed by the differential structure of the image, and on

A conductance function defined in this manner weakens ti€ Other hand, the intensity and spatial based clustering
diffusion process for values of the gradient of the intensify®ugh which knowledge has been introduced about the
larger than a parametér As a consequence the conductanca'aP€ of the relevant structures in the image. Since the

function allows diffusion at edges with low gradient value§'UStering scheme uses non-local information in order to

(which are presumed to be spurious edges) and preveﬂgform the classification, the diffusion process is enriched
diffusion at edges with high gradient values (which ar\é’ith information about the global characteristics of the image.

presumed to be significant edges). We have applied this method to cine volumetric (4D) cardiac

However, we notice that this and other geometry-drivejmf"lges' Ip figure_l we show edge detection results of standard
approaches rely only on the local differential structure disotropic diffusion and those of the proposed scheme on a

the data while ignoring the global characteristics of thé® MR image. The first row shows, from left to right, the
system [2]. As a consequence results are still poor in regiofddinal image, the image processed with standard anisotropic
of the images with low contrast and low signal-to-noise rati@!fusion, with cluster-driven anisotropic diffusion, and oreth
where the differential characteristics of data do not provid&"eme right, the segmentationresults of the clustering scheme.
the required information. Moreover, most works oversimplifyf "€ Seécond row shows the magnitude of the gradient of the
the conductance function of the diffusion process and igndr@'resPonding images above, except for the last column where

important features of the system such as non-homogeneBifscolour palette for images on the third row is shown.
data sampling [3, 4]. In the third row we use the graphic device GER-RGB

In previous articles [5, 6] we proposed a second rank tend@faPhic edge representation from red, green and blue) [6]
conductance function with an explicit dependence on gt facilitates the comparison of the edges’ positions and

space coordinates and the data function. This scheme gifB&rPness between two or three differentimages. The gradient

the equations an intrinsic anisotropic character not present2des of the second row were thresholded using Canny’s

previous approaches, and allows the usa pfiori knowledge noise estimator [8] and the resulting binary images have been

of the system in multi-feature and multi-dimensional images. c0/oured and laid over the original MR image (blue for the
i ) ) ) original image, red for the standard diffusion and green for
In this article we extend that scheme by introducing a fuzzy,,ster-driven diffusion).

clustering algorithm that, using information about the intensity i i
distribution, divides the image domain into regions and assigns 1" fourth -and fifth columns show respectively the
every pixel in the image a degree of membership to the clusteigd-9reen and red-green-blue superpositions of the colour
i.e. a probability of belonging to each of the regions. For thifl’esholds described above. It is clear that the proposed
purpose we employ a fuzzy c-means algorithm [7] in Whicﬂlﬁusmn scheme preserves some regions of the boundary

we introducea priori knowledge about the system by using theé myocardium that are eroded by standard anisotropic
diffusion and also that it enhances edges obscured by noise in
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Figure 1: Comparison, using the GER-RGB device, betweemeabdts of a 2D MR image diffused with standard anisotrogiffusion and
with cluster-driven anisotropic diffusion.

the original image.

Figure 2 shows the isosurface volume rendering of the left
ventricular endocardium produced from 3D MR data after
5 (top) and 50 (bottom) iterations of the proposed diffusion
process. The segmentation results exclude the papillary muscle
from the LV chamber.

I. REFERENCES

[1] P. Perona and J. Malik. Scale—space and edge detection
using anisotropic diffusion.|EEE PAMI, 12(7):629-639,
July 1990.

[2] W.J. Niessen, B. M. ter Haar Romeny, L. M. J. Florack, and
M. A. Viergever. A general framework for geometry-driven
diffusion equations. International Journal of Computer
Mision, 21(3):187-205, 1997.

[3] R. T. Whitaker. = Geometry—limited diffusion in the
characterization of geometric patches in imag€¥GIP:
Image Understanding, 57(1):111-120, January 1993.

[4] B.M. ter Haar Romeny (Ed.)Geometry-Driven Diffusion
in Computer Vision. Computational Imaging and Vision.
Kluwer Academic Publishers, 1994.

[5] G.I. Sanchez-Ortiz, D. Rueckert, and P. Burger.
Knowledge-Based Anisotropic Diffusion of Cardiac
Cine MR Images. IrMedical Image Understanding and
Analysis, MIUA'97, pages 89-92, Oxford, UK, July 7-8
1997.

[6] G.I. Sanchez-Ortiz, D. Rueckert, and P. Burger.
Knowledge-based tensor anisotropic diffusion of cardiac
MR images. Medical Image Analysis, pages 1-27, 1998.

To appear. . . . )

” e Figure 2: Volume rendering of the left ventricular endodan

[7] J.C. Bezdek a_nd P._F.Castelaz. prototype classification a&xgduced from MR data after 5 (top) and 50 (bottom) iteratiofthe
feature selection with fuzzy setsfEEE Trans. on systems,  ronosed diffusion process.

man and cybernetics, SMC-7:87-92, 1977.
[8] J. Canny. A computational approach to edge detection.
IEEE T PAMI, 8(6):679—698, 1987.




