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Inferring region salience from binary and gray-level images
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Abstract

We introduce a method that uses contour fragments to highlight regions of interest. Our method obtains as input either a
binary image or the gradient map of a gray-level image. It produces a saliency map that re0ects for every point in the image
our belief that it belongs to a salient region. Saliency is determined by criteria such as closure, convexity, and size. In addition,
gaps in the boundaries of regions diminish their saliency. Explicit scale parameter determines the size of interest. The method
is implemented by a convolution of the input edge image with a linear 6lter that speci6es the region of in0uence of a contour
point over the image. Experiments demonstrate the utility of the method for saliency and segmentation.
? 2003 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

Computational approaches to perceptual grouping group
together contour fragments in an attempt to detect regular-
ities in images. Grouping processes attempt to rank image
structures according to their perceptual saliency, they iden-
tify curves in images, and they complete curves over gaps.
The outcome of such processes is used to detect objects of
interest (“attention”), separate them from their background,
and perform image segmentation.

In this paper we introduce a method that uses contour
fragments to highlight regions of interest. Our method pro-
duces, given a contour image, a saliency map that re0ects
for every point in the image our belief that it belongs to a
salient region. The saliency values are determined by crite-
ria such as closure, convexity, and size. In addition, gaps in
the boundaries of regions diminish their saliency. Our ex-
periments demonstrate the utility of our method for saliency
and segmentation.
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Existing techniques for grouping curve fragments largely
consider criteria such as smoothness, curvilinearity, and the
length of curves and disregard region considerations. Most
of these techniques optimize measures based on Elastica and
its variations ([1–7], see a comparison of applying several
such methods to closed contours in Ref. [8]). These mea-
sures prefer an open, straight line over a closed curve. Only
a few methods combine curve with region considerations.
Shashua and Ullman’s Saliency Network ([9], see an anal-
ysis in Ref. [10]) ranks curves according to their length and
smoothness. Closed curves are encouraged by treating them
as in6nitely long. Huttenlocher and Wayner [11] and Ja-
cobs [12] developed methods for detecting curve fragments
that form convex con6gurations. Elder and Zucker [13]
search for optimal cycles in a graph whose nodes represent
curve fragments and links are weighted according to a likeli-
hood measure of contiguity. Leung and Malik [14] combine
intensity-based region segmentation with curve completion.
Their method determines whether two pixels belong to the
same region by considering both the diLerence in their in-
tensities as well as the likelihood that they are separated by
a subjective contour. Jermyn and Ishikawa [15] optimize an
energy function that combines region with boundary infor-
mation through an application of Green’s theorem. Geiger
et al. [16–18] propose a diLusion process in which saliency
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values diLuse from junctions to the regions in the image.
Finally, Williams and Thornber [8] propose a method for
computing the salience of closed curves through a mecha-
nism of random walks.

The method we present assigns saliency values to points
according to region considerations. The method obtains
as input either a contour image or the gradient map of
a gray-level image. It produces a dense saliency map in
which every point in the image is given a saliency value
re0ecting its likelihood to belong to a salient region. The
method enables focusing attention to regions of diLerent
scales by setting an explicit scale parameter. The saliency
map is computed by convolving the gradient image with a
linear 6lter that speci6es the region of in0uence of a contour
point over the image. This convolution can also be viewed
as a process that diLuses the saliency from the edge points
to the regions. We show below that the most salient curve
according to the method is a circle of the selected scale
and that the largest saliency value is obtained at its center.
Our method diLers from most previous approaches by con-
sidering explicitly region criteria. (For instance, similar to
our method, Guy and Medioni [6] also encourage circular
extensions, but their method still prefers an open straight
line over a closed circular curve.) The method is most
related to the diLusion process proposed in Refs. [16–18].
Both methods use convolution to detect regions in contour
images. However, Refs. [16–18] diLuse the saliency values
from junction points, whereas in our method the saliency
values diLuse from the edge elements. This leads to quite
signi6cant diLerences in the methods. Also, by diLusing the
saliency values from the edge elements we avoid the need
to accurately detect and classify the junctions in the image.

