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Abstract We introduce a segmentation-based detection and
top-down figure-ground delineation algorithm. Unlike common methods which use appearance for detection, our
method relies primarily on the shape of objects as is reflected by their bottom-up segmentation.
Our algorithm receives as input an image, along with
its bottom-up hierarchical segmentation. The shape of each
segment is then described both by its significant boundary
sections and by regional, dense orientation information derived from the segment’s shape using the Poisson equation.
Our method then examines multiple, overlapping segmentation hypotheses, using their shape and color, in an attempt
to find a “coherent whole,” i.e., a collection of segments that
consistently vote for an object at a single location in the image. Once an object is detected, we propose a novel pixellevel top-down figure-ground segmentation by “competitive
coverage” process to accurately delineate the boundaries of
the object. In this process, given a particular detection hypothesis, we let the voting segments compete for interpreting
(covering) each of the semantic parts of an object. Incorporating competition in the process allows us to resolve ambiguities that arise when two different regions are matched to
the same object part and to discard nearby false regions that
participated in the voting process.
We provide quantitative and qualitative experimental results on challenging datasets. These experiments demonstrate that our method can accurately detect and segment
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objects with complex shapes, obtaining results comparable to those of existing state of the art methods. Moreover,
our method allows us to simultaneously detect multiple instances of class objects in images and to cope with challenging types of occlusions such as occlusions by a bar of varying size or by another object of the same class, that are difficult to handle with other existing class-specific top-down
segmentation methods.
Keywords Shape-based object detection · Class-based
top-down segmentation

1 Introduction
We present a segmentation-based system for detection and
figure-ground delineation. Unlike many other methods, see
Sect. 2, which use appearance for detection, our method
relies primarily on the shape of objects, as is reflected by
their (bottom-up) segmentation in the image. Shape information, available in the image in the form of coherent image regions/segments and their bounding contours, provides
a powerful cue that can be used for detection and segmentation of objects under a variety of lighting conditions and
in the presence of significant deformations. While the robust extraction of adequate shape information for recognition still poses a considerable challenge, recent advances
in recognition allow rapid examination of partial shape hypotheses. Statistical tests can then evaluate ensembles of
such hypotheses and identify the presence of objects of interest in the image.
In order to utilize shape for recognition we need to identify three main components: (1) a method for extraction
of shape hypotheses from images, (2) a representation of
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Fig. 1 (a) An input image, (b) its voting map (overlaid on the original
input image), and (c) top-down segmentations for the detected object
hypotheses. Each hypothesis is marked with a different color. The

brighter the color is at a pixel the higher the confidence is in assigning
the pixel to the foreground of that particular hypothesis

shapes to be applied to both database shape model and image shapes, and (3) a method for comparing these representations for recognition.
Image segmentation provides a natural means for extracting shape hypotheses. However, since in general existing
image segmentation algorithms cannot reliably extract complete objects from an image, we rely on a hierarchical segmentation to provide overlapping partial shape hypotheses.
Moreover, to account for over-segmentations, which may
occur at intermediate levels of the segmentation hierarchy,
our shape representation is designed to rely mainly on the
significant (sharp) boundary sections of the segment. These
are the locations in the underlying image where sharp transition in color/texture takes place and therefore they convey
useful shape information.
We represent shape using two types of local descriptors.
The first type encodes the boundaries of the shape. The second type is a regional descriptor, which includes a dense
local orientation field derived from the shape by solving a
Poisson equation on the shape. We augment this representation by storing in addition a color histogram with each
shape.
These shape descriptors are used to compare the segments extracted from the image to a database of object silhouettes stored in memory. Partial matches then vote for potential object locations. Our voting scheme uses the principles outlined in Leibe et al. (2008), but utilizes segments of
different sizes and shapes in the voting process. Once an object is detected, we propose a novel competitive coverage
process to accurately delineate the boundaries of the object.
In this process the voting segments compete for interpreting (covering) each of the semantic parts of an object. Our
aim in this process is not only to identify the regions in the
image that voted for the object, but also to resolve ambiguities that arise when two different regions are matched to
the same model part and to discard nearby false regions that
participated in the voting process.
Figure 1 shows an example of a challenging input image along with its voting map and top-down segmentations
computed with our method. Note that this image contains
multiple object instances, some of which are substantially
occluded and/or significantly vary in scale.

We provide quantitative experimental results by applying our method to two challenging horse and skate-runner
datasets. These experiments demonstrate that our method is
capable of accurately detecting and segmenting objects with
complex shapes even with as few as ten training examples.
While obtaining results comparable to those of existing state
of the art methods on images with a single object instance,
our method allows us to simultaneously detect multiple instances of class objects in images and to cope with challenging types of occlusions that are difficult to handle with
other existing class-specific top-down segmentation methods. To demonstrate this we perform further qualitative tests
and show detection maps and top-down segmentations computed for a number of difficult out-of-dataset images containing multiple instances of horses and skate-runners and
severe occlusions of various types (see discussion and figures in Sect. 4.3).
The remainder of the paper is divided as follows. Section 2 places our approach in the context of other related
work. Our approach is described in detail in Sect. 3. Experimental results are shown in Sect. 4.

