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Abstract. This paper reports on an automatic method for ventricular
cavity segmentation in angiographic images. The first step of the method
consists in applying a linear regression model that exploits the functional
relationship between the original input image and a smoothed version.
This intermediate result is used as input to a clustering algorithm, which
is based on a region growing technique. The clustering algorithm is a two
stage process. In the first stage an initial segmentation is achieved us-
ing as input the result of the linear regression and the smoothed version
of the input image. The second stage is intended for refining the initial
segmentation based on feature vectors including the area, the gray-level
average and the centroid of each candidate region. The segmentation
method is conceptually simple and provides an accurate contour detec-
tion for the left ventricle cavity.

1 Introduction

Clustering is the division of a dataset into groups of similar objects. Clustering
methods have been used for recognition of shapes [1] [2]. Given a set of M
data points, the objective is to detect similarities between points of this data
set. The clustered data is stored in d-dimension vectors. Each vector represents
a particular object which is described by d features that enables comparison to
other data vectors. The result of the feature comparison process is used to classify
the data into several disjoint subsets. This technique has been used to solve the
image segmentation problem. Clustering based segmentation considers features
like pixel space positions, topological relations and contour features. Examples of
these techniques are the methods for classification [3] and clustering by Region
Growing [4].

Region growing methods have been used for performing the segmentation of
several medical imaging modalities [5]. The region growing is usually based on
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simple linkage, on multiple connections or centroid based linkage [6]. An alterna-
tive classification method is based on clustering by graph theory [7]. According to
this method, data is initially represented by adjacent graphs [8] building up sev-
eral subgraph sets whose union represents a spatially connected region in the im-
age. The fuzzy C–means classification algorithms have also provided good results
for image segmentation. These methods require a high computational cost [9][10].
Ventriculograms are obtained from a medical imaging modality based on X–rays,
after the injection of a contrast medium in the cavities of the heart aiming to en-
hance the contrast with respect to other tissues. Such examination enables the
assessment of morphology and function of the heart. Ventriculographic image
analysis requires a precise description of ventricular shape in order to quantify
the parameters associated with the cardiovascular function [11] [12] or alter-
natively for performing the visualization of this anatomical structure [13]. The
accurate description of ventricular shape and their quantitative analysis is im-
portant, since cardiovascular disease (CVD) accounts for one third of the deaths
in the world [14].

Recently, several robust methods for ventriculographic image segmentation
have been proposed. Suzuki et al. [15] have developed a ventricular contour de-
tector based on neural networks (NN). The detector was implemented using a
multilayer neural network which was trained through a back–propagation algo-
rithm. The training set includes left ventricle images and ventricular contours
traced by a cardiologist. Validation was performed by comparison of the area
enclosed by the estimated contour with respect to the reference contour traced
by the cardiologist. The average contour error obtained at end–diastole was
6.2%. Oost et al. [16] have proposed a ventricular cavity automatic segmentation
method based on Active Appearance Models (AAMs) and dynamic programming
(DP). The active appearance model is used to exploit the existing correlations
in shape and texture between end-diastole and end-systole images. A dynamic
programming algorithm was used to incorporate cardiac motion features to the
method. The method was evaluated by using 140 images. The average border po-
sitioning error was smaller than 1.45 mm. These methods provided an accurate
representation of ventricular borders, however, they are not yet fully validated
and accepted in the clinical work as a gold standard.

The objective of this research is to develop a left ventricle segmentation
method based on region growing. This segmentation method consists of two
fundamental stages. The first is a preprocessing stage that enhances the image
data using statistical tools. The second is a classification stage based on region
growing. The method uses a feature vector including the gray-level intensity and
the average of pixels included in a neighborhood.

2 Method

2.1 Preprocessing Stage

An average filter is applied to the input image. According to this filter, if a pixel
value is greater than the average of its neighbors (the eight closest pixels in a
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neighborhood of size 3 × 3) plus a certain threshold ε, then the pixel value in
the output image is set to the average value, otherwise the output pixel is set
equal to the pixel in the input image. The output image is a smoothed version of
the input. The threshold value ε was set to the standard deviation of the input
image.

A linear regression model is estimated to exploit the functional relation [17]
between the data of the input image (IO) and the data of the smoothed image
(IP ). The model is described by:

ÎP = β0 + β1IO , (1)

where β0 and β1 are the regression coefficients [17], which are estimated by the
least squares method according to:

β0 =
�n

i=0(IOi
−ĪO)(IPi

−ĪP )
�n

i=0(IOi
−ĪO)2

β1 = ĪP − β0ĪO

. (2)

The data obtained by the functional relation between the original image and
the smoothed image represents a new image (ÎP ). The pixel values in this image
and in the smoothed image are the members of the feature vector used in the
clustering method.

