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Abstract—Probabilistic atlases based on human anatomy
structure have been widely used for organ segmentation, which is
used as a prior probability in a Bayes framework. The challenge
is how to register the probabilistic atlas to the patient volume.
Taking these into consideration, we propose a template matching
framework based on the probabilistic atlas for spleen
segmentation. Firstly, we find a bounding box of the spleen based
on human anatomical localization, which is the statistical
geometric location of spleens. Then, the probabilistic atlas is used
as a template to find the spleen in this bounding box by using
template matching technology. We apply our method into 60
datasets including normal and pathological cases. The
Dice/Tanimoto volume overlaps are 0.922/0.857, the root-mean-
squared error (RMSE) is 1.992 mm. The algorithm is robust to
segment normal and abnormal spleens, such as the presence of
tumors and large morphological changes. Meanwhile, our
proposed method was compared with conventional atlas-based
methods. Results demonstrate that segmentation accuracy
improved using our method.
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I.  INTRODUCTION

Accurate segmentation of abdominal organs is a key step
in computer-aided diagnosis (CAD) system. A variety of
methods for organ segmentation have been proposed in the
literatures. It can be summarized as: classification-based[1-2],
region-based[3], contour-based[4], graph cut-based[5]. These
segmentation methods are only based on gradient or intensity
analysis and do not use any anatomical information. Their
performance is not good enough when the image contains
noise and the contrast between objects and background is low.
Recently, significant effort has been forwarded to the
development of anatomical models-based method for organ
segmentation, such as probabilistic atlas[6-8], statistical shape
model. In anatomical model based methods, the anatomical
model can be used as a prior location and shape information of
organs. These methods are robust against noise, however, they
are sensitive to initialization of their parameters such as initial
contour. Our research is focused on the probabilistic atlas-
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based segmentation method. Currently, rich literatures have
been published on probabilistic atlases at the abdominal
organs. Probabilistic atlas-based organ segmentation, however,
poses a number of challenges. Accurate mapping of the
probabilistic atlas onto the input CT volumes is difficult
because of the variability in organ shape. Park et al. [6] used
an atlas registered with thin plate spline to propagate the
segmentation of liver, kidneys, and spinal cord. Using a
similar principle, a priori data from probabilistic atlases were
used to initialize the segmentation of abdominal organs in [7]
and [8]. The construction of these abdominal atlases required
user interaction through manual landmarks.

However, there are two limitations of these segmentation
methods: (1) Errors of landmark extraction may cause
incorrect estimation of the transformation; (2) Even though we
can estimate the transformation of landmarks accurately, it is
difficult to estimate the accurate transformation of the organ
because of the large variation of anatomical structure. Since
the bone of the body is considered as a rigid part, we perform
registration using the bones in our method. Due to variations
in bone shape/size, only depending on one style bone is not
enough. Hence, we prepare four different bone references for
our segmentation method.

In this paper, we propose a template matching framework
based on probabilistic atlas for spleen segmentation. In our
proposed method, we first find a bounding box of the organ
based on human anatomic structure, which is the relatively
rigid characteristics of spleen position; and then the
probabilistic atlas is used as a template to find the spleen in
this bounding box by the use of template matching.

Il. METHOD
The proposed method segments the spleen based on a set
of prior information. Prior information includes the

approximate location of an organ, histogram of the organ's
intensities, and a probabilistic atlas of the organ. The organ
bounding box is employed to estimate the approximate
location of an organ for the observed data. The histogram of
the organ's intensity is used to build the likelihood probability



model (likelihood map). Then, the likelihood map together
with the probabilistic atlas is employed in template matching
technique. The template matching is proposed to estimate an
initial segmentation of the organ. Furthermore, the ‘Geodesic
Active Contour' (GAC) algorithm [4] guarantees the
smoothness of the final result. The framework of our proposed
method is shown in Fig. 1.
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FIGURE I. THE FRAMEWORK OF OUR PROPOSED SEGMENTATION
METHOD.

A. Organ Bounding Box Construction

The development of bounding box-based method is a new
trend for organ segmentation, which can be easily extracted
from CT volumes. Our algorithm incorporates atlas concept
within a bounding box construction by warping the bone.

FIGURE Il. AN EXAMPLE OF THE SPLEEN BOUNDING BOX
CONSTRUCTION. (A) EXAMPLES OF BONE EXTRACTION; (B)
REGISTRATION OF BONES; (C) THE ENSEMBLE OF SIX
SPLEENS WITH ITS BOUNDING BOX.

For bone extraction, the first step of our method is finding
the abdominal region using the Otsu thresholding. Next, we
model the intensity range of bones by a 'Dynamic Gaussian
Mixture'. Then, we employ region-growing algorithm to
segment bone, and use morphological operators to refine the
results. As explained above, due to the variation of bone, we
prepare four different bone references. We use an affine
transform for the registration.

To build a bounding box of spleen, we firstly extracted the
bone of the input data. Then, using the adaptive selection of
appropriate reference bone, the extracted bone from the input
data is registered to the reference by an affine transform. Thus,
the segmented spleen mask of this input data can be
transformed by the same transformation. Finally, after
registration for all the training data, we find the volume of
interest of the ensemble of spleens and use it as the bounding
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box of organ. Fig. 2 give an example of the spleen bounding
box based on six cases.