The paper contains the following sections. In Section 2
we present our method for computing the saliency values.
In this section we introduce a 6lter whose objective is to
highlight, given an edge element, the points that are likely
to be included in a region whose boundaries include the
element. The saliency map is obtained by convolving the
edge image with this 6lter. In Section 3 we introduce the
boundary 6eld, which highlights the boundaries of salient
regions. We show in addition that the most salient region
obtained with our method is a circle of the selected scale.
In Section 4 we exploit contrast and convexity to reduce the
blur in the saliency map. Experimental results are shown in
Section 5.

2. The model

Our scheme obtains as input a gradient image; every pixel
u has two values, the magnitude of the gradient at u and
the direction of the gradient. Given a gray level image the
gradient image can be produced from the image by applying
a standard gradient operator (e.g., Sobel). Alternatively, if
a contour image is given, we produce a gradient image by
setting the gradient magnitude to 1 at every contour pixel

v

u

φ 

v

u

φ 
φ 

o

Fig. 1. Constructing an induction 6eld around an edge element at
u. The left 6gure shows a point v and the circle through v that is
tangent to u. � denotes the angle between v–u and the normal to
u. The right 6gure shows that the triangle �ouv is isosceles.

and 0 elsewhere. The direction of the gradient in this case
is set along the normal to the contour at the pixel. Note that
in this case there is a two-way ambiguity in the direction
of the gradient. For simplicity we assume below that only
a single edge may pass through any image pixel. Thus, we
interchangeably refer to a pixel u also as an edge element
u. It is straightforward to modify this assumption to allow
multiple edges to pass through a pixel.

Given an edge element u, we determine the saliency in-
duced by u over the image to re0ect the likelihood of every
pixel in the image, in the absence of other information, to
belong to a region whose boundary includes u. This saliency
is set according to two principles. First, neighboring points
to u are considered more salient than farther points. Sec-
ond, all the points that lie along a circle that is tangent to
u (excluding u itself) are equally salient. These two princi-
ples are achieved by de6ning the saliency induced by u as a
Gaussian function that decays with the diameter of a circle
whose tangent is u.

Formally, let u denote the position of an edge element,
and let �(u) denote its normal orientation. Given an edge
element uwe de6ne a coordinate system around u as follows.
The center of the coordinate system is set at u, the X -axis
is aligned with the tangent direction to u, and the Y -axis is
aligned with the normal direction, �(u). In this coordinate
frame the family of circles tangent to u are described by the
formula:

x2 + (y ± r)2 = r2 (1)

for 0¡r¡∞. Given a point v = (x; y), let h = 2r denote
the diameter of the circle through v that is tangent to u. By
rearranging Eq. (1), we obtain that

h=
x2 + y2

|y| : (2)

Alternatively, we can express the diameter h such that it is
independent of the choice of coordinate system as follows.
Let � be the angle between the normal to u and the vector
v− u (see Fig. 1 (left)). Then,

cos�=
y√

x2 + y2
: (3)
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Fig. 2. The induction 6eld associated with an edge element (left), and its level sets (right), � = 30.

Substituting Eq. (3) into Eq. (2) and replacing
√
x2 + y2

by ‖v− u‖ we obtain

h=
‖v− u‖
|cos�| : (4)

Note that h = ∞ along the X -axis (y = 0), except at the
origin where h= 0.

The salience induced by an edge element u, which we
refer to as the induction 5eld of u, is a Gaussian function that
decays with the diameter of the circle whose tangent is u:

k(u; v) =
1
��2

exp
(
− h2

2�2

)
; (5)

where h can be replaced by either of the expressions in
Eqs. (2) or (4). The constant factor 1=��2 normalizes the
induction 6eld so that its integral over the entire 2-D plane is
one (see Appendix A). Note that although h diverges along
the X -axis k is 6nite everywhere in the plane. In particular,

lim
y→0

k(u; v) =




1
��2

x = 0;

0 x �= 0:
(6)

The scale parameter � determines the rate of decay of the
induction 6eld and consequently, as is shown in Section 3
below, the size of the highlighted regions. In application of
the scheme the scale parameter should vary according to the
size of the viewed objects, the distance of the objects from
the viewer, and the sampling rate of the image. Applying the
method at several diLerent scales is often desired in order
to highlight all the objects of interest.

