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Abstract— as a preprocessing step, image segmentation, which
can do partition of an image into different regions, plays an
important role in computer vision, objects recognition, tracking
and image analysis. Till today, there are a large number of
methods present that can extract the required foreground from
the background. However, most of these methods are solely based
on boundary or regional information which has limited the
segmentation result to a large extent. Since the graph cut based
segmentation method was proposed, it has obtained a lot of
attention because this method utilizes both boundary and
regional information. Furthermore, graph cut based method is
efficient and accepted world-wide since it can achieve globally
optimal result for the energy function. It is not only promising to
specific image with known information but also effective to the
natural image without any pre-known information. For the
segmentation of N-dimensional image, graph cut based methods
are also applicable. Due to the advantages of graph cut, various
methods have been proposed. In this paper, the main aim is to
help researcher to easily understand the graph cut based
segmentation approach. We also classify this method into three
categories. They are speed up-based graph cut, interactive-based
graph cut and shape prior-based graph cut. This paper will be
helpful to those who want to apply graph cut method into their
research.
Keywords-image segmentation; N-dimensional image; energy
function; graph-cut; survey;

I.

INTRODUCTION

Image segmentation is partition of an image into different
regions which may have similar color, intensity or texture [1-2].
Segmentation as a preprocessing step plays a significant role in
computer vision, object recognition, tracking and image
analysis. Conventionally, segmentation can be grouped into
five categories. The first one is threshold based segmentation
method [2, 3]. This method usually divides the image into two
parts namely foreground and background. When the intensity
of the pixels is larger/smaller than a predefined threshold, those
pixels are classified as foreground. Otherwise, they will be
viewed as background. Threshold based approaches are the
simplest, easiest and fast ones among all of the existed
segmentation methods. The difficulty is that it is not easy to
find an appropriate threshold which can separate the image into
two groups directly. This method also requires the foreground
and background in the image have obviously different intensity
values. Otsu’s algorithm [1] is the most popular method for
finding an appropriate threshold. Otsu’s algorithm can find a
threshold which may make the inter-part (between foreground

and background) variance maximal and the intra-part (within
foreground or background) variance minimal. The second
category is edge based segmentation scheme [1-3]. This
method assumes that the values of the pixels connecting
foreground and background are distinct. These discontinuities
are usually detected by the first or second order derivatives
method like gradient and Laplace [2-4]. Sobel, Roberts and
Rrewitt edge detectors [1, 4, 5], which are based on the
gradient concept, are easy to be implemented and can roughly
detect the contour profile but they are sensitive to the image
noise. The Laplace algorithm [2-5] uses the second derivative
to detect the edge which can localize the direction of the pixel
along the edge but it is also sensitive to the noise. The LoG
(Laplace of Gaussian) was introduced to reduce the effect of
noise by smoothing the image with a Gaussian filter then utilize
the Laplace operator. Canny edge detector was reported to have
better detection result compared with previous ones [4-5] since
this method have combined the operation of filter,
enhancement and detection. Even though the boundary of the
object can be detected by these proposed methods, many false
edges will be included. Thus, post-processing operations are
usually needed for the edge-based segmentation. The third
category is region-based segmentation [2, 3, 6]. The typical
algorithms are region growing and region splitting-merging [1].
For region growing scheme, a set of seeds are needed to be
identified firstly. Then, the neighboring pixels are grouped to
these seeds through predefined criteria such as by the similar
intensity, color or texture. Hence, the skill of the selection of
seed points is very important for region growing when no more
prior information is known. For the region splitting-merging
method, an image is first divided into a series of small regions.
Then merge or split these smaller regions by a prerequisite
condition. The procedure can be described as splitting of the
image into many un-overlapped regions until it cannot be split
anymore. Then, merge the adjacent regions that satisfy with a
predefined condition. Region-based segmentation strongly
relies on the intensity value of the object and background and it
always produce un-smooth boundary for the extracted object.
The forth category is watershed based segmentation [1, 2, 3, 7].
This method views the image as topological surface and the
intensity value as height. The regional minimal values in the
image are interpreted as catchment basins and the maximal
values between every two neighboring catchment basins are
viewed as ridge line. Watershed-based segmentation is to find
the ridge line called watershed within the image. So, in order to
extract the object, watershed transform algorithm is usually
applied to gradient image where the object is corresponding to
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the catchment basins while the boundary to watershed.
However, direct application of watershed algorithm will have
over-segmentation problem due to the noise and other local
irregularities of the gradient [1]. Marker-controlled watershed
segmentation is proposed so as to reduce the over-segmentation.
In this method, the regional minimal values only occur at the
location of the markers. Thus, the key procedure is to identify
the markers which include internal and external markers.
Internal markers denote the object while the external markers
represent the background and these external markers must be
connected. When the markers can be identified appropriately,
watershed based segmentation can obtain reasonable results.
The fifth category is energy based segmentation. This method
need to establish an objective (energy) function which will
reach a minimal value when the image is segmented as
expected result. Live wire [8], active contour [9], level sets [1011] and graph cut [12-13] are all grouped into this category.
For live wire, seeds are needed to be identified by user and
these seeds have to be located at the object boundary. And then
the curve position is optimized by minimizing the constructed
energy function. For the active contour and level sets, the initial
curve is needed to be given. When the curve is evolved with
the predefined rule, extract the reasonable curve which will
make the energy function have minimal value. However, active
contour and level set only utilizes the boundary information
and is very sensitive to the initialed curve. Furthermore, they
cannot be guaranteed to get globally optimal result since they
will converge at a local minimum. For the graph cut
segmentation, the energy function is constructed based on
regional and boundary information and it can achieve globally
optimal result. Graph-cut segmentation was first proposed by
Boykov and Jolly [12] in 2001. Since then, many varied
methods based on graph-cut are developed and these
approaches are widely used in medical image, video and
natural image segmentation [12-22]. In this survey, we will
first focus on the concept of graph cut segmentation. Then, we
will introduce some popular methods in terms of speed up the
computation of graph cut, interactive segmentation and graph
cut segmentation incorporated with shape prior information.
The rest of the paper is organized as follows. In section 2,
we describe the concept of graph-cut based segmentation. In
section 3, we present the classification of graph cut based
algorithms. In section 4, we conclude this paper.
II.

