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Abstract

We present an algorithm for the segmentation of
the liver in 2-D computed tomography slice images.
The basis for our algorithm is an implicit active shape
model. In order to detect the liver boundary and guide
the shape model deformation, a boundary classifier has
been integrated into the implicit framework in a novel
manner. The accuracy of the algorithm has been evalu-
ated for 20 test cases including both normal and abnor-
mal livers.

1 Introduction

In perfusion computed tomography (CT) [6], the
spread of contrast agent within an organ is monitored in
a time series. This allows quantifying important diag-
nostic measures like blood flow and volume, alterations
of which may for example indicate tumors or strokes. It
is beneficial to have a segmentation of the organ, as one
of the model inputs for perfusion imaging is the mean
tissue time attenuation curve. In addition, segmenta-
tion could also form the basis when registering the time
series in order to compensate for respiratory motions.
Since even state of the art CT scanners are not capable
of acquiring larger structures like the liver at high tem-
poral resolution, perfusion CT is often limited to few
slices which encompass the region of highest interest.
Thus, we focus on 2-D segmentation of organ cross-
sections in the following.

The remainder of this paper is organized as follows:
in Sect. 2, related work is summarized. The proposed
method is described in Sect. 3. Evaluation results are
presented in Sect. 4, followed by a discussion and con-
cluding remarks in Sect. 5.

2 Related work

Several approaches have been proposed for the seg-
mentation of the liver in 2-D and 3-D datasets. Lim
et al [4] obtain a 2-D segmentation by first perform-
ing a combination of thresholding and multi-scale mor-
phological operations. The initial shape is then refined
by searching for a smooth path in a gradient label map.
Liu et al [5] employ a gradient vector flow (GVF) active
contour for segmenting the liver. A Canny edge detector
is used to generate an edge map, which is preprocessed
in order to eliminate erroneously excluded concave re-
gions prior to the GVF calculation.

A large number of interactive, semi-automatic, and
fully automatic approaches for the 3-D segmentation of
the liver competed in [2]. The most successfully auto-
matic method was contributed by Kainmüller et al [3].
Like most other 3-D methods, it is based upon an active
shape model (ASM) [1] of the liver. A heuristic inten-
sity model is utilized for fitting the shape model to the
image data.

3 Materials and methods

Segmenting organs in CT scans is a challenging task,
as reduced radiation dose limits signal-to-noise ratio
and contrast. Tissues belonging to different organs of-
ten are difficult to distinguish, for example at the bound-
ary between liver and muscles surrounding the ribs.

Most 2-D liver segmentation methods base on some
kind of active contour model. Heuristic approaches are
usually incorporated to prevent the formation of inad-
missible shapes, e.g. by removing concave regions, as
mentioned above. This, however, limits their general
applicability. In contrast, the majority of the 3-D meth-
ods employ active shape models. The increased robust-
ness comes at the cost of a reduced flexibility of the
model, which is usually relieved to some degree by al-
lowing free-form deformations. When applying active

978-1-4244-2175-6/08/$25.00 ©2008 IEEE







Table 1. Evaluation results for all test
cases. From left to right: area overlap (%)
and rel. difference, symmetric mean abs.,
root mean squared, and max. boundary
distance (mm).

Case AOL A∆ dabs drms dmax

1 96.4 0.7 1.9 3.0 14.6
2 97.4 -0.3 1.1 1.7 7.9
3 98.5 -2.3 0.7 1.0 4.7
4 95.6 1.0 2.9 6.0 27.2
5 95.2 -2.4 2.3 4.3 19.0
6 97.4 -2.9 1.3 1.8 6.8
7 96.7 -3.3 1.2 2.1 12.0
8 96.4 0.7 1.9 4.3 22.2
9 81.1 -28.6 11.0 22.2 79.0

10 96.5 -6.2 1.7 2.4 9.4
11 97.3 -0.3 1.6 2.3 9.3
12 97.6 -2.4 0.9 1.5 7.2
13 89.7 -5.1 4.3 7.0 26.1
14 97.6 -2.6 1.1 2.2 14.9
15 96.8 -4.2 1.6 2.7 12.4
16 95.3 -0.2 2.5 4.1 19.4
17 94.7 -3.7 2.6 5.2 26.0
18 93.5 -5.9 3.6 6.5 32.7
19 95.4 -6.6 2.3 3.3 13.2
20 97.2 -0.9 1.3 2.3 11.0

Figure 2. Segmentation results for case 2
and 3 (top row) and case 7 and 9 (bottom
row).

the area overlap is larger than 95% while at the same
time, the mean absolute surface distance is below or
close to 2 mm. Large maximum boundary distances are
mostly caused by deviations in the region of the vena
cava. Undersegmentation occurred at the apex of elon-
gated livers. The algorithm failed for case 9. Due to a
bad initialization, the right part of the liver was entirely
missed and the fitting only took place for the left part.
For images with poor quality or pathologies (e.g. the tu-
mor in case 3, see dark region in Fig. 2), the algorithm
proved to be robust.

One possible direction of future research could be
the inclusion of a region term besides the boundary term
in order to obtain a more global solution. Furthermore,
by utilizing individual appearance models for different
regions, the quality of boundary detection might be in-
creased.
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