(a) (b) (c) (d) (e)

Fig. 1. Linear regression model. (a) Original image. (b) Smoothed image. (c) Linear
regression image. (d) Similarity image. (e) Density function image.

2.2 Clustering Stage

The clustering stage is a four steps process. In the first step a similarity matrix is
generated based on a similarity criterion [6] that measures the difference between
the gray-level values of pixels in ÎP and the smoothed image (IP ). According
to this criterion, pixels p1(u, v) (in ÎP ) and p2(u, v) (in IP ) have feature vectors
denoted as: pv1=[i1, a] and pv2=[i2, b], where i1 and i2 denote the intensities
associated with the corresponding pixel and, a and b are the intensity average
in a 5 × 5 neighborhood around each pixel. The neighborhood size was varied
between 3 × 3 and 11 × 11. The size 5 × 5 provided the best results and was
retained. In general the impact of neighborhood size is not very important;



A Clustering Based Approach for Automatic Image Segmentation 319

(a) (b) (c) (d) (e)

Fig. 2. (a) Original image (RAO view). (b) Approximate segmentation. (c) Final clus-
tering. (d) Left ventricle cavity. (e) Background region.

however, neighborhood sizes larger than 5 × 5 increase the computational cost.
The similarity matrix (IS) is an image obtained using the following equation:

IS = (i1 − i2)2 + (i1 − b)2 + (i2 − a)2 . (3)

In the second step a data density function ID [18] is obtained by convolving IS

with a unimodal density mask K as follows:

ID = IS ∗ K . (4)

The density function establishes the degree of dispersion in IS . A Gaussian
distribution with standard deviation σ is used as a density mask [18] as follows:

K(i, j) =
(

1
2πσ2

)n/2

e
−|i+j|2

2σ2 ; 0 ≤ i, j ≤ n , (5)

where n denotes the mask size. In our case we use n = 5 and σ is set as the
standard deviation of the smoothed image IP .

In the third step, an approximate segmentation is performed. All pixels that
have an intensity value lower than the standard deviation of image IP are con-
sidered as seed points for a simple linkage region growing algorithm that is
performed on image ID. A region grows from each of the seed pixels by group-
ing neighbor pixels that comply with the following uniformity criterion: if the
difference between two neighbor pixels is lower than the standard deviation σD

of image ID, then both pixels are clustered. This process is applied to the entire
image ID until all pixels are clustered and tagged. Thus, results achieved provide
an approximate segmentation of the input image as more than two regions can
be obtained.

The last step of the clustering process improves the segmentation by using
a region growing method by multiple linkage [19]. The objective is to obtain
only two regions partitioning the ventriculograms: one representing the interior
of the left ventricle cavity and the other the background region. Each tagged
region obtained in the previous step is a seed region that is represented by a
feature vector whose components are the area, the average intensity and the
centroid. Neighbor regions are merged when the following uniformity criterion
is met: the neighbor regions must provide a minimum for the difference between
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the average intensity, for the difference between the area and for the Euclidean
distance between centroids. This process is applied in an iterative way until only
two neighbor regions are left.

(a) (b) (c) (d) (e)

Fig. 3. (a) End-systole image (LAO view). (b) Approximate segmentation. (c) Clus-
tering results. (d) Left ventricle cavity. (e) Background region.

3 Results

The proposed method has been tested with biplane ventriculograms acquired at
several instants of the cardiac cycle. The biplane images were acquired according

Table 1. Components of the feature vector for each of the regions in the end-diastole
image

Feature vector Area (pixels) Gray-level average Centroid

Region 0 13305 216 (120,98)

Region 1 16995 152 (105, 106)

Region 2 35236 31 (145, 155)

Table 2. Feature vector for each of the regions in the end-systole image

Feature vector Area (pixels) Gray-level average Centroid

Region 0 35421 52 (62,67)

Region 1 4515 72 (236,220)

Region 2 15172 104 (103,81)

Region 3 7111 156 (135,116)

Region 4 3317 208 (144,174)

Table 3. Feature vector for each of the regions after the first iteration of the multiple
linkage clustering in the end-systole image

Feature vector Area (pixels) Gray-level average Centroid

Region 0 39936 52 (62,67)

Region 1 15172 104 (103,81)

Region 2 10428 182 (132,144)
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Fig. 4. Segmentation for a RAO view image sequence

to the conventional Left Anterior Oblique (LAO) 60◦ and Right Anterior Oblique
(RAO) 30◦ views. All images are of size 256×256 pixels. The input images were
preprocessed by performing distortion correction and logarithmic subtraction.

