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Abstract

This paper conducts an in-depth study on a classical
perceptual-organization problem: finding salient closed
boundaries from a set of boundary fragments detected in a
noisy image. In this problem, a saliency boundary is formed
by identifying and connecting a subset of fragments accord-
ing to the simple Gestalt laws of closure, continuity, and
proximity. Our specific interest is focused on the methods
that aim to achieve boundary closure, an important global
property of perceptual salient boundaries. In this paper, we
analyze and compare three such methods that are developed
in recent years: (a) Elder and Zucker’s method based on
the shortest-path algorithm, (b) Williams and Thornber’s
method combining the spectral-analysis and the strongly-
connected-component algorithms, and (c) Wang, Kubota,
and Siskind’s method based on ratio-contour algorithm.
Both theoretic analysis and experimental study show that,
with a unified setting of fragment saliency, Wang, Kub-
ota, and Siskind’s method more appropriately constrains
the search space for the closed boundaries, and usually pro-
duces better performance than or at least comparable per-
formance as the other two methods. Particularly, Wang,
Kubota, and Siksind’s method can always guarantee the
boundary closure and simplicity, which may not be always
hold in the other two methods. We construct and collect a
variety of synthesized and real images for this comparison.

1. Introduction

Extracting perceptually salient boundaries from noisy
images is a fundamental problem in computer vision. Ac-
cording to Gestalt laws, closure, proximity, and continu-
ity are three critical properties in measuring the boundary
saliency. These properties can be modelled more conve-
niently with a set of pre-extracted boundary fragments than
with image pixels. The boundary fragments, or simply frag-
ments1, can be obtained by applying some edge-detection

1Most literatures use the terminology edge instead of fragment. How-
ever, in this paper edge has other specified meaning in a graph model.

algorithms on the input image. From these fragments, the
boundary-extraction problem is to identify and connect a
subset of fragments for a salient boundary. In this formu-
lation, Closure means that the resulting boundary should
be closed and fully partition an object out of the back-
ground. Proximity means that the gap between two neigh-
boring fragments should be small. Continuity means that
the resulting boundary should be smooth.

Most methods follow three steps in designing their
boundary-extraction algorithms. (a) Define a local saliency
for each fragment and/or gap between two neighboring
fragments, usually based on the smoothness and length of
the involved fragments and/or gaps, to encode the local con-
tinuity and proximity properties. (b) Define a saliency mea-
sure for each valid boundary in terms of the local saliency
defined in step (a). For example, we can measure the
saliency of a boundary by summing up the local saliency
of all the fragments and gaps along this boundary. (c) De-
velop an optimization algorithm to find the boundary that
maximizes the selected boundary-saliency measure. Graph
models are useful in this problem formulation and algorithm
design [5, 12, 9].

As a global property, boundary closure is usually more
difficult to be encoded into the saliency measure than the
local properties of proximity and continuity. An intuitive
way to achieve boundary closure is to impose it as a hard
constraint: i.e., the search space only consists of closed
boundaries. With this constraint, the boundary-extraction
problem is converted into an optimal cycle-finding prob-
lem in a graph. Elder and Zucker [5] define the boundary
saliency as the product of local saliency along the bound-
ary and then use the shortest-path algorithm to find the op-
timal one. Wang, Kubota and Siskind [12] define a new
boundary-saliency measure with a normalization over the
boundary length, and present a ratio-contour algorithm to
find the optimal cycle in polynomial time. Williams and
Thornber [14, 9] develop a spectral-analysis algorithm to
encode the global boundary-closure property into the local
saliency of the fragments. This technique was compared
with five other relevant methods [11, 7, 10, 6, 13] with im-
proved performance in enhancing the local saliency of many
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fragments along the desired closed boundaries. With this
saliency enhancement, a strongly-connected-component al-
gorithm [9] is developed to extract the final closed bound-
aries. Other related work includes Alter and Basri [1], Ja-
cobs [8], and Amir and Lindenbaum [2].

