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This paper presents a novel method to apply shape priors adaptively in graph cut image segmentation.
By incorporating shape priors adaptively, we provide a ﬂexible way to impose the shape priors
selectively at pixels where image labels are difﬁcult to determine during the graph cut segmentation.
This is in contrast to the use of shape priors indiscriminatively at all pixels in existing image
segmentation approaches, which may fail if the parameters for the shape prior term are not chosen
appropriately. We integrate the proposed method in two existing graph cut image segmentation
algorithms, one with shape template and the other with the star shape prior. To determine the need for
a shape prior at each pixel, our experiments make use of either the original image or an enhanced
version of the original image by smoothing. Experimental results in multiple application domains
demonstrate the generality and superior performance of our adaptive shape prior method.
& 2012 Elsevier Ltd. All rights reserved.
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1. Introduction
Image segmentation has always been an important and challenging task in computer vision. Since Boykov and Jolly [1]
introduced the application of the graph cut algorithm into
image segmentation, graph cut has become one of the leading
approaches in image segmentation in the last decade, because it
not only allows one to incorporate user interaction, but also is an
efﬁcient and globally optimal algorithm.
More recently, in order to handle noisy images or images with
object occlusions effectively, new methods have been developed
to exploit shape priors. Freedman and Zhang proposed to incorporate shape priors by matching the segmented curve with a
shape template [2]. Veksler showed how to implement a shape
prior for objects deﬁned as star shaped [3]. Das et al. presented a
similar idea to incorporate shape priors for shapes deﬁned as
compact [4]. In addition, some research activities focus on one or
two particular types of objects with particular shapes [5,6], some
on incorporating multiple shape priors into one image [7], and yet
some on shape representation and general shape constraints [8,9].
One of the problematic issues of the graph cut framework
is the selection of weights on the various terms in the energy
function. These weights are usually tuned beforehand by the
developer of the algorithm to achieve the best result for a certain
type of images [10]. For example, Peng and Veksler [10] designed
a parameter selection method by measuring segmentation quality
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based on different features of the segmentation. They ran graph
cut for different parameter values and chose the parameters
which produce segmentation of the highest quality. However,
their method only targets issues of selecting the parameters
between the data term and the boundary term in the energy
function, while setting a constant weight on the shape prior.
For images corrupted by signiﬁcant noise and intensity inhomogeneities, the needs for a shape prior at different pixels are
different in general. Therefore, setting a constant weight on the
shape prior term for all pixels may not be appropriate. As an
example, columns (b) to (d) in Figs. 1 and 2 show examples where
different parameter settings for the shape prior can lead to very
different segmentation results.
To solve the issue described above, we propose to impose
shape constraints selectively, by applying the shape prior adaptively in graph cut. To determine the need for the shape prior at
each pixel, we derive a shape weight term based on image
intensity. The intuition behind this is that if a pair of neighboring
pixels has a small difference in appearance, there should be a
higher weight for the shape constraint in the energy function to
compensate for the weak or missing edge information. In this way
our method gives ﬂexibility in applying a shape prior, and helps
obtain a segmentation result that matches better with the shape
prior. As will be seen in our paper, this weight on the shape
constraint can be easily calculated without much additional
computational cost.
An adaptive graph cut idea has been proposed by Song et al.
[11] where they proposed a framework for segmentation of brain
tumors in MRI images within an iterative scheme. They incorporated a shape atlas of adaptive probabilistic priors into the graph
cut energy function by combining it with the image intensity
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Fig. 1. Results from the shape template based method [2]. Column (a) shows the original images. Columns (b)–(d) show segmentation results from Freeman and Zhang’s
original shape template method with l ¼ 0:2, 0.5 and 0.8. Column (e) shows segmentation results from our adaptive shape prior applied to Freedman and Zhang’s shape
prior method. Column (e) uses smoothed images as the probability maps a.

