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Abstract: Random walks-based (RW) segmentation methods have been proven to have a potential application in segmenting the medical image with minimal interactive guidance. However, the approach leads to large-scale graphs due
to number of nodes equal to voxel number. Also, segmentation is inaccurate because of the unavailability of appropriate initial seed points. It is a challenge to use the RW-based segmentation algorithm to segment organ regions from
3D medical images interactively. In this paper, a knowledge-based segmentation framework for multiple organs is
proposed based on random walks. This method employs the previous segmented slice as prior knowledge (the shape
and intensity constraints) for automatic segmentation of other slices, which can reduce the graph scale and significantly
speed up the optimization procedure of the graph. To assess the eﬃciency of our proposed method, experiments were
performed on liver tissues, spleen tissues and hepatic cancer and it was extensively evaluated both quantitatively and
qualitatively. Comparing our method with conventional RW and state-of-the-art interactive segmentation methods, our
results show an improvement in the accuracy for multi-organ segmentation (p < 0.001).
Keywords: multiple organs, medical image segmentation, random walks, knowledge-based algorithm

1. Introduction
The segmentation of the abdominal organ is a crucial step in
surgery planning, computer aided surgery and computer aided diagnosis. In order to segment the abdominal CT images into diﬀerent tissues, various approaches have been proposed [1], [2], [3],
[4], [5], [6], [7], [8], [9], [10], [11], [12], [13]. However, it is difficult to accurately segment the organ via completely automatic
methods due to large variations in shape, image modality, organ
type and non-homogenous textures of abnormal organs.
Interactive methods for image segmentation have been gaining popularity in recent years because they permit the targeted
extraction of objects of interest with minimal guidance. According to diﬀerent user interactions, the segmentation method
can be categorized as: (1) Using an initial contour near the
the desired boundary that evolves into the correct segmentation, such as Active contour (AC) [14], [15], [16] and Level
set [17], [18], [19]; (2) Selection of pieces of the desired boundary which are then connected automatically, such as Intelligent
scissors/Live wire [20] and Fast marching [21], [22]; (3) Definition of some seeds (voxels) as belonging to the object foreground
and others as belonging to the object background, such as Graph
cuts (GC) [23], [24] and Random walks (RW). Since the first two
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approaches to user interaction require explicit formulations of the
object boundary, it usually leads to an over-segmentation of the
image, especially for noisy images and improper selection of initialization. Meanwhile, it is diﬃcult to extend them to higher
dimensions.
Seed-based segmentation techniques with user interactions are
more suitable for medical images to guarantee the reliability, accuracy and fast speed demands. A popular seed-based image
segmentation technique is the graph cuts (GC) approach [25],
[26], [27]. However, a common problem with the GC method is
the “small cuts” behavior [28], [29] between user-specified seed
groups. The reason for this is that graph cuts minimizes the total
edge weights in the cut, resulting in a tendency to find the minimum cut that barely encloses the seeds in situations where the
desired boundary takes a “shortcut” over a protruded section of
the object with minimal boundary length.
The random walks (RW) algorithm [30], [31], [32], [33], [34]
represents a recent noteworthy development in the seed-based interactive segmentation methods. Since the random walk algorithm is not seeking the smallest boundary, as noted in Ref. [33],
it does not suﬀer from the “small cuts” problem. Furthermore, it
is capable of segmenting multiple objects simultaneously. Grady
et al. [30], [31] also have proved that the random walks algorithm has a potential application in segmenting 3D medical image. Most recently, a segmentation approach that combined RW
and regional intensity priors was proposed in Ref. [33], the sparse
linear equations can be addressed by the preconditioned conjugate gradient to achieving an acceptable memory consumption
and easy parallelization. In Ref. [34], the computational demands
with RW is alleviated by introducing an “oﬄine” precomputation
