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Wb Abstract

-

% describe a method for automatic recognition of
obiiominal organs such as kidneys, spleen, stomach,
aid liver from computing tomography (CT) images us-
,-,-,,Z.;gime-dimmsiond (3D) mathematical morphology.
Marphological approaches provide the theory and tools
to'dnalyze shapes directly. This characteristic enables
aniglyzing and recognizing abdominal organs according
to-gize and gray level features. QOur system consists
ofcetraction part and recognition part. Differential
tip-hats (DTT) and conditional dilation are used for
the ‘eztraction part. Also a combination of recursive
erosion and geodesic influence is found to be effective
for separating touched organs. Recognition is based on
o simple likelihood decision with organ’s position and
size. We obtained a recognition rate of about 91% for
nine organs of four CT images.

1. Introduction

This paper is concerned with automatic recognition
of abdominal organs such as kidneys, spleen, stomach,
and liver from CT. Most of the past organ extrac-
tion and recognition approaches are not only involv-
ing many manual operations, but also using some or-
gan specific algorithms, such as region growing [1] and
skeleton method (2, 3]. In this paper, we describe a
new method for automatically recognizing many (actu-
ally up to nine) abdominal organs at once or in parallel
from CT images primarily using 3D mathematical mor-
phology. These results are useful for executing organ
Specific cancer detection algorithms, for example, and
for surgery simulation where individual organs must be
Separately treated and modeled.

_ The entire procedure consists of two steps: extrac-
tion and recognition processing. In the first processing,
"¢ Use a new morphological segmentation algorithm
talled DTTY5, 6] which was derived from top-hats and
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morphological recursive operation. It is applied to ex-
tracting candidate organ regions from CT data. Then
the next step is the recognition of organs based upon
morphological operations for dividing touched organs
and statistics of organ positions and sizes.

. The organization of this paper is as follows. Section
2 is a brief overview of 3D morphological operations
such as conditional dilation and top-hats. Section 3
and 4 describe the details of our organ extraction and
recognition, respectively. Experiments are discussed in
section 5, and conclusion is in section 6.

2. 3D Morphology

The 3D morphology is derived from 2D theory. It
also include 3D Dilation, Erosion, Opening, and Clos-
ing. In the following we will describe some important
operations utilized in this paper.

2.1. Conditional Dilation

As shown in Figure 1, conditional dilation,
Ri(V, M), is an operation for enlarging a region M
called a ‘marker’ within a boundary V called a ‘mask’
where M C V. This operation is defined as:

R(V,M) = (M&K)()V, (1)
where 1 is the minimum integer to satisfy:
Ri(V, M) = Ria(V, M). )
2.2. Top-hats

This operation[4] extracts a region near the top of
an input image within a given structure element. Let
T; represent the extracted region. Then the following
defines this operation.

Ti=Fy—FyoyriK (3)
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Figure 1: Binary reconstruction ~ conditional dilation

Macker Image M

Here, Fp is the original gray-scale image and X is
the structure element. And r;K is defined as: n, K =
Ko Ko---® K (r; times).

2.3 Differential Top-hats

This is an improved version{5, 6] of Top-hats which
takes a consecutive difference with varying the struc-
ture element size (see Equation 6).

2.4 Recursive Erosion

The recursive erosion is defined as:
i F ifi=0
FeK={ i e (4)
(F o KleK ifi>l

As shown in Figure 2, this operation divides a region
F into a set of subregions by repeating i times where 1
is the number of times just before any of the seeds(S; ~
Sr) disappears.

¢ o

1.

Figure 2: Recursive erosion
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2.5 Pattern Spectrum

Let F be the input, and r, K be the structure ele.
ment. Then Pattern Spectrum (PS5, ) is defined a5

Fop = ForK
P8y = Fnp~Fnys 5)
if Fnp = ¢ than stop

Pattern Spectrum enables us to estimate a disty;,

bution in sizes like power spectrum which provides a

distribution in frequency.

