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Abstract
Liver segmentation from CT scans is still a challenging task due to the liver
characteristics in terms of shape and intensity variability. In this work, we
propose an automatic segmentation method of the liver from CT data sets. The
framework consists of three main steps: liver shape model localization, liver
intensity range estimation and localized active contouring. We proposed an
adaptive multiple thresholding technique to estimate the range of the liver
intensities. First, multiple thresholding is used to extract the dense tissue from the
whole CT scan. A localization step is then used to find the approximate location
of the liver in the CT scan, to localize a constructed mean liver shape model. A
liver intensity-range estimation step is then applied within the localized shape
model ROI. The localized shape model and the estimated liver intensity range are
used to build the initial mask. A level set based active contour algorithm is used
to deform the initial mask to the liver boundaries in the CT scan. The proposed
method was evaluated on two public data sets: SLIVER07 and 3D-IRCAD. The
experiments showed that the proposed method is able to segment to liver in all
CT scans in the two data sets accurately.
Keywords: Automatic segmentation, Intensity analysis, Localized contouring,
Multiple thresholding.
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1. Introduction
Liver cancer considered as one of cancer diseases that cause high number of deaths
every year. Liver cancer treatments can be generally divided into three categories:
surgical resection, liver transplantation and minimally invasive treatments such as
ablation. However, all these kinds of procedures require accurate diagnosis and
planning [1].
Medical imaging using computed tomography (CT) scans play an important role
in liver cancer diagnosis. It is considered as one of the non-invasive diagnosis tools
for hepatic diseases. It is the most commonly used imaging techniques for liver cancer
diagnosis, since it gives accurate anatomical information about the abdominal organs
in the human body [2].
Liver organ segmentation from CT scans is an important step in medical imaging
applications, since accurate identification of the liver anatomy helps in clinical
assessment of the risks and benefits of hepatic interventions [3]. However,
determination of anatomic segments of the liver manually from Computed
Tomography (CT) scans in 3D is a tedious and time consuming process. Besides that,
it greatly depends on the skills of the physician or doctor who perform the
segmentation task. Therefore, there is a need to automate the segmentation process.
Automatic segmentation of the liver from CT scans is a challenging task because
of many reasons. Low contrast and blurry edges are the main characteristics of CT
images, which makes liver delineation a challenging task. This is due to neighboring
tissue and organs such as the heart, spleen and kidneys having similar intensities [4].
The non-uniformity of the distribution of injected contrast media impose and additive
complexity. Moreover, the liver has high variability in terms of shape and volume
between different patients [5].
In this paper, we propose an automatic intensity based segmentation technique.
Within our framework, a multiple thresholding method is used to extract the
approximate intensity range of the liver in the CT scan. It is a challenging task,
because other surrounding organs and tissue have similar intensities with the liver.
The method is initialized by localizing a mean shape model of the liver in a CT image.
A multiple thresholding approach is utilized based on two automatic thresholding
techniques, the Otsu method and using Gaussian mixture models with expectation
minimization. This multiple thresholding approach is applied in the region of interest
(ROI) found using the localized liver model to find an approximate liver intensity
range. This liver intensity range is then used with an active contour algorithm to
segment the liver from CT scan.