Fig. 2 shows a 3-D plot of the induction 6eld of an edge
element placed at the origin and the level sets of this induc-
tion 6eld for a particular choice of �.

The salience of a point v is obtained by integrating the
induction 6elds at v with respect to all edge pixels u as

follows:

R(v) =
∫

k(u; v)f(u) du; (7)

where f(u) is a weight assigned to the edge element u.
In a gradient image, for example, the weight f(u) may be
proportional to the magnitude of the gradient at u, whereas
in a binary image it may be constant for all edges.

The process of producing the saliency map can be de-
scribed also as a process in which saliency values diLuse
from the edge elements to the entire image. In our scheme
the saliency values propagate along straight lines, and the
amount diLused varies according to the angular deviation
of the propagation direction from the normal to the source
element.

3. The shape of salient regions

The saliency map produced with our method highlights
the regions of interest, but the boundaries of these regions
are not given explicitly in the saliency map. To extract
the shape of the highlighted regions we may detect edges
in the saliency map, e.g., by considering the gradient of
the saliency map. Based on the gradient we de6ne below
the boundary 6eld, which indicates the locations of the
boundaries of highlighted regions. We show further that this
boundary 6eld may be obtained by convolving the image
with the boundary 6eld induced by every edge element sep-
arately, and derive an explicit expression for this boundary
6eld. In addition, by analyzing the boundary 6eld induced
by the edge elements we claim that the most salient region
is a circle whose diameter equals the selected scale �.
The boundary 5eld is de6ned to be a 2-D vector 6eld

whose magnitude at every point re0ects the likelihood that
the point lies on the boundary of a salient region and whose
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orientation indicates the normal direction to the boundary.
The boundary 6eld is de6ned as

B̃(v) = �3∇̃R(v); (8)

where ∇̃ = (@=@x; @=@y) denotes the gradient operator. The
constant factor �3 multiplies the gradient in order to make
the magnitude of the boundary 6eld comparable at diLerent
scales, as will become apparent shortly.

The boundary 6eld can be computed in two ways. The 6rst
is to apply the de6nition directly, namely, the saliency map
R(v) is computed, and then its gradient is derived. Alterna-
tively, the boundary 6eld can be inferred directly from the
boundary 6elds induced by every edge element separately.
Because of the linearity of the gradient operator, the bound-
ary 6eld can be expressed simply as a sum of the boundary
6elds induced by the individual elements.

Below we provide analytic expressions to the boundary
6eld induced by an edge element. We 6rst determine the
direction of the boundary 6eld. Denote the boundary 6eld
induced by an element u by b̃(u; v) = �3∇̃k(u; v). The level
sets of k(u; v) are the circles that are tangent to u, and k(u; v)
decays with the diameter of the circle. This implies that the
gradient vectors are orthogonal to those circles, and that they
point inward toward the centers of the circles.

Next, we determine the magnitude of the boundary 6eld.
Let v lie along a ray l through u that forms an angle �
with the normal to u (see Fig. 1 (left)). Denote the distance
between u and v by q = ‖v− u‖, according to Eq. (4)

dq
dh

= |cos�|: (9)

Denote by o the center of the circle. Note that the triangle
	ouv is isosceles (see Fig. 1 (right)). Its base is v–u, the
side o–u coincides with the normal to u, and the side o–v
coincides with the gradient vector at v. Consequently, the
angle between the direction of the gradient of the induction
6eld k(u; v) at v and the line l connecting u and v is �. Thus,

|∇̃k(u; v)|= 1
|cos�|

dk
dq

; (10)

and from Eq. (9),

|∇̃k(u; v)|= 1
cos2 �

dk
dh

: (11)

Finally, using Eq. (5) we obtain

|̃b(u; v)|=− h
�� cos2�

exp
(
− h2

2�2

)
: (12)

(Note that as � → ±�=2, h → ∞ and consequently
b̃(u; v) → 0.) Notice that the magnitude of the boundary
6eld is invariant to the sampling rate of the image since
increasing the diameter h and the scale parameter � by the
same proportion maintains the magnitude constant.
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Fig. 3. |̃b(u; v)| as a function of h=�.