2 Related Work
The success of early work, which approached recognition
using both independent collections and dependent constellations of local appearances (Burl et al. 1998; Weber et al.
2000; Ullman et al. 2001; Agarwal and Roth 2002), led to a
surge of studies that explored different aspects of the problem. Here we only briefly mention a few. Common to most
of this work is the use of local descriptors (e.g., raw intensity patches (Ullman et al. 2001; Vidal-Naquet and Ullman 2003; Agarwal and Roth 2002; Leibe et al. 2008), local filter responses (Felzenszwalb and Huttenlocher 2005;
Pantofaru et al. 2008), local edge elements and/or their descriptors (Kumar et al. 2004; Mori et al. 2004; Shotton et
al. 2005; Ren et al. 2005b; Opelt et al. 2006; Ferrari et al.
2007; Wang et al. 2007), and small regions obtained by oversegmentation (Ren et al. 2005a; Pantofaru et al. 2008; Cao
and Fei-Fei 2007), and the reliance on a statistical model to
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relate these descriptions to a coherent shape. Such an approach has the advantage that it requires only minimal preprocessing of the image, and so it is less sensitive to errors
that may result from such preprocessing.
The position we take in this paper is that larger regions
identified in the image as a result of a grouping process
(bottom-up segmentation), can nevertheless provide elaborate shape information which is less affected by variations
in the color, texture and lighting conditions present in the
image and hence may be useful for recognition. Moreover,
while segmentations essentially encode the same information as edge elements, they may give rise to sparser sets
of boundaries whenever a relatively coarse segmentation is
considered, allowing to reduce the number of object hypotheses to be evaluated in the detection stage. Finally, coherent image regions emerging from a bottom-up segmentation can be used by top-down processes to delineate foreground regions that are consistent with the boundaries in the
image.
Several recent methods use bottom-up segmentations for
discovering object and scene categories. The impressive
method of Todorovic and Ahuja (2007) uses co-occurrence,
similarity and clustering of hierarchical bottom-up segmentation sub-trees to unsupervisely learn the taxonomy of visual categories present in images. In the method of Wang et
al. (2007) top-down object hypotheses are refined by aligning them to any feasible bottom-up segmentation of the input image. The method of Borenstein (2006) constructs a
Bayesian model that integrates top-down with bottom-up
segmentations to obtain figure-ground class-specific object
segmentation. The method of Russell et al. (2006) uses multiple segmentations of each image to increase the chance of
obtaining a few “good” segments that will contain potential
objects, while each segment is assumed to be a potential object in its entirety. The method of Cao and Fei-Fei (2007)
applies to a single level segmentation (over-segmentation)
and uses the over-segmented pieces as building blocks for
their hierarchical model. The methods of both Russell et
al. (2006) and Cao and Fei-Fei (2007) describe image regions using visual “bag of words” (capturing mostly the appearance of objects) and rely on probabilistic latent semantic analysis (pLSA) to simultaneously recognize categories
of objects in images. In contrast to that, our method does
not rely on robustness and reproducibility of the segmentation structure for different objects of the same class, nor on
extracting visual appearance features, but rather on dense
regional shape representation of objects exemplars and the
segments themselves. Such a representation is less affected
by variations in the appearance of the objects belonging to
the same class and is suitable for recognition of objects with
distinctive shapes.
The system we present also combines and modifies several existing components:
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• We use segmentations obtained with the method of Sharon
et al. (2006). This method provides in one pass a complete
hierarchical decomposition of the image into segments by
applying a process of recursive coarsening, in which the
same minimization problem is represented with fewer and
fewer variables producing an irregular pyramid. During
this coarsening process the algorithm generates and combines multiscale measurements of intensity contrast and
texture differences, giving rise to regions that differ by
fine as well as coarse properties with accurately located
boundaries. We extend the segmentation algorithm above
to cope with color images.
It is worth noting, however, that our method is not limited to any particular type of segmentation algorithm as
long as it is hierarchical.
• Poisson equation was proposed in Gorelick et al. (2006) to
characterize the shape of pre-segmented complete silhouettes. The solution to the Poisson equation at a point internal to the silhouette represents the mean time required
for a particle undergoing a random walk starting at a point
to hit the boundary (see Sect. 3.1.2 and Fig. 5(b)). Such
a representation allows to smoothly propagate the contour information of a silhouette to every pixel internal
to the silhouette resulting in a dense shape representation. In practice, bottom-up segmentation algorithms often fail to extract complete object silhouettes. Therefore,
unlike Gorelick et al. (2006), our method applies to partial silhouettes (shapes) formed by segments at intermediate scales of the bottom-up segmentation, possibly with
incomplete boundaries. To reduce the effect of the missing boundary sections on the computed shape descriptors
we modify the Poisson equation in Gorelick et al. (2006)
by introducing mixed Dirichlet and Neumann boundary
conditions (see Sect. 3.1.2).
• For detection we use probabilistic voting that follows the
principles proposed in Leibe et al. (2008). Our voting
scheme, however, differs in several important respects.
First, as opposed to rectangular intensity patches in Leibe
et al. (2008), our voting scheme applies to segments of
different sizes and shapes, characterized by dense local
shape properties. Second, the segments are matched to
a database model, characterized by similar local shape
properties, rather than a code book of rectangular appearance patches. Finally, segments emerging from a bottomup segmentation provides a natural way for object delineation consistent with the boundaries present in the image.
The problem of class specific segmentations was addressed in several papers (Borenstein et al. 2004; Kumar et al. 2005; Winn and Jojic 2005; Levin and Weiss
2006; Wang et al. 2007; Borenstein 2006; Leibe et al.
2008), in many cases independent of detection. These studies further demonstrate the potential benefits of combining
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bottom-up with top-down information. Some of these approaches (Borenstein et al. 2004; Borenstein 2006) use image segmentation to guide top-down figure-ground delineation. However, they rely primarily on intensity fragments
for the detection phase. Once an object is detected (Borenstein et al. 2004; Borenstein 2006) seek consistent placements of the voting fragments with the results of bottom-up
segmentation. Moreover, these approaches do not constrain
the relative location of object parts in the detection phase.
In contrast to these studies, our method does not use intensity patches but relies exclusively on shape descriptions
obtained from the bottom-up segmentation. In addition, the
relative location of parts plays a significant role in the detection phase.
Generally in studies that address the problem of classspecific image segmentation, image pixels are classified as
either foreground or background based directly on the votes
cast by patches containing the pixels (see, e.g., Leibe et al.
2008). Below we propose a new, top-down segmentation
method by competitive coverage. In our scheme we let the
voting segments compete for interpreting the same semantic

area of an object. We then choose the most likely segment to
explain each part, yielding sharper delineation than that obtained by directly applying (Leibe et al. 2008) to segments,
(see discussion in Sect. 3.3 and examples in Sect. 4).

Fig. 2 Given an input image in (a), and its hierarchical segmentation
in (b), each segment is matched to a database of object silhouette exemplars in (d) based on its shape information, namely, boundary and

regional (interior) representation in (c) to obtain a set of segment interpretations in (e). Each interpretation then votes for a potential object
location in a probabilistic framework, resulting in voting map in (f)

3 Approach
In the following section we describe our detection and the
top-down segmentation approach.
The main components of our detection algorithm are
shown graphically in Fig. 2. Our algorithm receives as input an image in (a), along with its hierarchical segmentation in (b). We use segmentations obtained with the method
of Sharon et al. (2006). This method gradually merges
segments according to criteria based on intensity and texture, providing segmentation maps at several scales containing segments of different shapes and sizes. We extend this
method to cope with color images by applying all its arsenal of multiscale measurements in a transformed HSV color
space (tHSV) defined by (vs cos h, vs sin h, v) for a particular (h, s, v) value.
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Fig. 3 Top-down, figure-ground segmentation: the need for a competitive coverage process. (a) An input image, (b) its hierarchical
segmentation and an example of two neighboring segments (pink and
green also marked by 1 and 2 for clarity) sharing a significant common boundary (marked in black). (c, d) The above two segments are
matched to the database of silhouette exemplars to activate twointerpretations (both as horses’s back) along with the relative object centers

(marked by the pink and green circles accordingly). (e) A voting map
based solely on the votes of the above two interpretations (marked
by the blue and green circles). Both segments contributed to the hypothesis in the overlap area (marked by the black arrow) while being
interpreted as horse’s back, but the “real” horse in the input image has a
single back

For each segment we then maintain its boundaries, while
identifying the sections where sharp transitions in color or
texture occur. These boundary sections convey useful shape
information, and therefore are considered as significant or
“sharp”. Figure 2(c) shows an example of an image segment along with its boundary representation. The significant (“sharp”) portions of its boundaries are marked in red.
(See Sect. 3.1.1 for more details.) We further store regional
properties computed by solving a Poisson equation on the
segment. This descriptor assigns to each internal pixel the
local orientation of the segment near that pixel. Figure 2(c)
shows an example of a segment along with its regional representation (local orientation at every pixel is represented
by small arrows). Note that all the body pixels are assigned
with horizontal orientation of the body, while the pixels
near the neck region show diagonal orientation of the neck.
(See Sect. 3.1.2 for more details.) Using these properties