This paper conducts an in-depth study on the methods
of computing boundary closure by analyzing and compar-
ing the three typical methods mentioned above: Elder and
Zucker’s method (EZ) [5], Williams and Thornber’s method
(WT) [14, 9], and Wang, Kubota, and Siskind’s method
(WKS) [12]. Our interesting findings include: (a) EZ has
a bias to produce boundaries with fewer fragments while
WT and WKS do not have such a bias, (b) the boundary-
saliency measures used in WT and WKS are very similar to
each other, while WKS further prunes the search space to
guarantee the boundary closure, (c) EZ and WKS find the
real global optima in terms of the selected saliency measure,
while the algorithms in WT are only related to its boundary-
saliency measure in some special cases [13], (d) WT may
produce boundaries that are not closed or simple, while
WKS does not, (e) the spectral-analysis algorithm used in
WT can enhance the local saliency of many fragments along
the most salient boundary, but this enhancement does not
improve the performance of WKS in a noticeable way. In
general, with a unified setting of local saliency, WKS usu-
ally performs better than or at least comparably to WT and
EZ.

This paper is organized as follows. In Section 2, we give
a brief introduction to WKS, WT and EZ. In Section 3, we
analyze the intrinsic similarities and differences of them.
Section 4 provides an experimental comparison for evalua-
tion, followed by a brief conclusion in Section 5.

2. Background

2.1. Problem Formulation

As shown in Fig. 1(a), we start with a set of non-crossing
fragments, each of which is a continuous open curve seg-
ment with two endpoints. Our goal is to identify and con-
nect a subset of fragments into a closed boundary with a
maximum perceptual saliency as shown in Fig. 1(b). To
achieve a closed boundary, another set of fragments (dashed
curves in Fig. 1(b)) are constructed to fill the gap between
initial fragments. To distinguish these two kinds of frag-
ments, we name the initial fragments (shown in Fig. 1(a))
real fragments and those gap-filling ones virtual fragments.
A virtual fragment is usually derived from its two neigh-
boring real fragments using some curve-completion tech-
niques. Associated with each fragment, we define a frag-
ment saliency (or fragment cost) that describes its likeli-
ness (or unlikeness) to be along a salient closed bound-
ary according to some local information. There are vari-
ous ways to define the fragment saliency (or fragment cost)

[5, 13, 12]. Most of them are subject to the Gestalt laws
of proximity and continuity: (a) real fragments are more
salient than virtual fragments, (b) the longer a virtual frag-
ment, the less its local saliency, and (c) the smoother a frag-
ment, the larger its local saliency.

(d)(b) (c)(a)

Figure 1. An illustration of extracting a salient
boundary from some fragments: (a) real frag-
ments, (b) salient closed boundary by connect-
ing some real/virtual fragments, (c) a solid-dashed
graph G , and (d) an alternate cycle in G.

A closed boundary can then be constructed by connect-
ing a subset of real fragments and virtual fragments, se-
quentially and alternately, as shown in Fig. 1(b). We are
only interested in simple boundary, where no fragments is
traversed more than once. In the remainder of the paper,
all boundaries without a qualifier ‘nonsimple’ always mean
simple boundaries. Associated with each closed bound-
ary, we can define a boundary saliency S(·) (or its nega-
tion, a boundary cost L(·)) as a function of the fragment
saliency (or fragment cost) of all the involved fragments.
Finally, we need to develop an optimization algorithm to
search for a closed boundary that maximizes the bound-
ary saliency or minimize the boundary cost. In essence,
various boundary-extraction methods differ mainly in their
boundary-saliency/cost definitions and/or the optimization
algorithms.

