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Abstract. During the diagnosis and analysis of complex congenital heart malfor-
mation, it is time-consuming and tedious for doctors to search for standard image
planes by hand from among the huge amounts of patients’ three-dimensional
(3D) ultrasound heart images. To relieve the laborious manual searching task for
echocardiographers, especially for non-physicians, this paper focuses on the auto-
detection of five standard image planes suggested by experts in the 3D echocar-
diographic images. Firstly, the four-chamber (4C) image plane is auto-detected
by template matching, and then the other standard image planes are obtained
according to their spatial relation with the 4C image plane. We have tested our
methods on 28 normal and 22 abnormal datasets, and the error rates are 7.1% and
13.6%, respectively. With low computational complexity and simple operation,
the method of auto-detection of standard planes in 3D echocardiographic images
shows encouraging prospects of application.

Keywords: 3D ultrasound image · 3D echocardiographic image · Template
matching · Image retrieval

1 Introduction

The congenital heart disease (CHD) is a group of cardiac anomalies in a three-
dimensional (3D) space. Its diagnosis is always a difficult problem in cardiology. Today,
real-time 3D echocardiography (RT3DE) [1–3] has become an important tool to diag-
nose CHD. With RT3DE, you can see a beating heart and choose any cross section to
observe the internal structure of the heart. To facilitate the diagnosis of complex congen-
ital heart malformation, five standard image planes (SIP) [4] are used in both research
and clinical practice [5–7]. They are the long-axis planes of left and right ventricular
(L1, L2), the short axis planes of atria and ventricular (S1, S2) and the four-chamber
plane (H), as shown in Fig. 1. However, it is time-consuming and boring for doctors to
manually search standard image planes with RT3DE systems or off-line software. Auto-
matic detection of SIP in 3D echocardiographic (3DE) images will relieve the laborious
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manual searching for echocardiographers, especially for non-physicians. In addition, it
can be a prior process for 3DE image registration, fusion, analysis, etc., and can help
non-physicians with rapid processing for research purposes.

Fig. 1. Diagram of the five standard image planes (SIP) to visualize the heart.

3DE images are usually acquired from multiple different locations, and the image
content thus obtained in different location is distinct. The image acquired at the left
apical, which is called the apical dataset, is most commonly used in assessing the mitral
or tricuspid valve disease and atrioventricular septal defects, and in measuring left ven-
tricular parameters. As an initial work, this paper focuses on the detection of the five
SIPs in the apical datasets.

The main innovations of this paper are as follows:

• Since few investigations on the problem have been reported at home and abroad, the
automatic detection of the best cross-sections in 3-D echocardiac image is essential
and valuable.

• As a preliminarywork,we retrieve the 4C plane from the cross-sections extracted from
the 3-D volume data with a 4C plane template, referring to the doctor’s knowledge.
Subsequently, the other best cross-sections could be detected, according to their spatial
relation with the 4C plane.

• A coarse-to-fine approach is applied to retrieve the 4C plane with inspiring experi-
mental results.

2 Related Work

Previous work closely related to our study includes techniques to distinguish the 4C
image. Zhou et al. presented a method to differentiate between the apical 2C and 4C
views, and it requires a pre-processing phase in which the left ventricle is identified
by human [8]. To recognize the 4C image automatically, the number of horizontal and
vertical borders in the image was used in [9]. With an intensity-based rigid registra-
tion method, Leung et al. registered the 3DE data set acquired in the stress stage, the
data in the rest stage had already manually selected the two-dimensional (2D) planes
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as reference, and they detected the two-chamber (2C), 4C and short-axis planes [10].
However, the computational complexity for registration of ultrasound volume is high
and it is troublesome to perform 3DE image registration for different subjects.

All the above papers have discussed the detection of the 4C image from enormous
2D echocardiographic (2DE) images. Inspired by these methods, we attempt to detect
the 4C image plane in the apical dataset with a template matching based method. Then
we try to obtain the other planes according to their spatial relation with the 4C plane.