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before user interaction with RW in real-time (i.e., “online”). Using a similar principle, an oﬄine precomputation was used to further speed up the online segmentation in Ref. [35]. Both methods
used the “oﬄine” and “online” strategies to minimize the time
spent waiting. On a diﬀerent note, Lai et al. [36] extended a random walk method for 3D models by using a two-pass method
(coarse-scale seeding and fine-scale seeding) to overcome the
high computational requirements, while the computation time increases linearly with the number of seeds. Wang et al. [37] presented a geometrical multigrid approach that eﬃciently reduces
the calculation errors in all frequency ranges. However, whenever
the image had large gray value diﬀerences on the object boundary,
this multigrid method converged slowly with the basic configuration.
Applying the random walks algorithm directly to 3D medical image segmentations, we faced the following three problems:
(1) Due to the larger number of voxels that exist in 3D medical images, the constructed graph became much larger than ones
from 2D images, thus the computation time and memory usage
would dramatically increase. (2) Since the number of unlabeled
pixels or voxels in a 3D volume is very large compared with the
limited number of seed points (boundary conditions), the solutions obtained by random walks will be unstable and the segmentation accuracy will be significantly decreased as the number of
slices increase. It is a challenge to use a RW-based algorithm
to segment 3D medical images interactively. (3) Even though
some extended technologies have already been proposed, most
RW-based algorithms focused on the segmentation of a single organ.
In this paper, we proposed a knowledge-based framework for
multiple organs segmentation based on random walks. With a
small number of user-defined seed points, we can obtain the segmentation results of the start slices in the volume which can
be used as the prior knowledge of the segmented multiple organs. According to these intensity constraints, the thresholded
image can be generated by discarding some probability values in
a Gaussian mixture model (GMM), which can remove the noise
and non-object parts. Furthermore, the object/background seeds
are automatically selected by integrating a narrow band threshold
(NBT) method with the shape constraints. Finally, a combinatorial random walker algorithm is applied to automatically segment
the whole volume in a slice-by-slice manner.
Compared with 3D segmentation methods using the conventional random walks, the advantages of our proposed method are
summarized as following:
(1) By using a slice-by-slice manner, we can significantly reduce the graph scale, resulting in a significant reduction in computational.
(2) By using the prior knowledge (intensity and shape constraints) of the segmented slice, we can significantly improve the
segmentation accuracy using a limited number of seed points.
(3) By choosing two start slices: one slice in which the liver
has the relative larger cross section and another slice in which the
spleen has the relative larger cross section on the axial plane, we
can segment multi-organ (liver and spleen) simultaneously.
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2. Random Walkers for Image Segmentation
In this section, we present a brief review of the classical random walks algorithm for image segmentation. The main ideas are
as follows: a small set of seed nodes with diﬀerent labels is first
specified by the user. To assign a label to each remaining node, a
walker starts oﬀ from every unlabeled node and moves randomly
along the edges from one node to another until it reaches a labeled node. At each unlabeled node, a K-tuple of probabilities is
calculated. K is the total number of labels in the image. Finally,
the unlabeled node is assigned to the object for which the walker
with the largest probability reaches first. Figure 1 illustrates the
segmentation obtained with the random walker algorithm for a
4 × 4 graph in the presence of three seeds with diﬀerent labels.
The random walks algorithm treats image segmentation as an
optimization problem on a combinatorial graph. Therefore, before proceeding further, we firstly define the graph that we work
with. We use the following notation for the rest of the paper.
Given an image I, a graph consists of G = (V, E) with vertices
(nodes) v ∈ V and edges e ∈ E. Each node vi in V uniquely
identifies an image pixel xi . An edge e, spanning two vertices vi
and v j , is denoted by ei j . A weighted graph assigns a weight to
each edge. The weight of an edge ei j , is denoted by wi j . It represents the similarity between two neighboring nodes vi and v j .