2.2. Wang, Kubota & Siskind’s Method (WKS) [12]

In WKS, the problem is formulated in an undirected
graph G = (V, E). A unique vertex is constructed for
each fragment endpoint. Two different kinds of edges, solid
edges and dashed edges, are then constructed between ver-
tices for representing real fragments and virtual fragments,
respectively. An example is shown in Fig. 1(c), which con-
sists of 3 solid edges and all 15 possible dashed edges.
Graph G always has even number of vertices, as each real
fragment has two endpoints. Furthermore, no two solid
edges are incident from the same vertex. In [12], such a
graph is called an (undirected) solid-dashed (SD) graph. In
this graph, an alternate cycle is defined as a cycle that tra-
verses solid edges and dashed edges alternately and a sim-
ple cycle as a cycle that does not traverse a vertex more
than once. In the remainder of this paper, all cycles without
a qualifier ‘nonsimple’ always mean simple cycles. Exam-
ples of a SD graph and an alternate cycle are illustrated in
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Fig. 1(c) and (d). It is easy to see that simple closed bound-
aries are exactly modelled by alternate cycles in G.

In WKS, a weight function w(e) is defined for each
edge e to describe the fragment cost of Γ(e), the frag-
ment modelled by e. In [12], the edge weight is defined
as w(e) �

∫
Γ(e)

[σ(e) + κ2(t)]dt, where σ(e) = 0 for solid
edges and σ(e) = 1 for dashed edges. κ(t) is the curvature
along the fragment. Furthermore, let l(e) be the length of
the fragment Γ(e). For the closed boundary modelled by
the alternate cycle C ⊂ G, the boundary cost is defined as

Lwks(C) =
∑

e∈C w(e)∑
e∈C l(e)

. (1)

In [12], a polynomial-time ratio-contour algorithm, which
consists of three main reductions, is developed to search for
an optimal alternate cycle C∗ with minimum cost Lwks(C),
and it provides the most salient closed boundary.

2.3. Williams & Thornber’s Method(WT) [14, 9]

In WT, the problem is formulated in a directed graph
Ĝ = (V̂ , Ê) and the spectral graph theory [3] is applied
to encode the global boundary-closure property into the lo-
cal fragment saliency. All real fragments are simplified to
be straight line segments with infinitesimal length. There-
fore, each real fragment is determined by its location and its
slope angle. In the graph construction, each real fragment
is represented by two separate vertices i and ī to cover the
two possible directions of this real fragment in the resulting
closed boundary. Each virtual fragment is then represented
by two directed edges as shown in Fig. 2(b). Associated
with each (directed) edge (i, j) is a weight pij ∈ (0, 1) that
is the fragment saliency of the virtual fragment connecting
i to j sequentially2. The affinity matrix P = [pij ]2n×2n is
not symmetric, but time-reversal symmetric, i.e., pij �= pji,
but pij = pj̄ī, where n is the number of real fragments.

The fragment saliency pij in WT is estimated using the
stochastic-completion fields [13], which also models the
proximity and continuity between two real fragments. Frag-
ment saliency associated with real fragments is ignored ini-
tially. To encode the boundary-closure property, the affinity
matrix P = [pij ]2n×2n is updated to C = [cij ]2n×2n us-
ing the eigenvalue decomposition of P. In [14], it is shown
that many fragments along the salient boundaries are greatly
enhanced in the new affinity matrix C. To finally achieve
a closed boundary, a strongly-connected-component algo-
rithm is used to find a directed cycle Ĉ ⊂ Ĝ that traverses
the edges with large fragment saliency cij [14]. The update
from P to C is also related to maximizing the boundary

2In both WT and EZ, pij is named as transition probability to reflect
that edges are directed. However, it does not satisfy the strict definition of
transition probability in Markov networks, because

∑
j pij may not be 1.
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Figure 2. An illustration of the directed graph Ĝ
used in WT and EZ: (a) initial real/virtual frag-
ments and SD graph G, (b) directed real/virtual
fragments, and (c) the resulting directed graph Ĝ
equivalent to (a). This figure was adapted from
Fig. 3 in [14].

saliency

Swt(Ĉ) =


 ∏

(i,j)∈Ĉ

pij




1
|Ĉ|

, (2)

but only in some special cases [13]. Here |Ĉ| is the number
of edges in cycle Ĉ.

