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Abstract—In this paper, an unsupervised image segmentation
technique is presented, which combines pyramidal image segmentation with the fuzzy c-means clustering algorithm. Each layer of
the pyramid is split into a number of regions by a root labeling
technique, and then fuzzy c-means is used to merge the regions of
the layer with the highest image resolution. A cluster validity functional is used to find the optimal number of objects automatically.
Segmentation of a number of synthetic as well as clinical images is
illustrated and two fully automatic segmentation approaches are
evaluated, which determine the left ventricular volume (LV) in
140 cardiovascular magnetic resonance (MR) images. First fuzzy
c-means is applied without pyramids. In the second approach
the regions generated by pyramidal segmentation are merged
by fuzzy c-means. The correlation coefficients of manually and
automatically defined LV lumen of all 140 and 20 end-diastolic
images were equal to 0.86 and 0.79, respectively, when images
were segmented with fuzzy c-means alone. These coefficients
increased to 0.90 and 0.94 when the pyramidal segmentation was
combined with fuzzy c-means. This method can be applied to any
dimensional representation and at any resolution level of an image
series. The evaluation study shows good performance in detecting
LV lumen in MR images.
Index Terms—Cardiovascular MRI, fuzzy clustering, image
pyramids, segmentation.

I. INTRODUCTION

V

ARIOUS medical imaging modalities such as X-ray,
positron emission tomography (PET), computer tomography (CT), and magnetic resonance imaging (MRI) are widely
available and used in routine clinical practice. It has been
generally accepted that visual interpretation of such images is
highly subjective. Quantification by manual tracing of outlines
of structures to be studied is tedious, time-consuming and also
hampered by significant inter- and intra-observer variabilities.
Imaging modalities, which produce multidimensional data
sets such as CT and MRI, require the interpretation of tens
to hundreds of slices. As a result, there is a great need for
automated segmentation techniques that are robust and are
characterized by a high degree of accuracy and precision.
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Application of various automatic and semi-automatic segmentation methods in cardiac imaging has grown in recent years
[1]–[13]. Segmentation methods for a number of applications
[4]–[7] are based on deformable contour models such as snakes,
which conform to various heart shapes and motions. By this approach an initial snake (mostly outlined manually around an
anatomical object of interest) is deformed under the internal
(bending) and external forces (lines, edges, features of an image,
etc.), converging to a final form corresponding with an equilibrium energy state. In addition, in [9] Goshtasby used a generalized cylinder as an elastic curve to represent the ventricular
boundaries.
Minimum cost edge detection has been applied in [1], [8], and
[12] to find the left ventricular boundaries. Active shape models
have also been applied in [11] to define the left ventricle in
both long axis and short axis echocardiograms. By this approach
an initial average model of the left ventricle and its associated
structures undergo shape deformations that are consistent with
a statistical model derived from a number of echocardiographic
images. By considering segmentation as a pixel classification
task, the fuzzy c-means algorithm has also been applied in [2],
[10] and [13] to define the left ventricular boundary in MR images.
Usually, segmentation of medical images is based on information from a single image. Due to various noise contributions
the information within a single image is not sufficient to obtain a reliable segmentation. Therefore, in general, segmentation methods that operate on multiple images, either connected
in space or time, will improve the final segmentation of each
image.
In the following, we will describe a general unsupervised segmentation technique. This segmentation method is based on the
combination of pyramidal segmentation and fuzzy clustering.
Our method can be applied to a series of images that are represented by two-dimensional (2-D), three-dimensional (3-D) or
N-dimensional (ND) representations. In Section II the background of the method is presented, including the pyramidal representation and segmentation technique and the fuzzy c-means
clustering algorithm. Section III describes the image data that
is used in the evaluation study. In Section IV, the segmentation
results of some synthetic as well as clinical examples of different imaging modalities are presented. This section also includes the results of a validation study, which evaluates the automatically and manually defined segmentation results of 140
MR images of infarct abnormal subjects having a clinical his-
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Fig. 1. General format of our automatic segmentation procedure.