Related work
Computer-aided systems have contributed significantly in the diagnosis of the liver.
These systems show the anatomical structure of liver and its vessels in the form of
volumetric views, giving the surgeons the ability to assess and take accurate decisions
about the patient’s situation within shorter period of time. Within the component of
such computer aided systems, accurate segmentation of the liver from CT images
arguably is the most important and challenging task [1, 6].
Many segmentation techniques have been proposed to segment the liver from CT
scans, as evident from numerous reviews published [1, 6-8]. As per Luo et al. [7],
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based on the image features used, we can generally divide segmentation techniques
into three categories: intensity based segmentation, shape model based segmentation
and texture based classification. As our work is intensity based utilizing a shape
model, we limit this review to these two broad categories. We also look at hybrid
techniques, which in general combine intensity-based techniques with shape models.
Intensity based techniques aim to find the intensity range of the liver organ by
applying a statistical analysis on the intensities in CT scans [5, 9, 10]. The idea is to
produce a binary image, based, rather directly, on the properties of the intensities
present in the CT scan. Intensity based techniques can be further divided into a
number of sub-categories: thresholding, clustering/classification, active contour,
region growing and graph cut methods.
The simplest techniques are those based on thresholding, such as using the Otsu
algorithm. Techniques that are more sophisticated are those based on clustering or
classification, such as those based on Otsu, k-means or Gaussian mixture model
(GMM) clustering. These are used to extract a rough segmentation of liver based on
an assumed class of intensities. Clustering techniques can be combined with other
methods, Foruzan et al. [5] used a semi-automated method, initialized by a manually
selected slice that has the biggest cross section of the liver. They used GMM with
expectation maximization (EM) to apply an adaptive threshold based on liver
intensity statistics. The initial segmentation is then further refined by a geodesic
active contour. However, the technique was unable to include the liver vessels within
the liver segmentation, and that affects the segmentation results significantly,
especially when the vessels have higher intensity values compared to liver tissue.
Goryawala et al. [10] on the other hand, use the k-means algorithm to form five initial
clusters, from which an initial mask is constructed for an active contour method. The
authors tried to minimize human intervention by designing the initialization masks
for region contouring.
Active contour methods can also be used more independently. Altarawneh et al.
[11] proposed a semi-automatic level set based active contour method to segment the
liver in CT images. They proposed a modified distance-regularized model to guide
the contour evolution. A manually selected reference slice initializes the method,
which can be the middle slice or the largest cross section of the liver. A previously
segmented slice then becomes the initial contour for an adjacent slice.
Region growing methods aim to combine voxels that have similar intensity values
with each other [7, 12, 13]. The most important step in these methods is seed
selection, which is usually provided manually by the user [7], a region-growing rule
then needs to be specified. Wang et al. [14] proposed an improved segmentation
method based on three dimensional region growing method, they adopted a 18neigbourhood 3D ROI for region growing. The seed point will grow to the 18
neighbourhood directions at the same time, so the correlation between slices can be
fully utilized. In most proposed methods, the initial seed selection has high impact
on the results. In general, region growing works well with homogenous liver
intensities. However, under-segmentation cannot be avoided when tumors are
present, especially with big tumors. Over-segmentation by connection with neighbor
tissues is also a problem with region growing methods [9, 15].
Graph cut techniques are based on the idea that an image can be considered as an
undirected graph. In this graph, pixels or voxels are represented as vertices, and the
connections between them are represented by edges. The weight of the edges
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represent the connectivity and the similarity of the vertices in terms of their
intensities. Graph cut methods can be used to optimized other methods such as shape
models which are explained below [16, 17]. Wu et al. [18] proposed a semiautomatic
graph cut method to segment the liver and tumors. The method starts by applying
low-level processing steps to generate the threshold range, which is followed by a
supervoxel generation step using simple linear iterative clustering of the liver region
of interest. Then the graph cut approach is applied on the seed extracted from the
largest slice to segment the liver. Liao et al. [19 ]proposed an automatic method based
on the graph cut and border marching to segment liver in CT scans. They use an
intensity model and PCA regional appearance model to enhance the contrast of liver
compared to the background. Then the graph cut is used based on these models and
the location constrained to segment the liver in each slice iteratively.
Shape model based techniques depend on a probabilistic model that represents the
variation of the shape of organs, as prior knowledge to impose constraints in an image
segmentation task [18-22]. Model-based segmentation methods usually consist of
two stages, the first stage is to initialize the location of the model, while the second
stage is to fit the shape and appearance of the model to match closely to a desired
segmentation from the image. Many statistical shape model (SSM) techniques have
been reviewed [23]. Li et al. [24] proposed an automatic liver segmentation technique
based on shape and appearance model to fit the liver model to the CT scan, then a
simplex mesh deformation method is used to refine the segmentation result.
However, since the liver has high variation in terms of shape and image intensity, the
accuracy of a model based segmentation technique requires a large number of training
data to be available for model construction, in order to represent this variability.
There exist a number of works, which combine shape models with intensitybased techniques. Platero et al. [16] proposed a combination of low-level
operations and use of multiple probabilistic atlas for segmentation. Firstly, a
probabilistic atlas is localized in the image using affine registration as an initial
segmentation of the liver. This initial segmentation is the used to select additional
atlases are then used in combination to generate final the segmentation result. As
mentioned above, the graph cut technique is used to optimize the segmentation.
Li et al. [24] localize a mean shape model of the liver mean shape model in a CT
scan using thresholding and the distance transform. The localized liver mesh is
then deformed to the liver surface using the graph cut method. Linguraru et al.
[25] proposed a method by combining atlas registration with geodesic active
contours to segment the liver in CT scans. The atlas is registered to the liver in
using affine registration based on the mutual information similarity. The
registered atlas is then deformed as a geodesic active contour to refine the
segmentation to better follow liver boundaries.
Christ et al. proposed an automatic machine learning segmentation method using
the cascaded fully conventional neural networks. The authors train and cascade two
fully conventional neural networks for liver and tumor segmentation. The first FCN
is trained to segment the liver as region of interest which is followed by the second
FCN to segment the tumors [26].
In comparing different methods, it is important to have the same dataset for
evaluation. Heimann et al. [27] made a comparative study of a group of automatic
and semiautomatic segmentation techniques utilizing the same dataset and
highlighted the performance of the different approaches.
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2. Methodology
Liver segmentation from CT scans is a challenging task, due the similar intensities
of the surrounding abdominal organs such as the spleen, heart and kidneys. In this
paper, we propose a method of liver segmentation which is fully automatic,
requiring no user intervention. The framework consists of five main stages as
shown in Fig. 1: multiple thresholding, liver localization, liver intensity range
estimation, level set based localized active contouring and post-processing. Our
approach is applicable on contrast enhanced CT scans, which first undergo median
filtering. These five main stages are detailed in the following subsections.
Median filtered CT image
Dense tissue extraction
Shape Model based Liver Localization
Liver Intensity Range Estimation
Active Contour Deformation
Post-processing
Liver Segmentation
Fig. 1. Flow chart of the proposed liver segmentation approach.

