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ABSTRACT. The auxiliary diagnosis based on three-dimensional (3D) modeling techniques can
improve the diagnosis efficiency of heart disease. In this paper, we propose a new method for the
3D modeling of left ventricle. The novel approach incorporatestwo key points: one is LV
endocardium segmentation via the simplified pulse-coupled neural network (SPCNN), and the other
is interpolation between slices. To ensure the accuracy of modeling, we firstly use the cubic spline
interpolation to increase the resolution between slices. Then, the endocardial contours of all slices
are automatically obtained based on SPCNN. Finally, Marching Cubes (MC) algorithm is
implemented to reconstruct the LV endocardial surface. We test the new method on four setsof 3D
data and obtain effective results. The APD and ODM are respectively 1.7950mm and 91.34% for
the endocardium segmentation, which makes the surface reconstruction of LV endocardium
accurate andsmooth.

INTRODUCTION

It is highly subjective for physicians to obtain clinical diagnostic information from a large number
of two-dimensional slices of the heart. Considering that these subjective imaginations and
judgments may lead to uncertainty,3D reconstruction and visualization based on two-dimensional
slices was put forward to provide a more objective and realistic morphogenesis for doctors [1].In
addition, the LV reconstruction is the basis for theanalysis of cardiac electrophysiology and motion.
Thus, LV reconstruction is always a researchhot spot.

Recovering three-dimensional structure of object from 3D data includes two main methods:
volume rendering [2] and surface rendering [3], which can be implemented by a lot of algorithms.
The volume rendering can draw image directly from 3D data field, which is the dataset of uniformly
spaced sample points in three-dimensional space, and the minimum unit is voxel. The central idea
of volume rendering is to assign an opacity to every voxel and consider the effects of transmission,
reflection and emission that voxels will have on light [4]. The method can be divided into four steps
in principle: projection, blanking, rendering and compositing[5]. Commonly used algorithmsfor
volume rendering are Ray-Casting[6], Splatting[7], and Shear-Wrap[8]. Dealing with the
relationship between light and voxel directly, the volume rendering has the advantage of retaining
much detail information of the object and improving the quality of image. Its drawback is that
computation cost is too large. The basic idea of surface rendering is to conduct edge segmentation
from a series of two-dimensional image slices, extract relevant surface information and restore
three-dimensional model of the object through lighting and shading [9]. Surface rendering mainly
includes two categories. One is the contour reconstruction based on boundary [10], which
requiresthe contour of the particular area within every two-dimensional image plane.It connects the
contour vertices via triangle, and piles up the triangles to form the surface of the object. The other is
isosurface reconstruction based on the voxel, which extracts isosurface from data field. Isosurface
refers to a surface in space, and voxel is the basic hexahedron unit that constitutes the
three-dimensional image. Algorithms of isosurface reconstruction mainly comprise Marching Cubes
[11]and Dividing Cubes[12]. Although contour reconstruction has the advantage of simple and
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facilitating real-time rotation operation,the quality of its result is poor and not intuitiveenough.
Isosurface reconstruction, in contrast, behaves better in image quality, but it is relatively slow in
image drawing.

Methods proposed in recent years about LV reconstruction by many researchers. Zhang et al.[13]
proposed a method that creates a 3D object mesh from a 2D stack of contours,based on geometry
processing algorithms and a semi-constrained deformationmethod.Wang et al.[14]presented a
method for leftventricle (LV) endocardium motion reconstruction using high resolution CT data and
tagged MRI.

In this paper, we derive a framework that creates the 3D surface of LV endocardium based on
SPCNN segmentation method and cubic spline interpolation.Firstly, we use the cubic spline
interpolation to eliminate the drawback that the resolution along z-axis is far less than that of X-Y
plane. Secondly, SPCNN model was used to extractLV endocardium contour. Finally, we finish the
3D surfacing reconstruction by applying MC algorithm. Rest of this paper is organized as follows:
Section 2 introduces the theories employed in this paper; Section 3 describes the LV
endocardiumsegmentation and surface reconstruction in detail; Section 4 shows the experiment
results; Section 5 conclude our work.