tory of cardiac disease, and normal volunteers without a known
history of heart disease. Furthermore, the segmentation results
obtained by applying only fuzzy clustering, and also the results
of pyramidal segmentation in combination with fuzzy clustering
are presented in Section IV. In Section V, the results are summarized and discussed.
II. METHOD
A general outline of our automatic segmentation procedure
is presented in Fig. 1. The operator should only select an image
(or an image series) and a range of possible object numbers.
Each layer of the pyramid may contain one image, as it is
shown in the Fig. 1, or an image series. The images at different
layers represent various image resolutions. Images are first
split into a number of regions by the pyramidal segmentation.
Fuzzy c-means is then applied to merge all regions at the
bottom layer of the pyramid into a number of fuzzy objects.
When the number of objects is not known a priori, a validity

functional can be used to automatically find the number of
(fuzzy) objects. Finally, a defuzzification method is applied to
each fuzzy image to obtain the final segmentation result.
The following sections provide a summarized theoretical
background of the segmentation procedure. The pyramidal representation and segmentation will be described first, followed
by the fuzzy c-means algorithm. The reliability of a number
of cluster validation indices that allow the assessment of the
number of objects in an image is also studied.
A. Pyramidal Approach
1) Pyramidal Representation: Multiresolution methods attempt to obtain a global view of an image by examining it at various resolution levels. Kelly [14] initially suggested a strategy,
called planing, based on a first analysis of an image at a reduced
resolution, followed by a second, more detailed analysis at a
higher resolution. The pyramid data structure has been examined by a number of investigators; see Trivedi and Bezdek [15].
As Fig. 2 shows, by successively reducing the image size using a
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(a) Gaussian pyramid representation of a synthetic image with SNR = 10 dB, from layer 3 (top image of 8 3 8 size) to the bottom layer (bottom image of
256 3 256 size). Note that for display purposes the images of the upper layers were enlarged. (b) Pyramidal segmentation of the image of Fig. 2(a) from layer 4 into
Fig. 2.

the bottom layer. Different gray values of the image elements correspond to different labels. (c) The fuzzy image of the class disk from layer 4 to the bottom layer.
The fuzzy image of the class background is not displayed. (d) Defuzzification of the fuzzy images of (c). Each pixel of a layer in an image is assigned to one class.

combination of convolution and sub-sampling a pyramid representation of an image can be obtained. For an image of original
, the pyramid representation of an image at the
size
th layer of the pyramid can be described as
(1)
is the gray value of an image at the
posiwhere
is a filter coefficient,
tion in the th layer of the pyramid,
and
are the filter sizes. In a Gaussian (low-pass) pyramid
[16], the pyramid is constructed by repeated application of local
averaging and sub-sampling; see Fig. 2(a). The pyramid can also
be built by the difference of low-pass [17] or Laplacian operator,
by which specific structures in an image such as blobs (maxima)
and ridges can be detected. The pyramid may contain an image
series in each layer rather than a single image. For example, a
coarse representation of an X-ray or MR image series, acquired
over a cardiac cycle, can be represented at different layers of the
pyramid, each of which containing all images of the series.
2) Pyramidal Segmentation: Like other segmentation techniques, the primary goal of pyramidal segmentation is to find

