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Abstract. The research described in this article focuses on segmenta-
tion using the Graph-Cut method. This method is optimized for data in
which the target object occupies only a small portion of the total volume.
Two step procedure is used. In the first step, the location of the object
is roughly localized. In the second step, Graph-Cut segmentation is per-
formed with a special multi-scale chart structure. Two different graph
construction methods have been proposed. The calculation time of both
variants was compared with the original Graph-Cut. The msgc_lo2hi
method has been shown to provide a statistically significant time reduc-
tion of computational costs.

Keywords: Graph-Cut· multiscale · medical imaging image segmenta-
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1 Introduction

The graph-cut algorithm for combinatorial optimization has been used for image
segmentation for a long time. It was first described to segment the black and
white image [7]. A significant improvement came from research that compared
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the algorithms for calculating the graph cut [1, 3]. Main improvements were
suggested and used for image segmentation.

Graph-Cut image segmentation is currently a popular computer vision method.
Under certain conditions, a global minimum of the critical function can be found.
For other segmentation methods, it is often very difficult to determine a critical
function, and the results are often very different from the global optimum.

Advantage of the Graph-Cut is the possibility of general use in N-D space.
This allows us to use the method for processing data from 3D medical imaging
methods [6]. However the size of the data processed in diagnostic procedure is
enormous and the computation time can easily exceed several minutes. It can be
tolerable for offline computation, but it can not be accepted for interactive tasks
required for example for segmentation of parenchymatous abdominal organs (e.g.
liver) in CT images. Our goal in this paper is to reduce the time requirements
in these tasks.

To reduce computational costs of Graph-Cut segmentation, Kang and Wan
proposed segmentation described in [10]. It uses a rectangular area of interest
to limit the extent of the calculation. However, this method does not allow the
reduction of computational costs for objects with complex shape.

In order to increase the efficiency of the algorithm, we propose multi-scale
segmentation using the Graph-Cut method. It is based on detection of discon-
tinuities in the 3D image and unique construction of corresponding graph. We
introduced two different methods of graph construction.

2 Methods

Data from three-dimensional medical imagery contain a large number of voxels
and their processing requires large amount of memory. Despite the efficiency
of the algorithm used to calculate the Graph-Cut segmentation, the calculation
time and the memory costs are considerable. The fact that the target volume is
rather compact and the segmentation boundary occupies a small area of the total
volume of input data can be used for improvement of a segmentation procedure.

Method described in [10] for an application in the bright-field microscope
images is based on performing Graph-Cut on subset of input image. In this
case, rectangular areas are determined based on the Bhattacharyya distance
for exploration on a fine scale. A local calculation is then performed on these
areas. Output of the Graph-Cut segmentation is then transformed back to the
coordinate system of the original image.

2.1 Graph-Cut for computer vision

The image segmentation chart described in the article [2] is well known algo-
rithm. It was used in our experiments as a baseline: To distinguish it from our
modifications, we call it Single Scale Graph-Cut (SSGC). We use selection of a
few foreground and background voxels as an input of the algorithm. Foreground
and background intensity models are composed of three-component Gaussian
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mixtures which is set by using the EM algorithm [4]. This model is used for
setting weights in the graph.

Graph contains the same number of nodes as the number of pixels (see Fig 1).
Edges connecting neighboring nodes (e.g. p and q) are called N-links. In addition,

Fig. 1. Simple 2D example of graph. Nodes corresponding to image pixels (p, q, r, v
and w) are connected by N-links, terminal nodes S and T are connected to other nodes
with T-links. [2]

there are two nodes (terminal nodes) that represent foreground and background.
The edges connecting the terminal nodes with the other graph nodes (e.g. S and
v) are called T-links. The N-links weights corresponds to local discontinuities
in the image. The T-links weights are corresponding to the likelihood with the
foreground and background model. An algorithm max-flow/min-cut is run after
the graph is constructed.

2.2 Multiscale Graph-Cut segmentation

The main idea of multiscale segmentation is to work with high resolution only
close to the border between foreground and background object and in low res-
olution in other parts of the data, i.e. those that are far from the border. The
idea is shown on figure 2. From the algorithm described in [10], the approach
suggested here differs in working with the full volume of data. In addition, it
is able to simplify the graph structure even inside of bounding box area of the
segmented object. The high resolution area may not be rectangular or convex.
This makes algorithm more efficient.

All steps of the algorithm are shown in table 1. First step is the feature
modeling. Although our implementation allows us to use wider range of feature
descriptors (e.g. textures), we use intensity modeling in this paper. As with the
Single Scale Graph-Cut, the Gaussian mixture is used to model foreground and
background.

The second step in the process is to locate discontinuities in the image. This
is ensured by performing gross segmentation on resampled data. The reduced
resolution is determined by a block size. Similarly, the seed is over-sampled.
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Fig. 2. Multiscale Graph-Cut scheme. Discontinuity localization is used for selection
of voxels close to the border of segmentation

Table 1. Algorithm of Multiscale Graph-Cut segmentation

Step Name Description
1 Feature modeling Gaussian mixture intensity model
2 Discontinuity localization Low resolution segmentation
3 Multiscale setup Set the distance of high resolution area from

the border
4 Graph construction Low to high algorithm or High to low algo-

rithm
5 Graph-Cut Perform max-flow/min-cut algorithm
6 High resolution grid reconstruction Extract segmentation from the graph
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In this case, interpolation by a nearest neighbor is used. In places near the
border, controversial cases may arise, where pixels representing foreground and
background segments may be within the block. In our implementation, we have
left decision-making on the rule of the closest neighbor. An alternative approach
is the removal of the inbred seed. Subsequently, the segmentation is performed in
a conventional manner. Because of the low resolution of image data, this process
is very fast.