2.4. Elder & Zucker’s Method (EZ) [5]

In EZ, the graph structure is the same as the one used in
WT, i.e., Ĝ = (V̂ , Ê) where vertices represent real frag-
ments and edges represent virtual fragments. Also similar
to WT, a fragment saliency pij ∈ (0, 1) is defined as weight
for each edge, by combining the properties of proximity,
continuity, and the neighboring-area’s intensity distribution.
A closed boundary is also modelled by a directed cycle Ĉ,
but the boundary saliency is defined as

Sez(Ĉ) =
∏

(i,j)∈Ĉ

pij , (3)

and the final goal is to find an optimal cycle Ĉ∗ that maxi-
mizes the boundary saliency (3). Taking a logarithm on (3),
we can see that Ĉ∗ should minimize the boundary cost

Lez(Ĉ) =
∑

(i,j)∈Ĉ

| log pij |, (4)

as pij ∈ (0, 1). If we redefine the edge weight as ŵij =
| log pij |, Ĉ∗ is then a (directed) cycle with the minimum
total weights. This optimization problem can be solved in
polynomial time using the classic shortest-path algorithms
like Dijkstra’s algorithm [4].

3. Analysis

In this section, we analyze some relations among these
three methods in terms of their choices of local saliency,
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graph models, search spaces, boundary saliency, and opti-
mization algorithms. Based on this analysis, we choose a
unified setting for the experimental comparison, which will
be reported in Section 4.

First, the structures of the undirected SD graph G used
in WKS and the directed graph Ĝ used in WT and EZ are
actually equivalent to each other as described in Section
2.3. Real fragments are represented by solid edges in G
and vertices in Ĝ, while virtual fragments are represented
by dashed edges in G and directed edges in Ĝ. Both graphs
fully describe the real and virtual fragments and their con-
nection relations.

Second, there are some intrinsic similarities among the
edge-weight functions used in these three methods. To
represent fragment saliency or cost, all three methods de-
fine the edge-weight functions based on the Gestalt laws of
proximity and continuity, although different formulae are
used to measure them. In WKS, edge weight w(·) repre-
sents fragment cost that is negatively related to the fragment
saliency pij used in WT and EZ. These two can be unified
by setting w(i2, j1) = | log pij |, because undirected dashed
edge (i2, j1) in G and the directed edge (i, j) in Ĝ model
the same virtual fragment, as shown in Fig. 2. Another
difference is that the saliency of the real fragments is ex-
plicitly considered in WKS, but not in EZ and WT. Finally,
in WKS, the length of the fragments, or l(e), is explicitly
used to measure the boundary length, while the number of
edges, or |Ĉ|, is used to measure the boundary length in WT
and EZ. To achieve a fair comparison only in terms of their
boundary saliency and optimization algorithms, we use the
following unified setting in constructing G for WKS and Ĝ
for WT and EZ.

Unified Setting:

1. The initial real fragment are preprocessed so that
all of them are of infinitesimal length and repre-
sented by its location and its slope angle.

2. Calculate the edge weights pij in Ĝ using the
stochastic-completion-field method with param-
eters γ = 0.15, T = 0.004 and τ = 5.0 [13, 9].

3. Calculate the dashed-edge weights in G using
w(i2, j1) = | log pij |.

4. Set l(e) = 1 for all dashed edges in G and w(e) =
0, l(e) = 0 for all solid edges in G.

Third, the search space employed in WKS is different
from the one employed in WT and EZ. In WKS, the search
space B is made up of the boundaries corresponding to
all the alternate (simple) cycles C ⊂ G, which exactly
cover all the simple closed boundaries we are interested
in. In WT and EZ, the search space B̂ consists of bound-

aries corresponding to all directed cycles Ĉ ⊂ Ĝ. Be-
cause Ĉ traverses edges and vertices alternately in Ĝ, the
resulting boundary also traverses real and virtual fragments
alternately, as in WKS method. However, a directed sim-
ple cycle Ĉ ⊂ Ĝ may traverse both edges (i, j) and (j̄, ī),
which in fact represent the same virtual fragment. There-
fore, B̂ contains strongly-connected components, as shown
in Fig. 3(a), which correspond to nonsimple boundaries, as
shown in Fig. 3(c). In the undirected SD graph G, such a
nonsimple boundary is represented by a nonsimple alternate
cycle that may traverse a vertex or an edge more than once.
From this analysis, we see that B ⊂ B̂ is a tighter search
space covering exactly all the simple closed boundaries.