THEORY

SPCNN model

PCNN is a bio-inspired neural network, which was developed in light of synchronous dynamics
ofneuronal activity in cat visual cortex[15]. PCNN has great potential for developing image
segmentation algorithm [16-18]. The SPCNN model used in our work is described as follows:

Uij = eiaFUij [n _1] + Sij (1+ ﬂVLZHWij,kIYkI [n _1])

1)

E” [n]=e" Eij [n-1] +VEYij [n] 2
Yﬂ[n]:{l' " Uyln=1>E -1

0, else )

F, is the feeding inputs,which is the normalized gray intensity of S, Y, and L, represent the
outputs pulse and linking inputs around the neural cell respectively.Linking strength isg. The
linking inputs are biased and then multiplied together, and further multiplied with the feeding input
to form the total internal activityU;. E; is the neuromime threshold, v,and «, set the operation

of the neuromime. Input an image into SPCNN, it will produce a serious of binary images by using
different parameters.

Figure 1 Flowchart of SPCNN
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Cubic spline interpolation

In order to produce a smooth surface after 3D reconstruction, we firstly increase the resolution
between slices via recovering interlayer images. Considering the accurate and smoothness of the
image interpolation result, here, we use the cubic spline interpolation[19]which is a kind of
piecewise interpolation.When providing function values from 0 to n nodes and two boundary
conditions, we can get interpolation function having continuous first and second order derivative at
the nodes.Using it can better adapt to different requirements of smoothness and restore the
interlayer missing images accurately.

We assume the gray value of point (u, v) on the i" image to be f;(u, v), the cubic spline
interpolation function y(x) calculated by three moment method[20] is as follows:
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(4)

x;is the actual physical coordinate of the i" image,x is the actual physical coordinate of the image
to be interpolated.

Marching Cubes
The basic idea of MC algorithm is to process the cubes in the data field one by one (Figure 2).
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Figure 2. Marching Cube Figure 3. Triangulated Cubes

If the gray value at a vertex is greater than or equals to the value of the surface that we are
constructing, we specify this vertex as one. These vertexes are inside (or on) the surface. On the
contrary, the vertexes whose gray value are lower than surface will be specified as zero and are
outside the surface. The surface will intersect with the cube’s edge only when one vertex is greater
than the value of the surface and the other is less than the surface. This assumption is the foundation
of determining the topology of the surface within the cube and intersection location later.

Since a cube has eight vertexes and each vertex has two states: inside the surface and outside the
surface, a cube can have 28=256 states in total. Applying complementary and rotational
symmetry[21], we reduce the 256 states to 14 patterns, Figure 3 show the triangulation for the 14
patterns.

We can create an edge table which represents the connection mode of triangle by numbering for
8 vertexes and 12 edges of the cube, as shown in Figure 4. The edge table includes 256 items, and
each of them is a 12-bit binary value. Each bit of binary number corresponds to an edge of the cube.
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Zero indicates that the edge doesn’t intersect with the isosurface, while one represents intersection.
The eight-bit binary index corresponds to the cube’s 8 vertexes which are specified as one or zero
by comparing with the isosurface. Index=v,v¢vsv,v3V,v,1,. This index will be used as a pointer
into the edge table, from which we can tell which edge the surface intersects.
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Figure 4.Cube Numbering
After we determine the topology of the surface within the cube, the final step is to calculate the

intersection location that the triangle intersects with the cube’s edge. In order to get the image with
reality, the normal for each triangle vertex is also necessary [21].

METHOD

LV surface reconstruction involves three steps: 1) cubic spline interpolation between slices 2)
automatic segmentation of LV endocardium via SPCNN 3)LV endocardium surface reconstruction
using Marching Cubes. Figure 5 shows the workflow of the SPCNN and MC-based algorithm and
the details are described in the following sections

Original images

¢ LV endocardium Surface
Interpolation L ROI _ | Reconstruction of

between images extraction >| segmentation via | LV endocardium via
SPCNN MC

Figure 5. Workflow of the SPCNN and MC-based algorithm

Cubic spline interpolation between slices

The number of original image slices used in this text is relatively small, leading to aliasingand edge
blurring. In order to obtain better three-dimensional effect, interpolation between original images
was done before reconstruction.

The research data used in this text are DICOM image sequences, the images of this kind of
format contain many other information besides gray values. The number of slices to be interpolated

between two adjacent layers n is determined by layer spacingA, and pixel spacing A, which can
be acquired from DICOM information. The calculation formula is n=int {%}—1.