we match each segment to a model of an object class represented by a collection of segmented silhouette exemplars
stored in memory (shown in Fig. 2(d)), characterized by
similar local shape properties, to activate a set of interpretations (shown in Fig. 2(e)). By interpretation we mean the
effective part of a database model (silhouette) that was explained by the segment match, e.g., pixels of the back, leg or
head lying in the overlap area (the segment is green, the database model is yellow and the overlap/match area is brown).
Each activated interpretation augmented with the color information of its pixels votes for an object and its center location resulting in a voting map (shown in Fig. 2(f)). Object hypotheses are then found as local maxima in the voting
space.
Finally, for a given object hypothesis we apply a pixellevel figure-ground top-down segmentation process by
“competitive coverage” in which the voting segments com-
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pete for interpreting each semantic part of the object. The
need for this competition is illustrated in Fig. 3. Consider the
input image in (a) and the two segments (the pink and green,
also marked by 1 and 2) at the particular segmentation scale
shown in (b). These two segments share somewhat similar
shapes—they are both horizontally elongated, due to their
significant common boundary (marked as black line). As a
result, during the matching process, both segments might be
matched to the same semantic part of the model, e.g., be interpreted as the horse’s back (Figs. 3(c) and (d)). Now every
such match will vote for an object location, and since the
two segments are nearby, their votes will cast at nearby locations and will partly overlap (the pink and green circles,
also marked by the red arrows 1 and 2 in Fig. 3(e)). In this
overlap area, an object hypothesis obtains votes from both
segments, each claims to interpret the horse’s back. But the
“real” horse in the given test image only has a single back.
Our method identifies this situation and chooses the most
likely segment to cover each semantic part of the model. It,
therefore, resolves the ambiguities that arise when several
different regions are matched to the same model part and
discards false nearby regions that participated in the voting
process. This is our proposed competitive coverage process
(see Sect. 3.3).
The rest of this section describes our approach in detail.
Section 3.1 explains the extraction of shape properties of
the segments. Sections 3.2 and 3.3 describe our probabilistic

formulation for object detection and competitive top-down
segmentation respectively.

Fig. 4 (a) An input image, (b) its segmentation at one scale of the hierarchy, (c) at each boundary point we consider a rectangular patch and
measure the symmetric Mahalanobis Distance in tHSV space between

the inner and outer parts of the segment, (d) boundary representation,
denoted d = “b”, for a particular segment (the green segment in (b))

3.1 Representation
Our detection scheme relies on a matching process in which
image segments are matched against silhouettes in the database. A good match is one in which a segment overlaps fairly
closely with a portion of a silhouette. To evaluate a match
we consider two types of representations: boundary and region, denoted by d = “b” and d = “r” respectively. The first
one describes the fit between the boundaries of both the segment and the silhouette, and the second one compares a local shape descriptor at each of their internal pixels. Below
we describe in detail the representations and how we judge
the quality of a match.
3.1.1 Boundary Representation
The first representation we use consists of the segment
boundaries. We distinguish between “sharp” (significant)
and “soft” (insignificant) sections along the boundaries by
measuring the local color contrast at every location along
the boundaries of a segment (see Fig. 4).
For each boundary pixel p consider a disc of radius r
centered at a pixel. Let Vin and Vout denote the sets of disc
pixels falling inside and outside the segment respectively.
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Let Cin and Cout be the covariance matrices and μin and
μout be the mean color vectors of the two sets in tHSV space
respectively. We define the local contrast M(p) at the pixel
p to be the symmetric Mahalanobis distance between the
color distributions across the segment boundary at that point.
Namely,

−1
M(p) = 0.5 (μout − μin )T Cin
(μout − μin )

−1
+ 0.5 (μin − μout )T Cout
(μin − μout ).
(1)
A sharp change of color (high symmetric Mahalanobis
distance in the tHSV color space) between the two sides of
a contour suggests that the segment boundary in this location coincides with a consistent edge separating two regions
in the image. Conversely, gradual change (low symmetric
Mahalanobis distance) in the color values implies uncertainty in the location of the segment boundary. The contour
at this location may be arbitrarily affected by the isotropic
nature of the segmentation algorithm. Neighboring regions
obtained at a particular scale of the segmentation pyramid
may still merge at higher levels if there is no sufficient contrast in color or texture present in their common boundary.
We, therefore, allow only the “sharp” portions to affect the
quality of a match and discard segments with low rate of
sharp portion of the boundary (relatively to their boundary length) from participating in the matching and voting
procedures. Note that the decision regarding the boundary
type (“sharp” or “soft”) is made separately for each pair of
neighboring segments based on the average contrast (value
of M(p)) along the boundary between them, and is the same
for all the pixels belonging to their common boundary.
To compare the boundaries of an image segment with
those of a training silhouette we use the one way Chamfer
distance. Chamfer matching has proven a capable and efficient method for matching contours (Shotton et al. 2005).
The one way Chamfer distance, which allows for partial
matches, enables us to detect objects that are split into several segments and to overcome partial occlusion. Consider a
training (model) silhouette t and a segment s placed in a particular position x relative to t. (Throughout this manuscript
we will use the superscripts t and s to denote, respectively, a
training silhouette and an image segment.) Denote by χbt the
characteristic function of the silhouette contour and by χbs
the characteristic function of the “sharp” portions of the segment boundary. We define the boundary matching distance
Dboundary (x; s, t) as the one way Chamfer distance within a
radius D between the boundaries of the segment s and the
training silhouette t as a function of relative position x,
Dboundary (x; s, t)
=

1  min(minq∈χbt (p + x) − q2 , D)
,
Lsb
D
s
p∈χb

(2)

where Lsb is the total length of the sharp boundary sections
in s. This gives the mean distance of boundary pixels of s
to their closest pixels in t as a function of displacement x.
Having the exact Euclidean distance transform (DT t ) precomputed for every exemplar t in the database, (2) can be
computed simultaneously for all possible superpositions of
the segment s over the training silhouette t by a convolution.
3.1.2 Regional Representation
We use a second representation in which every pixel internal to a segment is associated with a local shape orientation
vector and compared to a similar dense representation of a
silhouette in the database. This orientation field is computed
by solving a Poisson equation as in Gorelick et al. (2006).
To make this paper self contained we briefly describe this
approach here.
Consider a silhouette S surrounded by a simple, closed
contour ∂S. We seek to represent the silhouette by assigning to every internal point a value that depends on its relative position within the silhouette. A common descriptor is
the Distance Transform, which assigns every point within
the silhouette a value reflecting its distance to the nearest
boundary point and therefore is local in nature. An alternative approach that provides a more global description of
shape is to place a set of particles at each internal point and
let the particles move in a random walk until they reach the
boundaries of the silhouette. We can then characterize the
shape using various statistics of this random walk, such as
the mean time required for a particle starting at a point to hit
the boundaries. Denote this particular measure by U (x, y).
Then, U (x, y) can be computed recursively as follows. At
the boundary of S, i.e. (x, y) ∈ ∂S, U (x, y) = 0. At every
point (x, y) internal to S, U (x, y) is equal to the average
value of its immediate four neighbors plus a constant representing the amount of time required to get to an immediate
neighbor, i.e.,
1
U (x + h, y) + U (x − h, y)
4

+ U (x, y + h) + U (x, y − h) .

U (x, y) = 1 +

(3)

We set this constant to one time unit. It is easy to show
that (3) above is a discrete form approximation of the Poisson equation
U (x, y) = −

4
,
h2

(4)

where U = Uxx + Uyy denotes the Laplacian of U and
4/ h2 is the overall scaling. For convenience we set 4/ h2 = 1
and, therefore, solve
U (x, y) = −1,