the location and extent of all objects that exist in an image. A
number of pyramidal segmentation techniques exist. Generally,
the blurred images represented in each layer of the pyramid are
used for segmentation. Segmentation is applied in two stages.
Firstly, a parent-child spatial relationship between the image elements of two adjacent layers is defined. Secondly, this relationship is evaluated by means of a similarity measure. Since
different segmentation results can be obtained by different definitions of the spatial relationship and the similarity measure,
these two concepts are described in more detail in the following:
Spatial relationship between the image elements of two successive layers of the pyramid describes the family relationship
between these elements. For example: in a quadtree represenis the parent of
tation each image element in the layer
the four nearest image elements (children) in layer , so that
each child has only one parent and therefore no ambiguity exists within the parent-child relationship. In a linked pyramid this
relationship is ambiguous. The children of a layer can belong to
different parents in the upper layer.
Similarity between a child image element and its possible parents describes how similar they are. By using features of image
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elements similarity can be defined, for example by comparing
the contrast or texture properties of a child and its possible
parent(s). Since feature vectors in a feature space can represent
the properties of a child and its potential parents, similarity can
be related to the distance (using a specific metric) between the
features of a child and its parent.
We used a root labeling technique, which attaches labels to
image elements of each layer. This is performed by evaluating
the child-parent relationship in each layer of the pyramid.
Starting from the top of the pyramid a label is attached to its
top image element. Furthermore, the child-parent relationship
was validated by a similarity measure that takes the gray-value
statistics of potential parents and a child into account. Among
the potential parents, the label of a parent with the highest
similarity is assigned to the child. Next, a new label is assigned
to a child that is too dissimilar to any parent. The validation
approach is extended into the next lower layer of the pyramid,
and finally, results in the generation of labeled regions in the
bottom layer.
The similarity between a child in layer and a potential
is defined as
parent in layer
(2)
is the gray value of child
in layer . The avwhere
erage and standard deviation of the gray values of a region that
and
, respectively.
a potential parent belongs to are
The number of image elements of that region is denoted as .
A child inherits the label of the parent having maximum value
of similarity. If, during the labeling (segmentation) procedure,
some children are too dissimilar to all the parents, a new label
is attached to them. The dissimilarity is measured according to
(3)
is a predefined threshold value for layer
. In
where
our implementation the difference between the maximum and
the minimum value of pixels of the original images was taken
into account. If we denote this difference as diff, then for the
bottom layer of the pyramid the threshold was defined as
(4)
where is the split threshold factor. The threshold in upper
.
layers was decreased by a constant factor
A higher value of results in a smaller value of the threshold
in the upper layers, which in turn will result in the generation
of more regions in the upper layers. Therefore the number of
regions generated at the bottom layer will increase by setting a
higher value for .
As Fig. 2(b) shows, the number of regions in the labeled
images increases during the segmentation process through the
layers of the pyramid. Generally, the number of regions generated on the bottom layer of the pyramid is not equal to the
true number of objects which really exist in an image; the image
is over- or under-segmented. Usually, an object is split up into
a number of smaller regions with different labels. The number
of these regions depends on the image type, the split threshold
factor and the decreasing threshold factor . To merge the
regions and to obtain a predefined number of objects, we have