3 Materials and Methods

3.1 Apical 3DE Datasets

To detect the SIPs in the apical dataset, we should first study the structure of these
datasets. An apical dataset is composed of a sequence of volume data. An end-diastolic
volume data is shown in Fig. 2. As shown in Fig. 2, each volume data includes the original
ultrasound acquisition data shaped approximately like a pyramid and the background
data. The pyramid’s azimuth and elevation angular spans is 60°. And the values of the
black background voxels are zero. Since the four-chamber view in the end-diastolic
data is the easiest to identify, we have extracted the end-diastolic volume data from the
apical dataset. According to the characteristic of the end-diastolic volume data shown in
Fig. 2, we assume that the pyramid apex is the left apex of the heart, and the central axis
passing through the cube data is the long axis of the heart. Based on these assumptions,
we have established a coordinate system as shown in Fig. 3. We set the pyramid apex
to the origin O of the coordinate system, and the central axis OZ passes through the
origin O, as shown in Fig. 3. In this way, a 4C cross-section can be found in a series of
cross-sections that rotate about the axis OZ.

Background region

Original ultrasound acquisition pyramid

Fig. 2. The 3DE image of the end-diastolic volume data

3.2 Four-Chamber Image Detection

Tofind the 4C image plane in the 3Dvolume by templatematching, we take the following
steps. Firstly, a 4C image plane in the end-diastolic volume data of a normal person is
selected as the template image. Secondly, a series of cross sections around the central
axis are extracted from the end-diastolic volume data of an apical dataset. Thus an image
library composed of these cross-sections is established. In the third step, by a coarse-to-
fine strategy, the image most similar to the template image is retrieved from the image
library, which is considered to be the 4C image plane.
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Fig. 3. Diagram of the location of the heart and its five SIPs in the 3D coordinate system of the
apical dataset. (a) Diagram of the heart and its five SIPs in the 3D coordinate system. (b) Diagram
of the projection of the long axis of L1 and L2 in the XOY plane.

3.2.1 Template Selection

The commonly used simple template matching method is difficult to apply to echocar-
diographic images. Due to changes of the size and shape of the heart, deviation of the
positions to collect data, differences of the ultrasound image intensities, and the multiple
deformities in the congenital heart disease, it is necessary to build a big template library,
which will lead to a high computational cost. Schlomo et al. match the unknown sample
image onto known templates by a multi-scale elastic registration using only one or very
few templates to identify the 4C image [12].

In our research, we choose a rectangular area from the center of the 4C cross-
section of a normal end-diastolic data as the template image, which is described in
Fig. 4. The characteristics of the septum and the chamber in the rectangular region of
the end-diastolic four-chamber view are obvious, which is significantly different from
the distribution of other image planes, and the feature is almost independent of the size,
shape and image intensity of the heart, etc. Consequently, it is feasible to detect the most
similar 4C image without a large template library. Furthermore, it saves time compared
with matching the 4C image by elastic registration since a 3D dataset contains hundreds
of 2D images.

3.2.2 Image Library Establishment

An image library is created by extracting a series of cross-sections from the 3D end-
diastolic volume data. According to the coordinate system established in Fig. 3, this
series of cross-sections share a common central axis OZ, and the projection of any
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Fig. 4. Diagram of the central rectangular area in the apical 4C image

cross-section on the XOY plane is a line such as AB shown in Fig. 3(b). The coordinates
of the point P on a certain cross-section satisfy Eq. 1:{

x = x1 + l cos θ

y = y1 + l sin θ
(0◦ ≤ θ ≤ 180◦) (1)

In Eq. 1, θ represents the included angle between line AB and the positive axis OX,
ranging from 0 to 179, as shown in Fig. 3(b). And l denotes the Euler distance from the
projection of point P on the XOY plane to point A, along the direction of line AB. l is
smaller than or equal to L. L is the length of line AB, and is also the width of the cross
section, which is defined as:

L = AB =
√

(x2 − x1)2 + (y2 − y1)2 (2)

In Eq. 2, the coordinates of point A and point B are (x1, y1) and (x2, y2), respectively.
In Fig. 3, the ordinate value of the boundary point A, y1, can be calculated by the distance
from the origin O to the boundary line of the volumetric data passing through point A.
And the abscissa of point A, x1 can be calculated by the product of the value of y1 and
the tangent function value of θ.