2.1. Multiple thresholding: Dense tissue extraction
Thresholding is a technique for segmentation of images based on intensities at the
individual pixel or voxels level. The result of thresholding is a binary image based
on whether each pixel or voxel is above or below a specified threshold value,
measured in intensity Hounsfield Units (HU). An example of an algorithm to
specify a threshold value is the Otsu algorithm. On the other hand, clustering
techniques may be considered an extension of thresholding, for example k-means
or GMM based clustering [5, 10].
In our work, based on empirical results, we found that a single technique is not
sufficient to cluster the main categories of body tissue from CT images, namely
bones, dense tissue and soft tissue organs. Subsequently, in this work we proposed an
extended thresholding technique to cluster the main categories of body tissue by
finding the appropriate intensity thresholds between them. For this purpose, we used
two techniques, the Otsu algorithm and Gaussian Mixture Model (GMM) with
Expectation-Maximization (EM).
The Otsu algorithm is an automatic, fast and robust technique that can be used to
classify data for two clusters. The measured statistical means and standard deviations
at an optimal threshold guarantee the minimum within class variance (𝜎𝑤2 ) between
Journal of Engineering Science and Technology

November 2018, Vol. 13(11)

3826

O. I. Alirr and A. A. A. Rahni

the two classes [28], this initial optimal threshold called the global threshold (𝑇𝑔 ),
and can be measured according to the discrimination Eq. (1) as given below;
𝜎𝑤2 = 𝑤0 (𝑇𝑔 )𝜎02 (𝑇𝑔 ) + 𝑤1 (𝑇𝑔 )𝜎12 (𝑇𝑔 )

(1)

Weights 𝑤0 and 𝑤1 are the probabilities of the two classes. On the other hand, a
Gaussian mixture model can be employed to model the intensity distribution of the
liver. A linear combination of more Gaussian distributions is known as mixture of
distributions. Sufficient number of Gaussians and with the appropriate means and
covariances can approximate any continuous density to arbitrary accuracy. The
superposition of K Gaussian densities can be represented by Eq. (2):
𝐾

𝑝(𝐱) = ∑ 𝜋𝑘 𝑁 (𝐱|𝛍𝑘 , 𝑘 )

(2)

𝑘=1

where each Gaussian density N is a component of the mixture and has its own
mean (𝛍𝑘 ), covariance (𝑘 ) and mixing coefficient (𝜋𝑘 ) [29].
For the above Gaussian mixture, the aim is to maximize the likelihood function
with respect to the parameters (mean and covariance). The two steps in EM algorithm
aim to estimate the posterior probability, and to calculate the model parameters. The
expectation maximization steps implement few steps to maximize the likelihood. It
starts by initializing the means (𝛍𝐤 ), covariances (𝑘 ) and the mixing coefficient
(𝜋𝑘 ), and evaluate these initial values for likelihood. The E-step aims to evaluate the
responsibilities using the current parameter values by finding the posterior probability
(𝛾(𝑧𝑘 )) for data point 𝐱 𝑛 using Eq. (3) below [29];
𝛾(𝑧𝑛𝑘 ) =