GRAPH-CUT SEGMENTATION

In this section, we will introduce the concept of graph cut
and how to establish the graph with the given image which
will be segmented by the graph cut.
A. graph cut
Let an undirected graph be denoted as G=< V, E > where V
is a series of vertices and E is the graph edge which connect
every two neighbor vertices. The vertex V is composed of two
different kinds of nodes (vertices). The first kind of vertices is
neighborhood nodes which correspond to the pixels and the
other kind of vertices are called terminal nodes which consist
of s (source) and t (sink). This kind of graph is also called s-t
graph where, in the image s node usually represent the object
while t node denote the background. In this kind of graph, there

are also two types of edges. The first type of edges is called nlinks which connect the neighboring pixels within the image
(Here we adopt 4-connected system in the 2D image). And the
second type of edge is called t-links which connect the terminal
nodes with the neighborhood nodes. In this kind of graph, each
edge is assigned with a non-negative weight denoted as we
which is also named as cost. A cut is a subset of edges E which
can be denoted as C and expressed as C ⊂ E . The cost of the
cut | C | is the sum of the weights on edges C which is
expressed as follows.
| C |= ∑ we

(1)

e∈C

A minimum cut is the cut that have the minimum cost called
min-cut and it can be achieved by finding the maximum flow
which is verified in [12, 13, 23] that the min-cut is equivalent
to max-flow. The max-flow/min-cut algorithm developed by
Boykov and Kolmogorov [23] can be used to get the minimum
cut for the s-t graph. Thus, the graph is divided by this cut and
the nodes are separated into two disjoint subsets S and T
where s ∈ S , t ∈ T and S ∪ T = V . The two subsets correspond
to the foreground and background in the image segmentation.
This kind of graph can be depicted in figure 1.

R p (1)

R p (0)

Figure 1. Illustration of s-t graph. The image pixels correspond to the
neighbor nodes in the graph(except s and t nodes). The solid lines in the graph
are n-links and the dotted lines are t-links.

B. Graph cut segmentation
Image segmentation can be regarded as pixel labeling
problems. The label of the object (s-node) is set to be 1 while
that of the background (t-node) is given to be 0 and this process
can be achieved by minimizing the energy-function through
minimum graph cut. In order to make the segmentation
reasonable, the cut should be occurred at the boundary between
object and the background. Namely, at the object boundary, the
energy (cut) should be minimized. Let L= { l1 , l2 , l3 , ⋅ ⋅ ⋅, li , ⋅ ⋅ ⋅l p }
where p is the number of the pixels in the image and li ∈ {0,1} .
Thus, the set L is divided into 2 parts and the pixels labeled
with 1 belong to object while others are grouped into
background. The energy function is defined as following
equation which can be minimized by the min-cut in the s-t
graph [12-13].
E ( L ) = α R ( L ) + B ( L)
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(2)

