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Abstract.  In recent years, segmentation with graph cuts is increasingly
used for a variety of applications, such as photo/video edit ing, medical
image processing, etc. One of the most common applications & graph
cut segmentation is extracting an object of interest from it s background.
If there is any knowledge about the object shape (i.e. a shapeprior), in-
corporating this knowledge helps to achieve a more robust segmentation.
In this paper, we show how to implement a star shape prior into graph
cut segmentation. This is a generic shape prior, i.e. it is not specic to
any particular object, but rather applies to a wide class of o bjects, in
particular to convex objects. Our major assumption is that t he center
of the star shape is known, for example, it can be provided by the user.
The star shape prior has an additional important benet - it a llows an
inclusion of a term in the objective function which encourag es a longer
object boundary. This helps to alleviate the bias of a graph c ut towards
shorter segmentation boundaries. In fact, we show that in many cases,
with this new term we can achieve an accurate object segmentation with
only a single pixel, the center of the object, provided by the user, which
is rarely possible with standard graph cut interactive segm entation.

1 Introduction

In the last decade, two important trends in image segmentaton are the introduc-
tion of various user interaction techniques, and the develpment and increased
reliance on global optimization methods. Interactive segrentation ([1{7]) be-
came popular because in dierent domains, user interactionis available, and
it can greatly reduce the ambiguity of segmentation caused ¥ complex object
appearance, weak edges, etc. Global optimization ([8{10,3.1{13,7, 14, 15]), of-
ten formulated as a graph problem, became popular because it more robust
compared to the local methods such as thresholding or regiegrowing [16].

In this paper, we address the segmentation of an object fromt$ background
in the graph cut framework [5, 7]. The advantage of this framavork is that it
guarantees a globally optimal solution for a wide family of eergy functions [17],
allows incorporation of regional and boundary constraints and provides a simple
user interaction interface. The user has to mark some pixelss object and some
pixels as background. Such pixels are usually called "seets



If one has prior knowledge about the shape of an object (or a 'lsape prior"),
incorporating this knowledge makes segmentation more robst. Shape prior re-
duces ambiguity by ruling out all segments inconsistent wit the prior. Using
shape priors to improve segmentation has been investigatenh the level set and
curve evolution frameworks [18{21]. Level set methods are sually not numeri-
cally stable and are prone to getting stuck in a local minimum

There has been some work on shape priors for graph cuts. The thors in [22]
use an elliptical prior, which is implemented only approximately within an it-
erative re nement process. In [23], a prior which encourage the object to be a
convex blob centered around a certain point is implementedAnother example of
a blob like prior is in [24]. The above shape prior assumption are useful, but are
quite restrictive on the shape of the object. In [25], an inteesting "connectivity"
prior is used, that is they enforce the object region to be conected. In [26, 27],
an object speci c shape prior is used, with no restriction onthe object shape.
However, a shape model has to be registered to an image, whitha challenging
and computationally expensive problem.
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Fig. 1. Star shape examples. First three shapes are convex and therore are stars with
respect to any inside point as the center. Last three shapes ae stars with respect to
the speci ed center, however there are multiple other valid centers.

In this paper, we investigate a generic shape prior for grapttut segmentation.
Our prior is generic because it is not based on a shape of a specobject class
(like a "cow" class), but rather it is based on simple geometic properties of an
object, similar to the ellipse assumption in [22]. Our shapeprior is much more
general than an ellipse though. We call it astar shape prior, de ned as follows.
A star shape is de ned with respect to a center pointc. An object has a star
shape if for any point p inside the object, all points on the straight line between
the center ¢ and p also lie inside the object. Some star shapes are in Fig. 1.

We assume that the user marks the star center. In many cases ib informa-
tion is enough to accurately segment the object, see Sec. 5.

Star shaped objects are abundant in the environment. A speail case of a
star is a convex shape, and in this case we have an additionaldsantage that
the user can choose any point inside the object as the centesince a convex
shape is a star with respect to any inside point. For many othe shapes there are
multiple candidates that make a valid center, so, in generalthe user does not
have to be very careful in choosing the center. For exampleof the heart shape
in Fig. 1, most points, except the ones in approximately the bp fth part of the
shape, make a valid center.



