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Abstract— Information about abdominal wall can be used for
many applications from organ segmentation, registration, and
surgical simulation. The challenges exist in abdominal wall
extraction due to its varieties in shapes, connection to the
internal organs and anterior layer edge formed between the
muscle and fascia/fatty layer, which may distract the shape
model. In this paper we present an approach to the posterior
abdominal wall extraction using the shape model and other
abdominal context, particularly with the rib-spine bone
information and the wall image features. The shape model is
constructed based on the training abdominal walls that are
delineated manually. After bone information being extracted,
the wall shape deforms from the prior shape model using the
snake, which is constrained by the bone context and guided by
the processed image energy map with the aim of removing
distracted image features of anterior abdominal wall and the
outer region from the original map. Meanwhile, an overall
convex shape is maintained by limiting the angles of the contour
points. The proposed approach is tested on abdominal CT data
which provides encouraging results.

I. INTRODUCTION

Extraction of abdominal wall is part of the basic steps in
many medical applications such as chest examination [1],
treatment and measurement [2], surgical simulation [3], organ
visualization and segmentation [4-7]. It is still a tedious work
for manual delineation [3,7]. Furthermore, automatic
segmentation of the posterior (inside) abdominal wall is
challenging because the wall tissues may connect to insider
organs that have similar intensity. There may be strong edges
between the muscle and fascia, and the intensity of wall tissues
varies in different CT scans.

There are some works studying the automatic wall
extraction from CT images. In [6], Shimizu et al used active
cylinder for wall segmentation, which is further used to assist
the abdominal organ segmentation. It is a simplified model of
wall and there is no result reported on the wall extraction.
Ding et al proposed to use Mixture of Gaussians (MoG) to
model the wall voxel distribution [3], where a free form
deformation was applied to extract the 3D abdominal wall. In
order to build the MoG model, it used partial bone
segmentation to locate wall voxel sampling. There are cases
that the inner organ could be imaged with very similar
intensity to the wall muscles, and bone intensity distribution
can be quite different in different CT scans. In [7], an
interactive wall segmentation method was presented by Wu et
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al to manually segment several wall slices and interpolate
them to the rest slices for the whole abdominal wall
segmentation. Level set with texture was used by Xu et al for
anterior wall segmentation [8] with texture probability map
being integrated into the model. It is difficult for posterior wall
segmentation as more clutters are inside the abdominal wall.
In work [9], the rib bone information was also used to partially
segment the wall and organ.

In this paper, we present an approach for the automatic
segmentation of posterior abdominal wall using prior shape
model and context of bone localizations. The prior shape of
posterior abdominal wall is learned using active shape model
(ASM) and the bone including the spine and rib bone is
introduced as the constraints to limit the over-deformation
when the abdominal organ and wall tissue have similar CT
attenuation.

II. ABDOMINAL WALL SEGMENTATION

Abdominal wall is consisted of several layers of different
tissues [10]. The approach presented here includes the prior
model of the abdominal wall, bone extraction and deformable
model for wall extraction, where the prior shape is modeled
based on ASM. The bone, especially the rib can be extracted
using bone extraction. Finally, the shape deformation is
conducted using the snake with the bone and shape context as
constraints.

A. Pre-processing

The CT images are preprocessed through a series of
techniques, including smoothing, anisotropic diffusion,
contrast enhancement and down sampling to 256 X 256,
which reduce the image noise while retaining the important
features of the underlined structures, such as edges and lines.
The pixel resolutions of the original CTs are in the range of
0.6289mm~0.7820mm.

B.  Model of posterior abdominal wall

Introduced by Cootes et al [11, 12], ASM model is
constructed from pre-annotated wall contours. We select N
training images from the dataset (N=66 in our experiment).
For a wall contour from a training image, 3 critical points with
maximum curvatures are obtained and » landmark points
(n=100 in our experiment) are equally spaced in between. The
contour can be expressed as a 2n element vector, x, where

X = (Xq, oo Xy Vs s Vi) T (D)

All the vectors {x;,j=1,...,N} are generated and aligned into
a common coordinate system by removing the translation,
rotation and scale for each shape. In order to make it easier to
model the shape characteristics, Principal Component
Analysis (PCA) is applied to the data. Thus, any of the training
set X can be approximated as
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X ~ X + Pb, 2

where Xis the mean shape of the model, P contains k
eigenvectors of the covariance matrix and b is a £ dimensional
vector given by

b=PT(x—X). (3)

The vector b defines a set of parameters of a deformable
model controlling the modes of variation.

By using k-means method, training data{xi,...,xj} are
partitioned into more groups, based on which, several shape
models are constructed. In k-means, k=3 is used to constructed
multiple models. Together with the shape model built from all
data without partition, we obtain 4 shape models as the
initialization of wall contour for each CT slice.