used the fuzzy c-means clustering algorithm which will be described in the following section.
B. Fuzzy C-Means Clustering
Fuzzy c-means (FCM), an unsupervised clustering algorithm,
has been applied successfully to a number of problems involving
feature analysis, clustering and classifier design in fields such as
agricultural engineering, astronomy, chemistry, geology, image
analysis, medical diagnosis, shape analysis, target recognition
[18] and image segmentation [2], [10], [13], [15], [19]–[23].
Although the original algorithm dates back to 1973 [24], [25],
derivatives have been described with modified definitions for
the norm and prototypes for the cluster centers [26]–[28].
Unlabeled data are labeled by minimizing the following generalized within group sum of squared error objective function
(5)
defines the grade
where the membership value
to the -th cluster center, .
of membership of a data point
The number is a parameter ranging from 1 to , which controls the fuzziness of the resulting partition and the matrix
defines the norm (for
the Euclidean distance will be obtained). By initializing the matrix randomly and computing
the cluster prototypes and the membership values after each iteration repeatedly, FCM will converge to a local minimum or
. Convergence can be examined by coma saddle point of
paring the changes in the cluster centers or the membership
values at two successive iteration steps. Finally, to assign each
data point to a specific cluster, defuzzification must be applied,
e.g., by attaching a data point to a cluster for which the value of
the membership is maximal.
FCM defines for each data point an algorithmic label; it is an
unsupervised algorithm. To find for each data point its corresponding physical label, a supervising process is needed.
C. Pyramidal Segmentation and Fuzzy Clustering
In an image processing system an image or its derivatives
can be represented in various feature spaces. Classification of
objects (anatomical tissues) can be achieved by grouping data
points in the feature space with the same similarity into clusters.
The dimension of the feature space depends on the representation of the image information. An image can be represented
in terms of pixels, which are associated with a location and a
gray value. It can also be represented by its derivatives, e.g., regions with features like average gray value, standard deviation,
gradient or texture value, etc. Features for clustering can be extracted from regions generated by the pyramidal segmentation
procedure. Special care has to be taken to use those features
which are most representative for the properties of the desired
objects. By applying FCM, a partition of the feature vectors
into new regions can be found. In each layer of the pyramid,
this provides a coarse representation of the objects. Since the
smallest region is set by the pyramidal segmentation, the final
resolution of the detected objects is determined by the parameters of the root labeling technique.
Combination of pyramidal segmentation and fuzzy clustering
has some advantages for both techniques. As mentioned above,
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the number of regions generated by the pyramidal segmentation
procedure is usually larger than the real number of objects in
the image. By fixing the number of clusters (objects) a priori,
FCM essentially merges many small regions into larger ones,
so a predefined number of objects will be found. Since the computational complexity of FCM depends on, among other parameters, the number of patterns and features being clustered,
pyramidal segmentation can reduce these numbers drastically
by generating a region vector instead of using each image element thereby reducing the computational overhead of FCM. In
addition, the pyramidal approach may eliminate local minima of
[(5)] that otherwise might trap FCM. Another interesting result of the combination of the pyramidal segmentation and FCM
is that the finally defined objects are not crisp but fuzzy. This
means that for each image element the membership values of
objects are defined. By using these membership values fuzzy
images of the fuzzy objects can be constructed. A fuzzy image
of a fuzzy object is an image representation of that object. Such
an image is shown in Fig. 2(c), where the gray value of each
image element is proportional to the membership value. Image
elements with a higher membership value are brighter (higher
gray value) than those with a lower membership value. Since
these images are not crisp (binary) but fuzzy, they can be used
as the inputs of a reasoning system. Also, various defuzzification strategies can be applied to obtain the final segmentation.
For example, assigning an image element to an object using
its maximum membership value [Fig. 2(d)] is called the MAX
defuzzification method. Although this defuzzification approach
is used in our evaluation study, other defuzzification strategies