The degree of a vertex is di = wi j for all edges ei j incident on
j

vi . An image may be associated with a graph by considering each

Fig. 1 Illustration of the random walker for segmentation. Three seed points
with three diﬀerent labels (L1, L2, L3), alternately fix the probability
of each label to unity and the remaining nodes to zero. (a) Initial seed
points. (b) Probability that a random walker starting from each node
first reaches seed L1. (c) Probability that a random walker starting
from each node first reaches seed L2. (d) Probability that a random walker starting from each node first reaches seed L3. (e) Final
segmentation resulting from assigning each node the label that corresponds to its greatest probability. The probabilities at each node sum
to unity.
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pixel to be a node and defining an edge set to represent the local
neighbourhood of the pixels.
The Gaussian function has the properties of geodesic distance.
Therefore, we choose this Gaussian function for the edge weights.
A weight wi j is defined as:
wi j = exp(−β(Ii − I j )2 )

(1)

where Ii and I j indicate the image intensity at vertices vi and v j ,
respectively. β represents a tuning constant that depends on the
user.
The goal of the random walks algorithm is to calculate the Ktuples of probabilities. It was shown [30] that the random walk
probability can be calculated analytically by solving a Laplace
equation with predefined boundary conditions. In mathematics,
a Dirichlet problem can be solved for a Laplace equation that
takes prescribed values on the boundary. Hence, the combinatorial Dirichlet problem has the same solution as the desired random
walker probabilities.
A combinatorial formulation of the Dirichlet integral is:

1
D[u] =
(2)
|∇u|2 dΩ
2
Ω

Given a set of labeled seeds V M , the estimation of the probabilities of the unlabeled nodes VU is treated as the problem of estimating a Laplace function that satisfies the predefined boundary
constraints given by the seeds. Thus the solution to the probability of the random walk is equivalent to minimizing the Dirichlet
integral:
1
1
wi j (xi − x j )2
D[x] = xT Lx =
2
2 e ∈E
(3)
ij
Subject xU = 0 , x M = 0
where L is the Laplacian matrix. xi denotes the probability at
node vi .
The Laplacian matrix is defined as:
⎧
⎪
di
i= j
⎪
⎪
⎪
⎨
(4)
li j = ⎪
−wi j vi and v j are adjacent nodes
⎪
⎪
⎪
⎩ 0
otherwise
Since L is positive semi-definite, the only critical points of D[x]
minima.
All nodes V are divided into two sets: the labeled seed nodes
V M and unlabeled nodes VU . Therefore, the energy function can
be reformulated as follows:
⎤⎡
⎤
⎡
⎢ L M B ⎥⎥⎥ ⎢⎢⎢ x M ⎥⎥⎥
1
T ⎢
(5)
] ⎢⎣⎢ T
D[xU ] = [xTM xU
⎦⎥ ⎣⎢
⎦⎥
2
B
LU
xU
where x M and xU correspond to the probabilities of the labeled
and unlabeled nodes, respectively. Diﬀerentiating D[xU ] with respect to xU and finding the critical point yields Eq. (5). Finally the
random walker problem can be solved by the following system of
equations:
LU xU = −BT x M

(6)

The random walks algorithm is explained in detail elsewhere [30]. Due to a large number of voxels that exist in 3D
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medical image, we need to construct a larger scale graph relative
to a 2D image. Thus the unlabeled seed points would relatively
increase. In terms of usage, in order to estimate the probability
of each unlabeled seed point, the RW algorithm needs to solve
−1 T
xU = −LU
B x M using the labeled seed points as constraints.
−1
This means the larger inverse matrix LU
is calculated, which
leads to high computation costs: long computation time and high
memory usage. In addition, without active user interaction (less
labeled seed points), it cannot guarantee an eﬃcient segmentation result due to the less constrained boundary conditions which
are prone to an increase in uncertainty in reaching a feasible solution. We modified the conventional RW algorithm to make it
more suitable and workable for our application. The following
details our proposed method and results.