𝜋𝑘 𝑁(𝐱 𝑛 |𝛍𝐤 , 𝑘 )
𝐾
∑𝑗=1 𝜋𝑗 𝑁 (𝐱 𝑛 |𝛍𝑗 , 𝑗 )

(3)

The M-step re-calculate the parameters using the current responsibilities and the
following Eqs. (4) - (6);
𝑁

1
𝝁𝑘 =
∑ 𝛾(𝑧𝑛𝑘 )𝐱 𝑛
𝑁𝑘

(4)

𝑛=1

k =
𝜋𝑘 =

1
𝑁𝑘

T
∑𝑁
𝑛=1 𝛾(𝑧𝑛𝑘 )(𝐱 𝑛 − 𝛍k )(𝐱 𝑛 − 𝛍k )

𝑁𝑘
𝑁

(5)
(6)

with 𝑁𝑘 = ∑𝑁
𝑛=1 𝛾(𝑧𝑛𝑘 )
In our work and based on empirical results, we found that GMM thresholding
technique showed its superiority over the Otsu method to find the proper bone
threshold in the CT scan. We used GMM with EM algorithm to represent a
combination of two (K=2) Gaussian mixtures, one to represent the bone intensities
and the second to represent the remaining body structures.
After extracting the accurate threshold of the bone using GMM, the Otsu method
is applied on the remaining body to extract the dense tissue threshold. We used Otsu
thresholding multiple times on different ranges of intensities to determine the
different body tissues. Figure 2 shows the steps of extracting the main body
components from a CT image.
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THcb

THcd
THab
e
c

d
Dense tissue

d

Bone

Body
CT image
a

b
Intensity
Fig. 2. Multiple thresholding process to
extract the dense tissue from the whole CT scan.

The multiple thresholding process can be represented by three steps:
Step 1: Initially, the patient’s body is segmented from the CT image by dividing
the range of image intensities (a-b) with a threshold c. This threshold is
found using the Otsu algorithm.
Step 2: The range of body intensities (c-b) is then divided by a second threshold d to
separate the bones from soft tissue. For this purpose, we use the GMM with EM
to find the two clusters. We found that it is more robust than Otsu thresholding.
Step 3: Lastly, the range of soft tissue intensities (c-d) is divided by a third threshold
e to separate dense tissue. This threshold is found using the Otsu algorithm.
The accuracy of this multiple thresholding stage is important, since it affects
subsequent stages. We found it can successfully segment dense tissue in all the CT scans.

2.2. Liver localization
Once the dense tissue is segmented from CT image, it can be used to guide liver
localization. For this purpose we used our proposed method of liver localization, the
method consists of two main components, mean shape model construction and model
localization, the detailed steps are in the published paper [30].
The mean shape model of the liver is constructed from ground-truth liver
segmentations in training data sets. Model localization itself consists of two sub steps:
liver center estimation and model registration. Liver center estimation utilizes the
dense tissue segmented from the CT image from the previous stage (multiple
thresholding). We used the distance transform to find an approximate liver center,
and then to map the shape model to that location inside the target CT scan. When
applying the distance transform, the center will be inside the liver, as it is considered
the largest singular organ in the human abdomen. We found that this method
successfully estimates the liver center in all the CT scans used for evaluation.
However directly placing the mean shape model at the estimated liver center is
insufficient. Figure 3(a) shows that the mean shape example, it is not oriented
properly and is of incorrect size. Therefore, the mean shape is registered using
intensity-based registration with the mutual information similarity metric initialized
at the estimated liver centre found from the previous step. Mutual information is
utilized as the similarity metric as we found it to robustly register the mean shape to
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all datasets in our evaluation. We used two consecutive transformation to perform
this registration; first a rigid applied. The rigidly registered mean liver shape is then
transformed affinely to better register it to the CT scan. Figure 3(b) shows the mean
shape after rigid registration, while Fig. 3(c) shows the result of mean shape
localization after applying affine-based registration.

Fig. 3. Shape model localization; (a) at estimated center
and after (b) rigid registration and (c) affine registration.