3 Extraction

DTT (see 2.3)) is operated on input CT data to pro- |

vide 3D organ candidate regions to which condition
dilation (see 2.1) is applied to include the abdoming
organ regions as correctly as possible. More detailed
description is as follows.

To get organ candidate regions, we place, in bright
regions in CT, structure elements shown in Fig.3 whos
sizes or radii are incremented by 1 with the starting size
of 1. We take a consecutive difference and the resulting
difference is binarized with a threshold value which is
experimentally determined (see section 8). This oper-
ation is described in the following morphological oper-
ations.

Let Fy be the input CT data. The intermediate re
sults F; are operated by opening with structure element
(r(i—-E)Kspharz) as:.

FF = i-Tials—-F,

Fi = U {(Fjo (i-2) Ksphere) )
1<5<i

F =9

T, = Fo—FyogriKophere

if F|=F|_| then stop

where 7;K pnerels & spherical structure element with
radius i and | | is an threshold operation. The finel
result becomes F,, where n = 26 is chosen for this
experiment (see section 5).

4 Recognition

The extracted organs are to be labeled or recognized
We use location or position information for labeling

4.1 The Coordinate System

We set up a coordinate system and its origin in Md‘ef
to specify an abdominal position and size. Al rhe €

i
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Figure 3: Examples of structure elements(r=2,3)

data (provided by the National Cancer Center) include
several lower ribs. So we decided that the coordinate
origin is set at the center point of the 12th thoracic
ceitebra to which the lowest rib joins. The x-y plain is
sloig the CT cross section. And the z-direction is set to
be positive toward downward along its axial direction.
4.2 Normalization

“"Organ sizes are dependent on people so that we need
pormalization to measure organ sizes of different peo-
plé, We decided to use the average distance between
the successive vertebrae for normalization. Actually
the total difference from the center of 11th thoracic
vértebra to that of the fourth lumbar vertebra is set to
be'a unit of 1. Similarly the total width and the total
depth along the x-y direction along the section at the
origin is set to be a unit of 1. )

4.3 Separation of Touched Organs

+:We found that the left kidney, spleen, and stom-
ach-are often touched or sticked, requiring a separa-
tion process. Here we found that a combination of two
merphological operations, recursive erosion (RE) and
geodesic influence (GI) is very effective. This is illus-
trated in Fig.4. Fig.4(a) shows three touched organs.
The recursive erosion provides Fig.4(b). Then the pro-
cehs is reversed as is shown in Fig.4(c) to provide the
final result of Fig.4(d), where the dividing borders are
the equi-distance lines generated by the three seed cen-
tefs shown in Fig.4(b). In general if touched organs are
convex, the combination of RE and GI is effective in
their separation.

) (b}
@
Q
[¢] A
L seed group \

RE(Recursive Erosion) Gl(Geodesic Influence)

:éiure 4: Separation of left kidney, spleen, and stom-
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5 Experiments

5.1 CT Data

‘We used four CT data provided by the National
Cancer Center, East Hospital. These were acquired for
diagnosing possible cancer patients. Dye was injected
to the vein (vena cava) several minutes before the ini-
tiation of the CT instrument. The CT data have a
resolution of 512x512, where pixel-to-pixel distance is
.625fmm)] and slice distance is 2imm]. The numbers of
slices are 103, 94, 102, and 104 for CT data #1 to #4.
Two new slices with linear interpolation were inserted
between two successive CT skices to have an approxi-
mately cubic voxel.

5.2 Organ Geometry Statistics

We will illustrate the recognition process of three ab-
dominal organs, left kidney, and stomach which tend
to be sticked, as was mentioned earlier. We gathered
statistics for these organs. Table 1 lsts sizes of left kid-
ney, spleen, and stomach, while Table 2 lists positions
of the gravity center of these organs. These data were
obtained by manual identification of these organs for
each slice of the four CT data. Then for each measure-
ment we computed the average ¢ and standard devia-
tion o.