To see whether WT can guarantee to select a cycle cor-
responding to a simple boundary, we further study closely
the strongly-connected-component algorithm of WT [9]. In
essence, this algorithm starts from a vertex k ∈ Ĝ and lo-
cally searches for a cycle Ĉk. Then it starts from k̄ and
searches for another optimal cycle Ĉk̄, from which a new
cycle Ĉ ′̄

k
is constructed as its time-reversal version, i.e.,

Ĉ ′̄
k

= {̄i|i ∈ Ĉk̄}. Finally, the subgraph Ĉk ∩ Ĉ ′̄
k

is re-

turned for deriving boundaries. While both Ĉk and Ĉ ′̄
k

may

correspond to nonsimple boundaries in B̂, it is expected that
Ĉk ∩ Ĉ ′̄

k
always corresponds to a simple closed boundary.

However, this algorithm may result in a boundary that is
not closed. For example, for vertices k and k̄, and cycle Ĉk

shown in Fig. 3(a), Ĉk contains both k and k̄ and Ĉk and Ĉk̄

are the same cycle. In this case, the subgraph Ĉk ∩ Ĉ ′̄
k

cor-
responds to an open curve segment as shown in Fig. 3(c). In
the next section, we will see such results in the experiments
using WT.

kk

k
k

kk

k

(a) (b)

(c) (d)

k

Figure 3. An illustration of invalid boundaries pro-
duced by WT: (a) a directed cycle in Ĝ that tra-
verses both k and k̄, (b) the same cycle repre-
sented by directed fragments, (c) the nonsimple
boundary corresponding to the cycle in (a) and (b),
and (d) an open curve segment produced by the
strongly-connected-component algorithm of WT.

Fourth, the boundary saliency measures used in WT and
WKS are similar while the measure used in EZ is differ-
ent from the other two. The difference of the boundary
saliency used in EZ and WT is obvious from (3) and (2):
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EZ uses the product of the fragment saliency while WT
takes the geometric mean of this product. As mentioned
in [14], EZ’s boundary saliency decreases quickly with the
increasing of the number of fragments along the bound-
ary. Therefore, it can be expected that EZ favors a shorter
boundary, or a boundary with less number of fragments. For
WT and WKS, their boundary saliency are very similar. As
mentioned in Section 2.4, we can redefine the edge weight
ŵij = | log pij | in directed graph Ĝ to represent fragment
cost. Then the cycle Ĉ∗ maximizing the boundary saliency
(2) is exactly the one minimizing the boundary cost

Lwt(Ĉ) =

∑
(i,j)∈Ĉ ŵij

|Ĉ| , (5)

which is of the same form as the WKS boundary cost (1),
under the unified setting mentioned above. We can see that
Lwt(Ĉ) = Lwks(C) if C ⊂ G and Ĉ ⊂ Ĝ model the
same simple closed boundary. From this, we expect that the
performance of WT and WKS to be similar to each other.
However, we have shown that the search space B in WKS is
a subset of the search space B̂ in WT. Therefore, even with
the unified setting, the results from WT and WKS may still
be different.

Finally, EZ and WKS are guaranteed to find the optimal
solutions in their respective search spaces while WT is not.
In WKS, a ratio-contour algorithm is developed to find a cy-
cle C∗ minimizing Lwks in polynomial time, with a prov-
able global optimality. Similarly in EZ, a shortest-path al-
gorithm is used to find a globally optimal cycle minimizing
Lez in polynomial time. In WT, however, a local-search-
based algorithm is developed to find a strongly-connected
component in Ĝ. This algorithm is not shown to minimize
the boundary cost Lwt globally. Only the fragment-saliency
update from P to C is related to the boundary cost Lwt in
some special cases [14]. In the next section, we conduct
some experiments to further compare these three methods.