It is not diPcult to show that |̃b(u; v)| obtains its maximum
value when h= �. Thus, given a single edge element u, the
most likely regions according to our scheme are the two
circles of diameter � that are tangent to u. Said another
way, the most likely continuations for this element u are the
boundaries of these two circles. Fig. 3 shows |̃b(u; v)| as a
function of h=�.
The analysis above gives an insight to the type of regions

highlighted by our scheme. Every edge element u contributes
most of its saliency to the circles of diameter � that are tan-
gent to u. Consequently, every cross section of a region that
is consistent with a circle whose diameter is roughly � con-
tributes to the saliency of the region. The boundaries of the
highlighted region is determined by a vector summation of
the boundary 6elds induced by every contour element. Note
that a vector summation of in0uences was used previously
in Ref. [6] to highlight smooth curves.

Finally, it can be shown that when the method is applied
to an image of an ellipse its center point obtains the maximal
saliency. To see this notice that at the center of the ellipse the
boundary 6eld induced by any element along the boundary
of the ellipse is canceled by the boundary 6eld induced by the
opposite element. Thus, the gradient of the saliency map at
the center of the ellipse vanishes. Symmetry considerations
imply that this maximum is global. For a circle of radius r
the saliency at the center point cr is given by

R(cr) =
2r
�2

exp
(
− r2

2�2

)
: (13)

4. Enhancing the saliency map

When we consider the bounding contour of an object we
need to take into account the two regions that lie on both
sides of the contour. Assuming the object is in general posi-
tion, one side contains the bounded object, while the other
corresponds to the occluded background. Given an edge el-
ement it is unknown a-priori in which side of the edge the
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bounded object lies. Therefore, our scheme associates with
an edge element an induction 6eld that extends symmetri-
cally to both sides of the edge. In general, this gives a pref-
erence to convex regions because the saliency emitted from
the boundaries of a convex region tends to concentrate over
a relatively small area, whereas in non-convex regions the
saliency tends to be spread over larger areas. However, as
we shall see in our examples, this tends to somewhat blur
the saliency map.

One possible way to reduce this blur is to measure the lo-
cal curvature of the edge and limit the associated induction
6eld to the convex side of the edge. This solution, however,
involves an estimation of second derivatives of the contour.
This might be a problemwhen the boundaries of objects con-
tain nearly straight line segments. In this section we discuss
two other methods to enhance the saliency map. The 6rst
method uses the (signed) direction of the gradient of edge
elements and is appropriate for both binary and gray-level
images. The second method uses pairwise interactions of
edge elements. These methods are described in the rest of
this section.

4.1. Signed induction 5elds

The 6rst method, which we call signed induction 5elds,
is eLective when regions of interest contain intensities that
are either all brighter or all darker than their immediate
background. The method is based on preserving the sign of
the contrast between a region and its background while the
saliency is accumulated. This method is often appropriate for
gray-level and binary images. The method is inappropriate
for contour images or when a region includes intensities that
are both brighter than parts of its immediate background
and darker than other parts of its immediate background. An
example for this condition is when a gray object appears in
front of a checkerboard.

In this method we modify the induction 6eld (5) as fol-
lows:

ks(u; v) = sign(v)k(u; v); (14)

where sign(v) is de6ned as 1 if v lies in the brighter side of u
(in other words, if the angle between the gradient direction
at u and the vector v− u is less or equal to �), and −1 if v
is in the darker side of u. The saliency map is obtained in
a similar manner to Eq. (7), namely, by integrating ks over
all edge elements u. The result of this summation would
attribute large positive values to points inside bright salient
regions and low negative values to points inside dark salient
regions. The saliency of a point, therefore, is now determined
by the absolute value of the obtained saliency.