In this way, according to angle θ (ranging from 0 to 179), cross-sections are extracted
per degree, and a total of 180 slices are obtained to form an image library. The size of
each slice is L× n, and n is the size of the volume data in the OZ direction. In the paper,
the units of the sizes are pixels.

3.2.3 4C Image Retrieval

A coarse-to-fine strategy is utilized in the 4C image retrieval. Due to the high speckle-
noise, non-constant intensities and discontinuous structural edges, it is infeasible to
segment the septum of the heart from the echocardiographic images. The coarse-to-fine
strategy improves the speed and accuracy of the 4C image retrieval.

Firstly, to reduce the index size and retrieval time, a coarse retrieval is implemented.
Due to the movement of the probe and patient respiration, the heart septum tissue will
inevitably offset from its ideal position. As a transformation, rotation and scale invariant
feature, image histogram is relatively robust to the misalignment. We adopt the cumula-
tive histogram of the rectangular region as the feature. As shown in Fig. 3, the geometric
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center of this region is the same as that of the cross section. Given two images G and S,
their dissimilarity measure is defined as

dissim(G, S) =
255∑
i=0

|g(i) − s(i)| (3)

Here, i is the image intensity ranging from 0 to 255. g(i) and s(i) are cumulative
histograms of G and S, respectively. g(i) is defined as:

g(i) =
i∑

k=0

nk
N

(4)

in which, N is the total number of the pixels of the image. nk is the number of the pixels
whose intensity values are equal to k. dissim (G, S) is set to zero if two images are
identical.

Next, in order to eliminate the misalignment error, we apply a rigid registration
method to match the optimal rectangular area in each cross-section image of the
decreased image set preprocessed by the coarse retrieval. Before the fine search, we
take the cross-correlation of the two images as the similarity measure, and use the sim-
plex algorithm [13] as the optimization strategy to achieve the optimalmatch. As a result,
the sensitive factors of scale, transformation and rotation changes of the wavelet feature
in the fine retrieval are deleted to have good results.

Finally, the fine retrieval is implemented by catching the difference between the
template image and the best matches of the images of the reduced image set. Since the
wavelet transform has a multi-resolution property, the image transformed by wavelet
can be indexed in a hierarchical form [14]. We can extract direction information from
sub-bands in various directions to improve index performance [15]. The Daubechies
wavelets [16], based on the work of Ingrid Daubechies, are a family of orthogonal
wavelets defining a discrete wavelet transformation and characterized by a maximal
number of vanishing moments for some given support. In order to detect the local
detailed information of the rectangular area image, we perform wavelet transformation
on the image by the wavelet function db2 and decompose the image into four sub-bands,
LL1, HL1, HV1 and HD1. We calculate the mean E and variance V of the wavelet
coefficients of the three high frequency sub-bands, HL1, HV1 and HD1. E and V are
respectively defined by Eq. 5 and Eq. 6.

E = 1

MN

M∑
m=1

N∑
n=1

|x(m, n)| (5)

V = 1

MN

M∑
m=1

N∑
n=1

∣∣∣x(m, n)2 − E2
∣∣∣ (6)

In Eq. 5 and Eq. 6, the sizes of the sub-bands are M by N . Here, x is the wavelet
coefficient matrix of the high-frequency sub-bands. We design �f (EHL1, VHL1, EHV1,
VHV1, EHD1, VHD1) as the feature vector of the image. The dissimilarity of two
images is measured by the Euclidean distance of �f . Finally, the image with the minimum
Euclidean distance is detected as a 4C image.
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3.3 Other Planes’ Detection

According to Fig. 3, the other SIPs including L1, L2, S1 and S2 could be assumed
perpendicular to the 4C image plane, H. The distance from L1, L2, S1 and S2 to the
origin, point O, is respectively d1, d2, d3 and d4 as shown in Fig. 3. If the coordinate
(x, y, z) of point P can satisfy any of the following Eq. 7, 8, 9 or 10, point P is located
on the corresponding planes L1, L2, L3 or L4.