Where, R( L) is called regional term which incorporates the
regional information into the segmentation and B( L) is called
boundary term which incorporates the boundary constraint
into segmentation, α is the relative importance factor between
regional and boundary term. When α is set to be 0, it means
that the regional information is ignored and only considering
the boundary information. In the energy function in eq. (2), the
regional term is defined as following equation.
R ( L ) = ∑ R p (l p )
(3)
p ∈P

Where, R p (l p ) is the penalty for assigning the label l p to pixel
p. The weight of R p (l p ) can be obtained by comparing the
intensity of pixel p with the given histogram (intensity model)
of the object and background. The weight of the t-links is
defined as following equations [12-13].
R p (1) = − ln Pr( I p | ' obj ')
(4)

⎧ B< p , q > { p, q} ∈ Neighboring pixel
⎪
weight = ⎨α ⋅ R p (0)
for edge { p, S }
⎪α ⋅ R (1)
for edge { p, T }
p
⎩

(9)

Eq.(9) can also be explained as that, in the s-t graph, when the
intensity of the pixel is inclined to be the object, the weight
between this pixel and s-node will be larger than that between
pixel and t-node which means the cut is more likely occurred
at the edge with smaller weight. For the neighboring pixels,
when their intensity is very similar, the weight is very big
which is not likely to be separated by the cut. Thus, when the
minimum cut is achieved from the s-t graph, the location of
the cut is close to the object boundary. The implementation of
the graph cut can be fulfilled by the max-flow/min-cut as
described in [12, 13, 23]. In figure 2, we illustrate the graph
cut for a 3×3 image segmentation. The thickness of the edge
denotes the magnitude of the weight.

(5)

R p (0) = − ln Pr( I p | ' bkg ')

From eq. (4) and (5), we can see that when Pr( I p | ' obj ') is
larger than Pr( I p | ' bkg ') , R p (1) will be smaller than R p (0) . This
means when the pixel is more likely to be the object, the
penalty for grouping that pixel into object should be smaller
which can reduce the energy in eq. (2). Thus, when all of the
pixels have been correctly separated into two subsets, the
regional term would be minimized. B( L) In eq. (2) is the
boundary term which is defined as following equation [12-13].
B ( L ) = ∑ B< p , q > ⋅ δ (l p , lq )
(6)
{ p , q}∈ N

Where p, q is neighboring pixels and δ (l p , lq ) is defined as:
⎧⎪ 1 if l p = lq
⎪⎩0 if l p ≠ lq

δ (l p , l q ) = ⎨

(7)

For the regional constraint, it can be interpreted as assigning
labels l p , lq to neighboring pixels. When the neighboring pixels
have the same labels, the penalty is 0 which means the
regional term would only sum the penalty at the segmented
boundary. For the term B< p , q > , it is defined to be a nonincreasing function of | I p − I q | as follows [24]:
B< p , q > ∝ exp(−

( I p − I q )2
2σ 2

)

(8)

where σ can be viewed as camera noise. When the intensity of
two neighboring pixel is very similar, the penalty is very high.
Otherwise, it is low. Thus, when the energy function obtains
minimum value, it is more likely occurred at the object
boundary. In [12, 13], Boykov and Jolly have showed that the
minimized energy can be computed by the min-cut through
max-flow. Thus, the minimum energy problem is converted
into the graph cut problem. In order to get a reasonable
segmentation result, the assignment of the weight in the s-t
graph is very important. In Boykov and Jolly’s method, the
weight of the s-t graph is given as following.

Figure 2. Illustration of graph cut for image segmentation. The cut is
corresponding to the minimal energy of eq.(2)

III.