(5)
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Fig. 5 Interior representation for a complete silhouette. (a) An example of a database silhouette, (b) the solution to the Poisson equation U and
(c) the resulting regional representation d = “r”—local shape orientation field (ranging from −π/2 to π/2 and shown as small arrows)

for (x, y) ∈ S, subject to Dirichlet boundary conditions
U (x, y) = 0 at the bounding contour ∂S. The level sets of U
represent smoother versions of the bounding contour and the
contour information is smoothly propagated to every pixel
internal the silhouette resulting in a dense shape representation (see Fig. 5(b) for an example of solution U obtained for
a complete silhouette of a horse).
The solution U can be used to extract various shape properties of a silhouette, including its part structure and rough
skeleton, local orientation and aspect ratio of different parts,
and convex and concave sections of the boundaries (Gorelick et al. 2006).
As an example, consider a shape defined by a second order polynomial. Computing the Hessian matrix of U at any
given point results in exactly the same matrix, which is in
fact the second moment matrix of the entire shape, scaled by
a constant. The eigenvectors and eigenvalues of H can then
be used to infer the orientation of the shape, its aspect ratio,
and will indicate whether the shape is elliptic or hyperbolic.
For more general shapes the Hessian will vary continuously
from one point to the next, but we can treat it as providing a

measure of geometric moments of shape felt locally by the
point. In this work we make use of such local shape orientation descriptors at every internal pixel of a silhouette.
For a database silhouette we solve the Poisson equation
with zero Dirichlet boundary conditions as in Gorelick et al.
(2006). Figure 5 shows an example of a database silhouette
in (a), the solution to the Poisson equation U in (b) and the
resulting regional representation d = “r”, namely, dense local shape orientation field in (c).
Unlike complete database silhouettes, image segments
that emerge from the intermediate scales of the bottom-up
segmentation may form only partial silhouettes with possibly incomplete (partially insignificant) boundaries. To reduce the effect of the insignificant boundary sections on
the computed shape descriptors we solve the Poisson equation with Robin (mixed Dirichlet and Neumann) boundary
conditions. Zero Dirichlet boundary conditions are used for
the “sharp” boundary sections of the segment, while Neumann boundary conditions (Un (x, y) = 0 with Un denoting
the derivative in the direction perpendicular to the bounding
contour at (x, y)) are used for the “soft” boundary sections.
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Fig. 6 Interior representation for an image segment. (a) An input image, (b) a particular scale of its bottom-up segmentation, (c) a silhouette of a particular (green) image segment with Dirichlet and Neumann
boundary conditions introduced at “sharp” and “soft” sections of the

segment boundaries respectively along with the solution to the Poisson
equation U and (d) the resulting regional representation d = “r”—
local shape orientation field (ranging from −π/2 to π/2 and shown as
small arrows)

The effect of the Neumann boundary conditions is that of a
local mirror in space. If we assume that the “soft” boundary sections of a segment represent a common border with a
missing part, then a reasonable assumption about the missing part is that U does not change much across the boundary. (Namely, the mean time to hit the complete shape contour does not change near the location of the “soft” boundary.) The level sets of the solution U represent smoother versions of the Dirichlet bounding contour, and are perpendicular to the Neumann boundary sections. The Fig. 6 shows
an example of an input image in (a), a particular scale of
its bottom-up segmentation in (b), a silhouette of an image
segment with Dirichlet and Neumann boundary conditions
introduced at “sharp” and “soft” sections of the segment
boundaries respectively along with the solution to the Poisson equation U in (c) and the resulting regional representation d = “r” in (d). Note, for example, that even though the
silhouette of the segment is abrupt near the neck region, the
correct (diagonal) shape orientation is preserved there.

As there might not be an exact analytical solution to the
Poisson equation with the given boundary conditions, we
solve it approximately in a least squares error (LSE) sense
using a standard linear-time geometric multigrid solver
(Trottenberg et al. 2001), modifying it to handle mixed
boundary conditions through the use of Robin boundary
conditions (Gustafson 1998), characterized by “Neumann
coefficients” at the coarse boundary points, since at coarser
levels single pixels may need to represent both types of
boundaries simultaneously.
Next we match the interior region of the segment with
the interior regions of the database silhouettes, using local
shape orientation properties. Let θ s (p) and θ t (q) denote the
orientations obtained at every pixel p of the segment s and
every pixel q of the training silhouette t by solving the Poisson equation (|θi | ≤ π/2). By sliding the segment s over the
training silhouette t we seek for a position in which the difference between the orientations of the matched pixels will
be minimal, while the overlap between the segment and the
silhouette will be maximal. Let χrs and χrt be the character-
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istic functions of the segment s and the training silhouette t
respectively, and let x be a displacement of s relative to t.
We define the region matching distance as follows,
Dregion (x; s, t)

=
d(θ s (p), θ t (p + x)) · χrs (p) · χrt (p + x)
p∈χrs

+

 1
· χrs (p) · χ̄rt (p + x),
2
s

(6)

p∈χr

where d(θ1 , θ2 ) = 0.5(1 − cos 2(θ1 − θ2 )) ranges from zero
(for a perfect match) to one (no match) and χ̄rt is the complement of the characteristic function.
The first term in (6) sums up the difference in orientation of matching pixels in the overlap area, and the second term counts the number of non-overlapping pixels of
s, assuming that non-overlapping portions match with 1/2,
the mean value of d(θ1 , θ2 ). Clearly, Dregion (x; s, t) depends
on the size of a segment of interest, but it is comparable between the different matches of the same segment.
The distance Dregion (x; s, t) can be computed simultaneously for all possible superpositions of the segment s over
the training silhouette t using the identity cos 2(α − β) =
cos(2α) cos(2β) + sin(2α) sin(2β) by a convolution.
Note, that both our boundary and regional representations
are determined by the edges of a segment, but they substantially differ in the type of information they describe. Our
boundary representation is local in nature. It marks at every
location the distance to the nearby edge element. Our regional representation, in contrast, provides a more global description of the shape, determined for each location through
averaging random walk times to all boundary locations.
Therefore, for instance, to conclude that a shape is elongated in a certain direction we need information about the
presence of two adjacent image contours oriented in roughly
the same direction. This information is not available in the
boundary representation of the contours.
3.1.3 Interpretations of a Segment
Consider the collection of training silhouettes in the database superimposed one on top the other so that their centers
are aligned. We refer to the coordinate system with the origin at their common center location as “an abstract model”
or “an abstract coordinate system” of an object class.
Given a particular segment s, it is matched against each
of the training silhouettes in the database resulting in two
sets of distance maps, namely {Dboundary (x; s, tk )}K
k=1 and
th training sil(with
t
denoting
the
k
{Dregion (x; s, tk )}K
k
k=1
houette in the database). We apply non-minimal suppression
to each map with a radius proportional to the area of the segment. This results in a collection of preferred locations xi ,

i = 1 . . . Nb + Nr of the segment s relative to the object class
abstract model, where Nb and Nr are the total number of selected peaks in the two sets of maps accordingly. We refer
to each such preferred location as an interpretation and denote it with Ii (or Iij when the segment is denoted by sj ).
We further assign a score to each interpretation, reflecting
the quality of the match for that interpretation, which will
be used as a voting weight.
The quality of a boundary based interpretation Ii , i =
1 . . . Nb depends on the relative length of the sharp portion
of the segment boundary and its Chamfer distance to the
boundary of the related exemplar in the database ti , namely,
Qb (Ii ) =

Lsb
(1 − Dboundary (xi ; s, ti )),
Ls

(7)

where Ls is the total length of the segment boundary in pixels and Lsb is the length of the sharp portion of the segment
boundary. We further define the normalized score as
Qb (Ii )
Q̂b (Ii ) = N
.
b
l=1 Qb (Il )

(8)

The quality of a region based interpretation Ii , i = Nb +
1 . . . Nb + Nr depends on the similarity in the orientation of
the matched pixels and the size of the explained portion of
the segment, that is
Qr (Ii ) =


1 
1 − d(θ s (p), θ ti (p + xi ))
As
s
p∈χr

× χrs (p) · χrti (p + xi ),

(9)

where As denotes the area of the segment in pixels. Again,
we define the normalized score as
Qr (Ii )
.
Q̂r (Ii ) = N +N
r
b
l=Nb +1 Qr (Il )

(10)