5.3 Extraction
- For organ extraction, we varied the spherical struc-
ture radius from 1 to 26 (the radius of 26 corresponds
to .625[mm]x26=1.6[cm]). All the intermediate results
were binarized with a threshold. The final result is
given as their union.The threshold was set to be 10 in
the gray scale of 0 to 255. This value was applicable
to all the four CT data. Fig.5 shows one of the results.
The figure, which shows 2 back view and a top view,
was made by applying the marching cubes algorithm
to the final binary image. By comparing the automat-
ically extracted regions with the manually extracted
regions, we obtained accuracy of about 93%.

5

9 I
{b)Top View

' % view |
{#)Back View
Figure 5: Extraction Result CT#2
(1.Column 2.Rib 3.Pelvis 4.Left Kidney 5.Spleen
6.Stomach 7.Right Kidney 8 Liver 9.Pulmonary vein
10.Vena Cava 11.Heart)

5.4 Recognition




Table 2: Position of left kidney, spleen, and stomach

Table 1: Size of left kidney(LK),
spleen{SP), and stomach(ST)
T LK Spleen Stomach

CTITLK | SP | ST = - ~ p 7 T . !
#l 1l ] 14 ] - Z1]0.14 [ -0.23 | 064 | 0.10 | -0.34 | 028 | - T
#2411 | 15129 #2016 | -029 | 0.6 | 0.14 | 032 | 0.88 | 0.51 | 0.25 | 75
#3 | 11 | 16| 36 #3 | 0.14 | 095 | 0.62 | 0.08 | -039 | 0.23 | 0.47 | -0.96 ﬂgl
#4f - | 16| - # - - ~ | 008 | 027026 - -~ T
p|| L1 1150) 3.2 4 || 014 | -025 | 0.63 | 0.10 | -0.31 | 029 | 049 | 0.25 | 03]
o j| 004010} 0.40 ¢ [ 0.017 | 0.042 | 0.033 | 0.061 | 0.063 | 0.11 | 0.023 | 0.008 %

Abdominal organs are mutually connected through
veins and arteries. There are occasionally some organs
touched or connected, which require separation. The
touched organs can be separated by a combination of
RE and GI as was mentioned earlier. Then they can
be recognized based upon their gravity center and sizes
{along the x, y, and z axis}. See Table 1 and 2 for size
and position data, respectively, of left kidney, spleen,
and stomach. Then for an observed gravity center posi-
tion Pz,Py, and P, and sizes S;, Sy, and 5; we make a
simple statistical decision based upon a likelihood test
assuming that these values have a mutually indepen-
dent Gaussian distribution.

Table 3 lists the final recognition result where ‘0’
shows correct recognition, ‘X’ shows incorrect recogni-
tion, and ‘-’ shows a missing organ due to the fact that
the organ was already removed by surgery. Since there
are 34 organs in the four CT data and the number of
correctly recognized organs is 31, we have a recognition
accuracy of 91%. The reason for incorrect decision is
largely attributed to the fact that CT#1 and CT#4
do not contain a sufficient amount of dye.

Table 3: Organ Recognition Result

Organs HL U #2 | #3 | #4
Spine o ° o )
Ribs o 0 o o
P.Artery o 0 0 0
Vena Cava || x 0 0 x
R.Kidney 0 o - 0
L.Kidney 0 o 0 -
Spleen 0 o 0 s}
Stomach X 0 o] -
Liver o o) 0 o}
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6 Conclusion

It is found that 3D morphological operations g
very useful for our recognition task. Extraction i
largely done by conditional dilation and DTT to re
move noise and to extract bright regions. A combi
nation of RE and GI is found to be very effective fir
separating touched organs. Recognition was carried
out by a simple maximum likelihood test with organs'
positions and sizes.

As our future work, we would like to include more
CT data in order to gather more reliable statistics.
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