Fig. 2. Results from the star shape prior method [3]. Column (a) shows the original images. Columns (b)–(d) show segmentation results from the original star shape prior
method with l ¼ 0:2, 0.5 and 0.8. Column (e) shows segmentation results from our adaptive shape prior applied to Veksler’s star shape prior method. Column (e) uses
smoothed images as the probability maps a.

distribution. However, the adaptive idea suggested in [11] works
on the combined data term only, instead of on the pairwise terms.
Furthermore, the performance of their method relies a lot on the

accuracy of the atlas, and several parameters, such as the weight

l between the data and boundary terms, as well as the scale for
calculating the neighborhood links.
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In another study, Bar-Yosef et al. [12] proposed a variational
method for model based segmentation with an adaptive shape
prior, with the help of a shape conﬁdence map. Their prior
conﬁdence map was deﬁned to select a shape model among
many shape models, with the maximum conﬁdence at each pixel
to reﬂect the reliability of the shape prior at each pixel. The prior
conﬁdence map then determines if the segmentation method
should follow the shape prior or not at each pixel location.
However, their method only focuses on the variational framework
with many shape prior models, and has only been applied in one
speciﬁc application. In contrast to the previous work, our proposed method tackles adaptive shape priors from a different
angle. The weight on the shape constraint is obtained from the
available image level information, and it reﬂects how much each
pair of pixels needs the shape prior to help with image segmentation. In other words, we measure the need for the shape
prior between a pair of pixels, instead of the reliability of the
shape prior.
The rest of the paper is organized as follows. In Section 2 we
present the background for the graph cut segmentation with
shape priors in a uniﬁed way to combine the boundary and shape
term in the energy function. In Section 3 we ﬁrst describe the
issue of parameter selection on the relative importance of each
term in graph cut, then present our proposed method for adaptive
shape priors and give examples of applying it in some existing
graph cut methods with shape priors. In Section 4 we provide the
experimental results to demonstrate the generality and superior
performance of our approach. Finally, in Section 5 we state
conclusions and future work.

2.1.2. Region term
The region term Dp assumes that the penalties for assigning pixel p to ‘‘foreground’’ or ‘‘background’’ are given. One
example of deﬁning the region term Dp is to apply the negative
log-likelihood model, which is originally motivated by the MAPMarkov Random Field formulation [1].
Dp ð‘‘obj’’Þ ¼ ln PrðIp 9‘‘obj’’Þ

ð3Þ

Dp ð‘‘bkg’’Þ ¼ ln PrðIp 9‘‘bkg’’Þ

ð4Þ

where Ip represents the image intensity of pixel p, ‘‘obj’’ and ‘‘bkg’’
represent object and background respectively.
2.1.3. Boundary term
In graph cut, the boundary term Bpq is a penalty term for the
discontinuity between a pixel pair p and q. For graph cut without
shape prior, Bpq ¼ V pq , where
2

V pq ¼ eððIp Iq Þ

=2s2 Þ



1
distðp,qÞ

2.1. Graph cut image segmentation
Many segmentation problems can be formulated in terms of
energy minimization. Such energy minimization problems can be
further formulated into a maximum ﬂow problem in a graph.
Under most formulations of such problems, the minimum energy
solution corresponds to the maximum a posteriori estimate
of a solution. The term graph cut is applied speciﬁcally to those
models which employ a max-ﬂow/min-cut optimization [1].
The details on the graph cut energy function are presented in
this section.

2.1.1. Graph cut energy function
Graph cut segmentation achieves an optimal solution by
minimizing an energy function via the max-ﬂow min-cut algorithm [1]
EðAÞ ¼ mDðAÞ þ BðAÞ

ð1Þ

where A ¼ ðA1 , . . . ,Ap , . . . ,A9P9 Þ represents a binary vector whose
component Ap speciﬁes the assignment of background or foreground to pixel p in an arbitrary set of data elements P in an
image I, and m is a non-negative coefﬁcient which speciﬁes a
relative importance between the boundary term B and the region
term D [1].
To be more speciﬁc, Eq. (1) is usually written as
X
X
E¼m
Dp ðf p Þ þ
Bpq ðf p ,f q Þ
ð2Þ
pAP

fp,qg A N:f p a f q

where N is the set of neighboring pixels, and fp represents label
assigned to pixel p. The particular forms for Dp ðf p Þ and Bpq ðf p ,f q Þ
are discussed in the following sections.

