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SUMMARY

In this paper, a supervised edge detector based on a
multilayer neural network, which is called a neural edge
detector (NED), is proposed for detecting edges which
coincide with edges traced by a human operator (e.g., a
medical doctor). The NED is trained by use of the contours
traced by a cardiologist. Using the trained NED, the con-
tours coinciding well with the contours traced by a cardi-
ologist are extracted from the left ventricular angiograms
even with nonuniform contrast medium.

The proposed contour extraction method consists of
(1) detection of fine edges by the NED, (2) extraction of
rough contours, and (3) contour tracing based on contour
candidates synthesized from the rough contours and the
edges detected by the NED. The contour of the left ventricle
is automatically extracted by inputting two points manually.
Experiments with clinical images show that the proposed
method can stably extract the contours coinciding well with

the contours traced by a cardiologist. © 2003 Wiley Peri-
odicals, Inc. Syst Comp Jpn, 34(2): 55–69, 2003; Published
online in Wiley InterScience (www.interscience.
wiley.com). DOI 10.1002/scj.1190
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1. Introduction

Contour extraction of the left ventricle in DSA (digi-
tal subtraction angiography) is one of the most fundamental
and important operations to obtain functional information
on the heart, such as the left ventricular volume. Since there
is a strong need to automate this work, various methods for
performing it have been proposed [1–7]. In contrasting the
left ventricle in DSA, the contrast in the left ventricle is
often nonuniform because the contrast medium (a sub-
stance with a high X-ray absorption coefficient infused to
enhance the contrast of an image) cannot be used in a large
quantity due to stress on the patient, the contrast medium
may be diluted due to blood flow from the mitral valve, and
the flow is disturbed due to the complicated structures
within the left ventricle. Thus, it is very difficult to extract
the contours automatically and stably. In clinical applica-
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tions, parts of a contour which do not coincide with the
judgment of a cardiologist in the automatically extracted
contour are corrected manually. Therefore, development of
a method for extracting a contour which coincides well with
the contour based on a medical doctor’s judgment is highly
desirable. This can be technically realized if such a judg-
ment algorithm can be described explicitly as procedures
or a program. Since it cannot be clearly expressed even by
a specialist (e.g., a medical doctor), realizing this task is
very difficult and no studies on such contour extraction have
been reported yet. The purpose of this study is to develop a
method for extracting contours which coincide well with
the judgment of a cardiologist.

A number of methods for images other than DSA have
been proposed for extracting the contour of the left ventricle.
These include methods for US (ultrasonic) images [8–12],
methods for X-ray CT (computed tomographic) images or MR
(magnetic resonance) images [13–17], and methods for nu-
clear medical images [18–20]. These methods consist of
detection of the edges of a contour and integration of the edges
as a contour. Since US images are images with poor signal-to-
noise ratios, an edge detector that is robust against noise and
an integration method have been used in researches for US
images. Because CT and MR images are comparatively clear
images, the methods are based on a simple edge detector,
thresholding, or morphological characteristic extraction.
Since nuclear medical images are images with generally un-
clear contours, an image segmentation method is often used
for this kind of image. Those methods can extract contours
well. However, all of those methods do not actively extract
contours which coincide well with the contours traced by a
medical doctor.

In recent years, neural filters (NF), which are non-
linear filters based on multilayer neural networks (NN) that
have a learning capability and a highly nonlinear processing
capability, have been proposed in the field of signal proc-
essing [21–24]. An NF can realize image processing with
a desired function by training with input images together
with ideal teaching images. In this paper, we expand a
capability of an NF, and propose a supervised edge detector
called a neural edge detector (NED) for extracting a contour
which coincides well with the contour traced by a cardiolo-
gist.