2.3. Liver intensity range estimation: Multiple thresholding within the
liver ROI
The aim in this stage is to find an accurate liver intensity range within a specified
liver region of interest (ROI). The first step is to construct the ROI, which can be
made from intersecting the localized registered mean shape from stage 2.2 (Fig.
3(a)) with the extracted dense tissue from stage 2.1. This helps separate the liver
with other neighboring abdominal organs and tissue of similar intensity, as noted
by other authors [31].
The second step is to determine the range of liver intensities within the liver ROI.
To perform this, we assume that it includes three classes of tissue. The first class
consists of tissue with low intensities, which include parts of neighbouring organs
such as the gallbladder and surrounding anatomy such as muscles, due to inaccuracies
in the ROI construction. The second class consists of tissue with high intensities,
which represent tissue with more enhancement from injected contrast such as parts
of the kidneys and liver vessels. The third class, with intensities between the first two
classes, is considered as actual liver tissue. Hence, multiple thresholding is applied
again within the constructed liver ROI. This process is illustrated by Fig. 4.
THfd
g

THeg
h
Lower intensity
(tumors, muscles)
e

Liver

Higher intensity
(vessels, kidney)

Liver ROI Dense tissue range
f

d

THed
Fig. 4. Multiple thresholding steps within the liver ROI.
As shown in Fig. 4, the following thresholding steps are applied within the range
of intensities in the liver ROI (e-d). The thresholds in all three steps are found using
the Otsu algorithm.
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Step 1: The range (e-d) is first divided with a threshold f. This threshold is only
used as a reference point and is not used to define any tissue intensity
range.
Step 2: The range (f-d) is then divided with a second threshold g. The range (gd) thus is considered to represent tissue with higher intensities cluster, i.e.,
vessels and parts of kidneys.
Step 3: The lower range of intensities (e-g) is then divided with a third threshold
h. The range (e-h) is then considered lower intensity tissue (gall bladder,
tumors, muscles etc.) while the range (h-g) is considered to represent
actual liver tissue.
In some CT images, the liver vessels have high intensity values due to high
contrast, which affects the process of intensity analysis inside the constructed liver
ROI. In this case, the final threshold h will be too high, which does not reflect the
accurate liver intensities threshold. We implemented our approach to detect this
situation automatically, as it will cause the ratio of the number of identified liver
tissue voxel (with intensities between h-g) to the total number of ROI voxels to be
small. We overcome this situation with a different determination of the thresholds
in this case. Instead of the process in Fig. 4, we propose that after the initial
threshold f, we define a new threshold i, found using GMM with the EM algorithm
on the range e-f. This is because in this case, the initial threshold f is high, and
therefore the range f-d now represents higher intensity tissue, i.e., vessels. This
alternative classification of tissue can be represented by Fig. 5.
THed
f
Lower intensity
Higher intensity
Liver
(tumors, muscles)
(vessels, kidney)
Liver ROI Dense tissue range
THef

i

d

e
f
THed
Fig. 5. Alternative classification of tissue within the
liver ROI (CT with higher contrast enhancement)

Figure 6 shows an example result of the liver (and other anatomy) determined
from this intensity analysis stage.

Fig. 6. Example axial, coronal and sagittal slices showing
tissue determined from the intensity analysis stage.
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This stage is considered the main stage in our approach, since it determines the
approximate liver intensity range, and using this range, the subsequent segmentation
process using active contours will be constrained to fit to the liver boundary in the
CT scan. Therefore, in this approach, the use of the GMM algorithm is optional based
on the CT scan. The GMM algorithm proved its superiority over Otsu method to find
the correct thresholds, when dealing with high intensity structures (like bones) and
when the vessels structure inside the liver ROI has high intensity value. Multiple
thresholding proposed in this step succeeded in determining the approximate range
of liver intensities in most of CT data sets used in evaluation.

2.4. Level set based localized active contour
In this stage, an active contour method is used to deform an initial mask, i.e., liver
segmentation to match more accurately the boundary of the liver in the CT scan.
We use a region based level set based active contour, namely that proposed by Chan
and Vese [32]. The Chan-Vese energy, Ecv, which is to be minimised, is
represented by Eq. (7):
𝐸𝐶𝑉 [𝐶] = 𝜇 ∫

𝐿(𝐶)