might be reliable for different applications. For example, a defuzzification strategy can take the membership values of only
one fuzzy object into account. In this case all image elements of
each fuzzy object which have a membership value greater than a
threshold value (called -cuts) are assigned to the fuzzy object.
D. Cluster Validity Index
For a fully automated segmentation method it is desirable to
determine the number of objects within an image automatically.
Since regions within a volume of interest (VOI) (generated by
the pyramidal segmentation) are represented as groups of clusters in the cluster space, the number of objects within a VOI can
be determined automatically by the identification of the number
of clusters in the cluster space. Cluster validation indices can be
used for this purpose.
We have examined the reliability of five validation indices
shown in Table I for determination of the number of objects
within the VOI of MR images studied below.
, and
By applying FCM, varying the fuzzy index
, an optimal
also using different values of
number of clusters is found for each validation index.
E. Segmentation Procedure Applied to MRI
The two step segmentation procedure described in previous
paragraphs was applied to MR images in our validation study.
The Hough transform [34] was applied to all images of the same
series to obtain a rough estimate of the center of the LV lumen.
Around this center point in each image of the image series, a
region of interest (ROI) image was defined. This results
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in a 3D volume of interest (VOI), which includes the left- as
well as the right ventricular lumen (class blood), papillary muscles (class muscles), lung and background (class background).
Only voxels within this VOI are considered for segmentation.
To compare the segmentation results of two different methods
a VOI is segmented twice. In the first method, FCM is applied
directly to the gray values of voxels within a VOI. In the second
approach, 3-D regions (within a VOI) generated at the bottom
layer of the pyramid are merged by processing feature vectors
extracted from them (one per region) with FCM to obtain a more
refined (coarser) estimate of objects in the bottom layer. The features used by FCM were the mean and the standard deviation of
gray values of voxels of each region. In both approaches FCM
produces fuzzy images. The number of images is equal to the
number of images in the series multiplied by , the number of
objects looked for.
The LV lumen in the fuzzy images was found in two stages.
First the images of the fuzzy class blood were found by using
the knowledge that blood has a high gray value in those images.
This results in finding the images belonging to the blood class.
In the second step the right ventricle lumen is excluded from the
LV lumen. This is performed by applying a 3D seeded volume
growing technique [35], which uses the center of the LV lumen
position, obtained by the Hough transform, as an initial seed
point in the first fuzzy image of class blood and propagates this
point through all fuzzy images of that class.
F. Evaluation Approach
1) Segmentation Evaluation: To evaluate both automatic
segmentation methods, the contour of the LV lumen (excluding
papillary muscles) in each image of the MRI validation study
was manually delineated by an expert. The manually and
automatically defined LV lumens were compared quantitatively
by two regression analyses. For each segmentation method
described above, two regression studies were carried out on the
amount of blood within the LV lumen defined automatically
and manually. The first analysis includes the results of all
140 MR images, the second one includes only the results of
20 end-diastolic images. The amount of blood was estimated
by multiplying the area of LV lumen with a constant value
taking into account the field of view, the image sizes and slice
thickness and the gap between slices. This constant factor
was for normal and abnormal groups equal to 0.0244, 0.0269,
respectively.
2) Validity Indices Evaluation: Different validity indices
were applied to fuzzy partitions of the data of the MRI evaluation study. FCM was applied to data that was obtained from
the features of regions in the bottom layer of the pyramid.
This layer included the VOI of image series of each subject.
By means of the gray value of voxels in a VOI three classes
could be recognized; the class of blood (within the left as
well as the right ventricle) having a high gray value, the class
of muscle (the papillary muscle and the myocardium) with a
medium gray value and the class of background (the lung and
the background) with a low gray value. In this study the range
after
of possible numbers of clusters was set to
which the optimal number of clusters (objects) by each validity
functional was found.
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TABLE I
FOUR VALIDATION FUNCTIONALS FOR FUZZY c-MEANS