Figure 1.a shows the input image that corresponds to the RAO view at the
end-diastole instant. Figure 1.b shows the smoothed image using a neighborhood
of size 3× 3 and figure 1.c shows the image estimated by linear-regression (ÎP ).
The similarity image (obtained using equation 3) is shown in figure 1.d. This
image is obtained as a quadratic function that combines pixels in the original
image with pixels in the smoothed image. As a result the output image has a
smoothed appearance. Finally, the density function image is shown in figure 1.e.
This image is obtained by convolving a Gaussian function with the similarity
image, thus increasing the degree of smoothing. The standard deviation value
(σ = 44.63) is estimated from the smoothed image IP .

Figure 2.b shows the approximate segmentation where several regions are
identified. The standard deviation used for determining the 3 clusters was σD =
59.63. This standard deviation is estimated from the density function image ID.
A feature vector for each of the regions is shown in Table 1. The adjacent re-
gions with a more similar feature vector are regions 0 and 1. The clustering step
using multiple linkage provides the final segmentation shown in figure 2.c, where
regions 0 and 1 are clustered based on the region growing step. Figure 2.d–
2.e shows the two regions obtained from the segmentation process. In figure 3,
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Fig. 5. Segmentation for a LAO view image sequence

results of the segmentation for the end-systole ventriculogram (LAO view) are
shown. In this case, five regions have been found at the approximate segmenta-
tion step. Table 2 shows the feature vectors for each region. The clustering step
is performed using two iterations for attaining the final segmentation. During
the first iteration regions 0 and 1 are merged as well as regions 3 and 4. The
merged regions have the feature vectors shown in Table 3. During the second
iteration regions 1 and 2 are merged providing the final segmentation shown in
figure 3.c.

Figure 4 and Figure 5 show the results of the segmentation for a sequence
of ventriculograms in the RAO view and LAO view respectively. The first and
third rows (from top to bottom) show the original images while the second and
fourth rows show the segmentation results.

Validation of the segmentation method is performed by quantifying the differ-
ence between the left ventricle shape obtained with respect to the left ventricle
shape traced by a cardiologist. The error is expressed as the ratio between the
area of the shape difference with respect to area of the union of shapes compared.
The error obtained (mean ± standard deviation) for a sequence of ventriculo-
grams in the RAO view, including 25 images is 5.47 % ± 1.61 %, with a maximum
value of 7.84 % and a minimum value of 2.53 %. When the segmentation is per-
formed for the sequence showing the LAO view (including 25 images) the error
is 4.39 % ± 3.41 % with a maximum value of 13.90 % and a minimum value of
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Fig. 6. Left ventricle volume

1.53 %. The error considering the set of 50 images (25 for the RAO view and 25
for the LAO view) is 4.93 % ± 2.69 %. The volume for the left ventricle during
the cardiac cycle is estimated using the Area-Length method [20] from the con-
tours obtained using the segmentation method. Fig. 6 shows the left ventricle
volume estimated using the contours obtained by the proposed segmentation
method (estimated volume) and the volume obtained from contours traced by
the cardiologist (reference volume). The volume is normalized with respect to
the end-diastole volume. The error obtained by comparing the reference volume
with respect to the estimated volume is 4.61 % ± 1.22 %. The ejection fraction
[21] for the reference volume is 0.77 and 0.74 for the estimated volume. The
percent error is 3.9%.

4 Conclusions

An automatic image segmentation method has been presented. The proposed
method is tested using real biplane ventriculograms. The region growing algo-
rithm used as the core of the segmentation process enables the accurate dis-
crimination of the ventricular cavity. The segmentation method does not require
any prior knowledge about the ventriculograms and considers the relationship
between neighbor pixels.

The segmentation method is conceptually simple and provides an accurate
left ventricle contour. The method requires a low computational cost. The pro-
posed approach provides an initial segmentation that is later improved using
the multiple linkage region growing algorithm. The initial segmentation could
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be interpreted as a compression stage that codes the set of groups that represent
the image. The initial segmentation could also be considered as the input to
other segmentation methods based on clustering or non-supervised learning ma-
chines (for instance auto-organized maps or fuzzy logic based techniques). The
tests performed on real biplane ventriculograms shows that parameters describ-
ing the cardiac function like the volume and the ejection fraction are consistent
with the values reported in the literature [22] [23].

As a future research we propose to incorporate other components to the fea-
ture vector such as contour curvature and smoothness. In addition, comparison
to other methods would be performed. A complete validation is also necessary,
including an important number of control subjects as well as cardiac patients. In
the validation stage we plan to use other metrics for comparing the segmentation
results as for instance the average contour positioning error as in [16]. The vali-
dation stage could also include a comparison of estimated parameters describing
the cardiac function with respect to results obtained using other imaging modal-
ities like magnetic resonance imaging or multi-slice computerized tomography.

Acknowledgment

The authors would like to thank the Investigation Dean’s Office of Universidad
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