Note, that the boundary and region matching distances in
(2) and (6) are used to find the preferred interpretations (local minima in the distance map) among the interpretations
originating from the same training silhouette, whereas the
quality scores of boundary and region interpretations in (8)
and (10) are used to weight the interpretation relatively to
interpretations originating from other training silhouettes.
3.2 Detection
In this and the next sections we provide a probabilistic formulation for the detection and top-down segmentation.
Our detection scheme follows the principles proposed
in Leibe et al. (2008) while being reformulated to handle
segments of varying shapes and sizes and to incorporate
dense local shape properties into the voting process.
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Fig. 7 The graphical model of
the detection stage

Given a test image Img, consider a particular scale of the
segmentation pyramid. Let sj = (cj , θj , lj , bj ) denote the
color and orientation information associated with pixels of
a segment j observed at location lj along with its boundary information. Denote by s the random variable representing the index of an image segment, s = sj , j ∈ {1, . . . , n}.
Let d be the random variable corresponding to the considered shape representation, (d ∈ {b, r} standing for boundary
or region representation). Let x and o denote the random
variables corresponding to the location in the image of the
object of a certain class accordingly. See Fig. 7 for a depiction of the graphical model and a list of random variables
along with their domains. (Note that the identity of the test
image Img is observed, and the computations derived from
the graphical model and described hereafter are all conditioned on it. For clarity we omit the conditioning throughout
this section.) The joint probability of observing an object of
the class o at location x given the segment s and the chosen
representation d is defined by
p(o, x|s, d) = p(o|s, d)p(x|s, o, d)
= p(o|s)p(x|s, o, d)

(11)

where we choose the first term, p(o|s, d), to reflect our
confidence that the segment s belongs to the class o based
solely on its appearance (e.g., its color), and so it is independent of the chosen shape representation d. The second
term, p(x|s, o, d), is a probabilistic Hough vote for object
position x based on the shape information of the segment.
For the term, p(o|s), we learn a discrete probability distribution over the first two coordinates of a tHSV color
space. Using segmented training data we construct two
100 × 100 bins color histograms providing the probabilities to observe a specific color c at pixels belonging to class
and non-class respectively, namely, p(c|o) and p(c|ō). Assuming a uniform prior for p(o) and p(ō), the probability

to observe an object class o given the color c is p(o|c) =
p(c|o)/(p(c|o) + p(c|ō)). Finally, for the confidence p(o|s)
that a segment s belongs to a class based on its color we then
use the mean of these probabilities over the pixels of s.
For the second term, p(x|s = sj , o, d) in (11), we use the
set of interpretations {Ii |d, o, s = sj } obtained by matching the segment sj to the silhouettes in the database using
the shape representation d as described in Sects. 3.1.1 and
3.1.2. Given that s is a part of an object of class o, let the
term p(I = Ii |s = sj , o, d) reflect our confidence in interpreting the segment s by I using the shape representation d.
This confidence is set to be the normalized quality of the
match between the segment and the related training silhouette, Q̂d (I ) (see (8), (10)). Each interpretation then votes
for possible center locations x of the object with probability
p(x|s, o, I, d) which is independent of the representation d
chosen. We model this probability by a Gaussian distribution whose mean is determined by the relative location of
the interpretation in the database silhouette and with constant variance σ (we used σ = 8). By marginalizing (11)
over the set of interpretations we obtain
p(o, x|s, d) = p(o|s)p(x|s, o, d)

p(x, I |s, o, d)
= p(o|s)
I

= p(o|s)



p(x|s, o, I, d)p(I |s, o, d).

(12)

I

The single-segment votes are marginalized to obtain the
probability of a hypothesis h = (o, x),

p(o, x, d)
p(o, x) =
d∈{b,r}

=



d∈{b,r}

p(d)p(o, x|d)
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Fig. 8 The graphical model of
the back-projection stage

=



p(d)



d∈{b,r}

p(o, x, s|d)

s

d∈{b,r}

=



p(d)



p(o, x|s, d)p(s|d)

(13)

s

with a uniform prior p(d) and probability p(s|d) set to be
proportional to the size of the segment s relatively to other
segments of the same scale in the segmentation pyramid.
The probabilities p(o, x) are computed simultaneously for
all x resulting in a “voting map” (see Fig. 10, second row,
column (a)). See Table 1 for a pseudocode of the detection
algorithm.
3.3 Top-Down Segmentation
Given a detection hypothesis h = (x, o) obtained with the
bottom-up detection process, our next goal is to segment the
object from its background.
One way to do this is to simply select all the segments
that voted with significant probability for this hypothesis
along with their interpretations. For each such interpretation
Ii , it is possible to only consider the part of the segment sj
that is matched to the inside of the related database silhouette. Combining the information from all the interpretations
of the segment would result in a probability map determining which pixels of the segment belongs to the foreground
or the background. This, back-projection approach is similar to the top-down segmentation proposed in Leibe et al.
(2008). However, it does not distinguish between correct
and erroneous votes of different segments that accidentally
matched to (or were interpreted by) the same semantic part
of the model (e.g., the correct votes of the green segment vs.
the erroneous votes of the pink segment shown in Fig. 3).
Therefore, such a naive back-projection approach may give

rise to a “ghosting effect,” whereby the segmentation results
include, e.g., “extra” back or limbs, see also Fig. 10, bottom row, column (b). To address this problem we introduce
a competitive coverage approach, in which we let the segments compete for those parts.
We begin by formulating the back-projection approach.
3.3.1 Segmentation by Back-Projection
Our aim in this part is to identify the pixels that voted
strongly to the object in its considered location. Given an
object hypothesis h = (o, x) and segment s = sj , denote by
um the event that a segment pixel pm ∈ sj belongs to the
foreground object. The relevant graphical model is shown in
Fig. 8. The probability of this event is given by

p(um , d|o, x, s)
p(um |o, x, s) =
d∈{b,r}

=



p(d|o, x, s)p(um |o, x, s, d)

(14)

p(um , o, x|s, d)
.
p(o, x|s, d)

(15)

d∈{b,r}

=


d∈{b,r}

p(d)

The first transition is a simple marginalization over the possible shape representations. Assuming the shape representation d is independent of the class object o, position x and
segment s, the last transition follows from the Bayes’ rule.
Consider the numerator p(um , o, x|s, d) in (15). This is
the joint probability for the hypothesis h = (o, x) and for the
segment pixel pm to belong to the foreground of the object,
given the segment s = sj and using the shape representation d. To compute it, we marginalize over those interpretations of s in which pm participated as foreground pixel (i.e.,
was matched to the inside of the related database silhouette)
to obtain:
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Fig. 9 The graphical model of
the competitive-coverage stage

3.3.2 Segmentation by Competitive Coverage

p(um , o, x|s, d)
= p(o|s, d)p(um , x|s, o, d)

p(um , x, I |s, o, d)
= p(o|s)

(16)
(17)

I

= p(o|s)



p(x|s, o, I, um , d)p(um |s, o, I, d)

I

× p(I |s, o, d)
(18)

= p(o|s)
p(x|s, o, I )p(um |s, o, I )p(I |s, o, d). (19)
I

The term p(o|s, d) in (16) depends solely on the appearance of sj and is independent of the shape representation d.
The transition to (17) is due to marginalization of the interpretations I of the segment s. The term p(x|s, o, I, um , d)
in (18) is the probabilistic Hough vote of the interpretation
I for an object location. It is dependent on the location of
the segment l and the interpretation I , but is independent of
a particular pixel um and the representation d chosen. The
term p(um |s, o, I, d) in (18) is one if pm is explained by
the interpretation I (i.e., matches to the inside of the related
database silhouette) and vanishes otherwise. It is, therefore,
independent of the shape representation d as well. Finally,
the last term p(I |s, o, d) in (19) is the normalized matching
quality, Q̂d (I ), computed as in (8) and (10).
The collection of the probabilities p(um |o, x, s = sj ) in
(14), computed ∀pm ∈ sj forms the “back-projection” map
of the segment. Figure 10, second row, column (b) shows an
example of back-projection map simultaneously for all the
segments of a particular segmentation scale.