L1: x cos θ + y sin θ = d1 (7)

L2: x cos θ + y sin θ = −d2 (8)

S1: z = d3 (9)

S2: z = d4 (10)

The positions of the standard image planes should not be thought of as single and
precisely fixed. They are approximate and flexible. Though the heart size of a 3DE
image usually ranges approximately from 0.7 to 1.3 times the size in the template 3DE
image, d1, d2, d3 and d4 could be equal to those in the template 3D volume which are
pre-defined.

4 Experimental Results

The experimental datasets used in our study were the full-volume data collected by
Philips Sonos 7500. The experimental data included 28 normal and 22 abnormal full-
volume data. At different time, the normal datasets were collected from 16 normal
children aged from 1 month and 12 years old, and the abnormal datasets were collected
from 14 patients aged from 3 months to 13 years old. Figure 5 lists the detected 4C
images of the 28 normal and 22 abnormal datasets.

To further quantitatively analyze our experimental results, we use the angle θ in Fig. 3
to indicate the position of the four-chamber section. Since the 4C image plane is not
precisely fixed at a certain position, image planes located nearby may also be regarded
as a 4C image. Therefore, image planes with a value of angle θ within a reasonable range
can also be considered as valid 4C image plane.

Firstly, we asked three experienced sonographers to manually search the valid 4C
image planes in each individual data. Each 4C image plane is quantified by θ. The image
plane with a value of θ equal to the average values of θ of all the 4C image planes is
considered to be the reference 4C image plane. To determine a reasonable range of the
value of θ, a 4C image planes’ library is established, which includes image planes from
all datasets with d ranging from 0 to 20. d is defined as the absolute angular deviation
from the reference 4C image plane. After checking all the images in the 4C image planes’
library, d ≤ 10° was chosen to be a reliable range of the valid 4C cross section since the
echocardiographers were 99% confident that the 4C image planes in this range should
be accepted.
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Fig. 5. Experimental result of the detected 4c image in 3-DE images; (a) Experimental results of
28 normal data; (b) Experimental results of 22 abnormal data.

Table 1 lists the error rates with different ranges of d . As shown in Table 1, with d
ranged from 8 to 10°, the correct rates of our method are 93% for 28 normal datasets
and 91% for 22 CAVC datasets, which are acceptable in clinical applications. However,
the results are still affected by factors such as image noise, etc. For example, we find
in the experiment that the template image with lower speckle noise can obtain a higher
accuracy rate than a blurred template image.

Table 1. Error rates list with different scope of d

d Error rates of normal datasets Error rates of CAVC datasets

0–3 32% 36%

3–6 25% 18%

6–8 7% 14%

8–10 7% 9%

>10 4% 9%

We compared this coarse-to-fine algorithmwith the 3d rigid registration method [16]
on the same computer and get the correct rates of the 4C image plane as listed in Table 2.

With the detected 4C image plane, the other standard image planes can be found by
Eq. 7–10. Figure 6 lists examples of the detected standard image planes of a normal and
an abnormal datasets, respectively.
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Table 2. List of the correct rate of the two methods

Method Correct rate

Normal datasets CAVC datasets

Coarse-to-fine method 93% 91%

3d rigid registration method 85% 52%

Fig. 6. The detected standard images in 3-DE images; (a) 5 standard images in a normal data; (b)
5 standard images in an abnormal data.

5 Conclusions

We detect the 4C image plane with a template matching method, and the other four SIPs
L1, L2, S1 and S2 according to their positional relationshipwith each other. The accuracy
of the detection of the 4C image plane is critically important. In order to improve the
accuracy, we adopt a coarse to fine retrieval strategy. During our experiments, we find
that a clear and high-quality template image improves the accuracy of our algorithm.
Currently, our method only applies to the dataset collected by the left apex. How to
extract the SIPs in the 3DE images collected in other positions is an important issue to
be solved in our future research.
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