3. The Proposed Method
Our knowledge-based strategy employs the previous segmented slice as prior knowledge (the shape and intensity constraints) of the multi-organ for automatic segmentation of the adjacent slice. Using a small number of user-defined seed points, we
can obtain the segmentation results of the start slice of the volume
for use as the prior knowledge of the multiple organs. According
to this prior knowledge, the object/background seeds can be dynamically updated for the adjacent slice by combining the narrow
band threshold (NBT) method and the organ model with a Gaussian mixture process. Finally, a combinatorial random walker algorithm is applied to automatically segment the whole volume in
a slice-by-slice manner. In our work, “objects” means the target
organ (liver or spleen) to be segmented, “background” means the
other tissues except the target organ. The whole procedure of the
proposed approach is summarized as follows:
In the following section, we will introduce the abdominal region extraction, the start slices segmentation, the threshold image
generation based on the constructed GMM and automatic seed
points selection which integrate the prior knowledge (intensity
and shape constraints) of the previous segmented organs.
3.1 Extraction of the Abdominal Region
To increase the speed of our algorithm, we first extract the
abdominal region from the raw CT data. The Otsu thresholding technique is used to extract the abdominal region. The Otsu
method is the method of choice where multiple modes exist in
the histogram (Fig. 2 (b)). We employ the Otsu method to define
the proper threshold levels for an abdomen. The raw CT data is
thresholded by this desired value, and the largest object is selected
as the abdominal region (Fig. 2 (c)). Thus, as shown in Fig. 2 (d),
the raw CT data is resized so as to include only the abdomen
region. After extracting the abdominal region, a nonlinear diﬀusion filter [39] is applied to each 2D slice in the volume to reduce
the noise and increase the organ’s homogeneity. The above processes can be regarded as pre-processing for segmentation. The
extracted abdominal region of CT data is used as the input data
for our proposed segmentation algorithm.
3.2 Interactive Segmentation of the Start Slices
Our proposed segmentation is a slice-by-slice method. There
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Algorithm 1 RWNBT Algorithm for Multi-organ Segmentation
ObjectSeed (OS); BackgroundSeed (BS); IntensityConstraint (IC);
ShapeConstraint (SC);
Preprocessing:
Step 1: Extract the abdomen region from the raw CT data;
Step 2: Manually select two start slices in the axial plane and define the
objects/background seeds on them: the largest spleen is the first start slice
and the largest liver is the second start slice;
Mainprocessing:
Step 3: Estimate the initial intensity model on the first start slice using GM,
then generate the thresholded image;
Step 4: Segment two organs in the thresholded image for the first start slice
using RW;
Step 5: Obtain the IC and SC based on the segmented organs in the first
start slice;
for all the lower slices, starting from the first start slice do
Step 6: Estimate the GMM model of two organ’s intensity based on IC,
then generating the thresholded image;
Step 7: Select the rough OS/BS based on SC;
Step 8: Select the fine OS/BS using NBT;
Step 9: Perform slice segmentation on the thresholded image using RW;
Step 10: Add the segmentation results of this slice to the output volume;
Step 11: Update the IC and SC based on the segmentation results of the
current slice;
end for
Step 12: Estimate the initial intensity model on the second start slice using
GM, then generate the thresholded image;
Step 13: Segment two organs in the thresholded image for the second start
slice using RW;
Step 14: Update the IC and SC based on the segmented organs in the second start slice;
for all the intrazonal slices, between the second start slice and the first start
slice do
Repeat Step 6–Step 11;
end for
for all the upper slices, starting from the second start slice do
Repeat Step 6–Step 11;
end for

Fig. 2 Extraction of the abdominal region from the raw CT data. (a) One
slice of the raw CT data; (b) Intensity variations; (c) The bounding
box of the abdomen; (d) Extraction of the abdominal region.

are two main steps in our proposed method. The first step is to
segment two start slices interactively and the second step is to
segment other remaining slices automatically based on the two
segmented start slices. The aim of the first step (interactive segmentation of two start slices) is to find the initial region of organs (liver and spleen) so that it can be used as priori knowledge
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Fig. 3 Steps of the RWNBT method. (a) The segmented liver (red) and
spleen (green) of the previous slice; (b) The current slice; (c) Candidate pixel by applying a threshold to the GMM; (d) The rough
objects (red and green) and background (blue) seed points; (e) The
fine seed points using the NBT method; (f) The segmentation results
by RWNBT.