4.2. Pairwise induction 5elds

In the second method, which we refer to as pairwise in-
duction 5elds, the induction 6elds are determined jointly by
pairs of elements. By considering pairs of elements we can

u
v

quad(w)=1

quad(w)=0

Fig. 4. quad(w) de6ned by the two elements u and v.

con6ne the saliency induced by the elements to the part of
the plane where the bounded region is most likely to appear.
This enhances the saliency map and creates preference to
convex regions. The method is based on the following prin-
ciples. Recall that in the original model the induction 6eld
of an element is produced by diLusing saliency values from
the element to the entire image. Roughly speaking, in the
new method when this saliency reaches a contour point it
is re0ected and continues diLusing along a new direction.
The new directions are limited to the portion of the plane
where the construction of a convex shape through the source
and the re0ecting edge elements is possible. Below we de-
6ne this model formally and show that it can be computed
by a second application of our original model, after a slight
modi6cation.

Given two edge elements in general position, u and v,
consider the lines obtained by extending the elements to
in6nity. These lines divide the plane into four sections (three
sections if the elements are parallel). One of these sections
is bounded by the two half lines that include u and v. In our
model only points in this section obtain saliency from u and
v. De6ne the function quad(w) to be 1 inside this section
and 0 elsewhere (see Fig. 4). In order to de6ne the induction
6eld for this model we need to determine the diameter h
that corresponds to the distance traveled by the diLusing
saliency. We de6ne this diameter by

h2uv(w) = h2u(v) + h2v(w); (15)

where hu(v) denotes the diameter of the circle through v that
is tangent to u and hv(w) denotes the diameter of the circle
through w that is tangent to v. The pairwise induction 6eld
is de6ned by

kp(u; v; w) = quad(w)
1

�2�4
exp

(
−h2uv(w)

2�2

)
; (16)
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and the pairwise saliency map by

Rp(w) =
∫ ∫

kp(u; v; w)f(u)f(v) du dv; (17)

where the integration is performed over all pairs of edge
elements.

We now show that the pairwise saliency map can
be computed as a two-step application of our origi-
nal model with some modi6cation. First, notice that
kp(u; v; w)= quad(w)k(u; v)k(v; w). The term quad(w) lim-
its us to consider points w that lie in one of the four sections
of the plane determined by u and v. To incorporate this con-
straint we think of an element v as de6ning two elements, v
and Qv, with opposite normals (the positive orientation is set
arbitrarily). Consider the saliency map R′(v)=

∫
k(u; v) du,

where the integration is performed over all edge elements
u on the positive side of v, that is, elements for which the
angle between u–v and the normal to v is less or equal to
�=2. Similarly, R′( Qv) is obtained by integrating over all
elements u on the negative side of v. We can now express
the pairwise saliency map Rp(w) as

Rp(w)

=




∫
k(v; w)g(v) dv w on the positive

side of v;∫
k(v; w)g( Qv) dv w on the negative

side of v;

(18)

where g(v)=f(v)R′(v). Notice that g(v) is the saliency map
obtained with the original model (for an arbitrary choice of
orientation for v) scaled by f(v). This shows that the pair-
wise saliency map can be obtained by a two-step application
of the original model with the assignment of sides.

Finally, a third model can be constructed by combining
the two models, the signed and the pairwise induction 6elds.
In this model we consider only pairs of elements u and v
whose gradients point simultaneously either to the direction
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Fig. 6. Applying our method to the circle (�= 110). Left: the saliency map. Right: The magnitude of the boundary 6eld (shown in inverse
video).
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Fig. 5. A dashed circle in a noisy background.

of their common section or away from this section. This
model corresponds to a two-step application of a variation
of the signed induction 6elds.