Fig. 3. Multiscale pixel schema. Discontinuity localization is used for selection of voxels
close to the border of segmentation

The next step is to identify the areas that will be calculated with the fine
resolution. The multiscale idea is shown in figure 3 Fine resolution area it along
the edge of the rough segmentation from the previous step. One of the parameters
of our method is then the width of this edge. This may include blocks that are
close to the boundary but do not touch it directly. This parameter is then chosen
taking into account the expected shape richness of the segmented object. In the
example in the figure 3 the border width is set to 1. It means that only blocks
located on the border are processed on high resolution.

The graph construction step is the most complex part of the multiscale seg-
mentation procedure. We have proposed two different algorithms. The High to
Low (hi2lo) algorithm builds the graph by simplifying the high resolution struc-
ture. The other one is called Low to High and it start from low resolution struc-
ture. Both of them would be discussed later in 2.3 and 2.4. Main goal of this
step is to build the graph structure with all the weights. The figure 4 show small
example with multiscale structure. There are three types of N-links. Weight of an
edge n in the high resolution grid edge is set to wn according to N-link rule from
the SSGC. The weight wo between high resolution pixel and the low resolution
pixel is set the same as wn. The weight m between two low resolution pixels is
set to b · wn.
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Fig. 4. 2D multiscale graph example with 3× 4 blocks and 15× 20 pixels. Green color
is used for blocks and high resolution pixels

The final step is a high resolution grid reconstruction. In this step the graph
structure and the Graph-Cut output is transformed into the original resolution.

2.3 High resolution to low resolution algorithm

The creation of the N-link multi-scale graph begins with the high resolution grid
graph. Nodes are indexed ascendingly in the grid and the edges are represented
by a pair of indices of adjacent nodes. Node indices in low resolution block
areas are replaced by a new low resolution node index. One low-resolution node
replaces multiple high-resolution nodes in the entire block. The edges inside of
this block are searched and removed. The two adjacent low resolution blocks
then create a series of edges connecting the same nodes. These duplicate edges
are also removed. Some nodes are now not used in the edge list anymore. The
list of node indexes is rearranged to avoid unused nodes.

2.4 Low resolution to high resolution algorithm

The multidimensional graph is made up of a low resolution grid graph. In each
high resolution block an high-resolution grid is created. It is then connected to
the surrounding blocks. If a neighboring block is high resolution, high-resolution
border nodes are attached directly to each other. Otherwise, all border nodes
are connected to one neighboring low-resolution node. During the reconnection,
nodes and edges designated for removal are marked. This is then done at the
end of the whole process.



Multiscale Graph-Cut for 3D Segmentation of Compact Objects 7

3 Results

Experiments were performed on artificial three-dimensional images (see Figure
5). Every image contain a compact object with different brightness and the
image is affected by Gaussian noise. This is typical situation for the CT images
of parenchymatous organs. The image has cubic shape. The size of the image
defined by number of the pixels on the cube edge varies and the volume of the
object is constant. Seeds of one type are located within this object, second type
segments are located on the outside of the object.

We used 74 images for the experiments and extended dataset with 151
to produce some figures in this paper. We used the compact objects because
it is a typical situ The goal of the experiment is to verify the ability of the
Multi-Scale Graph-Cut algorithm (MSGC) to reduce computational and memory
requirements. Figure shows the comparison of the calculation time of the SSGC

Fig. 5. Sample of test data with seeds

methods.
In second experiment we used Micro-CT porcine liver corrosion cast data

[5]. Segmented veins on image covers whole area of 3D data. Measure times
for SSGC, MSGC_hi2lo ad MSGC_lo2hi are 19.18[s], 617.4[s] and 71.48[s]. All
experiment scripts are publicly available [8].
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Fig. 6. One slice of porcine liver corrosion cast from Micro-CT
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Fig. 7. Comparison of computation time of Single Scale Graph-Cut(SSGC) and Multi-
scale Graph-Cut (with variants lo2hi and hi2lo). With green color (labeled as "total")
the total time of whole segmentation process is visualized. The purple boxes (labeled
as "gc") show time for max-flow/min-cut algorithm
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Fig. 8. Data size to time dependency. Time used for max-flow/min-cut algorithm is
show by dashed line. Extended dataset was used to produce this figure.

4 Discussion

Based on the measurements, there is an evidence that after reaching some critical
limit of data size the MSGC method starts to be faster than SSGC. The larger
the data area, the more times the measured times are in favor of MSGC. The
critical limit is affected by size and shape of the object. The smaller the surface,
the more complexity reduction by MSGC method.

In our experiments we used 74 images with size higher than 130. On this
dataset both MSGS variants are faster than SSGC for larger segmented image
sizes. The one sided paired T-test to proof it. MSGV_hi2lo is faster than SSGC
with p=1.896×10−22 and MSGC_lo2hi with p=4.882×10−29. The lo2hi variant
overcomes both SSGC and MSGC_lo2hi (with p=9.359× 10−32. This is mainly
due to the economical algorithm of chart construction.

5 Conclusion

The Graph-Cut method, when used on large data, has large computational de-
mands. That’s why we designed and verified a method to speed it up. We showed
on experiment that our Multiscale Graph-Cut method allow to reduce computa-
tional cost on data with compact objects. We introduced two graph construction
method. The implementation is available as a python module called imcut [8].
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The segmentation is used in application for computer aided liver surgery LISA
[9].
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