ð5Þ

s is a constant and distðp,qÞ is usually calculated as the Euclidean
distance between pixels p and q [1].
2.2. Shape priors in graph cut
If an object of a certain shape is expected as the output of a
segmentation algorithm, a shape prior can be used to impose a
constraint on the shape of the foreground region. A number of
graph cut methods incorporate shape priors by modifying the
pairwise term B in the following way [2–5,8,9]:
Bpq ¼ V pq þ lV 0pq

2. Background
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ð6Þ

where V 0pq represents the newly added shape prior term, and l is a
constant which measures the relative importance of the shape
constraint. V 0pq is deﬁned in various ways depending on the type
of the shape prior, to penalize the discrepancy between the
segmented shape and the expected shape.
Some methods express shape constraint using a shape
template such as ellipse [13,14] or circle [13], while other
irregular shape templates are also possible [2,6]. More recently,
the shape constraints in terms of a class of shapes such as the star
shape [3] and compact shape [4] have also been proposed. These
shape priors are more general and ﬂexible than a single shape
template. In all cases, a shape prior needs to be chosen in such a
way that is possible to be expressed in a graph representable
form. Some speciﬁc forms of V 0pq in two existing methods will be
discussed in the next section.

3. Proposed method
In this section, we will ﬁrst describe the issue of parameter
selection on the relative importance of each term in graph cut,
present our proposed method for applying a shape prior adaptively, and then we will show how we can apply our method in
two existing graph cut algorithms that use a shape prior.
3.1. Parameter selection for shape priors in graph cut
One of the outstanding issues of the graph cut framework is
the selection of weights on various terms in the energy function.
These weights are usually tuned beforehand by the developer of
the algorithm to achieve the best result for a certain type of
images [10]. Several papers on graph cut with shape priors have
mentioned the need for a user to adjust l depending on the type
of image. However, for images corrupted by signiﬁcant noise and
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intensity inhomogeneities, the needs of a shape prior at different
pixels might vary signiﬁcantly. In other words, setting a constant
value l for all pixels on the whole image is not appropriate. Again,
we refer to Figs. 1 and 2 to demonstrate the sensitivity of the
segmentation result to the choice of l.
As mentioned, Peng and Veksler [10] studied a parameter
selection method for m by measuring segmentation quality.
Further to the selection of m, our proposed method solves the
problem of choosing l on the shape constraint V 0pq adaptively on a
per pixel basis. In other words, our method uses a spatially
varying weight on the shape prior.
3.2. Adaptive shape prior
Based on our discussion in the previous section, we propose to
incorporate a shape prior adaptively, according to the needs of
different pixels. Speciﬁcally, we notice that the pairwise term in
(6) can be modiﬁed in the following way that replaces the
constant l with an adaptive weight Spq:
Bpq ¼ V pq þSpq V 0pq