0

𝑑𝑠 + ∬ (𝐼(𝑥, 𝑦) − 𝑐1 )2 𝑑𝑥𝑑𝑦 + ∬ (𝐼(𝑥, 𝑦) − 𝑐2 )2 𝑑𝑥𝑑𝑦 (7)
Ω𝑐

Ω𝑐

Where Ωc represent the interior of the curve C, c1 and c2 are the mean
intensities for the interior and the exterior of the curve to be defined in an image I.
The first term is the regularization term that minimize the curve length s, and the
second term maintains the balancing between the interior and the exterior.
For efficiency, we used localized implementation of this active contour method
[33], which only computes the level set function around a certain radius at each
point of the contour.
Before applying the localized active contouring method, first, we construct an
initial mask, i.e., an initial segmentation of this liver. This initial segmentation of
the liver is defined as the intersection of the localized shape model from stage 2
(Subsection 2.2) and the estimated liver intensity range from stage 3 (Subsection
2.3). Thus, tissue from other anatomy such as the kidneys, gallbladder or the
surrounding muscles are excluded.
Starting from this initial segmentation of the liver, we apply the localizedcontouring algorithm in 2D in all slices and in all three orthogonal planes. We
propagate a previously segmented slice as the initial segmentation for a subsequent
slice, starting from the center of the liver. We found this method to be better than
applying 3D active contours as it better segments the extremities of the liver. The
results of the contour deformation is presented in the results section. It is proved
that the localized active contour successfully deforms the initial mask to better
follow the liver boundaries.

2.5. Post processing
In some cases, the active contour stage above (Subsection 2.4) may extend the mask
beyond the liver boundaries, which leads to leakages to surrounding organs. This
occurs in some data sets where the surrounding organs have similar intensities, such
as the heart and kidneys. In this stage, the aim is to remove the cases of over-
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segmentation cases due to deformation leakage to the surrounding organs. These
organs generally have higher intensity values compared to liver tissue. They can be
identified as the higher intensity cluster from the intensity analysis stage
(Subsection 2.3). To define more accurately these clusters, the multiple
thresholding stage (Subsection 2.3) is reapplied on the segmentation result of the
localized active contour in the previous stage (Subsection 2.4). The aim is to extract
a new threshold of the higher intensities, which include voxels belonging to the
kidneys and inferior vena cava. Figure 7 shows an example of the extracted higher
intensities inside the segmented liver.

Fig. 7. Example axial, coronal and sagittal slices
of the higher intensities tissues identified (blue).
In some cases, the kidney and liver vessels have an intensity range which
overlap that of the bones, hence for this stage, the bone intensity range is included
is this higher intensity cluster. Additional morphological opening, closing and
region filling operations helped in removing the small extensions to the surrounding
structures like ribs and top part of kidney, and as a result refine and enhance the
segmented liver.

3. Results and Discussion
3.1. Validation data
The method has been validated on two publicly available data sets, the SLIVER07
dataset [27] and the 3D-IRCAD dataset. Both datasets have the standard CT slice
dimensions of 512 × 512 pixels. The SLIVER07 dataset contains 30 contrast
enhanced CT images from different patients respectively. The ground truth
segmentation for 20 images are provided, and we only used these in our evaluation.
The data sets are challenging and most of them are pathologic. The in plane resolution
ranges between 0.58 to 0.81 mm. The number of slices for each patient varies between
64-394 slices; with slice spacing ranging between 0.7 to 5.0 mm.
The 3D-IRCAD dataset on the other hand are more challenging than the
SLIVER07 dataset as they have more pathologic cases. This dataset contain 20
images with in-plane resolution ranging between 0.56 to 0.86 mm. The number of
slices for each patient varies between 148-260 slices; with inter slice spacing ranging
from 1.0 to 4.0 mm.

3.2. Segmentation results and discussion
Figure 8 shows selected axial slices of the results for the three main stages (localized
shape model, pre-active contour mask, final segmentation) in the proposed
methodology for three different images, two from SLIVER07 (the first and second
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rows) and one from 3D-IRCAD (third row). These results (in blue) are compared to
the ground truth segmentations (red). The first column (a) shows the localized shape
model, the second column (b) shows the mask for the localized active contour
algorithm, the third column (c) represent the final result of segmentation after the
post-processing stage. It can be seen that the liver organ is successfully extracted from
the images by the proposed method and are comparable to the ground truth
segmentation (red). We choose selected these three cases amongst the 40 images that
we evaluated upon to highlight the strong results of our approach as well as
limitations, as discussed below.