The advantage of using a generic star shape prior is that it ca be directly
incorporated in the optimization procedure, no expensive egistration between
the model and the image, like in [26,27] is required. The disgvantage is that
only a shape obeying a generic star shape is extracted, we aast guarantee that
the extracted shape will be a circle, or a rectangle, etc.

An important positive side e ect of the star shape prior is th at we can include
in the objective function a length-based "ballooning" term that encourages a
larger object segment. This term helps to counterbalance tb known bias of a
graph cut to small segments. It is not as aggressive as the pv@usly used area-
based "ballooning" terms. With the new term, it is frequentl y enough for a user
to provide just the object center, additional information a bout the object may
be unnecessary, making segmentation very undemanding forser interaction.
Note that [23, 24] also support a single-click segmentatiowith graph cuts.

This paper is organized as follows. In Section 2 we review gpd cut seg-
mentation, In Section 3 we explain how to incorporate the sta shape prior in
graph cut segmentation, in Section 4 we explain how we incorprate bias to-
wards longer segmentation boundaries, and, nally, in Sedbn 5 we present the
experimental results.

2 Graph Cut Segmentation

We now brie y review the graph cut segmentation algorithm of [5].

2.1 Graph Cut

Let G = (V;E) be a graph with verticesV and edgeskE. Each edgee 2 E has a
non-negative costwe. There are two special vertices callederminals: the source,
s and the sink, t. Acut C E is a subset of edges, such that iC is removed
from G, then V is partitioned into two disjoint sets Sand T = VS sugh that
s2 Sandt 2 T. The cost of the cut C is the sum its edge weightsjCj = We!

e2C
The minimum cut is the cut with smallest cost. The max- ow/mi ncut algo-

rithm [28] can be used to nd the minimum cut in polynomial tim e. We use the
max- ow algorithm of [29], which has linear time performance in practice [29].

2.2 Object/Background Segmentation with a Graph Cut

Segmenting an object from its background is formulated as a imary labeling
problem, i.e. each pixel in the image has to be assigned a labieom the label set
L = f0; 1g, where 0 and 1 stand for the background and the object, respdiwely.

Let P be the set of all pixels in the image, and letN be the standard 4 or
8-connected neighborhood system oi?, consisting of ordered pixel pairs ; Q)
wherep <q. Let f, 2L be the label assigned to pixep, andf = ffpjp2 Pg be



the collection of all label assignments. The energy functio commonly used for
segmentation is as follows:

X X
E(f)= Dp(fp) + Vg (fp;fo): 1)
p2P (p;a)2N

In Eq. (1), the rst term is called the regional or data term because it in-
corporates regional constraints. Speci cally, it measurs how well pixels t into
the object or background models.Dy(f ) is the penalty for assigning labelf , to
pixel p. The more likely f, is for p, the smaller isD (). The object/background
models could be known beforehand, or modeled from the seedsgwided by the
user. To insure that the seeds are segmented correctly, fomg object seedp, one
setsDp(0) = 1, and for any background seedp, one setsD,(1) = 1 .

The second sum in Equation (1) is called theboundary term because it in-
corporates the boundary constraints. A segmentation boundry occurs whenever
two neighboring pixels are assigned di erent labelsVpq(f p; f ) is the penalty for
assigning labels , and f 4 to neighboring pixels. Most nearby pixels are expected
to have the same label, therefore there is no penalty if neighoring pixels have
the same label and a penalty otherwise. TypicallyVpq(fp;fq) = Wpq | (fp 6 fq) ,
wherel () is 1if f, 8 f4 and O otherwise.

To align the segmentation boundary with intensity edges, wyq is typically
a non-increasing function ofjl, 14j, where |, is the intensity of pixel p. For
example, the following is frequently used [5]:

(Ip |q)2
Wpg=€ 27 . )
Parameter 0 in Eg. (1) weights the relative importance between the

regional and boundary terms. Smaller makes regional terms more important.
In [5] they show how to construct a graph such that the labelirg correspond-

ing to the minimum cut is the one optimizing the energy in Eq. (1). In general,

[17] shows which binary energies can be optimized exactly Wi a graph cut.