(intensity and shape constraints) of two organs as the following
steps for automatic segmentation. The process of the first interactive segmentation of two start slices is shown in the upper-part of
Fig. 3, which involves four steps: (1) Manually select the two axial start slices. Scanning an input CT volume along the axial axis
to find two start slices: one slice in which the liver has the relative
larger cross section and another slice in which the spleen has the
relative larger cross section in the axial plane; (2) Manually define the objects/background seed points on these two start slices;
(3) Automatically generate the thresholded images based on the
constructed Gaussian model (GM) using the seed points. To remove the intercostal muscles and the other non-object parts, the
object seeds are employed to construct the approximate intensity
models for two organs using the Gaussian Model (GM). After estimating the statistical intensity model, the constructed model is
thresholded to find “Candidate Pixels” for the two organs; (4) Automatically segment the thresholded images. The final step of this
process is to segment the thresholded image based on “Candidate
Pixels” by RW. Our proposed method can be extended to L organs (L > 2), provided the L start slices are set simultaneously.
3.3 GMM for Generation of the Thresholded Image
The aim of constructing a Gaussian mixture model (GMM) is
to estimate a new preprocessed image of multi-organs so that the
diﬀerence between two organs and other tissues can be more easily distinguished. As explained in the last section, the initial segmented slice can be used to estimate the statistical parameters of
the mixture model of two organs for the current slice. A Gaussian
mixture model [38] is employed to estimate the intensity distribution of two organs. The Gaussian mixture model is a weighted
sum of K component Gaussian densities and given by:
N

τt N(Xn | μtk , Σtk )
t
γt (znk ) = K k t
=
γt (znk )
,
N
k
t
t
j=1 τ j N(Xn | μ j , Σ j )
n=1

(7)

where τtk (0 ≤ τk ≤ 1), k = 1, . . . , K, are the mixture weights, and
N(X | μtk , Σtk ) are the component Gaussian densities for the tth iteration. The statistical parameters (τk , μk and Σk ) are estimated by
using the expectation maximization (EM) [40] algorithm. In an
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EM iteration, two steps are performed. In the E-step the posterior
probability is estimated using the current parameters, and in the
M-step the model parameters are maximized using the probabilities found in the E-step. These parameter-estimates are then used
to determine the distribution of the latent variables in the next Estep. Given the initial parameters μ0k , Σ0k and τ0k , the tth iteration
of the E-step and M-step can be implemented as:
N
1  t
γ (znk )Xn
Nkt n=1
N
1  t
t+1 T
= t
γ (znk )(Xn − μt+1
k )(Xn − μk )
Nk n=1
K

Nt
S .t.
= k
τt+1
k =1
N
k=1

μt+1
k =
Σt+1
k
τt+1
k

(8)

3.5

In a Gaussian mixture model N(X |μtk , Σtk ), μtk and Σtk are the
mean and the standard deviation of the k-th component of the tth
iteration. Each component shares one weight τtk (0 ≤ τk ≤ 1)
in the whole distribution. γt (znk ) is the posterior probability corresponding to the k-th component with the tth iteration. N is the
total number of samples. In this paper, in consideration of the
tumor, vessel and noise in the two organ’s region, the number of
components is fixed K = 4. The Gaussian mixture model is automatically determined for each slice according to the segmented
organs in the previous slice.
The constructed GMM is a probability image. In order to remove trivial non-object parts, we threshold this GMM by discarding probability values less than 0.5. Thus, for the current slice,
one thresholded image is generated to find “Candidate Pixels”
for two organs. Comparison of the original CT image (Fig. 3 (b))
with the corresponding thresholded image (Fig. 3 (c)), reveals that
the liver/spleen can be more easily distinguished from other tissues.
3.4