ð7Þ

The weight Spq can be estimated from either the original image or
an enhanced version of it that we refer to as probability map a,
which will be discussed further in the next section. Intuitively, the
addition of Spq allows us to impose a stronger shape prior term at
locations where the edge information is weaker or less obvious,
and vice versa.
3.3. Shape weight Spq
The shape weight Spq can be deﬁned in various ways. The
higher the similarity is between pixels p and q, the less information there is in the image to allow graph cut to ﬁnd the boundary
of the object, and the stronger the shape constraint should be to
help a graph cut algorithm.
First, we introduce a probability map a which has the same
size as the image to be segmented. We let ap denote the
likelihood of pixel p belonging to the foreground. The value of
ap should be between 0 and 1. Then we deﬁne Spq in terms of a. To
reﬂect the difference in the probability value between pixels p
2
and q, we use Spq ¼ eðap aq Þ in our experiments.
3.4. Probability map a
Various methods exist to compute the probability map a
which reﬂects the likelihood of each pixel belonging to the
foreground object. For example, a could be obtained from supervised learning techniques [15]. In fact, in the simplest case, a can
be a smoothed version of the original image.
In our experiments, we will show image segmentation results
by using a smoothed version of the original images. Since the
focus of this paper is not to compare the performance of
unsupervised and supervised methods for computing a, we only
discuss experiments that use smoothing. In our experiments, the
smoothed images are generated from applying Gaussian ﬁlter on
the original images. To demonstrate the generality of our method,
our experiments include images in four different applications:
(a) ore images in mining, (b) shovel tooth images from an
excavation shovel, (c) bladder images in medical applications and
(d) star ﬁsh images.
3.5. Adaptive shape template method
Freedman and Zhang introduced the idea of incorporating
a shape template in the form of level set to graph cut [2]. Their
method begins with the assumption that the shape prior is a

single ﬁxed template [2]. In order to incorporate the shape prior,
they modiﬁed the original energy function of graph cut by the
shape term in Eq. (6) as
p þ q
V 0pq ¼ f
ð8Þ
2
where f is a regular unsigned distance function whose zero level
set corresponds to the shape template curve c. By adding this
shape energy term V 0pq , minimization of the graph cut energy
function encourages the object boundary to be aligned with the
zero level set [2].
To be more detailed, after adding the shape energy term V 0pq ,
the energy function for Freeman and Zhang’s shape template
method can be written as
X
X
Eðf Þ ¼ m
Dp ðf p Þ þ
V pq ðf p ,f q Þ þ
ðp,qÞ A N:f p a f q

pAP

l

X
fp,qg A N:f p a f q

p þ q
f
2

ð9Þ

A drawback of Freeman and Zhang’s method is the requirement of object-template alignment through a variety of transformations which are computationally expensive. Another more
relevant limitation is the difﬁculty in choosing a proper l, which
is a common problem for existing graph cut methods with shape
priors.
Following our proposed adaptive shape prior pairwise term,
we can easily replace the pairwise terms in the energy function
(9) with the new pairwise term Bpq. Therefore, energy function (9)
for Freedman and Zhang’s method becomes
X
X
Eðf Þ ¼ m
Dp ðf p Þ þ
V pq ðf p ,f q Þ þ
ðp,qÞ A N:f p a f q

pAP

X

Spq f

p þ q
2

fp,qg A N:f p a f q

ð10Þ

3.6. Adaptive star shape method
A recent graph cut method with a generic shape prior is the
star shape prior method [3]. The star shape prior is not speciﬁc to
any particular shape, but rather deﬁnes a class of shapes. With the
assumption that the center of the object is known, the star shape
prior method adds a shape constraint to the graph cut energy
function as described below.
Consider the center of the star shape is denoted as c. Let 1 and
0 be the object label and the background labels, respectively.
To get an object segment of a star shape, for any point p inside the
object, we have to insure that every single point q on a straight
line connecting c and p is also inside the object. This implies that
if p is assigned label 1, then every point between point c and p is
also assigned 1. With the assumption that q is between c and p,
the star shape method deﬁnes the following pairwise shape
constraint term V 0pq :
8
0
if f p ¼ f q ,
>
<
0
if f p ¼ 1 and f q ¼ 0,
ð11Þ
V pq ðf p ,f q Þ ¼ 1
>
:b
if f p ¼ 0 and f q ¼ 1
where b is a weight constant.
To be more detailed, after adding the shape energy term V 0pq ,
the energy function for the star shape method can be written as
X
X
Eðf Þ ¼ m
Dp ðf p Þ þ
V pq ðf p ,f q Þ
pAP

þl

X

ðp,qÞ A N:f p a f q

V 0pq ðf p ,f q Þ

ðp,qÞ A N:f p a f q

where V 0pq is a shape energy term deﬁned by (11).