Although various edge detection algorithms have
been proposed [25–28], no algorithms for extracting edges
traced by a human operator (e.g., a medical doctor) have
been proposed. In addition, although the following three
kinds of studies of the application of an NN to the edge
detection problem have been made, they could not detect
the edges traced by a human:

(1) edge detection based on a cellular NN that is
constructed by combining simple cells as in the retina [e.g.,
29–31];

(2) edge detection based on a self-organizing map
[e.g., 32–35];

(3) edge detection based on a Hopfield network [e.g.,
36–39].

In addition, studies to extract a boundary between an organ
and others have been performed. In those studies, extraction
of a boundary was treated as an image segmentation prob-
lem, and a neural classifier that is applied in the field of
character recognition was used. References 40 and 41 pre-
sent examples of applications to medical images. In such
an NN, image features such as a histogram of a local region
is input and the class to which an image belongs, such as
the name of the tissue, is output. This NN does not extract
edges and cannot handle analog values such as fluctuations
in tracing by a human.

In this study, an attempt is made to extract a contour
which coincides well with the contour traced by a cardiolo-
gist from a left ventricular angiogram with nonuniform
contrast medium, obtained by use of a relatively small
amount of contrast medium, by using an NED capable of
training the contours traced by a cardiologist. The proposed
contour extraction method consists of (1) detection of fine
edges by the NED, (2) extraction of a rough contour, and
(3) contour tracing based on contour candidates synthesized
from the rough contours and the edges detected by the NED.
The effectiveness of the proposed method is evaluated by
experiments with left ventricular angiograms at end-dias-
tole.

2. Contour Extraction Method

The proposed method is illustrated in Fig. 1. This
method includes (1) use of an NED to detect edges which
coincide well with the contour traced by a cardiologist, (2)
extraction of a rough contour, and (3) tracing of a contour
on the basis of contour candidates synthesized from the
edges detected by the NED and the rough contours.

2.1. Edge detection by NED

2.1.1. Architecture of NED

The NED is a supervised edge detector based on a
multilayer NN. In the NN, it is appropriate to use a linear
function instead of a nonlinear function as an activation
function of the output layer unit of the NN [42] when
handling continuous values such as the edges in an image.
Consequently, the structure of the NED is such that an
identity function, sigmoid function, and linear function is
used as the activation function of each unit in the input,
hidden, and output layers. The inputs of the NED are pixel
values in a local region, that is, the object pixel value g(x,
y) and the neighboring pixel values, and the output of the
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NED is edge information e(x, y) corresponding to the center
pixel in the local region, as represented by the following
equations:

where Ix,y is an input vector at (x, y), NN(I) is the output of
the multilayer NN having I as an input vector, and RS is the
local region of the multilayer NN.

2.1.2. Training of NED

The NED learns the relationship between an input
image and a teaching image which contains ideal edges by
adjusting the weights of the NED. The error function for
training is defined by

where T C
p  is the p-th pixel value in the training region in

the teaching images, and Op is the p-th pixel value in the
training region in the output image. Training is performed
by means of a modified back-propagation algorithm in Ref.
42 for the above structure of the NN, which was derived in
the same manner as the back-propagation algorithm [43].

In order to extract a contour stably, the following image is
used as the input image to the NED g(x, y): an image
obtained by subtracting a left ventricular angiogram before
contrasting with the contrast medium from that after con-
trasting [44]. The disturbing effects of the organs and bones
surrounding the heart can be reduced by such preprocess-
ing. The contour traced by a cardiologist is used to make
the teaching image for the NED. The contour traced by the
cardiologist is not accurately represented by one curve, it
contains a sort of an error (fluctuation), and it constitutes
the center of the distribution of the probability where the
contour exists.

Assuming that this distribution is a normal distribu-
tion, the teaching image can be obtained by performing a
Gaussian filter on the contour traced by the cardiologist,
represented by

where CD(x, y) is an image that includes the contour traced
by the cardiologist, G(x, y; σ) is a Gaussian function with
the standard deviation σ, and * is the convolution operator.
In addition, this teaching image is normalized in such a way
that the minimum value and the maximum value is the
minimum value of the gray scale LMIN and the maximum
value of the gray scale LMAX, respectively. The NED is
expected to output edges coinciding well with the contour
traced by the cardiologist by training these input images and
teaching images that expresses the distribution for confi-
dence of the edges.