To incorporate competition in the process we distinguish between the segment pixels pm , which may or may not belong
to the foreground object o in the image, and the pixels in an
abstract model of an object (defined in Sect. 3.1.3), which
may or may not be covered (explained) by the image pixels. We denote by k = (xk , yk ) the coordinates of a pixel qk
in an abstract model of an object and seek the most probable cover of the model pixel qk by an image segment. For a
given hypothesis h = (o, x), denote by vk the event that hypothesis h covers the pixel qk . The graphical model of this
process is illustrated in Fig. 9. The probability that (among
all the segments) a segment s = sj covers model pixel qk
can be written as
p(s|o, x, vk ) =



p(d|o, x, vk )p(s|o, x, vk , d)

(20)

p(vk , o, x|s, d)p(s|d)
,
p(vk , o, x|d)

(21)

d∈{b,r}

=


d∈{b,r}

p(d)

where the first transition is a marginalization over the shape
representation d and the second transition follows Bayes’
rule. Here again, we assume the shape representation d is
independent of the class object o, position x and pixel vk .
The term p(vk , o, x|s, d) in the numerator of (21) reflects
the joint probability of the hypothesis h = (o, x) and the
event that the model pixel qk is covered by the segment s
using the shape representation d. Again, we sum only over
those interpretations of the segment s that explain the model
pixel qk , (i.e., have the pixel qk of the related database silhouette in the overlap area),
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Fig. 10 Top: an input image
and its three segmentation maps
of scales 8–10. Bottom:
(a) voting map,
(b) back-projection map (14),
(c) total expected volume of
model pixels covered by each
segment (26), (d) top-down
segmentation map (27).
(Bottom, (b–d) are coded with
the intensity of the red color)

p(vk , o, x|s, d)
= p(o|s, d)p(vk , x|s, o, d)

p(x|s, o, I, vk , d)p(vk |s, o, I, d)
= p(o|s)

(22)

I

× p(I |s, o, d)

= p(o|s)
p(x|s, o, I )p(vk |s, o, I )p(I |s, o, d).

(23)
(24)

I

The first term p(o|s, d) in (22) depends solely on the appearance of the segment s and is independent of the representation d. The term p(x|s, o, I, vk , d) in (23) is the probabilistic Hough vote of the interpretation I for an object
location. It is dependent on the location of the segment l
and the interpretation I but is independent of a particular
model pixel qk and the representation d chosen. The term
p(vk |s, o, I, d) in (23) is one if the model pixel qk is explained by the interpretation I and vanishes otherwise. It is,
therefore, independent of the shape representation d as well.
Finally, the last term p(I |s, o, d) in (23) is the normalized
matching score Q̂d (I ) computed as in (8) and (10).
Having the notion of an abstract object model allows us
to ask the following question: “Given the input image and a
particular object hypothesis h = (o, x) what are the parts of
the model (i.e., pixels in the abstract coordinate system) that
are more likely to be present in the image?”. We, therefore,
compute for each model pixel qk the posterior probability
that it is covered by any of the input image segments given
the hypothesis h = (o, x) as follows:
p(vk , o, x)
p(vk |o, x) =
p(o, x)

p(vk , o, x|d)
=
p(d)
p(o, x)
d∈{b,r}

=


d∈{b,r}

p(d)

 p(vk , o, x|s, d)p(s|d)
s

p(o, x)

,

(25)

where the term p(s = sj |d) is set to be proportional to the
size of the segment sj relatively to other segments of the
same scale in the segmentation pyramid. The first transition
follows Bayes’ rule, the second transition is a marginalization over the representation d, and the third transition is a
marginalization over the image segments.
Figure 11 illustrates the information content that can be
captured by taking p(vk |o, x) into account. Two input images are shown and compared: (a) an image containing a
complete figure of a horse and (b) an image containing a
horse occluded by a bar. The posterior probabilities of the
model pixels to be covered by any of the image segments
are shown in (c) and (d). As opposed to the result shown in
(c), the central pixels of the abstract model in (d) have low
probability to be covered by any of the image segments of
the input image in (b) since they represent the pixels that are
occluded by the bar.
Our next aim is to choose the most likely segment among
the ones competing over the same semantic area. This can
be done, for example, by computing for each segment the
“volume” of model pixels covered by the segment. Consider
a pixel qk of an abstract model. We say that it has a volume of one, if it is covered by any of the image segments
and zero otherwise. (Then, p(vk |o, x) can be seen as the expected volume of the pixel qk .) Then, given a segment sj the
“expected total volume,” denoted E[V (sj )], of model pixels
covered by sj is defined as

p(s = sj |vk , o, x)p(vk |o, x).
(26)
E[V (sj )|o, x] =
k

We assign as foreground those segments that cover a
large volume of the model (relative to their area). Thresholding E[V (sj )|o, x]/|sj | will result in assigning each whole
segment to either the foreground or background based on
top-down considerations, i.e., segment-level top-down object delineation. See example in Fig. 10, bottom row, column (c). Finally, since segments may contain both foreground and background portions we wish to separate the
background portions from the selected segment. To that end,
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Fig. 11 An abstract model:
(a) input image of a horse,
(b) input image of a horse
occluded by a bar, (c), (d) the
posterior probability that pixels
in the abstract model are
covered by any of image
segments as in (25) (the values
range between zero and one, jet
colormap in Matlab). Note that
(c) and (d) are in the coordinate
system of the abstract model
and not the input images

.
we further refine the segment-level delineation by combining it with the back-projection map. We therefore define our
final top-down map by
T (pm |o, x) =

E[V (sj )|o, x]
p(um |o, x, s = sj ),
|sj |

(27)

where pm ∈ sj (see Fig. 10, bottom row, column (d)). Notice in particular the segment containing the head which is
classified as foreground using (26) and is split into two areas of distinct probabilities in our final competitive coverage
derivation (27). Note also the marked improvement over the
traditional, back-projection approach in which various background areas are assigned high probabilities. Most of these
probabilities are sharply reduced by our competitive coverage process. Additional examples of top-down segmentation
by competitive coverage are shown in Sect. 4. Applying a
threshold we can obtain a pixel-level top-down object segmentation. See Table 1 for a pseudocode of the detection and
top-down delineation algorithms.