3 Implementing the Star Shape Prior

We now show how to implement the star shape prior in the graph at segmen-
tation. We assume that the center of the star shapec is known. In interactive
segmentation it is provided by the user. In certain restricted domains, such as
in medical imaging, it may be possible to calculate the centeautomatically.
Consider Fig. 2(a). The center of the star shape is marked wh a black dot
¢, and an example of a star shape is outlined in green. Some of¢hstraight lines
passing throughc are shown in black. Let 1 and O be the object label and the
background labels, respectively. To get an object segmentfca star shape, for
any point p inside the object, we have to insure that every single pointg on the
straight line connecting ¢ and p is also inside the object. This implies that if p
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Fig.2. (a) An example of a star shape is in green. The center of the star is marked
with a red dot c. Let p and g be pixels on the line passing through c, and q lies between
c and p. If pis labeled as the object, then g must be also labeled as the object; (b)
Discretized lines are displayed with random colors.

is assigned label 1, then every point betweer to p (on a straight line) is also
assigned 1. The following pairwiseshape constraintterm S,q implements this:

8
<0 iffy="fg;

Spa(fpifg)= . 1 iffy=1andfq=0; (3)
' iffop=0and fq=1

Eq. (3) assumes thatq is betweenc and p. A segmentation with a nite cost
never violates the star shape constraints. Parameter is discussed later.

In discrete implementation, c, p, and g are pixels. Observe that the shape
constraint term Spq in Eq. (3) does not need to be placed between all pairs of
pixels p; g that lie on a line passing throughc. It is enough to put an Spq only
between neighboring pixelsp and g. Indeed, if the star shape is violated along
some line passing throughc, then there may be several pairs of pixelg and g,
(with g in between c and p) that violate the constraint. There will be a pair of
pixels p and g with the smallest distance between them, and such two pixelsnust
be neighbors. Conversely, if the star shape constraints araot violated between
all the neighboring pixels pairs, they are not violated between pairs of pixels
that are not neighbors, and therefore the shape is a star. Tha the neighborhood
system for incorporating the star constraints is the same ador the boundary
constraints, making the e ciency overhead for the shape prior negligible. Also
note that using the star shape constraints is equivalent to ading a ux eld [30].

In practice we have to discretize the set of lines passing tlaugh the centerc.
We consider all the lines that pass through the center pixet and any other image
pixel p. This is the nest possible discretization at the given image resolution.

We have to be careful when implementing the shape constrairgt on discrete
lines. Continuous lines intersect only at the centerc. Discrete lines can "intersect"
at more than one pixel. Consider Fig. 3(a). One discretizedihe is shown in red,
and another line with a larger slope is shown in black. Thesewo lines rst
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Fig. 3. (a) the red and black discrete lines "intersect" at more than one point; (b) the
black line is merged into the red line; (c) the red line is merg ed into the black line.

intersect at pixel p, and then at pixels q and r. After pixel p, these two lines
become essentially indistinguishable at image precisionTherefore at the rst
detected intersection pixel, in this case pixelp, we merge either the black line
into the red one (Fig. 3 (b)) or vice versa (Fig. 3 (c)), chosenat random.

Fig. 2(b) shows with random colors the discrete merged lineshat are used
for star shape constraints (generated from a particular exanple). Closer to the
center of the star shape, the density of lines is smaller tharthe density towards
the image borders, because more lines have to be merged close the center.

With the shape constraints, the our energy function becomes

X X X
E(f)= Dp(fp)'I' qu(fp;fq)'I' Spq(fp;fq): 4)
p2P (p:q)2N (p:q)2N

In Eq. (4), the V,q terms are as de ned in Sec. 2, and the shape constrairfby
terms are as de ned in Eq. (3). According to [17], the energy m Eq. (4) can be
optimized exactly with a graph cut if all the pairwise terms are submodular,
where a binary function g of two variables is submodular if g(0;0) + g(1;1)
9(1;0)+ g(0; 1). Both the Vg and Spq terms are clearly submodular, and what is
more interesting, the Spq terms are submodular for any nite choice of . If we
setb= 0, then the labeling minimizing the energy in Eq. (4) is the same as the
one optimizing the standard energy in Eq. (1), except the opimal object segment
is star shaped. However, we can do more interesting things. dlice that can
be set to a negative value. This enables a bias towards a longsegmentation
boundary, as explained in the next section.