2.2. Rough contour extraction

(1) Thresholding

Threshold selection is performed by Otsu’s method
[45] on an input image g(x, y), and binarization into LMIN

and LMAX is performed as in the following equations:

where th is a threshold value.

(2) Low-pass filtering

Low-pass filtering is performed on the binary image
by means of a Hamming window as expressed by the
equation

where φ(⋅) and φ–1(⋅) are the Fourier transform and inverse
Fourier transform operators, h(RH) is a Hamming function

Fig. 1. Method for extracting the contour of the left
ventricular cavity.

(1)

(2)

(3)

(4)

(5)

(6)
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with a window diameter of RH, and RH is the factor govern-
ing the width of the rough contour.

(3) Edge enhancement

Edge enhancement is performed on the low-pass-fil-
tered image by use of a Sobel filter [47] as follows:

where ψ(⋅) is the Sobel filtering operator. The output image
rC(x, y) has the approximate contour extracted.

2.3. Contour tracing

A contour candidate image is obtained by synthesiz-
ing the rough contour image rC(x, y) and the edges detected
by the NED e(x, y):

We give a start point and an end point to the contour tracing
method. These two points are near the mitral valve–aortic
root junction and the junction of aortic root and anterior
endocardium. Then, contour tracing is applied to the con-
tour candidate image.

A scheme [48] developed to trace blood vessels was
simplified and used for contour tracing. First, consider a
vector of a certain length r extending radially outward from
the object point P. As shown by the following equation, the
average gray level of the pixels on the vector in a certain
direction θ is obtained:

where RP,θ is the coordinates on the vector having a object
point P and forming an angle θ with the x axis. Consider
the orientation from the previously traced direction for the
average gray level on the vector as follows:

where D is the previously traced direction and wf(⋅) is a
weighting function giving the preceding orientation, ex-
pressed by

where wD is a parameter determining the search range.
Using the average gray level on the vector with considera-

tion of the previous orientation, the direction with maxi-
mum average gray level is chosen as the tracing direction
as follows:

The end point PM of the vector of the tracing direction DM

obtained thus is chosen as the tracing point. Sequential
tracing is performed by reading the tracing point PM as the
object point P and the tracing direction DM as the previously
traced direction D. Tracing is stopped when the following
condition is fulfilled: maxθ{gC(θ)} − LMIN less than or
equal to 5% of LMAX − LMIN.  The contour of the left ventri-
cle is obtained by combining the traced lines at the crossing
points, with tracing begun in both directions from the given
two points.

3. Comparative Evaluation of the
Performance on Edge Detection of NED

The performance on edge detection of the NED and
conventional edge detectors are evaluated comparatively
with respect to their performance on detecting the edges
close to those traced by a cardiologist.

3.1. Comparison of detected edges

An example of training images for the NED is shown
in Fig. 2. Image (a) is an angiogram of the left ventricle at
end-diastole (512 × 480 pixels, 1024 gray levels) in the 30°
right anterior oblique projection, obtained with a digital
X-ray imaging system (DSA-100, Hitachi Medical,
Kashiwa, Japan). Since this image is contrasted by the
contrast medium administered in a relatively small quantity,
the gray levels are not uniform. In addition, the contrast
medium is diluted due to blood flow from the mitral valve.
Thus, there are a number of places where the contour is
vague. However, an experienced cardiologist can extract a
contour in such places on the basis of his or her medical
knowledge. Image (b) is the teaching image obtained by
means of Eq. (4) from the contour traced by the cardiolo-
gist. This contour is carefully traced from the image ob-
tained at end-diastole and images before and after this
image. In Refs. 3 and 49, the reproducibility of the contour
traced by a cardiologist was evaluated by having a number
of cardiologists extract the same image multiple times.
Since the evaluations were made in regulated situations, the
results almost entirely coincide with the fluctuations in the
carefully obtained contours. Since σ was 1.0 to 1.5 when
these fluctuations were approximated by a normal distribu-
tion, the center of these values was used as σ in Eq. (4).