After knowing the number of slices to be inserted, we can get n intermediate layers between two
adjacent slices. The original data sets are a stack of parallel slices, and each of them are consist of
same rows and columns of pixels. So the method of getting the interpolated slices are as follows:

the first slice
X

k4
the second slice

the nth slice

W

Figure 6. N slices of original data sets
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Step 1: we select the pixels whose coordinate are (i, j) in each slice from the first to n" to form

a one-dimensional vector along the z-axis. As shown in Figure 6, the red dots along z-axis
constitute a one-dimensional vector.

Step 2: we can conduct the cubic spline interpolation on this one-dimensional vector to formnew
sampling points along z-axis.

Step3: Traversing the pixels on the x-y plane of all slices as step 1 and step 2, we will get all the
intermediate slices. Among the images shown in Figure 7, (a) and (d) are two adjacent raw images,
(b) and (c) are the images formed by cubic spline interpolation.

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

Figure 7. Raw images and Images by cubic spline interpolation

LV endocardiumsegmentation via SPCNN

For endocardium segmentation, we have proposed an SPCNN based method in [22]. Firstly, the
ROI is extracted based on the time-domain characteristics of 3D data to decrease the computation
and complexity of our algorithm. Secondly, we input each slice image into SPCNN model and set
the SPCNN parameters as follows: W =[0.5, 1, 0.5; 1, 0, 1; 0.5, 1, 0.5], B =0.1,Vg = 20, andogis
adaptively set by using ag = C/mean(S)[23], C is 0.34, and “mean(S)” represents the calculation of
the average gray level. After obtaining the binary image from SPCNN segmentation, we detect the
LV cavity and delineate the fine endocardium by using some post-processing procedures.The
endocardium segmentation results are shown in Figure 8. The red closed curve is the obtained
endocardial contour.

Using the endocardial contour, we can extract the LV blood pools (shown in Figure 9)which will
be used in the next 3D reconstruction.

Figure 8. Segmentation result of LV endocardium

(a) (b) (c)

Figure 9. Result of extraction of endocardial area

(d)

Once we obtainthe endocardial area of all the slices, MC algorithm can be implemented on all
slice sequence to reconstruct the surface of LV endocardium.
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RESULTS

The database we use are provided by MICCAI 2009, containing 45 cases of data. Each case has
6~12 slices and every slice corresponds to 20 different phases. Our experiment is implemented on a
part of cases from training datasets by using PC(2.8GHZ CPU,4GB RAM) and Matlab R2013b.

In order to indicate the accuracy of SPCNN based endocardium segmentation, we compare four
sets of segmentation results with the ground truths which are manually delineated by expert. And,
the obtained APD and ODM is listed in table 1. The definition of APD and ODM are introduced

in[24].
Table 1 APD and ODM

Patient id APD[mm] ODM
SC-N-02 2.5286 0.8317
SC-HF-1-05 1.4648 0.9397
SC-HF-NI-07 1.8823 0.9282
SC-HF-1-10 1.3042 0.9559
Average value 1.7950 0.9134

We take the dataset of SC-N-02 as an example to show the result of LV endocardium
surfacereconstruction. From the DICOM information, we know that layer spacing between two

slices is5.2mm,and pixel spacing is 1.3672mm.According ton:int{%}—l,the number of layers

needed to be interpolated between two adjacent slices is 2 and we know the number of original
images is 9.So the total number of slices after interpolation is 25,and the endocardium areas
obtained by SPCNN segmentation are shown in Figure 10.

Figure 10. Endocardium areas encircled by red contour-line

The results of 3D surface reconstruction of LV endocardium based on SPCNN and MC
algorithm and contour algorithm are illustrated in Figurell and Figure 12 respectively. From
Figurel0 and Figure 11, we know that the surface obtained by SPCNN and MC algorithm is more
intuitive and better in quality than that by the contour algorithm. Surface reconstruction based on
contour algorithm is largely influenced by the number of contour points. The denser the contour
points are, the better reconstruction result we will obtain.
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Points Cloud Output Triangulation

- T &
Figure 11SPCNN Figure 12 MC

CONCLUSION

In this paper, a complete process of LV surface reconstruction was introduced, involving three key
steps, namely cubic spline interpolation between slices, segmentation of LV endocardium via
SPCNN and LV surface reconstruction based on MC.The final result demonstrates that 3D surface
reconstruction based on SPCNN and MC algorithm has a better reconstruction performance. In the
future, we will carry 3D reconstruction on more data, facilitating the real-time display of the left
ventricular endocardial surface in a cardiac cycle. Meanwhile, systolic function of left ventricular
will be also analyzed and evaluatedaccording to the results of 3D reconstruction.
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