ð12Þ
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Similar to other shape prior methods in graph cut segmentation, the star shape method still has the limitation with parameter
selection for different terms in the energy function. As discussed
in [3], b needs to be chosen appropriately by the user in order to
obtain good segmentation results. It is obvious that l and b are
relative weights, and the problem of selecting them remains.
Following similar procedure as for the shape template method,
our proposed adaptive shape prior pairwise terms can easily replace
the pairwise terms Bpq in the energy function (12). Therefore energy
function (12) becomes
X
X
Eðf Þ ¼ m
Dp ðf p Þ þ
V pq ðf p ,f q Þ þ
pAP

X

Table 1
Statistical results comparing shape template method. Results with adaptive shape
prior (ASP) method by using the enhanced ﬁltered images as Spq are shown in
the last column. Very similar results were obtained by applying other types of
probability maps as Spq.

ð13Þ

In Eqs. (10) and (13), the Vpq terms are deﬁned the same as in
(5). The difference lies in the shape term V 0pq . According to [16], an
energy function can be optimized exactly with a graph cut if all
the pairwise terms are submodular, that is, a binary function g of
two variables is submodular if gð0,0Þ þ gð1,1Þ r gð1,0Þ þgð0,1Þ.
For both Eqs. (10) and (13), we have Vð0,0Þ ¼ 0 and Vð1,1Þ ¼ 0.
As well we have V 0 ð0,0Þ ¼ 0 and V 0 ð1,1Þ ¼ 0. So Vpq and V 0pq are
clearly submodular. It is also easy to prove that Spq V 0pq is also
submodular. Therefore, we can construct a graph according to [16]
and obtain optimized solutions (10) and (13) via max-ﬂow/min-cut
algorithm.

image as Spq

Oil sard images
Tooth images
Bladder images
Starﬁsh images

ðp,qÞ A N:f p a f q

3.7. Optimality of the new energy function

l ¼ 0:2 l ¼ 0:5 l ¼ 0:8 ASP using denoised

Shape template
method

ðp,qÞ A N:f p a f q

Spq V 0pq ðf p ,f q Þ
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Accuracy
Jaccard
Accuracy
Jaccard
Accuracy
Jaccard
Accuracy
Jaccard

0.95
0.39
0.32
0.31
0.33
0.78
0.32
0.77

0.97
0.95
0.36
0.81
0.84
0.79
0.83
0.73

0.98
0.95
0.83
0.85
0.85
0.78
0.83
0.79

0.98
0.96
0.92
0.93
0.85
0.79
0.84
0.80

Table 2
Statistical results comparing star shape method. Results with adaptive shape prior
(ASP) method by using the enhanced ﬁltered images as Spq are shown in the last
column. Very similar results were obtained by applying other types of probability
maps as Spq.