C. Bone extraction

Abdominal wall has many layers of structures and the wall
anatomy is complex [10], which makes it difficult for the
deformable model to optimally fit to the desired posterior
wall. One of the context features that can be used to locate the
posterior wall is the bone position. Direct thresholding can
generate some of the bones in spine and ribs. In CT data, the
rib cage bone can be captured at 175 Hounsfield unit (HU)
[13]. However some organ tissues could also be segmented
using the HU value. To keep the bone information only we
empirically increase the threshold by 50% to 260 HU to have
the dense bone segmented. It is still challenging for cartilage
segmentation due to the similar CT attenuation of cartilage
and muscle. In this paper we will rely on the spine and rib as
context for the posterior abdominal wall shape model
deformation, i.e., the bones are always located out of the
posterior wall. Full bone extraction methods of the rib and
spine [14, 15] can serve our purpose well.

D. Deformable model for wall fitting

The ASM model can be optimized to the wall at lung area
as the chest cavity is mostly dark area. An initialization of the
mean model of ASM is adjusted by fitting the shape with all
bone pixels out of the shape.

Mean contour is firstly scaled down to position within the
abdominal wall according to bone pixels by varying the
movement and scaling iteratively and is found as the one with
the maximum area. Following this, contour will move towards
its normal direction until it meets a bone point. The moving
depends on whether there is a bone point at the direction
similar to its normal direction of the wall contour. If positive,
it will move along the normal direction at a given step.
Otherwise, no motion is allowed at the point. The actual
movement is smoothed using Gaussian filter based on the
distance that each point will be affected by its eight neighbors.
For each ASM model, the process above will be applied and
the resulted contour with maximum area among the 4 models
will be chosen. In this way, a best fit initialization is obtained.

This process is illustrated in Figure 1. Bones and spine are
shown in red while contour is shown in green. The left image
shows the results of scaling down 4 different ASM shape
models. The middle image shows the deformation results from
position in the first one based on the bone context. In the right
image, the only red contour is the one with the maximum area
among the four and will be placed for later use.

Figure 1: Process of initialization using 4 ASM shape models

Before the deformation using snake, the contour is
adjusted according to the bone position smoothly. As the
abdominal wall may become smaller than the one in the
previous slice, there may be bone points inside the contour.
The contour moves those points from the bone along its
normal direction. Then the snake with bone and angle
constrains will be applied. Snake is a parametric contour [16,
17] that deforms based on the internal forces and image forces
which also called external forces to minimize the energy
function. A snake model can be written as

1 1
Esnake = fo Eintern(x) ds + fo Eimage(x)ds.  (4)

Explicitly, the internal energy of snake is defined as

Eintern(®) = 2 (@l ()2 + lx" ()2, (5)

This term controls the tension and rigidity of the snake by
varying the two weighting parameters o and B respectively.
The x' (s) and x"(s) denotes the first and second derivatives of
x(s) with respect to the arc length s. The image energy is
represented as a combination of energy for different image
features, such as line, edge and termination, which is given as

Eimage(x) = WlineEline + WedgeEedge + WtermEterm' (6)

where Wijue, Wegee and wy,,.,, denote the weights of respective
energy terms. Eje, Eeqq and E,,, are expressed as follows,
respectively

Eline = —Gg *x1(x,y), (7

Eedge =4 Iz + 13% ’ 3
IyylZ=2LeyLely+1yl?

Eterm = S (I)%:}IIJZ:)C;//Z = y' )

where G, is a Gaussian of standard deviation o, /(x,y) is the
image, 1, I, are the first derivatives of the image with respect
to x and y respectively, and /., I, are the second derivatives of
the image with respect to x and y respectively.

During each iteration, the movement of the contour is
derived by calculating the first order derivatives of
preprocessed image energy, which is also the image force
field. In this proposed method, image energy map is
preprocessed by removing the anterior abdominal wall and its
outer region. The anterior abdominal wall consists of strong
edges, sometimes even stronger than the posterior abdominal
wall, which will attract the snake more than the posterior wall
when no rib or cartilage bone is shown. Meanwhile, bone
context and angle information are used to regularize the snake.
If there is any bone point inside the contour, the point nearest
to it on the contour will be found and its deformation step in
this iteration will be set to zero. Similarly, convexity or
curvature at non-spine area will be preserved as well. When
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those contour points over deform, the convexity or curvature
will go beyond the limit, the moving steps will be set to zero.
In order to make the movement of snake smooth, the moving
steps are smoothed using Gaussian filter.

When snake stops, there could be some bone points inside
the contour. To make the contour deform away from bone
points, contour points near those bone points move in their
normal directions smoothly.

Once the first wall contour is segmented, it will be used as
the initial contour for its neighboring slice.

III. IMPLEMENTATION ISSUE

A. Extract anterior abdominal wall

Strong edges, especially the anterior abdominal wall may
attract snake to a local minimum. Therefore, without the bone
pixel constraint, it may converge to wrong locations. Thus, it
is necessary to extract the anterior abdominal wall and remove
it as well as its outer region from the image energy map.