CLASSIFICATION OF GRAPH CUT BASED ALGORITHMS

In this section, we classify graph cut based techniques into
three classes. The first one is speed-up based graph cut which
aims at improving the speed of graph cut based method. The
second one is interactive-based graph up which incorporate
user’s interaction into the segmentation so as to improve the
segmentation result. The last one is shape prior-based graph cut
which take the shape prior of object into consideration to make
the segmentation more reasonable. Next, we describe these
techniques one by one.
A. Speed-up based graph cut
In order to speed up the computation of graph cut algorithm,
implementation based on GPU with CUDA code is proposed in
[25]. This kind of method is to fulfill the speed up by the
parallel computing which have good performance compared
with sequentially computing. However, the most used method
for reducing the computational time for the graph cut related
algorithms is based on the reduction of the graph nodes during
the reconstruction of graph [14-16, 26-28]. Conventionally,
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each pixel in the image will be viewed as one node in the graph.
Thus, with the increase of image resolution, the graph will be
very big and make the computation of graph cut slowly. Since
most of the case, the object just occupy a small region in the
whole image, the object can be segmented by only considering
a relative smaller part which cover the target [26-28]. In this
case, the graph size is reduced since the image size is decreased
to some extent. The smaller area can be selected by user’s input
or by some matching algorithm [26-28]. Moreover, for the
image, when the intensity values of the two neighboring pixels
are very similar, the corresponding weight in the graph will be
very heavy which means they will not be separated by the
graph cut. In other words, when the intensity values of two
neighboring pixels are very similar, they can be regarded as
one pixel. This idea produces the application of clustering
method in graph cut. The most popular approach used in graph
cut is watershed algorithm [14, 16, 26]. Usually, the watershed
algorithm is applied to the gradient image. In watershed
algorithm, the gradient image is viewed as a topological surface
while the gradient values are regarded as the height. When drill
a hole at each regional minimal value in the topological surface
and put it into the water, the water will be erupted from each
hole. The places where water can be reserved are called the
catchment basin. When the water in the two neighboring
catchment basins tends to merge, a dam is built between them.
After the entire surface is immersed in the water, the left dams
are the watershed line. Thus, the smaller region which has
similar intensity value can be grouped as one cluster by
watershed and these clusters are taken as points during the
reconstruction of graph for graph cut. After the presegmentation of watershed, the average intensity of each
cluster is viewed as the pixel value of the new point (super
point) which consists of many similar pixels in the original
image. Thus, the weight of the t-links can be set by comparing
the value of the super point with the established histogram of
the object and background similar with eq. (4) and (5). In some
papers [26], the weight of the n-links is provided by the
following equation.
W (i, j ) = (exp(

− grad ij (i)
max( grad ij (i ), grad ij ( j )

) + exp(

− grad ji ( j )
max( grad ij (i ), grad ij ( j ))

)) 6

B. Interactive-based graph cut
To most of the images, it is difficult for the application of
pure automatic segmentation. Especially for the natural images
and images which the accuracy requirements of target
segmentation are very high, interactive segmentation is
inevitable. Interactive based graph cut varies from easily
choosing the interest object region or simple seed points to
iteratively seed point selection. In [26, 28, 29], they use the
bounding box to select the interested object area. The center
area in the bounding box is taken as object and the histogram of
the object can be derived from these pixels while the area
outside of the bounding box is viewed as background and the
background histogram can also be obtained by them. In [18-19],
they need to choose both object seeds and background seeds at
one time so as to establish the graph with more reasonable
weight. In [12-13], the iteratively interactive graph cut is
applied. Thus, every time when the result is not perfect, more
seeds will be added and the segmentation result can be revised
until got the satisfying interest object. Iteratively interactive
graph cut is also robust to the object with week boundary since
it can ideal choose the object and background seeds along the
week edge. All of the interactive graph cut will make the seed
points being perfectly segmented to the object or background.
Conventionally, the weight for the graph in the interactive
graph cut segmentation can be given as following table [12-13]
when the graph is denoted as G=< V, E > where V=P∪{S,T}.
TABLE I.

edge

weight

condition

<p, q>

B< p , q >

{p, q}∈N

α ⋅ R p (0)

p∈P (unknown)

K

p∈object

0

p∈background

α ⋅ R p (1)

p∈P (unknown)

0

p∈object

K

p∈background

{p, S}

(9)

Where, grad ij (i) is the average gradient magnitudes of cluster i
while j is its neighboring cluster. Since the watershed algorithm
can produce many small clusters and the boundaries among
these clusters can always preserve the original edge of the
object in the original image, watershed based graph cut can
segment the object appropriately which is similar with the
result when the graph is established by the individual pixel in
the original image. Furthermore, the watershed doesn’t need to
be executed in the whole image but just on some part of the
image like the method in [26]. In [26], only the regions around
the boundary are considered and segmented by watershed
based graph cut. Speed-up based graph cut especially
watershed-based graph cuts are widely used in different kinds
of image such as medical image, industrial image and natural
image [14-16] due to its accuracy and fast speed.