Automatic Setting of Seed Points Based on Shape Constraints
The main assumptions in our method determine the approximate constraints (shape and intensity) for the two organs as priori
knowledge. Due to the slice-by-slice technique for segmenting
multiple organs in our method, the user segments the initial slices
in the volume to define these constraints, and consequently they
are automatically updated for the nearby slices. In this approach,
we assume the consequent slices of the same patient have a high
correlation. Hence, the shape constraint based on the previous
slice can be used to roughly select the object/background seeds
for the adjacent slice.
Assuming the S -th slice contains two organs and the region of
each organ (MaskS ,L ) is known, where L = 1 is the liver and L = 2
is the spleen, the object and background seeds can be defined by
the following equation:
BS S +1,L = (MaskS ,L ⊕ BE Dilation2 ) − (MaskS ,L ⊕ BE Dilation1 )
FS S +1,L = MaskS ,L ⊕ RE Erosion
(9)
where MaskS ,L is the mask image corresponding to the L-th organ
in slice S . BE Dilation1 and BE Dilation2 are the structuring elements
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used for dilation in the region. RE Erosion is the structuring elements used for erosion in the region. These elements are empirically selected to be disks with a radius of BE Dilation1 = 10 pixels,
BE Dilation2 = 8 pixels and BE Erosion = 8 pixels.
The background seed points are directly selected in the current
slice in the region BS S +1,L which can be considered as accurately
seed points outside the two organ’s boundary. However, as shown
in Fig. 3 (d), there are still a lot of false positives (other tissues)
in the FS S +1,L despite eroding the corresponding organ region in
the previous slice, because we cannot segment the previous slice
accurately and there still exists variations in the organ shape for
diﬀerent slices.
Refinement of Seed Points Based on Intensity Constraints (NBT)
As already explained above, the EM algorithm can dynamical
update the parameters of the GMM model for the follow slices.
If the intensity model of two organs includes K Gaussian components and the parameters of the k-th component (1 ≤ k ≤ K) are
μk and σk , we can threshold each component in a narrow range
of intensity [T Lk , T Hk ] to find the fine seed points corresponding
to the candidate pixel.
T Lk = μk − βσk ,

T Hk = μk + βσk

(10)

We empirically found that the values of β are in the
range [0.05, 0.3] corresponding to low-contrast and high-contrast
dataset.
In addition, Fig. 3 (d) shows that the defined region FS S +1,L
may include the non-liver/spleen part (such as vessels). Therefore, we threshold the narrow band to achieve more accurate object seed points. Thus, for a pixel located in the region FS S +1,L ,
if the intensity value of this pixel belongs to the narrow range
[T Lk , T Hk ], it is considered an object seed point. After estimating the “Candidate Pixels” and the fine object/background seed
points for the current slice, RW is applied to segment the two
organs (Fig. 3 (f)).

4. Results
We applied the proposed method to two diﬀerent CT datasets
including normal/abnormal data, Arterial (ART)/Portal venous
(PV)/Delay (DL) phases data. The first dataset contained 7 abnormal data of phase-ART with a resolution of 0.683 × 0.683 ×
1.25 mm3 and a size of 512 × 512 × (191 − 365) voxels. We
call this dataset Group-I (High-resolution) in this paper. Group-I
was acquired from pathological cases (abnormal patients) who
had liver tumors. The second dataset includes 23 data records
records with a resolution of 2.479 × 2.479 × 5.382 mm3 and a size
of 128 × 128 × 36 voxels. We call this dataset Group-II (Lowresolution). Group-II was acquired from normal and pathological
cases between 20 and 75 years old. The pathological cases included in Group-II is the liver tumor, which may significantly
aﬀect the segmentation accuracy. In order to make a quantitative
evaluation for our proposed method, the organ was segmented for
each image (i.e., subject) manually as the ground truth. The segmentation was performed under the guidance of two physicians
who worked in Zhejiang University.
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The proposed algorithm was implemented in the MATLAB
environment. Visualization of the shapes was performed using
VTK [41], written in the C++ language.
To measure the accuracy of our method, we compared it with
the conventional RW method and the state-of-the-art interactive
segmentation algorithms using the Dice coeﬃcient. The Dice coeﬃcient is one of the most popular methods to evaluate segmentation accuracy. This metric is given in percent and based on the
voxels of two binary 3D volumes, with Vmanual as the manually
and Vauto as the automatically segmented organ.
Dice =

