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Abstract Accurate segmentation of abdominal organs is a key step in computer-aided diagnosis (CAD) system. To
accurately segment a tissue, a volume of interest (VOI), in which the organ was located, was defined by a user. However, user
interaction usually makes the task laborious and time-consuming. Hence, we propose a method that finds the VOI bounding
box of the organ automatically based on the bone reference, which can be easily extracted from CT volumes. The basic idea of
our proposed method is to achieve anatomical localization according to the statistical geometric location of organs within the
bone reference. How to choose the bone as the reference was a difficult task, because the available abdominal volume have
large variation during imaging procedure. With taking these into consideration, we prepared four different bone references.
Using the adaptive selection of appropriate reference bone, the extracted bone from the input image is registered to the
reference. After registration of all tissues of the training images, we find the VOI of the ensemble of tissues and use it as the
organ bounding box. For the test images, according to the adaptive selection of bone reference, the candidate organ region is
extracted based on this organ bounding box. We demonstrated the effectiveness of our method by finding the bounding box of
kidney, liver and spleen.
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have been published on bounding box at the estimation

1. Introduction region of organs [5-12]. For the efficient, automatic
detection the ocahzahtﬁl of organs within 3D CT scans,
ion-based [5-7],
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bounding box of an organ, training images have

regi d to compe for scale and pose differences. In
conventional method, the diaphragm [10] or the xiphoid

{111 is used as the landmarks to transform. However, the

errors of landmark extraction may cause incorrect
estimation of the transformation.

Our algorithm incorporates atlas concept within a
bounding box construction by warping the bone. Since the
bone of the body is considered as a rigid part, we perform
regmstration using the bones. Due to variations in bone
shape/size, only depending on one style bone is not enough.
With taking these into consideration. we prepared four
different bone references for constructing the bounding
box.

For the training data, firstly, we extracted the bone of
the input image. Then, using the adaptive selection of
appropriate reference bone, the extracted bone from the
input image was r by an affine
transform. The transform matrix of the registration is
used to transform the d organ of the input data,
Finally, after registration for all training images, we find
the volume of interest (VOI) of the ensemble of this organs

gl d to the refi

and use it as the organ bounding box. For the test data,
according to the adaptive selection of bone reference, the
eundidalveorgmregionwnsextmctedbasedonthisorgan
bounding box.
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Figure 1 The flowchart of organ bounding box constructiy
The proposed method constructed the bounding Iy

based on the reference and training data. Firstly, we need
to manual segmented the organs of the training/roferony
volume by experts and used automated bone segmentation
method to extract the bones. Then, the bone registration
was used to transform the bone of training volume oot
the reference bone by affine transformation. We e
transform the segmented organ of the training volume
onto the reference volume by that transform matrie
Finally, the ensemble of the transformed organs ”f
regarded as the bounding box of this organ.
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Bgure 2 The Nowehart of bone segmentation method.

As shown in Figure 1, the ntensity range corresponding

© abdominal region (Figure $-a) 18 found using Otsu
thresholding wmethod. Finally, we used an itorative search

approach to find the bones threshold.
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Figure 8 (a) Intensity distribution of a typical CT
mmage. () One slice of a CT image. (o) The corresponding
segmented abdominal region.

Regastration was an important step in the whole process
sce it primarily influenced the overall accuracy of the
bounding box. We used an affine transform for the
registration. The affine transform
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considers translation,

2 "

Reference 1 Reference 2 Reference 3 4
Figure 4 The four bone references.

The problem was how to adaptively select the
appropriate bone reference when we wanted to register a
new data. We used the root mean squares (RMS) metric to
select the appropriate reference to register a new image.

Firstly, we registered an input bone to all four bone
references. Then, we calculated the RMS metric, defined
in Bq. (1), as a measurement for the accuracy of the

registration result.

RMS(R,M) = ’-;/—i(R,—M,) (D
=1

where &; and M; are the ith voxel of the reference and
moving image, respectively. In Eq. (1), N is the total
number of image voxels. When the RMS value is the
lowest, the input bone was registered to the proper

reference bone.

2.3 Organ bounding box construction

To build an bounding box of an organ, training images
have t

to compensate for scale and pose
i

one data as the reference and
eo i - Then, the bones of one
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d the VOI of the
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(a) ()] Data No. 1 Data No. 4 dData No. =
Figure 5 (a) Registration of bone (gray--reference bone, Figure 6 Bome segmentation an bo rengt:'tzn
blue--moving bone, green--the registered moving bone); (b) (gray--reference bone, ¥ S I, -

the ensemble of six registered organ; (c) the bounding box registered moving bone);
T (2). The organ bounding box
training data were registered, we
3. Experiments After the organ of all training
build the bounding box of the organ that the ensemble of

The proposed algori i i i 1
prop algorithm was implemented in MATLAB organs. In the last sections, we described how to estimate

d C++ i i
an environments. Our dataset comprised 60 CT the bounding box of the liver (Figure 4-c). However, we

1 , includin i i 23
oo i - it e L also extended our method to estimate the position of
Spleen, Left-kidney and Right-kidney (Figure 7).

(3). Finding the organ bounding box in the test data

0.683 X 1lmm? and a size of 512x512%(185-263) and the
other 5 data with a resolution of 0.663x0.663x 1.2mm? a

size of 512X 512 X (309-607). The organ (Liver, Splee
f il g Now, we used these organ bounding box for finding the
Left-kidney and Right-kidney) was manually segmented 3 5
correspondence organ region on the test image.
for all 60 data by the experienced experts, and 37 data

were randomly chosen as the training data for
constructing the organ bounding box and the remaining
23 were used for testing the performance.

(1). Bone segmentation and registration

In Figure 6, several cases of the extracted bones were
shown. Using the affine transformation, we registered
these bones with the adaptive selection of bone referencm
s I 1% ’ be ] 5

(b) Left- and Right-kidney
ng box of different organ
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Figure 9 The boundmg box on the test data
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