4 Experiments and Results
We have tested our method on two challenging datasets, the
Weizmann Horse Dataset (Borenstein 2009) and a SkateRunner Dataset. The horse dataset consists of side-view images of horses and was investigated in Borenstein et al.
(2004), Shotton et al. (2005), Levin and Weiss (2006), Winn
and Jojic (2005), Kumar et al. (2005). While Borenstein et
al. (2004), Levin and Weiss (2006), Winn and Jojic (2005),

Kumar et al. (2005) concentrate their efforts mostly on segmentation of the detected objects, Shotton et al. (2005)
achieves impressive detection results using contour-based
learning. Both datasets have a very high within-class variation in shape, color, and texture and present challenging
classes of objects for testing our approach. Note, that while
the background in the skate-runner dataset is mostly white,
the colorful patterns on the runners’ outfits are highly cluttered and the highlights on the ice are highly reflective.
4.1 Detection
We first evaluated the performance of our detection algorithm. During training we computed the Poisson equation
for each of the training exemplars and marked object center at the center of mass of the area defined by high values of U (higher than 0.6 max(x,y)∈t U (x, y)). The test set
consisted of the remaining images along with the three
scales (8–10) of the hierarchical segmentation pyramid. We
let each scale of the segmentation pyramid participate in
the voting process and combine the resulting voting maps
by taking the average at every pixel, giving slightly more
weight to the intermediate scale. We then quantify our detection results in terms of recall-precision curve (RPC), where
recall (the proportion of the horses in the test set that are
detected) is plotted against precision (the proportion of correctly detected horses out of total number of detections) as
the global detection threshold is varied. Ground truth object
locations and segmentations are known, and a detection is
marked as correct when a peak falls within the central part

226

Int J Comput Vis (2009) 83: 211–232

Table 1 Pseudocode summarizing the detection and top-down delineation steps of the algorithm
Detection Algorithm:
1. For each segment s ∈ {sj } in the test image
1.1. Extract boundaries: sharp(s), soft(s)← computeBoundaries(τ ) (1)
1.2. If length(sharp(s)) < ρ (length(sharp(s) + soft(s))) → skip and goto 1
1.3. Compute class prob. based solely on appearance: p(o|s) (11)
1.4. For representation d ∈ {b, r}
1.4.1. Match s to DB using d to result in set of interpretations {Ii } (2) and (6)
1.4.2. For each interpretation I ∈ {Ii }
1.4.2.1. Compute p(I |s, o, d) (8) and (10)
1.4.2.2. Compute location vote p(x|s, o, I, d) with uncertainty σ (12)
1.4.3. Compute p(o, x|s, d) (12)
2. Compute final voting map p(o,x) (13)
Top-Down Algorithm: Given an object hypothesis h = (o, x)
1. For each segment s ∈ {sj } in the test image
1.1. Extract boundaries: sharp(s), soft(s)← computeBoundaries(τ ) (1)
1.2. If length(sharp(s)) < ρ (length(sharp(s) + soft(s))) → skip and goto 1
1.3. Compute class prob. based solely on appearance: p(o|s) (11)
1.4. For representation d ∈ {b, r}
1.4.1. Match s to DB using d to result in set of interpretations {Ii } (2) and (6)
1.4.2. For each interpretation I ∈ {Ii }
1.4.2.1. Compute p(I |s, o, d) (8) and (10)
1.4.2.2. Compute p(um |s, o, I ) (19), p(vk |s, o, I ) (23)
1.4.2.3. Compute location vote p(x|s, o, I, d) with uncertainty σ (19)
1.4.3. Compute p(um , o, x|s, d) (16)
1.4.4. Compute p(vk , o, x|s, d) (22)
1.5. Compute segment back-proj. p(um |o, x, s) (14)
1.6. Compute segment competition p(s|o, x, vk ) (20)
2. Compute posterior cover p(vk |o, x) (25)
3. For each segment s ∈ {sj }
3.1. Compute expected volume E[V (sj )|o, x] (26)
3.2. Compute final top-down T (pm |o, x) (27)
Remark: τ is the average Mahalanobis distance threshold. We used τ = 6.5, ρ = 2/3 and σ = 8

of the horse torso. Specifically, if the value of the solution
U to the Poisson equation (computed for the silhouette) at
the peak is higher than 0.6 max(x,y)∈t U (x, y) or if the peak
falls within a radius of 35 pixels from the correct centroid
location stored in the database (a circle with a radius of 35
pixels corresponds to 30% of the average object size). (If
two peaks fall in this area, only one is counted as correct.)
4.1.1 Weizmann Horse Dataset
For the horse dataset the training consisted of the first 50 images of the database, along with their manually segmented
silhouettes, and the test set consisted of the remaining 277
images. 250 out of 277 (90%) images had the highest peak
at the location of the correct centroid. We show recallprecision curves in Fig. 12(left) comparing different setting
of our system: using only region representation (Region,
green curve), boundary representation (Boundary, red), and
both (r + b, black). The full model gives a recall-precision
equal error rate of 85.8%. Partial models, i.e., based on region representation or on boundary representation achieve

76.1% and 82.4% respectively. The additional two curves
portray the performance of our system when the number of
training exemplars is varied: 20 (magenta) and 10 (blue) exemplars, obtaining ERR of about 85.3% and 83.7% respectively, showing only minor deterioration.
Our results are somewhat inferior to Shotton et al. (2005)
who obtained a detection rate of 92%. However, Shotton
et al. (2005) applied their method to a low-resolution (3.5
times as small) version of the same database, but with detection radius of 25 pixels, corresponding to 54% of the average object size. This is in comparison to 35 pixels in our
higher resolution implementation, corresponding to 30% of
the average object size. Our EER increases to 88.4% when
we increase the detection radius in our implementation to 47
pixels, which corresponds to 54% of the average object size
in our higher resolution database. Nevertheless, inspecting
our results we noticed that failures often occurred in cases
that segmentations given as input were poor. To verify this,
we analyzed the segmentations used as input separately for
two sets of images. The first one (TD) consisted of test images in which the highest peak was marked as correct, (re-
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Fig. 12 Recall precision curves: the contribution of different aspects of our model and the effect of the training size on the performance, measured
for the horse dataset (left) and skate-runner dataset (right)

sulting in 250 images). The second set (FD) consisted of
images with undetected horses, resulting in 27 images. For
each image and scale we considered all the segments that
at least 90% of their area overlaps with the true silhouette
or that covers at least 10% of the true silhouette. We then
measured the recall (rc.) and precision (pr.) rates of the true
boundary covered by the boundaries of these segments (we
allowed up to 5 pixel deviation for these measures), and the
portion of the segments’ boundaries that fell inside (ib.) and
outside (ob.) of the true silhouette. Finally, to evaluate the
amount of leaking, for the segments that cover at least 10%
of the true silhouette and at least the same area outside the
true silhouette we measured the area portion that fell outside
the true silhouette (oa.). These measures are summarized in
Table 2. All these measures indeed indicate consistently that
on average the quality of the segmentation is superior for the
images with correctly detected horses than for the images
with undetected horses. This suggests that detection performance as well as the top-down segmentations can further be
improved if better segmentations are available.
4.1.2 Skate-Runner Dataset
The training consisted of the first 20 images of the database along with their manually segmented silhouettes, and
the test set consisted of the remaining 89 images. 75 out of
89 (84%) images had the highest peak at the location of the
correct centroid. We show recall-precision curves for this
dataset in Fig. 12 (right), again comparing different setting
of our system: using region representation (Region, green
curve), boundary representation (Boundary, red) and both

Table 2 Quality of segmentation measured separately for the two sets
of test images: (TD) consisting of 250 test images with correct detections, and (FD) consisting of 27 images with undetected horses
Scale 8

Scale 9

Scale 10

TD avg. rc.

0.76 ± 0.009

0.76 ± 0.009

0.74 ± 0.009

FD avg. rc.

0.70 ± 0.029

0.69 ± 0.023

0.63 ± 0.027

TD avg. pr.

0.60 ± 0.007

0.64 ± 0.010

0.63 ± 0.013

FD avg. pr.

0.51 ± 0.015

0.52 ± 0.023

0.44 ± 0.031

TD avg. ib.

0.29 ± 0.005

0.20 ± 0.006

0.12 ± 0.005

FD avg. ib.

0.34 ± 0.015

0.26 ± 0.018

0.19 ± 0.019

TD avg. ob.

0.04 ± 0.004

0.11 ± 0.008

0.22 ± 0.011

FD avg. ob.