3) Parameters of the Study: All the images of the MR study
were segmented twice by the two approaches described above.
The split threshold factor of (4) was equal to 0.1 and the decrease threshold factor was set to 1.4. The average and the
standard deviation of the gray values of each 3-D region in the
bottom layer of the pyramid were used by FCM to segment images. The stop criterion value of FCM was set to 0.1; the iteration was stopped when the difference between two membership
values at two successive iterations for all membership values
was used
was smaller than this threshold . The index
to find the number of clusters. The fuzzy index had a fixed
value of 2 and a Euclidean norm was used. For the application
of the Hough transform the range of possible radii of LV lumen
was set between 5 and 30 pixels.
III. IMAGE DATA
In this study, different sets of images were used. The synthetic and CT images were used as examples and segmentations

of these images were judged visually. Segmentations of the MR
images were validated quantitatively. In the following, the images will be described in more detail.
1) Synthetic Images: Two synthetic test images of size
that contain a disk object were created. These
images were adopted from [35]. The object in these images
against a constant background
had a constant intensity
intensity . These images were convolved with a Gaussian
; in addition, two realizations of white and
kernel
colored noise were added so that different signal-noise ratios
(SNR) were obtained. This ratio was defined as
dB, where
was the standard deviation of the additive
Gaussian noise.
2) CT Images: Two CT images were selected from spiral
scans of the entire lung of a patient. These images were acquired with a Philips Tomoscan SR7000 (Philips Medical Systems, Best, The Netherlands), and were collected in our laboratory as part of an emphysema study; the current and voltage
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were equal to 250 mA and 120 kVp, respectively. For the quantification measurement of clinical parameters the lungs had to
be segmented out in those images.
3) MR Images: A set of 140 images was selected from multiphase, multislice short-axis Gradient Echo MR studies obtained from 10 abnormal subjects and 10 normal volunteers,
men and women. For each abnormal subject a series of 6 images at mid-ventricle was selected from end-diastole to end-systole. For the normal subjects, the number of images was equal
to 8. The images were acquired with a 0.5 Tesla (all normal subjects) and 1.5 Tesla (all abnormal subjects) MR system (Philips
Medical Systems, Best, The Netherlands). The field of view
mm and images had a size of
was equal to
pixels and 12 bits of gray value resolution. Slice thickness
and flip angle were equal to 10 mm and 50 , respectively. The
echo time (TE) for normal subjects was equal to 9.4 ms and
the Repetition Time (TR) was equal to the interval between two
peaks in the electrocardiogram. The TE for abnormal subjects was within a range of [12.7, 13.18] ms. The average age
of the normal and abnormal subjects was 40.2 (range, 27–81
years) and 53.6 (range, 33–69 years), respectively. By applying
bi-linear interpolation all images were enlarged with a zoom
factor of four, after which the boundary of LV lumen (the endocardial contours with excluding papillary muscles) in each
image was delineated manually by a specialist.
IV. RESULTS
Examples: Fig. 3 shows some examples of the segmentation
procedure applied to different images. The four images in each
row represent from left to right the original image, the image
segmented by the pyramidal segmentation, a fuzzy image of
a specific class and the final segmentation after applying the
MAX defuzzification method. The segmentation of two CT images of the lungs is shown in Fig. 3(a), while two examples of
MRI images of the heart are shown in Fig. 3(b). The top and
bottom rows represent the end diastolic and the end systolic
image, respectively. The fuzzy images belong to the class of
blood.
The segmentation of two synthetic images with a SNR of 10
dB are presented in Fig. 3(c). The left most images of the top
and bottom rows were obtained by adding a colored and a white
realization of Gaussian noise, respectively. For each image the
fuzzy image of the class disk is also shown.
Results of MRI Evaluation Study:
A. Hough Transform
All images of each subject were analyzed by the Hough transform. The results of applying the Hough transform to all images
of a subject were averaged to obtain an estimate of the center
point of the LV lumen. In all cases, the estimated center point of
LV lumens of all subjects was found to be within the LV lumens.
B. Processing Time
The total processing time for all 140 images was about 13
minutes on a Sun UltraSPARC 1 when the pyramidal segmentation in combination with FCM was applied. For this segmentation approach the majority of the processing time was needed for