1

1

2

2

1

1
3
1

4

(a)

(b)

(c)

Fig. 8. Segmentation method steps output (images from SLIVER07
for first and second rows, and from 3D-IRCAD for third row):
(a) localized shape model, (b) pre-active contour mask, and (c) the final
segmentation (blue), compared to ground truth segmentation (red).
The boundaries marked by number 1 in the first two data sets, show how the
proposed method, using the liver intensity range estimation stage (Subsection 2.3),
succeeds to improve the localized mean liver shape (first column) to better follow
liver boundaries in forming the pre-active contour mask (second column).
The boundary marked by number 2 in the first data set shows that the localized
active contour stage succeeds in deforming the mask contour to refine the liver
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boundary in the CT image. However, in some data sets intensity similarity either side
of the liver boundaries due and low contrast cause some leaks to surrounding tissue.
The second data set (row 2) has an under-segmentation case marked by number
3, this is part of the portal vein when it crosses the boundary of the liver. Vessels
have high intensity values, which make them outside the estimated liver intensity
range (Subsection 2.3) and not be considered as part of the liver in our approach.
However, other vessels that are located inside the liver region are included even
though they have high intensity values.
An over-segmentation case is present in the third data set marked by number 4.
This case shows an example of unclear liver boundary due to low contrast, which
may lead to the active contour stage to deform the mask to the neighboring tissues,
which have similar intensities.
In most of data sets, the neighboring organs like kidney and heart, are already
excluded, since their intensity values are not located within the estimated liver
intensity range and hence are excluded during the localized active contouring step.
However, some of the over-segmentation cases happen when there are unclear
boundaries between the liver and surrounding organs. Here, the post-processing
stage removes these parts of neighboring organs such as the kidneys or heart which
are erroneously included in the segmentation at the active contour stage.
Figure 9 shows selected sagittal slices for two data sets (per row), to highlight
the post-processing stage in the proposed method. Column (a) shows the result after
applying localized active contour to deform the pre-contour mask while column (b)
shows the extraction of kidney and other surrounding tissues according to the
method proposed in the post-processing stage in Subsection 3.5. Column (c) shows
the final segmentation result after removing the over-segmented parts.
Results in Fig. 9 show that the liver is delineated accurately from the surrounding
organs such as the heart, kidney and spleen, which have similar intensity values.
There are only a few under or over-segmentation cases due to the extension by the
localized contouring stage. The proposed segmentation method is independent on the
shape, size, position and intensity distribution of the liver. Furthermore, the method
is validated on challenging datasets (40 patients), where the size of the liver is
different from one patient to another, and have irregular liver shapes.
With our approach, we ignore that tumors impose a challenge, as they have low
intensity values compared to the liver parenchyma. These intensities do not appear
within the estimated liver intensity range (Subsection 2.3), and this affects the
segmentation result. Some data sets have tumors with different sizes and may
appear at different locations, inside the liver or at the border of the liver. With
tumors located on the surface of the liver, deformation of the contour to the actual
liver boundary is affected. However, in general these cases do not significantly
affect our results when compared to other works which are discussed below.
To quantitatively assess and evaluate the proposed liver segmentation method,
a group of performance measures is used. We quantitatively compare the output of
the proposed segmentation method with ground truth segmentation of each image.
Three metrics are used to evaluate the results of the proposed segmentation method,
the volume overlap error (VOE), the Dice coefficient (Dice) and the Absolute
Relative Volume Difference (ARVD). In Eqs. (3)-(5) below, |A| denotes the
number of voxels in a segmentation
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(a)

(b)

(c)

Fig. 9. Selected sagittal slices showing (a) pre-refinement
(before kidney extraction), (b) kidney extraction (intensity range
estimation), and (c) segmentation after removing over segmented parts.
The Volume Overlap Error (VOE) metric is related to the Jaccard index, which
is considered as another common metric to measure volumetric overlap accuracy.
The VOE, is defined by Eq. (8), where (A) denotes the segmentation result by the
proposed method and (B) is the ground truth data segmentation.

VOE (A, B) = 1- | A  B | / | A  B |

(8)

The second performance measure is the Absolute Relative Volume Difference
(ARVD), defined by Eq. (9). It measures the difference in volume between the
segmented liver and its corresponding ground truth. It reflects the amount of under
and over segmentations. However this metric only compares volume, hence a value
of zero does not necessarily reflect a perfect segmentation.

ARVD (A, B) = (| A | - | B |) / | B |

(9)

The third measure used is the Dice coefficient (DSC), defined by Eq. (10). It is
another overlap measure that compute the ratio between the correctly segmented
liver voxels (intersection) with respect to the total number of voxels of the
segmentation output and the ground truth.