(7)

(8)

(9)

(10)

(11)

(12)
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The NED is trained with these images to obtain the
function to detect the contours that coincide well with the
contours traced by a cardiologist from left ventricular
angiograms with nonuniform contrast medium. A region
sufficiently covering the contour in the teaching image was
used as the training region. Three-layered NED was trained
by use of the training algorithm with optimization of struc-
ture in Refs. 50 and 51. The use of three-layered NED is
theoretically appropriate, since it has been proved in Refs.
52 and 53 that a three-layered multilayer NN can approxi-
mately realize arbitrary continuous mapping with an arbi-
trary accuracy. As a result of applying the optimization
algorithm, a region consisting of 81 pixels with the object
pixel at the center was selected as the input layer, 10 units
were used as the hidden layer, and the training was con-
verged with an average absolute error (normalized by use
of LMAX) of 19.9%.

The performance of the trained NED and that of
conventional edge detectors is comparatively evaluated.

Conventional edge detectors can be classified into the
following three categories [54]:

1) edge detectors based on gray-level derivatives in a
local region;

2) edge detectors obtained with an assumption that
edge detection is treated as an optimal filtering problem;

3) edge detectors based on an edge model.

The Sobel filter [47], the Marr–Hildreth operator [55], and
the Hueckel operator [56] are representative methods of
categories 1), 2), and 3), respectively. Since the conven-
tional edge detectors are based on certain edge models, the

edges detected by them do not necessarily coincide with the
edges traced by a cardiologist. On the other hand, since a
multilayer NN is a model which can realize an arbitrary
mapping approximately [52, 53], the NED using such a
network has a large degree of freedom, which comes from
the possibility of designing all weights by training, and thus
it has a large model capacity. Thus, it can detect edges which
coincide well with the contour traced by a cardiologist.

To compare fairly, the parameters of each edge detec-
tor were optimized by use of the error function in Eq. (3).
Here, the Sobel filter was applied unaltered, because there
are no parameters associated with the Sobel filter. Figure 3
shows comparisons of the output images of the NED and
the conventional edge detectors. In the output images of the
conventional detectors, many edges are detected by mistake
because of the following factors: the flow is disturbed due
to the complicated structures within the left ventricle, con-
trast medium is nonuniform, and edges of the contour are
unclear due to diluted contrast medium. In contrast, in the
output image of the NED, the contour is detected as con-
tinuous edges. This contour coincides relatively well with
that traced by the cardiologist. This shows that the NED is
not affected by the nonuniformity of contrast medium.

Here, we discuss the edge detection results by the
NED. It is considered that when a cardiologist traces a
contour from a left ventricular angiogram, he or she deter-
mines the border between the area in which the contrast
medium is present, even in a small amount, and the area in
which no contrast medium is present, based on anatomical
knowledge of the shape of the left ventricle. Since the NED
uses only information within local areas, the anatomical
knowledge of the cardiologist is not learned while training

Fig. 2. Sample of the images used for training.
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the contour traced by the cardiologist. Since the NF having
the same structure as the NED shows nonlinear charac-
teristics with respect to the gray levels within the input local
region [57, 58], the NED is considered to be capable of
adaptive processing in response to the gray levels within the
input local region. Since the input image is a subtraction
image before and after contrasting, the occurrence of an
almost constant gray level of the area in which no contrast
medium exists is taken to be a characteristic of edge detec-
tion. It thus can be inferred that the NED learns in such a
way that the borderline between the area in which the
contrast medium exists and the area in which no contrast
medium exists is output as edge information, with the gray
levels within the input local region as indices. In order to
support this reasoning, elucidating edge detection by the
NED by analyzing its learning would be an important future
task.