the Hough transform. The total processing time for all 140 images required by the first segmentation approach (applying only
FCM) was about 34 minutes. This is an increase of roughly a
factor of 3. The major processing time in the first approach was
required by the fuzzy c-means and validity evaluations; for the
evaluation of the new partitions (with a new number of clusters)
the fuzzy c-means should run for a number of iterations, after
which the membership values and the cluster centers (needed
for the calculation of cluster validity indices) are defined.
C. Validity Indices
Table II shows the results of the five validity indices. In each
row averages over 20 cases for a specific validation index are
given. In the second column the optimal number of clusters
found by the validity index averaged on MR images of 20 subjects is given. The third column gives the standard deviation of
the number of clusters for all 20 subjects. Finally, the number
of times that an index failed to find the true number
of clusters is shown on the last column (Number of errors).
From Table II it is evident that the Fukuyama-Sugeno index
and the partition entropy
tend to overestimate the number
of clusters. Although none of the indices found the optimum
number of clusters in all VOI of the 20 subjects correctly, the
found the optimal number of clusters in
validity index
15 VOI’s.
D. Regression Study
A comparison between the manual definition of the amount
of blood within the LV lumen and the two automated segmentation methods, 1) fuzzy c-means and 2) pyramidal segmentation
combined with fuzzy c-means, is presented in Table III. Four regression studies were carried out to analyze the agreement. The
parameters of each regression line are presented in a different
column of Table III. The second column of this table shows the
regression results for the manually and automatically defined
LV in all 140 images of MR study, when only fuzzy c-means is
applied. The third column shows the regression parameters for
the end-diastolic (ED) images of 20 subjects using the same segmentation technique. As Table III illustrates, the segmentation
method based on the pyramidal approach combined with fuzzy
c-means has a higher regression coefficient and a lower offset
than the segmentation based on fuzzy c-means alone.
The average amount of blood within the LV lumen of all 140
images, defined manually, was equal to 17.5 ml with a standard deviation (SD) of 6.9. For the 20 end-diastolic images
the average was equal to 24.5 ml with a SD of 6.2. The differences between the automatically and the manually defined
amount of blood are presented in Table IV. An average difference with a negative value indicates an underestimation. All
differences reported in this table were statistically significant
except for one case. The difference between the
manually defined LV lumen and the pyramidal segmentation
combined with the fuzzy c-means was not statistically significant, and indicated a good agreement between the automatically
and manually defined LV lumen. In contrast, the automatically
detected LV lumen of four subjects in the end-diastolic images
was overestimated by fuzzy c-means. The automatically labeled
LV within a VOI included the right as well as the left ventricle.
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Fig. 3. Some examples of the segmentation procedure. From left to right: the original image, regions generated by the pyramidal segmentation, a fuzzy image
and the segmentation result. (a) CT images of lung: the lung is included in the fuzzy class. The number of objects was set to 3. (b) MR images of the end-diastolic
(top) and the end-systolic phase (bottom). The fuzzy class of blood is displayed. The number of objects was set to 3. (c) A synthetic image of a disk to which a
correlated (top) and white noise (bottom) was added. The SNR value for both images is 10 dB.

V. DISCUSSION
In this paper we have described an approach for the segmentation of a time-series of images. The combination of a pyramid

data structure and fuzzy clustering was first proposed by Trivedi
and Bezdek [15] who applied FCM as a region growing/merge
algorithm to segment aerial images. In our approach however,
the MR images are first split into a number of regions by a
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TABLE II
AVERAGE OPTIMAL NUMBER OF CLUSTERS (ANATOMICAL OBJECTS WITHIN A VOLUME OF INTEREST) FOUND BY VALIDITY INDICES AVERAGED ON 20 MR
IMAGE SERIES OF 20 SUBJECTS

TABLE III
REGRESSION STUDY OF MEASUREMENT PAIRS OF THE AMOUNT OF BLOOD (IN MILLILITERS.) WITHIN THE LEFT VENTRICLE LUMEN DEFINED MANUALLY AND
AUTOMATICALLY (BY TWO METHODS) FOR 140 IMAGES FROM TEN HEALTHY SUBJECTS AND TEN PATIENTS.

TABLE IV
DIFFERENCE BETWEEN THE AUTOMATICALLY AND THE MANUALLY MEASURED AMOUNTS OF BLOOD (IN MILLILITERS.) WITHIN THE LV LUMEN IN MR IMAGES
OF 20 NORMAL AND PATIENT SUBJECTS DETERMINED BY TWO SEGMENTATION METHODS

root labeling method and only the images at the bottom layer
are merged by FCM. Despite [15] the issue of determining the
number of regions at the level is studied in our method by
means of a cluster validation procedure.
Our general segmentation procedure has a number of advantages. Firstly, it can be applied to any dimensional representation
of an image series. Since some information required for a reliable segmentation is contained within the image series instead
of a single image, it is more likely that by using this method,
which preserves this information by its dimensional representation, a reliable segmentation will be achieved. Secondly, since
objects through the various layers of the pyramid have their
specific coarse representation, segmentation can be achieved
at each resolution level of an image series. This may be preferred when, e.g., a specific object must be localized globally