Firstly, the outermost boundary is obtained by finding
points with the largest number of connected components and
the rest is removed from the map. The outermost layer is the
skin layer, which is the blue contour in the middle image of
Figure 2. The layer has a thickness due to the smoothing
operation when generating the external energy map. We used
erosion morphology operation to remove the outmost skin
layer. Therefore, an inner boundary can be obtained (the red
contour in the middle image). In the snake energy map [16],
since the coefficient used for smoothing is a constant for all
CT images, the size of the erosion structuring element can be
fixed at 7x7. Within the inner contour, the remaining energy
map will be converted to a binary map regarding to a
thresholding T=0.15. Following morphological operation to
ensure the closed the boundaries in the binary map, an anterior
abdominal wall can be obtained in the end.

Figure 2: Anterior abdominal wall extraction process from image energy map
(blue line for outer boundary and red line for inner boundary)

The whole anterior abdominal wall extraction process can
be shown as Figure 2. From left to right, they are original
image energy map, outmost wall extraction and anterior
abdominal wall extraction. Since image energy map is
generated from the smoothed edges, in the right image, the
blue contour shows the outer boundary and the red contour
represents the inner boundary of the anterior wall. The image
energy at the anterior wall can be removed by a further
morphological opening operation.

B. Maintain an overall convex shape

In order to maintain an overall convex shape, angles among
points other than those being around spine are checked in
each iteration. For example, for point p;, three angles are

checked for robustness: angle 8; between point p;; and point
Piv1, angle 0, between point p;.; and point p;.», and angle 6;
between point p;.; and point p;.;. These angles are obtained by

-1 Vg

6, = cos TATTA (10)
V. =p; —Pins (11)
Vi =Di — Din, (12)

where V_and V. are two vectors used for angle calculation
and n=1,2,3. If §,1s larger than 190 degree, point p;., and p;.,
will not move in this iteration. The angle is empirically
obtained by learning from 90 slices randomly selected from
different CTs. Large angle leads to too much deformation,
while small angle makes snake hard to move.

IV. EXPERIMENT AND DISCUSSION

There are 6 patients’ CT data (each has 64~220 images)
are tested in the numerical experiments and labeled 66 wall
contours are used for ASM training. Each wall contour is
sampled by 100 points.

The segmentation performance is evaluated using Area
Overlapped (AO), Average Distance (AD), Maximum
Distance (MD) and Root Mean Square distance (RMSD) [18].

TABLE L SEGMENTATION RESULTS OF 6 DATA SETS

Dataset AO% AD (mm) MD (mm) RMSD
(mm)

1 94.99 1.1556 10.3021 1.6205

2 94.70 0.9948 6.5703 1.4026

3 93.43 1.2959 9.1213 1.9376

4 93.84 1.5020 13.5884 2.1217

5 91.48 1.3543 12.2982 1.9415

6 95.00 1.0440 7.5295 1.5412
Mean 93.91 1.2244 9.9016 1.7609

Table I summaries the results of the proposed model,
which are compared with the manually labeled ground truth.
The ground truth was provided by one expert. From the test,
reliable posterior walls can be extracted for most of the slices
despite of differences existing among datasets. In Figure 3,
selected results overlapped with the ground truth from data 6
are shown. As comparison, the method in [7] achieved
segmentation result with AD error from 0.71~1.27mm with
STD 0.36~0.99 based on the number of selected slices labelled
manually for interpolation. In our method, it is fully automatic
and the mean STD is 0.67.

The small, average and minimal distances demonstrate
that our method can fit to abdominal wall well, while a large
maximum distance may be caused by the following three
situations as shown in Figure 4. The left-most image of Figure
4 shows a common situation for segmenting CT images with
no rib information. Since the edge information is quite weak, it
is difficult for the snake to find the correct wall location. This
may be improved using a spine model to maintain a similar
shape around spine. For the middle image in Figure 4,
although the edge indicated by the blue line is strong enough,
snake cannot deform over due to the constraint, which try to
make the shape smooth and convex on the top part of the wall.
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The case shown by the right-most image sometimes happens
when there is bright inner organ near the wall, such as kidney.
This kind of organs has strong edges that pull snake towards
them gradually and trapped onto it.

Figure 4: Detailed comparison results (red line for ours, blue line for ground
truth)

The proposed method can be further improved in future
works through a few approaches. Firstly, the appearance
profile can be used to guide snake to a location of the real
posterior wall by assigning wall edge probability, since
abdominal wall has an overall dark-to-bright profile from
inner to outer. In this way, snake can avoid being trapped to
viscera, since its profile is generally bright-to-dark that is
different from the situation of the posterior wall. Secondly,
since this algorithm relies on the detection of bones including
rib cage, spine, breastbone, and even costal cartilage, the
efficient detection methods of these structures can improve
the wall extraction. Thirdly, more accurate anterior
abdominal wall extraction can be applied using the method
proposed in [2].

V. CONCLUSION

In this paper, we proposed an intuitive approach combining

snake with constraints from the bone and anterior abdominal
wall contexts to segment posterior abdominal wall in CT data.
The ASM prior model is used for a good initialization and
snake with constraints performs for the final posterior
extraction. The experimental results show that these
constraints can effectively control the movement of the snake
from over-deforming towards the exterior of the abdominal
cavity. However, due to the nature of the snake model, being
occasionally attracted to viscera is unavoidable for the
proposed approach.
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