3.2. Comparative evaluation of edge detection
performance in nontraining images

Since the NED is a supervised edge detector, its
evaluation on nontraining images is important. Evaluations
were made by use of a cross validation (a method of
dividing a data set into a set for training and a set for testing,
making cross evaluations of all sets while changing these
sets sequentially; it is often used to verify the performance
of the training mechanism such as a neural network). With
this method, a maximum number of evaluations can be
guaranteed for a small number of cases. Two cases from
typical left ventricular angiograms at end-diastole out of
five cases (512 × 480 pixels, 1024 gray levels) were used
as the set for training and the remaining three cases were
used for the set for testing. Thus, the number of training
NEDs was 5C2 = 10, the total number of images tested was

Fig. 3. Comparison of the edges detected by the neural edge detector with those detected by the conventional edge
detectors.
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5 × 10 = 50, and the number of nontraining images tested
among these was 3 × 10 = 30. When the NED was trained
by use of the training method with optimization of the
structure described above, from 68 to 81 units were selected
for the input layer, from 7 to 12 units were selected for the
hidden layer. The trainings were converged with average
absolute errors from 19.9 to 22.4%. The parameters of the
conventional edge detectors were optimized in the same
way as in the previous section in order to obtain the highest
performance for these cases.

The error between the edges e(x, y) detected by each
edge detector and the teaching edges TC(x, y) was calcu-
lated by use of Eq. (3). The minimum value, the mean value,
and the maximum value of the error for 30 nontraining
images used for evaluations are shown in Table 1. The errors
of the NED are smaller than those of the conventional edge
detectors. The generalization ability (performance for non-
training cases) of the NED is the highest in terms of the
characteristic of detecting edges close to the contour traced
by the cardiologist.

4. Experimental Evaluation of Contour
Extraction Performance of the Proposed

Method

The proposed contour extraction method was also
evaluated from the points of view of degree of coincidence
with the contour traced by the cardiologist, and stability of
the method.

4.1. Examples of contour extraction results

The results rC(x, y) of extracting a rough contour for
Fig. 2 are shown in Fig. 4(a). The rough contour image is
used for tracing the contour stably by reinforcing the edges
detected by the NED. Thus, the parameter RH with respect
to the low-pass filter was set in such a way that a rough
contour whose width sufficiently covers the left ventricular
contour can be extracted. The contour was traced by speci-
fying two points on the basis of the contour candidates

eC(x, y) that was obtained by synthesizing the rough contour
and the edges detected by the NED. The results are shown
in Fig. 4(b) by superposition with the contour candidates.
In addition, WD, which is a parameter expressing the pre-
vious orientation of tracing, was set at 0.35 (the order of 0.3
to 0.4 is stable for a tracing problem in which there are few
rapid changes, as in the contour of the left ventricle), so that
70% is the search range, with r corresponding to the contour
tracing step of 15 pixels (the order of 10 to 20 pixels is stable
for images of this size). The results reveal that the left
ventricular contour could be traced accurately. The image
obtained by superimposing the contour obtained by the
proposed method and the contour traced by the cardiologist
is shown in Fig. 4(c). The contour obtained by the proposed
method coincides very accurately with the contour traced
by the cardiologist.