2 |Vmanual ∩ Vauto |
× 100%
|Vmanual | + |Vauto |

(11)

4.1 Liver and Spleen Simultaneous Segmentation
4.1.1 High-resolution Segmentation
To investigate the performance of our proposed segmentation
method, we applied our proposed RWNBT method to the Group I
dataset (High-resolution), which were described in previous section. The segmentation results of two typical cases are shown in
Fig. 4. The results in Fig. 4 proved that performing our RWNBT
method to segment the liver and spleen can give us the accurate
results.
Quantitative evaluation results for liver and spleen segmentation with phase-ART are presented in Fig. 5. The accuracy of
the liver segmentation is the average Dice’s similarity coeﬃcient
of 0.952, the spleen segmentation results in an the average Dice
coeﬃcient of 0.950. These results confirmed the ability of our
method to simultaneously segment the liver and spleen precisely.
The basic idea of our proposed RWNBT method was based
on the high correlation between adjacent slices. Seed points for
the current slice were automatically generated according to the
prior knowledge from the segmented organs region of the previous slice. As shown in Fig. 5, precise results were achieved in our
experiments since we used high resolution data.

4.1.2 Low-resolution Segmentation
In order to verify the eﬀect of resolutions on our RWNBT
method, our proposed RWNBT method was also applied to the
Group II dataset (Low-resolution). Two typical cases were shown
in Fig. 6. Meanwhile, Figs. 7 and 8 give a more clear depiction of
the corresponding accuracy results of the Group II dataset. Experiment results demonstrate that our RWNBT method achieved
a high precision result under low resolution conditions.
Table 1 lists the segmentation accuracy (Dice) between the
Group-I dataset (High-resolution) and Group-II dataset (Lowresolution). It indicates that our proposed technique can be performed on the CT scans regardless of the resolution by yielding satisfactory segmentation results. The results proved our
RWNBT method is robust to multi-organ segmentation using various resolutions of CT scans.
Regarding the interactive segmentation algorithm, the selection

Fig. 6

Comparison of the segmentation results of our method with the
Group II dataset (Low-resolution). The first row is Case 11 of GroupII dataset. The second row is Case 13 of Group-II dataset. (a) The
seed points on one start slice; (b)–(d) Diﬀerent slices of the segmented volume.

Fig. 7 The liver segmentation accuracy for the Group II dataset (Lowresolution).

Fig. 4

Comparison of manual segmentation (blue) and the segmentation results of our method (red) for the Group I dataset (High-resolution).
The first row is Case 1 of Group I dataset. The second row is Case
3 of Group-I dataset. (a) The seed points on one start slice; (b)–
(d) Diﬀerent slices of the segmented volume; (e) Visualization of the
segmented volume.

Fig. 8 The spleen segmentation accuracy for the Group II dataset (Lowresolution).
Table 1 Eﬀect of resolution on segmentation accuracy.

Fig. 5

The segmentation accuracy for the Group I dataset (High-resolution).
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Dice
Group I (1.25 mm)
Group II (5.75 mm)

Liver
0.952 ± 0.015
0.934 ± 0.035

Spleen
0.950 ± 0.018
0.923 ± 0.068
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Table 2

Segmentation accuracy obtained by three users on the Group-II
dataset.
Average
Dice (Liver)
Dice (Spleen)

Fig. 9

User 1
0.934
0.923

User 2
0.932
0.926

User 3
0.929
0.922

Comparison of the segmentation results with RWNBT method and
RW3D method in Case 6 of Group-II dataset.

of two start slices is considered the critical factors since it influences the overall performance of our segmentation method. Tests
were performed on Group-II dataset with three users to illustrate
the robustness of our method. Table 2 lists the liver and spleen
segmentation results with diﬀerent users. The results show our
proposed method was robust in segmenting the multi-organ (with
an average Dice’s similarity coeﬃcient > 0.920).
4.2