within the image series. The third advantage of our segmentation method is that the segmented images are fuzzy and therefore they can be used as the inputs of a reasoning system. Also,
various defuzzification methods can be applied by which the
performance of the segmentation for a specific application can
be validated. A fourth advantage of this method is that the final
segmentation can be achieved by a predefined number of objects. Since a general validation index for FCM has not been
found yet, it is necessary to test a number of validation indices
for a specific application, when the number of objects within
the image is not known a priori. A reliable index might exist for
a specific application, which can determine the number of obindex
jects automatically. Our results have shown that the
proved to be the most reliable index among the five tested when
applied to fuzzy partitions of segmentation data of MR images.
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The results of the regression studies show that the amount
of blood automatically defined by the pyramidal segmentation
combined with FCM is more accurate than segmentation based
on FCM only. Random errors represented in the standard deviation of the difference between the amount of the blood assessed manually and automatically was lower for the segmentation method based on pyramidal segmentation and FCM than
the method based on FCM alone. The outliers of the regression study of the segmentation approach based on FCM alone
mostly belong to the end-diastolic phase. The detected objects
in this phase included the left as well as the right ventricle.
This was reflected by a lower value of the regression coefficient
for the end-diastolic images compared with all im.
ages
The automatically estimated amount of blood by both segmentation methods was lower than the amount defined manually. By visual inspection of the segmentation results we have
found that in most images the automatically defined area of the
LV lumen was systematically smaller than that defined by the
expert. This phenomenon is also reported by Ranganath [7] and
may be caused by a number of factors. The expert may draw the
contour at the outside (beginning of the contrast change) pixels.
In addition, the flow related artifacts in the LV lumen, motion
artifacts and the partial volume effect will result in dark areas
within the LV lumen. Therefore these effects will introduce a
discrepancy between an automatic segmentation method, which
looks for the white areas (blood within LV lumen), and the expert who is guided by an anatomical model in her/his mind and
draws the lumen even where the contrast has vanished.
The expert has drawn contours within the images that were
enlarged by a factor of 4 using bilinear interpolation, while the
automatic segmentation is applied to the original images. This
may also cause a systematic discrepancy.
The regression results of the pyramidal segmentation method
combined with fuzzy c-means are in the same order as reported
earlier. Our correlation coefficients were equal to 0.90 and 0.94
for all 140 images and 20 end-diastolic images, respectively.
This coefficient reported by Zwehl et al. [36] using canine hearts
and nearly ideal laboratory conditions was 0.92. Vandenberg
et al. [37] reported a correlation coefficient of 0.92 using 119
observations of eight abnormal subjects. Although Chalana et
al. [5] obtained a correlation coefficient of 0.95 for epicardial
boundaries using initial contours, our segmentation method is a
fully automatic approach.
Our MR study is directed to images of a slice between the
apex and the base of the LV lumen. Although the validation
study indicates a real opportunity for this segmentation technique, the reliability of this method must be further validated by
an investigation based on more studies, especially using images
near the apex or the base of the heart. The method must be validated for other imaging modalities as well.
In the pyramidal segmentation method we generated regions
based on (dis)similarity measures (2) and (3). In other applications, these measures may be invalid, since they are based
only on the statistics of the gray values. The evaluation of the
parent-child relationship can be based on texture measurements,
gradient information, etc., depending on the imaging modality
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and the characteristics of the object looked for. Since in general
the small cardinality of the clusters, i.e. the number of feature
vectors per cluster, can degrade the performance of segmentation, the effect of the parameters of the (dis)similarity measures,
split threshold factor of (4) and the decrease threshold factor
should be studied. In our studies, the values of these parameters,
and
, have been found empirically by trial and
error. Although the noise contribution in our segmentation procedure is reduced by constructing a Gaussian (low-pass filter)
pyramid, one may apply the possibilistic clustering approach
[38] after applying FCM to eliminate noise feature vectors. In
this case, the initial cluster centers should be provided by FCM.
The processing time of this segmentation approach may be
reduced by replacing the FCM with a modified FCM suggested
by Frigui and Krishnapuram [39] that finds the optimal number
of clusters without repeating the clustering process and without
the explicit use of a validity measure. This is the subject of our
future studies.
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