5. Experiments

We have implemented our proposed scheme and applied
it to several contour images and gray-level images. In the
6rst experiment we applied the method to a dashed circle in
a background of noisy edge elements (Fig. 5, for a compar-
ison of the performance of saliency methods on this type of
input see Ref. [8]). Fig. 6 shows the saliency map and the
magnitude of the boundary 6eld obtained with our method.
It can be seen that the pixels near the center of the circle
obtain the highest saliency values, and the saliency values
decrease as we move away from the center of the circle.
Furthermore, it can be seen that the circle stands out in the
boundary 6eld. We also applied the pairwise induction 6elds
to this image. The results are shown in Fig. 7. As can be
seen, this method results in a higher contrast between the
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Fig. 7. Applying the pairwise receptive 6elds to the circle (� = 110). Left: the saliency map. Right: the magnitude of the boundary 6eld.
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Fig. 8. The maximal (left) and average (right) saliency values as a function of scale obtained inside the circle using the pairwise induction
6elds.

circle and its surroundings. The circle remains salient in
a fairly large range of scales. Fig. 8 shows the change in
the maximal and average saliency values of the circle as a
function of scale.

In a second experiment we applied the signed induction
6elds to a binary picture of a club sign (Fig. 9). Figs. 10
and 11 show the saliency maps obtained with two choices
of scale parameters. It can be seen that at a smaller scale
the convex parts are apparent, whereas at a larger scale the
division to parts disappears. The magnitude of the boundary
6eld is shown in Fig. 12.

In the next two experiments we applied the method to
gray-level images. We 6rst produced the corresponding
gradient maps by applying a 3 × 3 Sobel operator to the
images. Then, we applied the signed induction 6elds to
the gradient maps. As the weight of an edge (f(u) in
Eq. (7)) we used the gradient magnitude. The 6rst in-
put image and the magnitude of its gradient are shown
in Fig. 13. Fig. 14 shows the saliency map obtained with
two scale parameters. The goats stand out in these 6gures.
Fig. 15 shows the respective magnitude of the boundary
6eld.
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250

Fig. 9. A club sign.

A second gray-level image and its gradient magni-
tude are shown in Fig. 16. The saliency map for several
choices of scale parameters and the corresponding magni-
tude of the boundary 6eld are shown in Figs. 17 and 18
respectively.
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Fig. 10. The saliency maps for � = 30 (left) and 60 (right).

Fig. 11. The saliency maps presented as a mesh for � = 30 (left) and 60 (right).
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Fig. 12. The magnitude of the boundary 6eld for � = 30 (left) and 60 (right).

Next, we used the method to segment the images by sim-
ply thresholding the magnitude of the boundary 6elds. For
every region obtained in this process we assigned its saliency
to be the average saliency of its points. The results of this
segmentation process are shown in Fig. 19. It can be seen
that regions corresponding to the circle, the goats, the tele-
phone set, and the monitor were accurately segmented and
considered most salient.

A unique property of our method is that it encourages
closed, convex regions. To demonstrate this we compared
our method to two popular algorithms. In the 6rst example

we compare our algorithm with this of Guy and Medioni [6].
Fig. 20 (left) shows a line drawing containing both a closed
circle and an open curve. As is apparent from the saliency
map, the boundary 6eld, and the segmentation results (Figs.
20 and 21), our method prefers the circle over the open
curve. In contrast, Guy and Medioni’s algorithm prefers the
open curve (Fig. 22).

Finally, we tested our method on the image in Fig. 23
(left). Our results are shown in Figs. 23 and 24. As can be
seen, the telephone is the most salient region. In contrast, the
saliency map obtained with Shashua and Ullman’s algorithm
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Fig. 13. A gray-level image (left), and the magnitude of its gradient (right).
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Fig. 14. The saliency map for � = 20 (left) and 50 (right).
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Fig. 15. The magnitude of the boundary 6eld for � = 20 (left) and 50 (right).

[9] highlights a curve that contains parts of the stapler in
addition to the telephone (Fig. 25).