4. Experiments

Without specific declarations, all the experiments re-
ported in this section are conducted under the unified setting
mentioned in Section 3. Virtual fragments are produced us-
ing the same stochastic-completion field [13] as one used
for estimating fragment saliency pij in the unified setting.

4.1. Toy Examples

We first test the methods using two toy examples, where
the desired boundaries are circles. In the first example, a
circle of radius 10 is located in the center of the image. The
circle is represented by a set of 16 real fragments placed
uniformly along the circumference. While all the real frag-
ments are of infinitesimal length in the unified setting, each

(d)(a) (b) (c)

Figure 4. A toy example of boundary extraction: (a)
real fragments, (b-d) boundary-extraction results
from EZ, WT, and WKS, respectively.

of them is displayed as a straight line segment with short
length in the figures so that we can identify both locations
and slope angles. The results are shown in Fig.4, from
which we see that both WT and WKS extract all 16 real
fragments along the circle while EZ only extracts 4 of them.
This toy example clearly shows that EZ favors boundaries
with less number of fragments.

(a)

(b)

(c)

(d)

Figure 5. Another toy example of boundary extrac-
tion: (a) real fragments, (b-d) boundaries extracted
using EZ, WT, and WKS, respectively.

The second toy example demonstrates that WT does
not always guarantee boundary closure and simplicity. As
shown in Fig. 5(a), two circles are located in the image and
each of them is sampled by 8 real fragments. Another set
of 7 real fragments is placed along a straight line between
these two circles. Fig.(b), (c), and (d) show the most salient
boundaries extracted using EZ, WT, and WKS, respectively.
We see that, while EZ and WKS extract one of the cir-
cles as the most salient boundary, WT extracts an open line
segment connecting the 7 real fragments lying between the
two circles. This experiment verifies the analysis on search
space in Section 3.
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4.2. Synthesized Data

We also use the some synthesized data in [14] to test
these three methods. In those data, the input real fragments
contain two patterns. One is the salient pattern extracted
from one of the five fruits: apple, banana, lemon, pear, and
tamarillo, and the other is a noisy pattern extracted from one
of the five textures: water, wood, sand, stone, and fabric. All
25 combinations of a salient pattern and a noisy pattern are
tested. We found that WT and WKS successfully extracted
the salient patterns in all 25 images, while EZ failed in all
of them. Four examples are shown in Fig. 6, where each
row illustrates an example. It is clear that the main problem
of EZ comes from its bias toward boundaries with fewer
fragments or, in many cases, shorter boundaries.

Figure 6. Extracting salient boundaries from syn-
thesized data. From leftmost column to the right-
most column are the real fragments, and the
boundaries extracted using EZ, WT, and WKS, re-
spectively. From the top row to the bottom row
are the mixed patterns of apple & sand, banana &
wood, lemon & fabric, and pear & stone, respec-
tively.

4.3. Real Images

We collect some real images from the Corel database
and some medical images for testing these three methods.
Real fragments are extracted from those images by Canny
edge detectors using the default setting in Matlab software.

(b) (c)(a)

Figure 7. An illustration of image processing for
real fragments: (a) original image, (b) Canny edge
detection, and (c) resulted real fragments.

Then we perform a preprocessing of real-fragment sam-
pling. Each detected fragment from Canny edge detectors
is sampled into real fragments with an interval of 8 pixels.
An example of this processing is shown in Fig.7.

We then apply the three methods on those real fragments
and results are shown in Fig. 8. We find that EZ fails in
many examples by extracting shorter and smoother bound-
aries, like in the second and fifth images, and the two medi-
cal images shown in the figure. We also see some examples
where WT extracts open curve segments instead of closed
boundaries, like in the polar-bear image shown in the 10th
row of the figure. In general, WKS performs better than
EZ and WT. In some cases, neither of these three meth-
ods can extract the salient boundaries successfully, such
as the cow image shown in the fourth row. In most fail-
ure cases, there usually exist multiple perceptually salient
patterns mixed and entwined in one image and therefore,
the resulted closed boundary may mistakenly traverse frag-
ments from different patterns.