WEIGHT OF EDGES

{p, T}

In the above table, k = 1 + max
p∈ P

∑

q:{ p , q }∈N

B< p , q > . Thus, when one

point is classified as object, the weight between this point and S
node in the established graph will be high while that will be 0
with T node. Similarly, when the point is selected as
background, the weight between this node and T terminal will
be high and the weight will be 0 for the edge between this node
and S terminal. This strategy can make sure that the selected
object points will be classified with the S node and the selected
background points will be grouped into T node. However, for
the iteratively interactive graph cut, the weight of the edge will
be changed dynamically. After a round of graph cut, when
some new points are chosen as object or background, the
weight would be updated as the way given in table 1. However,
when the weight is reset as the method in table 1, the graph cut
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has to be run again from the 0 flow by the maximum flow
algorithm which will limit the computation time to a large
extent. In order to utilize the previous graph and continue to
run the mini-cut (maximum flow) algorithm based on the
previous flow, the weight of the new selected points is given as
table II [12-13].
TABLE II.

edge
{p, S}

{p, T}

WEIGHT OF NEW SELECTED NODES

weight

condition

K+ α ⋅ R p (1)

p∈object

α ⋅ R p (1)

p∈background

α ⋅ R p (0)

p∈object

K+ α ⋅ R p (0)

p∈background

E ( L ) = ( R( L ) + Eshape ) + B ( L)

Therefore, when new points are selected as object or
background, the new weight does not change the previous
optical cut, which means the next optimal cut can be obtained
based on the previous maximum flow. This kind of method is
applied by almost all of the iteratively interactive algorithms.
C. Shape prior-based graph cut
Due to noise, diffuse edge or occluded objects,
conventional graph cut which only incorporate regional and
edge information cannot get ideal segmented object. Even
though the interactive-based graph cut can reduce these
problems to some extent, many rounds of interaction will be
needed and this will affect the segmentation efficiency. Thus,
the shape prior-based graph cut algorithms are widely
researched which will incorporate the shape information of the
object into the energy function so as to improve the
segmentation result [18-22, 30-34]. Especially for the images
with known prior information, shape prior-based graph cut can
work well when the shape is described appropriately. To some
shape prior-based graph cut method, they use the same energy
function as described in section II [32, 33]. In [33], they first
segment the object within a selected area, then, they use an
ellipse shape to fit the obtained object and segment the area
around the fitted ellipse boundary. However, most of the cases,
the energy of the shape prior is combined into the energy
function. The energy function for the shape prior-based graph
cut is usually defined as following equation [18-22, 31, 34].
E ( L ) = R ( L) + B( L ) + Eshape

between the pixel and the center pixel or use the pre-obtained
object as mask where the values within the object are high and
the values in the background are low [17, 31-32]. Then, the
new image can be regarded as shape template of the object and
be incorporated into the energy function. Since the values of
the center part in the object is relative bigger than other
location in the template, the values in this temple is combined
with the regional term. So, the energy function in eq.(10) is
changed as following equation.

(10)

Where, R( L) is the regional term, B( L) is the boundary term
and Eshape is the prior shape term. The energy for the regional
and boundary term can be described as that in section 2. For the
energy in the shape term, the aim is to make it smaller for the
pixels around the object boundary and bigger for that far away
from the boundary of object. There are two kinds of energy
representation for the shape prior. The first one is to choose the
approximating center pixel of the target as reference point and
set the values of the pixel around the center points to be high
while other values to be smaller according to the distance

(11)

Thus, in the constructed graph, the shape prior information will
be reflected in the regional term (t-links) while the boundary
term (n-links) can be obtained by the way in section 2. The
other representation for the shape prior energy also use the
distance transform. But this type of distance transform is
different from the previous one because the distance values in
the boundary of the reference object is zero while other valves
are the shortest distance between pixel to the boundary (zero
level set) [18-20]. So, the pixel value around the object
boundary will be small while other values are bigger in this
shape template. For this kind of energy expression, the shape
prior information will be incorporated into the boundary term
in eq.(10) and can be denoted as follows.
E ( L ) = R( L) + ( B( L) + Eshape )

(12)

Therefore, the weights of the t-links are obtained as the
traditionally way while the weights of the n-links are computed
with the gradient and shape prior information. For the shape
prior-based graph cut, the establishment of the shape template
is very important. Many pre-segmented object will be adopted
to be the training set to build the shape template. Furthermore,
the alignment of the training set is also inevitable which will
make the shape template fit the segmented image better [31-32].
IV.

CONCLUSION

In this paper, we have briefly described the existed
segmentation method and the advantage of graph cut in the
introduction section. We also present the graph-cut concept in
detail which will be helpful for the new researchers. Due to a
lot of graph cut-based segmentation method which will confuse
the research direction, we have classified these methods into
three categories. They are speed up-based graph cut,
interactive-based graph cut and shape prior-based graph cut.
After this classification, researcher can put weight to different
aspect as their requirement. However, it is not necessary for the
three kinds of graph cut methods to be executed independently.
Most of the time, they can be combined so as to improve the
segmentation result.
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