6. Summary

We have presented a method that uses contour frag-
ments to highlight salient regions in images. The method

produces for every point in the image a saliency value
re0ecting our belief that the point belongs to a salient
region. The salient regions can be segmented by con-
sidering the boundary 6eld, the gradient 6eld of the
saliency map adjusted with respect to scale. The method
can be applied both to contour and to gray-level im-
ages. We have presented experiments with both contour
and gray-level images which demonstrate the perfor-



2358 Y. Cohen, R. Basri / Pattern Recognition 36 (2003) 2349–2362

50 100 150 200 250 300

50

100

150

200

250

50 100 150 200 250 300

50

100

150

200

250

Fig. 16. A gray-level image (left), and the magnitude of its gradient (right).

50 100 150 200 250 300

50

100

150

200

250

50 100 150 200 250 300

50

100

150

200

250

Fig. 17. The saliency map for � = 20 (left) and 40 (right).
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Fig. 18. The magnitude of the boundary 6eld for � = 20 (left) and 40 (right).

mance of the method and its utility for saliency and
segmentation.

Our method is unique since, unlike most grouping meth-
ods that consider curve fragments, it uses the fragments to
highlight regions of interest. This is achieved using crite-
ria that include closure, convexity, and size. In contrast,
most other methods prefer an open, straight line over a

closed curve. The method is implemented by convolving
the edge image with a linear 6lter that speci6es the region
of in0uence of a contour point over the image. Note that
when the scale parameter is large a straightforward ap-
plication of the scheme will lead to a runtime complexity
that is quadratic in the size of the image. Nevertheless,
by exploiting the smoothness of the 6lter we expect to be
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Fig. 19. Image segmentation using the saliency map obtained in Fig. 7 (top left), Fig. 14 (top right), and Fig. 17 (bottom left, � = 20,
bottom right � = 40). The brightness of a region is proportional to its average saliency.

Fig. 20. An image containing a dashed circle and a dashed open curve (left) and its saliency map (� = 80, right).

able to reduce this runtime complexity considerably (see
Ref. [7]).

Appendix A. Normalization

In this appendix we show that∫ ∞

−∞

∫ ∞

−∞
k(u; v) dx dy = 1; (A.1)

where

k(u; v) =
1
��2

exp
(
− h2

2�2

)
; (A.2)

and

h=

√
x2 + y2

|cos�| : (A.3)

We 6rst show that∫ ∞

0
exp

(
−  2

2�2 cos2 �

)
 d = �2 cos2 �: (A.4)
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Fig. 21. The magnitude of the boundary 6eld (left) and the segmentation obtained from this boundary 6eld (right).

Fig. 22. Saliency map obtained using Guy and Medioni’s
method (with � = 80, software downloaded from
http://iris.usc.edu/tensorvt). Darker pixels represent more salient
locations. Note that the open curve is more salient than the circle.

Fig. 23. An image (left, from Ref. [10], used with permission) and its saliency map (� = 30, right).

From normal distributions we know that∫ ∞

−∞

∫ ∞

−∞
exp

(
− x2 + y2

2 Q�2

)
dx dy = 2� Q�2: (A.5)

In polar coordinates this becomes∫ 2�

0

∫ ∞

0
exp

(
−  
2 Q�2

)
 d d� = 2� Q�2: (A.6)

Since the integrated function is independent of � we get that∫ ∞

0
exp

(
−  2

2 Q�2

)
 d = Q�2: (A.7)

Eq. (A.4) is obtained by substituting � cos� for Q�. Using
Eq. (A.4) we obtain∫ 2�

0

∫ ∞

0
exp

(
−  2

2�2 cos2 �

)
 d d�

=�2
∫ 2�

0
cos2 � d�= ��2; (A.8)

and this implies Eq. (A.1).

http://iris.usc.edu/tensorvt


Y. Cohen, R. Basri / Pattern Recognition 36 (2003) 2349–2362 2361

Fig. 24. The magnitude of the boundary 6eld (left) and the segmentation obtained from this boundary 6eld (right).

Fig. 25. Saliency map obtained using Shashua and Ullman’s method (left) and the most salient curve (right). Darker pixels represent more
salient locations. Note that the most salient curve includes parts of the telephone and the stapler (from Ref. [10], used with permission).
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