4 Bias toward Longer Segment Boundaries

4.1 Boundary Based Ballooning

A graph cut has a well known bias towards shorter boundariesWhen a reliable
model for the object and background is available, the data tem in Eq. (4) can
be given a large weight relative to the boundary term, by seting to a relatively



smaller value. In this case, the bias to shorter boundariessi actually helpful to
the segmentation process, since it serves to regularize thaata terms. The data
term can be known beforehand or it can be estimated from the s&s [7].

In the absence of a reliable model for the foreground/backgyund, the data
term has to be weighted low relative to the boundary term. In such a case, bias
towards shorter boundaries is not helpful. The extreme casés when nothing
about the appearance is known, and therefore the only non-ze data terms
are those for the background/foreground seeds. If the user arks only a few
seeds, then in most cases the result will consist of most pike assigned to the
same label. By marking enough seeds, the correct segmentati can always be
achieved, but the amount of user interaction may be excesse.

If a user enters only a few seeds, estimating a reliable appesnce model may
be impossible. Furthermore, in the case when the backgroun@nd foreground
objects have similar appearance, it may be di cult or impossible to construct
reliable appearance models. Consider the image in Fig. 4(a)The heart object
and its background have identical intensity histograms. If the appearance model
is based only on the intensity histogram, it cannot distinguish between the fore-
ground and the background. A user has to provide a signi cantnumber of seeds
to segment this object. Notice that this image is not simple © segment with
local algorithms because of intensity variation and weak bandaries.

(@) (b)

Fig.4. (a) the heart object and its background have identical histo grams; (b) Our
result, the seed point is in red, only one object seed pixel is provided by the user, the
border of the image is assumed to be the background.

To prevent the shrinking bias of a graph cut in the absence of astrong
data term, a bias towards a longer boundary is needed, or, in ther words, a
"ballooning" force. We can easily incorporate such bias by stting in Eq. (4)
to a negative value. The last summation term in Eg. (4) is rouchly proportional
to the length of the boundary, and setting to a negative value implies that
longer segmentation boundaries decrease the energy funoti more as compared



to the shorter boundariest. The question is how to choose an appropriate
value, since the best value is likely to be di erent for each mage.

In the related work on ratio cycles and regions [31], [11], [3], a ratio energy
Eratio (f) = feost1 + fcost2 IS considered. Heref (o571 IS usually related to the
cost of the object boundary, andf st 2 is related to the object area or boundary
length. A minimum ratio region is found by searching for that s.t. the optimum
value of E a0 is 0. Usually binary search is used to nd such , and the energy
Eaio IS repeatedly optimized for dierent  values. The optimum region has
the smallest normalized f o511, Where normalization is by length or by area,
depending onf ¢ost2. Typically feost1 IS related to the contrast on the boundary,
and therefore the region with highest normalized contrast § found.

Our energy in Eg. (4) is basically the same as the ratio energylgnoring
the data terms, our energy is approximatelyf yeignt + flength ,» where feight
is the sum of wyq weights on the boundary between the object and the back-
ground segments, andf ength is the length of the boundary, or the sum of all
Spq terms. Therefore we could follow the strategy similar to the ratio regions
by nding the highest contrast boundary. However, we obsene that the highest
contrast boundary may not be what the user wants. For example if every image
is placed in a "frame" with high contrast, this frame would always be the "best"
segmentation.

Instead, we pursue a di erent strategy. We nd the smallest such that the
object segment is at least some minimum speci ed size, whiclwe set to 100
in all the experiments. Let ; < 5, and let f ! be the labeling minimizing the

energy in Eq. 4 with = 1 and f 2 be the labeling minimizing the energy in
Eq.4with = . lItis easy to see thatf y o <f 2o andfl o <f 2 -

That is a smaller (or large negative) value of results in a larger object segment
with a larger sum of boundary weights wpq. The sum of the boundary weights
Wpq is just the standard cost of a labeling in Eqg. (1), without ballooning (and
ignoring the data terms). Therefore our strategy is equivaént to searching for
a minimum cost labeling (without ballooning) that gives the object segment of
size at least 100. To nd such , we use binary search, in the range from 0 to 50.