Qualitative Comparison of Interactive Segmentation
Methods
To evaluate the eﬀectiveness of the proposed method
(RWNBT), RWNBT was compared with the classical Random
walks (RW3D) algorithm [30]. For the RWGMM3D algorithm, the intensity information of organs (Gaussian mixture
model) was integrated into the RW3D method. Considering the
memory usage demands for applying the RW3D algorithm in
the computer, we used the Group-II dataset (Low resolution:
128 × 128 × 36 voxels) for comparison of performance.
To assess the potential benefits of our proposed method, quantitative and comparative results from applying the RW3D and
RWNBT methods for the multi-organ segmentation are presented
in Figs. 7 and 8. The results indicated that our proposed RWNBT
method can achieve more accurate segmentation results than the
conventional RW3D method. Moreover, it can be seen that there
are still a lot of false positives in the RWGMM3D method despite using a Gaussian mixture model, because shape constraints
were not used. In order to intuitively make a comparison between our proposed RWNBT and RW3D methods, 2D slices were
used for observation about the corresponding segmentation results (Fig. 9). The red ones are segmented organ slice, which
were overlaid with the original CT slices. The simulation verifies
that the performance of RWNBT was significantly better than the
RW3D method for segmenting multiple organs.
Moreover, Table 3 summarized the comparative results with
the average of Dice and Runtime for the Group-II dataset. The
accuracy of RWNBT was observed to have significantly higher
Dice than the state-of-the-art interactive segmentation methods.
A significant reduction in runtime values using RWNBT-based
segmentation compared with those based on RW3D was con-
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Table 3 Segmentation accuracy obtained by the state-of-the-art methods on
the Group-II dataset.
Average
Dice (Liver)
Dice (Spleen)
Runtime (sec)

RW3D [30]
0.569
0.593
126.669

RWGMM3D
0.719
0.776
126.841

RWNBT
0.934
0.923
1.4509

Fig. 10 The segmentation results of the liver (red) and tumor (green) using
our method. The first row is Case 5 of the Group-I dataset. The
second row is Case 6 of the Group-I dataset. (a) The seed points on
one start slice; (b)–(d) Diﬀerent slices of the segmented volume.

firmed. Computation time is an important metric for evaluating
one segmentation algorithm. For the classical RW algorithm, the
basis of the RW method is a set of large, sparsely occupied linear equations, whose size corresponds to the number of voxels in
the 3D medical image. Hence, it is slow when solving 3D image
segmentation. To directly demonstrate the performance of our
proposed method, statistical significance using the p-values was
used to define the probability of obtaining a test statistic result
that was actually observed. These statistics demonstrated that our
proposed RWNBT approach yields the high precision results with
respect to the conventional RW3D method (p < 0.001).
4.3 Liver and Tumor Simultaneous Segmentation
Our knowledge-based framework can be applied to segment
the liver and tumor simultaneous. Additionally, our multi-organ
segmentation strategy resulted in a moderate increase in the accuracy of liver segmentation. Two typical cases were shown in
Fig. 10. It can be found that our proposed algorithm was eﬃcient
for simultaneous segmentation of the liver and tumor.

5. Conclusion
In this paper, we proposed a novel RWNBT framework for
multi-organ segmentation. In order to automatically and simultaneously segment multi-organ, a prior knowledge of the previous
segmented organs was integrated into our strategy. This included:
(1) Dynamic generation of a thresholded image based on the constructed GMM according to the previously segmented organs (intensity constraints); (2) Automatic selection of seed points according to the previously segmented organs (shape constraints);
(3) Refinement of seed points based on the NBT method. Finally,
a combinatorial RWNBT algorithm is applied to automatically
segment the whole volume in a slice-by-slice manner. The evaluation results demonstrated the high precision of the proposed
approach. Additionally, it can overcome the drawback of the
classical RW algorithm with respect to the computational burden
for 3D medical images. Compared with the classical RW and
the state-of-the-art interactive segmentation methods, our pro-

Electronic Preprint for Journal of Information Processing Vol.24 No.2

posed method can significantly improve segmentation accuracy
(p < 0.001). Low processing time for the proposed approach
makes it suitable for clinical application. As for future work, the
proposed method can be extended to segment other organs.
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