4.2. Quantitative evaluations of the
generalization ability with non-training
images

As in the comparative evaluations of the edge detec-
tion performance, the generalization ability of the proposed
contour extraction method was evaluated quantitatively by
use of the cross-validation test. First, the valve part of the
contour obtained by the cardiologist and that obtained by
the proposed method were closed and a left ventricle area
image with the left ventricle area as one and the other areas
as zero was created. As an evaluation index expressing the
difference of the two contours, the contour error is defined
as follows:

where 8 represents the XOR operator, and aP(x, y) and
aD(x, y) represent the left ventricle area image obtained by
the proposed method and that obtained from the contour
traced by the cardiologist. In addition, since the contour of
the left ventricle is used for calculating the volume of the
left ventricle, evaluations by the area error of the following
equation are also important:

The results of calculating the contour error and the
area error are shown in Table 2. The minimum value, mean
value, maximum value, and standard deviation of the con-
tour error for 30 nontraining images are shown. It can be

Table 1. Comparison of the error between the edges
detected by each edge detector and that detected by a

medical doctor

(13)

(14)
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seen that the average error and the maximum error are small
and that extraction of a contour close to that of the cardi-
ologist can be realized by the proposed method, indicating
the generalization ability of the proposed method. The
standard deviation is also small, indicating that the contour
was extracted by the proposed method stably.

The contour candidate image which serves as the
basis for contour tracing is now discussed. In order to
differentiate the effects of the edge image obtained by the
NED and the rough contour image, contour tracing was
performed on the basis of only the rough contour image.
The results of calculating the error in this case are shown in

Fig. 4. Result of the extraction of the contour.

Table 2. Normalized error between the contour
extracted by the proposed method and that 

extracted by a medical doctor
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Table 3. It can be seen that the edge image obtained by the
NED shows a contour closely approximating the contour
traced by the cardiologist. In addition, the results of tracing
the contour on the basis of only the edge image obtained by
the NED showed that the tracing was indefinite (judged by
the visual basis) in 11 of 50 images, which were all non-
training images. The results of calculating the error in 19
successfully traced nontraining images are shown in Table
3. One reason that the results based on the NED alone are
not better than the results based on the rough contour image
alone is that the contour tracing process is not robust against
the interruptions of the edges. As shown in Fig. 3(d), there
are interrupted parts in the edges, although the edge image
obtained by the NED coincides well with the contour traced
by the cardiologist. When there are such parts, tracing is
indefinite and tends to be unstable. Since there are no

interrupted parts in the rough contour image as shown in
Fig. 4(a), tracing is definite. It can be seen from the above
results that the ability of the proposed method to extract
comparatively stably a contour close to the contour traced
by the cardiologist is due to the complementary effect of
the synthesis of the two images, and that the rough image
contributes to stabilizing the contour tracing in later stages,
while the image of the edges detected by the NED functions
to approximate closely the contour traced by the cardiolo-
gist.

Among the contour extraction results, two cases
showing the smallest contour errors and two cases showing
the largest contour errors are given in Figs. 5 to 8. In Fig.
6, the method traces a part of a hemostat clip erroneously,
although it shows an overall contour which is close to the
contour traced by the cardiologist. In Fig. 8 which repre-
sents the worst case with the greatest contour error, the
edges of the posterior wall (lower part) of the left ventricle
in the input image are very vague. The contour obtained by
the proposed method shows parts which do not coincide in
such edges.

The errors associated with other methods are also
discussed here. A method which incorporates some training
into the contour extraction is presented in Ref. 4. This
contour extraction method extracts a contour in four stages:
(1) transformation into an image in a knowledge base with
the heart divided into six areas, (2) search for contour
candidate points, (3) contour extraction by the DP matching
based on multiple evaluation functions, (4) correction of the
contour by a heart model composed of multiple templates,
by inputting four points (two points of the posterior edge

Table 3. Normalized error between the contour
extracted with only the rough contour or only 

the edges detected by the NED and that 
extracted by a medical doctor

Fig. 5. Result of the extraction of the contour in the best case (EC = 3.6%)..
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of the mitral valve ring and the heart apex in addition to the
two points of the proposed method). It has been reported
that when the heart model of point (4) was trained by using
50 images and 25 images were then evaluated, the contour
error EC was 10.1% on average and the standard deviation
was 7.2% in the best cases among the cases produced by
varying various parameters. It is seen that the proposed
method can extract a contour close to the contour traced by
a cardiologist, indicating that it is a stable method, as
compared with the method discussed above.