4.4. Update P to C for WKS?

An intuitive way to achieve an improvement is to com-
bine the merits of WT and WKS by using the updated frag-
ment saliency in C for WKS, i.e., setting the edge weight
w(i2, j1) = | log cij | in the SD graph G and then ap-
plying WKS to acquire final boundary closure. For sim-
plicity, we denote this combined method by C-WKS. In
this new method, on one hand, global boundary closure is
encoded into fragment saliency (edge weight w(·) in G).
On the other hand, the search space is limited to B that
contains only simple closed boundaries. We test C-WKS
and compare its performance to the standard WKS with
w(i2, j1) = | log pij |. We find that there is no noticeable
improvement by using C-WKS instead of WKS. Therefore,
the global boundary-closure property encoded in WT has
been effectively incorporated in the standard WKS by lim-
iting the search space to simple closed boundaries only.

In Fig. 9, we try a toy example, which contains a circle
and 100 noisy fragments. We decrease the number of sam-
pled real fragments along the circle and check whether C-
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Figure 8. An illustration of salient-boundary extrac-
tion on real images. From the leftmost column
to the rightmost column are: the original images,
and the boundaries extracted using EZ, WT, and
WKS, respectively. Some closed boundaries are
cropped by the image perimeter when producing
this figure.

(b) (c)(a)

(f)(e)(d)

(g) (h) (i)

Figure 9. A toy example used for testing C-WKS.
(a-c) real fragments, out of which 18, 12, and 6 are
on the salient circle, respectively. (d-f) boundaries
extracted using the standard WKS on (a-c), respec-
tively. (g-i) boundaries extracted using C-WKS on
(a-c), respectively.

WKS is able to extract the circle represented by less number
of real fragments. Unfortunately, we find that C-WKS has
similar performance with the standard WKS. In the cases
where the standard WKS succeeds in extracting the salient
circle, so does C-WKS. When the standard WKS fails, C-
WKS also fails. We try all the 25 synthesized data col-
lected in Section 4.2 and a set of real images from the Corel
database, without seeing any statistically meaningful im-
provement. Part of these experiment results are shown in
Fig. 10 and Fig. 11.

5. Conclusion

This paper conducted an in-depth study on the problem
of finding salient closed boundaries from a set of bound-
ary fragments. In this paper, we analyzed and compared
three typical methods that had been developed for closed-
boundary extraction: (a) Elder and Zucker’s method (EZ),
(b) William and Thornber’s method (WT), and (c) Wang,
Kubota, and Siskind’s method (WKS). Our interesting find-
ings from this comparison include: (a) EZ has a bias
to boundaries with fewer fragments while WT and WKS
do not have such a bias, (b) the boundary-saliency mea-
sures used in WT and WKS are very similar to each other,
while WKS further prunes the search space to guarantee the
boundary closure, (c) EZ and WKS find the real global op-
tima in terms of their selected saliency measures, while the
algorithms in WT are only related to its boundary-saliency
measure in some special cases, (d) WT may produce bound-
aries that are not closed or simple, while WKS does not,
(e) the spectral-analysis algorithm used in WT can enhance
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Figure 10. Using synthesized data, sampled from
an apple pattern and a wood texture, for testing C-
WKS. The wood texture contributes the same 100
real fragments in all of them while the apple pattern
was sampled into 47, 35, 20 and 15 fragments from
leftmost column to rightmost column. The first
row shows the most salient boundaries extracted
from the fragments shown in the first rows, using
the standard WKS on the P matrix. The second
row shows the most salient boundaries extracted
using C-WKS.

Figure 11. Using real images for testing C-WKS.
From leftmost column to the rightmost column
are the original images, the boundaries extracted
using the standard WKS, and the boundaries ex-
tracted using C-WKS, respectively.

the local saliency of many fragments along the most salient
boundary, but this enhancement does not improve the per-
formance of WKS in a noticeable way. In general, with a
unified setting of fragment saliency, WKS performs more
reliably than WT and EZ.
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