0.09 ± 0.015

0.17 ± 0.027

0.32 ± 0.035

TD avg. oa.

0.01 ± 0.002

0.09 ± 0.010

0.3 ± 0.024

FD avg. oa.

0.08 ± 0.008

0.13 ± 0.024

0.51 ± 0.076

(r + b, black). The full model gives a recall-precision equal
error rate of 78.1%. Partial models, i.e., based on region representation or boundary representation achieve 67.4% and
63.5% respectively.
4.2 Top-Down Segmentation
Next we evaluated our top-down segmentation algorithm.
For this task we only used the test images with correct highest peak, resulting in 250 images for the horse dataset and
75 images for the skate-runner dataset. For all the images,
ground truth segmentations were available, which allowed
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Fig. 13 (a) Examples of test images from horse dataset, (b) their
bottom-up segmentations, (c) voting maps, (d) expected volume of
model pixels covered by each segment (26) (jet colormap in Matlab),
(e) back-projection map (14), (f) top-down segmentation map (27). In
the first group of examples the detected hypothesis is significant, and
the top-down segmentation is accurate. In the second group the bottom-up segmentation failed to extract some of the parts of an object
due to the presence of highlights, texture, shadows or clutter, yet our
algorithm is still able to detect the object and accurately delineate it.
In the third group we show difficult examples for which the object is
detected, but the quality of the top-down segmentation is poor
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Fig. 14 (a) Examples of test images from skate-runner dataset,
(b) their bottom-up segmentations, (c) voting maps, (d) expected volume of model pixels covered by each segment (26), (e) back-projection
map (14), (f) top-down segmentation map (27). In the first group of
examples the detected hypothesis is significant, and the top-down segmentation is accurate. In the second group the bottom-up segmentation
failed to extract some of the parts of an object due to the presence of
highlights, texture, shadows or clutter, yet our algorithm is still able
to detect the object and accurately delineate it. In the third group we
show difficult examples for which the object is detected, but the quality
of the top-down segmentation is poor
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Fig. 15 Out-of-dataset difficult images of horses containing multiple object instances, voting maps, top-down segmentation computed
as in (27)

us to assess the accuracy of our segmentation. We then used
the hypothesis h = (o, x) at the location of the highest peak
to compute a top-down segmentation map as in (27) and
counted the rate of mislabeled pixels when cut with a global
threshold. We obtain 91.47% and 91.12% segmentation accuracy respectively for the horse and skate-runner datasets.
Figures 13 and 14 show representative voting and topdown segmentation results of various quality. In the first
group of examples the detected hypothesis is significant, and
the top-down segmentation is accurate. In the second group
the bottom-up segmentation failed to extract some of the
parts of an object due to the presence of highlights, texture,
shadows or clutter, yet our algorithm is still able to detect
the object and accurately delineate it. In the third group we
show difficult examples for which the object is detected, but
the quality of the top-down segmentation is poor.
Our results on the Weizmann horse dataset (conditions
that are idealized for other existing methods, i.e., single nonoccluded object in each image) are comparable to the state
of the art results reported in the literature. For example, the
algorithm of Borenstein (2006) achieved 93% accuracy. LOCUS algorithm (Winn and Jojic 2005) obtained 93% on 200
horses images, and Levin and Weiss (2006) performed over
95%. The OBJ-CUT algorithm (Kumar et al. 2005) also performs at around 96% but only for a subset of this dataset.

Fig. 16 Out-of-dataset difficult images, voting maps, top-down segmentation computed as in (27)

While having the advantage of being “unsupervised” the algorithm of Cao and Fei-Fei (2007) obtains segmentation accuracy of 81.8% on the horse dataset. Moreover, our method
allows us to handle images with multiple instances of objects and substantial occlusions, that are difficult to handle
with other methods (see Sect. 4.3).
4.3 Out-of-Dataset Difficult Images
We further performed experiments to demonstrate the ability
of our method to cope with multiple instances of class objects and with partial occlusion. In Figs. 15 and 16 we show
detection maps and top-own segmentations computed for a
number of difficult out-of-dataset images containing multiple instances of horses and skate-runners. The top-down segmentations were computed for the two/three highest peaks
of the detection map.
Occlusion is a significant challenge to many existing topdown segmentation methods: For example, Winn and Jojic
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Fig. 17 (a) Examples of
images with severe occlusions
of various types, (b) their voting
maps, (c) back-projection maps
(style (Leibe et al. 2008)) as
in (14), (d) top-down
segmentation maps as in (27).
Note the difference between the
results in (c) and in (d). Using
the competition allows us to
eliminate false nearby regions
present in the segmentations in
(c) and accurately segment the
objects from their background
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Fig. 18 (a) Examples of images containing two instances of horses
and showing severe occlusions of various type, (b) their voting maps,
(c) back-projection maps (style (Leibe et al. 2008)) as in (14), (d) topdown segmentation maps as in (27). As can be seen in column (d) our

competitive coverage process allows us to correctly assign image pixels to either red or green object instances as well as sharply delineate
their boundaries

(2005) assumes smooth deformation field of the object class
mask. Levin and Weiss (2006) assumes detection resulting
in a bounding box as a preprocessing stage to their algorithm and therefore do not handle multiple instances of objects. Moreover, Levin and Weiss (2006) as well as Borenstein et al. (2004) and Borenstein (2006) might have difficulties when the discriminative (most informative) parts of
the object are occluded, (e.g., the front half of a horse) or
when one horse is occluded by another horse of the same
color. Others, e.g., Todorovic and Ahuja (2007), can identify each of the visible parts of an object, but may fail to
assemble these into a coherent object detection, a process
which is necessary in case of occlusion by e.g., a bar. The
method of Leibe et al. (2008) has been shown to handle the
types of occlusions mentioned above, but often produces a
“ghosting effect” of the type discussed in Sect. 3.3, where
correct votes cannot be distinguished from erroneous votes
that were matched to the same semantic part of the model.

Figure 17 shows examples of images with severe occlusions of various types in (a), their voting maps in (b), backprojection maps (style (Leibe et al. 2008)) (14) in (c), and
our final top-down segmentation maps (27) in (d) computed
respectively for the highest peak of the voting map. Note
the difference between the results in (c) and in (d). Using
the competition allows us to eliminate false nearby regions
present in the segmentations in (c) and accurately segment
the objects from their background. Figure 18 shows similar results for images containing two instances of horses,
with one occluding the other or where the overlap area is occluded by a bar. In this set of images each pixel is assigned
the object hypothesis with the highest normalized value of
the top-down segmentation. As can be seen in column (d)
our competitive coverage process allows us to correctly assign image pixels to either red or green object instances as
well as sharply delineate their boundaries.
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5 Conclusions
We presented a new segmentation-based method for object
detection and figure-ground delineation, which incorporates
shape information of coherent image regions emerging from
a bottom-up segmentation, along with their bounding contours. Shape information provides a powerful cue for object recognition that can potentially survive differences in
appearance due to lighting conditions, color and texture. Using segments and their shape properties allows us to evaluate
a smaller set of object hypotheses in the detection stage of
our algorithm and provides a natural way for the top-down
delineation.
We performed quantitative experimental tests on challenging horse and skate-runner datasets showing that our
method can accurately detect and segment objects with complex shapes. Moreover, we showed further qualitative results
on a number of difficult out-of-dataset images containing
multiple object instances and severe occlusions.
Our work demonstrates that despite errors introduced by
the bottom-up segmentation process we can achieve a performance comparable to that obtained with local appearance
features, suggesting that those two types of information can
potentially be combined to further improve recognition.
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