In addition, the relationships between the variations
in the contour traced by a cardiologist and the contour
extracted by the proposed method are discussed here. Ref-

erence 59 has reported that in evaluations of only the images
of a state in which the blood flow is stable, the average area
error EA of multiple cardiologists belonging to the same
hospital was 2.5 to 3.1% on average. Here, the conversion
from the left ventricular volume to the area error was made
by the area–length method [60]. This assures good imaging
conditions and reproducibility of a contour within a short
time, and cases in which the error of reproducibility is very
small are shown. Reference 61 has reported that the differ-
ence in the area error by cardiologists belonging to different
hospitals was within 1.2%. Specifically, the variations in
the contours traced by cardiologists contain this error in the
numbers given above. In general, if the average area error

Fig. 6. Result of the extraction of the contour in the second best case (EC = 4.0%)..

Fig. 7. Result of the extraction of the contour in the second worst case (EC = 12.3%).
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is less than 5.1% and the standard deviation is less than
2.5% with respect to the reproducibility of the contour
traced by a cardiologist, this is considered to be an accept-
able range which does not cause any clinical problems.
Eighty-seven percent of the results extracted by the pro-
posed method were within this range, indicating that the
proposed method allows extraction of a contour equal to
that traced by a cardiologist in a comparatively stable range.

4.3. Evaluations by cardiologists

On evaluating the contours extracted by the proposed
method from a clinical standpoint, cardiologists determined
that the contours obtained by the proposed method coin-
cided well with those traced by a cardiologist. In addition,
an edge image detected by the NED is very useful clinically,
since it can be seen as an image of the distribution express-
ing the accuracy of the contour of the left ventricle and it
tends to have a confidence level almost coinciding with the
contour judged by an experienced cardiologist.

5. Conclusions

In this paper, a supervised edge detector based on a
multilayer neural network, which is called a neural edge
detector (NED), is proposed for detecting the edges which
coincide well with a contour traced by a cardiologist, and a
method for extracting the contour of the left ventricle by
means of the NED is proposed. It is shown by evaluation
experiments using angiograms of the left ventricle at end-

diastole that the proposed method can extract a contour
which coincides well with the contour obtained by a cardi-
ologist. Quantitative evaluation of the fluctuations in trac-
ing contours by cardiologists shows the possibility that the
proposed method can extract contours equal to those traced
by cardiologists in about 90% of cases. The remaining 10%
of the contours need correction of parts which do not
coincide.

The authors plan to evaluate the proposed method in
an increased number of cases in the future in order to make
further improvements. In addition, utilization of the NED
gives consistency to the judgment of a cardiologist, since it
can extract a contour which coincides with the judgment of
a cardiologist comparatively well. The authors also plan to
conduct a study to clarify the algorithm for contour extrac-
tion of a cardiologist by analyzing an NED which has been
trained with the contour traced by the cardiologist. This is
considered to be an important study since it is expected to
be a key to understanding the logic of judgment by cardi-
ologists during contour extraction, which is not clear to the
cardiologist him- or herself. Although a contour traced by
a cardiologist is given as a teaching contour in this study,
physical contours may also be given by using phantoms and
the like. A study of the changing of such given contours
depending on uses is also being planned.

The inner wall of the left ventricle at end-systole has
a complicated shape with intertwined papillary muscles.
Although a cardiologist determines this contour on the basis
of his or her medical knowledge and clinical experience
while referring to the time series images, this is different
from the edges of an image. Thus, the contour at end-systole

Fig. 8. Result of the extraction of the contour in the worst case (EC = 12.4%).
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was not treated in this study; a method for obtaining the
contour at end-systole will be developed in the future by
integrating with other approaches, such as that of Snakes
[62]. In addition, the proposed method will be applied to
the extraction of organs having complicated shapes which
have been difficult to detect by existing edge detectors.
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