Dice (A, B) = 2* | A  B | / (| A | + | B |)

(10)

Table 1 presents the quantitative results of the proposed segmentation method.
The average VOE are 7.07±1.56% and 10.31±4.0%, the ARVD values are 2.2%
and 4.4% , and the Dice coefficient values are 96.32% and 94.51 %, for the SLIVER
and 3D-IRCAD data sets, respectively.
Additionally, Table 1 shows the quantitative comparison between the proposed
method with previous techniques [5, 9, 10, 16, 19, 34, 37]. Type indicates if the
method is fully or semi-automatic. The table shows the evaluation of the previously
proposed methods applied on the SLIVERO7, 3D-IRCAD and private data sets.
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The method results are comparable and reside within the range of other results. The
step of intensity analysis inside the liver ROI, enables the method to find the
accurate estimation of the liver intensity range, compared to other techniques [5, 9,
10] that used few slices to extract the liver intensity range, which does not reflect
the accurate liver characteristics. The proposed method showed superior
performance over other intensity-based methods, besides that, most of them are not
fully automatic and need the user intervention. It should be noted though that some
of these methods used different data sets to validate their algorithms.
The results in Table 1 show that the proposed method succeeded on segmenting
the liver correctly with high accuracy (VOE of 7-10 %), which is considered a good
indicator for clinical applications. This help to make an accurate volume calculation
for each patient, which can be used for example to perform proper preoperative
planning of risks during resection surgery. This is an advantage over other
techniques that depend on a training phase to segment the targets CT scans, such
as statistical shape model based methods and learning based approaches [21, 34].
These methods would fail in cases where there are large deviations from a
presumed normal shape of the liver. These methods require to large ground truth
training data sets to cover the high liver variability, which is not always available.
These methods may fail to model all liver shapes accurately; especially with those
that have abnormalities or resected livers.
Table 1. Comparison with previous methods evaluated with different datasets.
ARVD
VOE
DSC
Method
Type
%
%
%
Erdt et al. [21] (SLIVER07) Auto
1.28
7.54±1.18
Erdt et al. [21] (IRCAD)

Auto

1.5

10.34±3.11

-

Kirschner [34] SLIVER07)

Auto

1.49

5.82

97

Kirschner [34] (IRCAD)

Auto

3.62

9.52

95

Li et al. [17](SLIVER07)

Auto

1.18

6.24±1.52

-

Li et al. [17] (IRCAD)

Auto

0.07

9.15±1.44

-

Linguraru et al. [35]

Auto

2.6

8

95.8

Rusko et al. [9]

Auto

4.3

10.7

-

Chung and Delingette [36]
(IRCAD)

Auto

5.66

12.99

-

Foruzan et al.[5]

Semi

4.06

12.51

93.3

Goryawala et al. [10]

Semi

2.78

14.81

92

Platero and Tobar [16]

Auto

0.5

7.6

-

Oliveira et al.[37]

Semi

2.19

7.35

-

Christ et al. [26] (IRCAD)

Auto

1.4

10.7

94.3

Proposed Method
(SLIVER07)

Auto

2.2

7.07±1.56

96.32

Proposed Method (IRCAD)

Auto

4.4

10.31±4.0

94.51
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4. Conclusion
The proposed method is based on liver intensity range estimation and level set
localized active contours. The liver intensity range estimation is applied in an initial
liver ROI defined by a localized mean shape model. Accurate estimation of the liver
intensity range is used to form an accurate pre-contour mask, which is then deformed
using localized active contours. The proposed post-processing step trim leakage to
surrounding organs and enhanced the final segmentation output. The method
outperforms many of recent works, and is comparable to the state of the art. The
validation results demonstrate the effectiveness of the proposed method.
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Nomenclatures
Ecv
HU
𝑇𝑔
𝑤

Chan-Vese energy, hu
Intensity Hounsfield units
Global threshold, hu
Class probability

Greek Symbols
Gaussian density mean, hu
𝝁𝑘
Gaussian density mixing coefficient, hu
𝜋𝑘
Gaussian density covariance, hu
𝑘
Class Variance, hu.
𝜎2
Ωc
Chan-Vese interior of the curve C
Abbreviations
2D
3D
ARVD
CT
EM
FCN
GMM
PCA
ROI
SSM
VOE
XCAT

Two dimensions
Three dimensions
Absolute Relative Volume Difference
Computed tomography
Expectation maximization
fully Conventional Neural Networks
Gaussian mixture model
Principal component analysis
Region of interest
Statistical shape model
Volume overlap error
Extended cardiac-torso
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