B. Likelihood Probability Model

Likelihood probability model (or likelihood map) of an
organ refers to an image in which the intensity of a pixel
corresponds to the probability of belonging to that organ. To
reduce the irrelevant neighbouring tissues from the input
candidate organ region, the Gaussian model is applied for
analyzing the input organ intensity distribution by the
following equation.
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The Gaussian parameters mean# and variance & * could be
estimated by observing the density histogram of the spleen. A
likelihood map for spleen is generated that the intensities of
the pixels in the original CT image are converted into a
probability using the histogram of the spleen, as shown in Fig.

FIGURE Ill. ESTIMATION OF THE SPLEEN PROBABILITY MAP ON
CT IMAGE.
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C. Probabilistic Atlas Model

The organ probabilistic atlas can serve as a prior
probability map of the spleen. The segmented spleen masks in
the training data were used to build a probabilistic atlas for the
spleen. A single training spleen mask is arbitrarily chosen as
the reference image, and the rest of the spleen masks are
regarded as the moving images and registered to this reference.
In our proposed segmentation method, the probabilistic atlas is
used as a template to detect the organ in the organ bounding
box by the use of template matching technology. Thus, when
the probabilistic atlas is constructed, we select the largest
region that containing all the input organ masks as our atlas
template.

D. Template Matching

Template matching is one of the key innovations of our
algorithm. The template matching is based on the idea that
those pixels, which belong to organ, have similar intensities to
the organ's histogram and their locations are in parts of the
image where organ may be found with a higher probability.
We use prior information of the spleen bounding box to
restrict the processing region in template matching. The
template matching algorithm moves the probability atlas in the
bounding box of the spleen and multiplies the probability atlas
by the likelihood map. The summation of probabilities of

pixels of the result is used as an indexJ_[JX’JV’le. The
output of the template matching which corresponds to the
maximum index is used to find the best location of the initial
segmentation of the spleen.
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where and

J2 € LJasan Jzeﬂd]. The probabilistic atlas can be regarded as
the template to search the best pose from the beginning of the
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the spleen probabilistic atlas.
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Il. RESULTS

Our dataset comprised 60 CT volumes, including 55 data
with a resolution of 0.683X0.683X1mm3 and a size of 512X
512X (185-263) and the other 5 data with a resolution of 0.663
X0.663X1.2mm3 and a size of 512X512X(309-607). The
spleen masks were manually segmented in each data by the
experienced experts. For our dataset, 38 data were randomly
chosen as the training data for constructing the organ bounding
box and probabilistic atlas, the remaining 22 were used for
testing the performance.

The dice coefficient (Dice) and Tanimoto volume overlap
(VO) are the most popular methods to evaluate segmentation
accuracy. These two metric are given in percent and based on
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the voxels of two binary 3D volumes, “manul as the manually

and Vauo as the automatically segmented organ.
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In addition, we use the root mean square error (RMSE) to
estimate the accuracy based on the surface points of two 3D
volumes.

In order to make a comparison, we showed the result using
conventional method (Con_Seq), in which the transformation
between the reference bone and the patient bone was directly
applied to the atlas, in Fig.4(c). The white regions had a higher
probability of belonging to spleen. Comparison the original
CT image (Fig.4(a)) with the corresponding likelihood map
(Fig.4(b)), it revealed that the spleen can be more easily
distinguished from other tissues in the likelihood map.
However, if we combined the atlas with likelihood map, the
other tissues with similar intensity would be significantly
reduced, as shown in Fig. 4(c) and (d). Moreover, it can also
be seen that there were still a lot of other tissues in the
conventional method even we used a probabilistic atlas,
because we cannot align the atlas to the patient volume
accurately, while our proposed method can achieve more
accurate alignment. Template matching was utilized to
improve the accuracy of the registration.
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FIGURE IV. COMPARISON OF SEGMENTATION RESULTS BY
CONVENTIONAL METHOD AND OUR PROPOSED METHOD
WITH TWO DIFFERENT PATIENTS. THE FIRST ROW IS CASE
10 (NORMAL) AND THE SECOND ROW IS CASE 11
(PATHOLOGICAL).

Additionally, a pathological spleen was segmented in Fig.
4(f)-(j). The results demonstrated the robustness of our
proposed algorithm in the presence of tumors. As explained as
the above, the template matching was aimed to estimate an
initial segmentation of the spleen. Furthermore, the GAC
algorithm was applied to obtain the final result, as shown in
Fig. 4(e)-(j)- The red ones were segmented spleen slice, which
are overlaid with the original CT slice. It can be seen that
accurate segmentations have been achieved.

TABLE I. ACCURACY OF OUR PROPOSED METHOD WITH DIFFERENT METRICS.

Mean Dice VO RMSE
0.463
Con_Seg 0.606 3.104
0.857
Our_Seg 0.922 1.992
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Table 1 listed the average of Dice, VO and RMSE between
automated and manually segmentations for all 22 test CT
scans. It indicated that there was a significant difference in all
the metrics when compared results using Con_Seg with those
using Our_Seg. The simulation has verified that the
performance of Our_Seg was much better than Con_Seg for
segmenting the spleen.

IV. CONCLUSION

In this paper, we proposed a template matching framework
based on probabilistic atlas for spleen segmentation. In our
proposed method, we first found a bounding box of the spleen,
and then the probabilistic atlas was used as a template to find
the spleen in the bounding box using template matching
technology. Compared with the conventional method, our
proposed method can significantly improve both segmentation
accuracy and robustness. As the works for the future, the
proposed method can be extended to segment other organs.
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