To test the e ectiveness of our approach, we do not use backgund/foreground
models for all the experiments presented in this paper. We gehe pixels on the
border of the image to be the background seeds, and the user gvides a single
foreground seed which is the center of the star shape. We calillso incorporate
the data term, of course, but it makes it harder to evaluate the e ectiveness of
the shape prior and the parameter search strategy. Fig. 4(bshows our segmen-
tation result on the image in Fig. 4(a). The rst strategy for setting was used.
The value of that gave the rst large enough object segment is 1:97.

Notice that we do not need to rerun the graph cut algorithm from scratch
when searching for the value of . We can use the idea of [33] to reuse the ow
computation from the previous run. Thus the overhead we pay or the search
is minimal, on average, the algorithm is 2.3 times slower wih the search for

! This is due to the merging of discrete lines, discussed in the previous section.



than without 2. The algorithm in [33], while performing well in practice, has
no guarantees on the computational e ciency, in general. The parametric max-
ow algorithm of [32] does have theoretical guarantees, butunfortunately their
method has certain restrictions that are not applicable to aur approach.

4.2 Relation to other "ballooning” methods

To encourage larger object segment, we balloon (or encourayjlonger boundary.
Our ballooning is e ectively equivalent to the ratio cycle method in [11]. The
di erence is that we work in the graph cut framework, and can easily implement
user interaction, use background models, and all the other dvantages of the
graph cut framework. Another di erence that instead of ndi ng the "cycle" with
the best ratio (or best average) contrast, we nd a large enogh "cycle" with a
good contrast, which has certain advantages, as already méoned above.

There are other ways to add a "ballooning” force. For example uniform area
based ballooning [34] can be used, which is implemented by dihg a bonus
to each pixel in the image if it is assigned the foreground labl. The problem
with uniform ballooning is that the object region is no longer guaranteed to
be connected. in addition, area ballooning is more aggress compared to the
boundary ballooning, in the sense that it may prefer a largerregion to a smaller,
but also reasonable cost region. This may also happen with tegth ballooning,
but it is less likely. We can show that if a region can be extrated with the area
ballooning, than it can be extracted with length ballooning, but not vice versa.

Let Ejength (f) = fcost + flengtn be the energy with length ballooning and
Earea (f) = feost+  farea be the energy area ballooning, wheré g is the cost of
the boundary related to its contrast, fiengn iS the length of the object segment
and f4eq is the area of the object segment. Letf 1 be the optimal labeling
with = 0 for Eaea, and f2, 2 be two other labelings, with f2 < f 2
and f2., <f 3., . Suppose that we can extractf 2 with area ballooning, i.e.
there is  s.t. Earea (f 2) < E area (f 3). Then it is easy to see that ff2°2°3‘ !

< ff—gw%}ﬂ— Since area grows quadratically in terms of length, we have

f 1

cost < f 2 + f 1 <
length féng[h ( length length )

1

cost

€ <
area

2
that farea  (flengin )?; and therefore, fzf cost

f

3 2 3 +
foost  flost length f

+f

L . . 3 +f21

% 7 79— approximately. Since £*"——5""— < 1, we have
Igngth Iengtg ) length length
Tost < < 3f ws Tou which is exactly the necessary condition for

length length length length
f 2 to be preferred overf 2 for some choice of .

The reverse is not true, that is, for some choices of 2, f 2 with 2 <f 3,
and f 2o <f 3ngn » there are  s.t. Ejength(f ?) < E jength(f %) butno  s.t.
Earea(f 2) < E srea(f 3). Instead of proving this, we show in example. In Fig. 5,
the original image is in (a), our results (with boundary ballooning) are in (b),

and the results with uniform area ballooning are in (c). For area ballooning, just

i3 3
length length

f2

cost

2 The graph cut code for ‘"recycling" the ow was downloaded fro m
http://www.adastral.ucl.ac.uk/~vladkolm/software.ht ~ ml
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as for our algorithm, we chose the smallest giving the object segment of size
at least 100 pixels. Since for larger segments get larger, with uniform area
ballooning, for no choice of is it possible to extract the seal (with only a single
seed provided by the user).