l ¼ 0:2 l ¼ 0:5 l ¼ 0:8 ASP using denoised image

Star shape
method
Oil sand
images
Tooth images
Bladder
images
Starﬁsh
images

as Spq
Accuracy
Jaccard
Accuracy
Jaccard
Accuracy
Jaccard
Accuracy
Jaccard

0.96
0.92
0.72
0.55
0.34
0.78
0.84
0.61

0.36
0.92
0.81
0.65
0.85
0.79
0.87
0.62

0.96
0.92
0.80
0.69
0.84
0.79
0.86
0.63

0.97
0.92
0.91
0.70
0.85
0.79
0.86
0.63

4. Experimental results
To validate our proposed shape prior method, we have run
experiments on two graph cut methods with shape priors, detailed
in Section 3. We use a MATLAB wrapper with the Cþþ maxﬂow
code by Boykov and Kolmogorov [17]. When comparing our
proposed method to Freedman and Zhang’s shape template
method [2], the shape template is introduced in the same way,
i.e., we assume an aligned template as the shape prior. The aligned
shape templates for each image are exactly the same for both
Freedman and Zhang’s method and our method, and are done
manually in all our experiments. As mentioned in [2], the key
assumption of Freeman and Zhang’s method is that, based on the
user input, the shape template can be pretty well aligned with the
image using the Procrustes Method [18]. Given the aligned
template, the distance function can be easily computed via scaling,
as the input to the graph cut energy function. It is also mentioned
that the rigid transformation computed via the Procrustes Method
will not be extremely accurate, however the algorithm is robust to
the situation in which the template is not exact.
When comparing our method to the original star shape prior
method [3], we also perform our experiments based on exactly the
same user initialization to specify the center of the object to be
segmented. Therefore, for each image, the user speciﬁes the center
of the object, and exactly the same center will be the initialization
for both our method and the original star shape method.
We perform our experiments by utilizing a smoothed version
of the original image as the probability map a. The smoothed
images are generated from applying Gaussian ﬁlter on the original
images. After obtaining the probability map a, the probability
map is combined with the shape prior from either Freedman’s
method or star shape prior method, and ﬁnally the corresponding
energy function is minimized via graph cut.
Figs. 1 and 2 show the comparison results of our method to the
shape template method [2] and the star shape prior method [3],

respectively. In both ﬁgures, the original images are shown in
column (a), and results obtained by the competing methods
are shown in columns (b) to (d) with different values of l. Our
results are shown in column (e) by using a smoothed image of the
original image as the probability map.
Tables 1 and 2 show the statistical results. To evaluate
the performance of the algorithms quantitatively, we apply two
popular evaluation metrics: Jaccard index [19] and pixel accuracy.
Deﬁne TP, TN, FP, FN as the number of pixels being labeled as true
positive, true negative, false positive, false negative, respectively.
Jaccard index is deﬁned as TP=ðTP þ FP þFNÞ, and it is the ratio
of intersection and union of the segmented region and ground
truth region. On the other hand, pixel accuracy is deﬁned as
ðTP þTNÞ=ðTP þ TN þ FP þ FNÞ, and it incorporates both correctly
labeled foreground and background pixels.
In total, our experiments included 20 oil sand images, 46 tooth
images, 15 bladder images and 10 starﬁsh images. The last two
columns in the tables demonstrate the superior performance
of our method over the competing methods. The highlight
columns show the best performance in each row. It is clear that
our method obtains better segmentation results most of the time
without the need to optimize with regard to l, while the two
competing methods both need to tune the parameter l.
We obtain almost the same segmentation results even though
we use different techniques for obtaining Spq. This shows that our
method is ﬂexible in terms of how a is generated. Since we are not
interested in picking the best method for computing a, comparison
among various types of a is not further examined in our studies.

5. Conclusions and future work
We have proposed an adaptive method for incorporating shape
priors into graph cut to eliminate the need to tune the weight of
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the shape constraint. We have shown that the proposed method
can be easily applied to various types of graph cut methods with
shape priors, such as Freedman and Zhang’s method with a shape
template [2], and Veskler’s graph cut method with the star shape
prior [3].
In addition, we have validated our method for various types of
images and obtained better results than the state of the art graph
cut methods with shape priors. Although there is a preprocessing
step to obtain a probability map a in our method, this step is
equivalent to image enhancement, and it is therefore straight
forward, automatic and with little extra computational cost. With
different ways of obtaining the probability map, the segmentation
results are consistently better than those using the other two
existing shape prior methods.
Similar to most existing graph cut based segmentation method,
the performance of our method still depends on the parameter m,
the weight on the data term D. So as in all graph cut based methods,
we have to obtain a proper m for the images in our experiments.
Also, similar to most shape template based methods, our method
needs to align the shape template to obtain a proper segmentation
result.
One direction of future work is to see if our adaptive shape
prior idea can be extended to segmentation algorithms other than
graph cut. Another direction for future research is to examine
whether more types of shapes can be incorporated into the graph
cut framework. While we have seen that the current method is
relatively robust compared to other existing shape prior methods,
it will be interesting to see whether this robustness holds in the
case of greater variations in shapes and images, and if not, how
the algorithm may be modiﬁed to account for these changes.
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