Another type of ballooning force is non-uniform area balloming, for example,
in [35] the ballooning force decreases at the rate of=k wherer is the distance
from the pixel to the center c. In general, this ballooning force works quite well,
giving results similar to ours in most cases. The problem wih such non-uniform
ballooning is that it is biased towards including pixels closer to the centerc,
since such pixels get "ballooned" more. Consider Fig 6. It shws an oval object
front of two smaller oval objects. The contrast between the arger ovals and two
smaller ones is weak. Because of the star shape, we are ableextract the oval,
shown in (b). With non-uniform ballooning, all three ovals are extracted because
the smaller ovals get stronger "ballooning" than the lower two thirds of the large
oval, since they are closer to the seed.

(b)

Fig.5. (&) Original image; (b) Our algorithm; (c) Area "ballooning

5 Experimental Results

In this section, we present our experimental results. Firstwe summarize the ex-
perimental setup. The border of the image are xed to be the bakground seeds.
The user provides a single object seed pixel, which is assuh¢o be the center
of the star shape. Using binary search, we nd the smallest resulting in object
segment larger than 100 pixels. Although we could make furtler corrections for
the boundary with the help of user interaction, we choose notto do so to make
the evaluation of the star shape e ects easier.

We set = 20, although its particular choice is not important, since changing
changes the relative weight between the regional and boundsg terms. The
only remaining parameter is in Eq. (2). Typically [5] one sets as an average
absolute intensity di erence between neighboring pixels.Such choice for is
motivated by the following. If the di erence in intensities between two pixels is
twice larger than the typical (average) di erence, then the weight of connection
Wpq between these pixels is very small, allowing to place an edgeetween them
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@) (©) (b)

Fig. 6. (@) Original image; (b) Our results; (c) Non-uniform area "b allooning"

at a very small cost. If the intensity di erence is smaller than the average, then
Wpq is large. When the di erence is in the range from the averagea twice larger
than the average, the weightswy, decrease at the exponential rate. We use the
same idea, except for pixelp and g we set to be the absolute average intensity
di erence in the box around p and g, not the whole image. The box size is set
to be 20 by 20. This approach is helpful to encourage the bouraty along the
edges that may be relatively weak as far as the whole image isoncerned, but
are signi cantly strong if one looks only at their local neighborhood.

Fig. 7 shows results. Some of the images are from the Berkelelatabase [36],
and others are from the Web. The odd columns show the originaimage, and the
even columns show segmentation results. All the images areray scale, which
makes the segmentation problem much more challenging compad to the color
images. The object segment is shown with its original intengies, and the back-
ground is shown in black. The seed pixel is a red square. For = 0, for all the
images shown, the object segment consists of either the silegseed pixel or just
a few pixels. Therefore the standard graph cut algorithm without bias to longer
object boundaries.

The results are very promising, especially considering thethey were obtained
with a single user click. In many cases, the extracted segmens a meaningful
object or a collection of objects. We are able to deal with wek boundaries, and
complex foreground and background. In some cases, a meaning part of the
object is found. For example, for the duck image in the third row in Fig. 7, the
legs of the duck were cut out due to the star shape constraintsin the third row
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Fig.7. Some results.
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of Fig. 7, the door part is segmented even though the whole cais a star shape.
This is because there is due to a strong intensity edge arounthe door part.

In cases when only a part of the object has been segmented, thextracted
part can be used for improving segmentation without further user interaction.
For example, for the snake image in the bottom row of Fig. 7, wecan get a reliable
texture model from the extracted part, and then rerun the graph cut with this
data term without the star shape constraints. This would make the algorithm
similar to the Grab Cut [37]. In Grab Cut, an initial region co ntaining the object
is speci ed by the user as a box. However, this box usually cdains a signi cant
part of the background, making appearance modeling less riglble. Our method
can nd alarge signi cant part of the foreground, mostly wit hout the background
pixels, making it more appropriate for modeling the object gppearance.

The running times on a 2.66 GHz computer with 2.0 GB or RAM were
between a fraction of a second to less than 2 seconds, depengion the image
size, which was in the range from 100 by 100 to 512 by 512.
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