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Depth from occlusion: A region-merging approach
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Abstract—This paper addresses the problem of estimating
relative depth in single images by relying solely on the depth
cue of occlusion. Occlusion is one of the major consequences
of the physical image generation process: it occurs when an
opaque object partly obscures the view of another object further
away from the viewpoint. In this case, the contours of the
objects in occlusion intersect in the image plane forming T-shaped
junctions. The geometrical configuration of T-junctions (TJs)
encodes the relative depths of the objects in partial occlusion.
However, TJs may also arise from a reflectance discontinuity
or, in an automatic framework, they may correspond to a false
detection. In these cases, the local depth interpretation of TJs does
not mirror the global depth interpretation. As a consequence,
an algorithm aiming to estimate relative depth in single images
by relying solely on the depth cue of occlusion should not only
globally integrate the local depth information arisen from TJs
but must also envisage a mechanism to deal with conflicting
situations. The strategy proposed in this paper consists in first
detecting TJs, then in segmenting the image preserving the TJs
previously detected, and finally in depth ordering the regions of
the final partition by relying on the depth information provided
by TJs. The global depth ordering is achieved through a graph
formalization, which allows to easily detect and solve possible
conflicting interpretations. Experimental results demonstrate that
the proposed approach gives a correct depth interpretations of
a variety of real images.

Index Terms—Image segmentation, T-junctions, occlusion,
depth estimation, Binary Partition Tree, monocular depth.

I. INTRODUCTION

THIS paper focuses on the problem of estimating depth
ordering information from a single still image, a key issue

in image understanding, that in recent years has focused the
interest of the community. Motivation behind this tendency is
provided by the increasing number of applications that could
benefit or became feasible with advances in the field such as
automatic foreground object removal, interactive depth-based
image editing, 3D display of conventional 2D images. Until
recently, most of the works on monocular depth estimation
have been motivated by theoretical reasons, mainly aiming
to understand the computational mechanism underlying the
perception of depth in single images and, as a consequence,
they have been tested only on simple synthetic images [1]–[7]
or on real images previously segmented by interactive methods
[8], [9]. Therefore, the extension of their applicability field
to natural images is not straightforward and in most cases
impossible.

During the last few years, the problem of recovering depth
in single real images has been addressed by learning-based
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methods [10]–[14], which in general rely on strong assump-
tions on the image structure [11], [13] or on the image
content [14] and in all cases do not produce accurate occlusion
boundaries [10]–[14].

Standing in stark contrast to state-of-the-art approaches, this
paper proposes a general low-level approach to the problem
of estimating depth ordering information from a single still
image, in which the depth ordering is directly inferred from
the global interaction of local occlusion relationships, with-
out relying on any previously learned information about the
structure of the world nor on any assumption on the image
structure.

The choice of relying only on the depth cue of occlusion
come from the fact that occlusion is pervasive in natural
images. In fact, objects spatially separated in the 3D world
might interfere with each other in the projected 2D plane
and each of them obscures part of the ground. In particular,
when an opaque object partly obscures the view of another
object further away from the viewpoint, the projection of the
object boundaries partially hiding each other creates T-shaped
junctions in the image plane. Therefore, TJs represent one
of the most primitive trace of the physical image generation
process.

Although the importance of TJs in determining how objects
and surfaces interact in the scene from their 2D projection
has been emphasized by Gestalt psychologists [15] and further
investigated in human vision, their role is often downplayed in
practical applications. Their usefulness in extracting non-trivial
information about 3D scenes has been recently demonstrated
in a variety of applications such as stereo vision, multiview
geometry and video segmentation [16]–[18], which rely on
multiples images. Nevertheless, the potential of TJs in the
single image scenario received little attention until now. This
is due partly to the lack of robustness of T-junction detection
without relying on redundant information in space or time,
and partly to the ambiguity of their depth interpretations. In
fact, whereas all instances of occlusion produce a T-junction
[19] (Fig. 1 (a)), the converse is not true. For instance, the TJs
in Fig. 1(b) are likely the result of a reflectance discontinuity
and not of an occlusion. In this case, the local interpretation
of TJs is not consistent with the global depth interpretation. In
addition, in an automatic framework, false positive detections
of TJs may also be the cause of a misleading local depth
assignment.

As a consequence, an algorithm that uses only the cue of
occlusion to infer a global depth ordering must envisage a
mechanism to solve possible conflicting interpretations. An-
other issue that needs to be addressed is that depth information
provided by TJs is limited to a small neighborhood of the
T-junction centers. Therefore, to reason globally about depth
relationships, the local depth information has to be somehow
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(a) (b)

Fig. 1: (a) TJs corresponding to depth discontinuities. (b) TJs
corresponding to reflectance discontinuities.

propagated globally.
To convince us that TJs, and in turn occlusion, can be

used to successfully assign depth in images, let us consider
the image in Fig. 2 (a): it contains a certain number of
TJs (see Fig. 2 (b)). In a local neighborhood of each T-
junction, the region delimited by the roof appears to be in
front to the regions delimited by the stem. By extending the
branch of each T-junction following the depth discontinuity,
which corresponds to the color discontinuity, the image can be
partitioned in a limited number of regions (see Fig. 2 (c)). Due
to the presence of TJs, the region A appears to be in front of
the regions B, D and C; the region B appears to be in front
of the regions F , E and G; region D appears to be in front
of the regions E and G; finally, region C appears to be in
front of the region D and G. By assigning depth locally and
by detecting and solving possible conflicting interpretations, a
global depth interpretation can be inferred (see Fig. 2 (d)).

Taking into account the above mentioned issues, we have
developed an automatic algorithm that uses only the cue of oc-
clusion to infer global, consistent depth ordering [?], [20]. Our
strategy involves three main steps. First, occlusion relations
signaled by TJs are detected; second, the image is segmented
by using a BPT-based statistical region-merging algorithm
which preserves the previously detected TJs; third, the depth
relations between the regions of the final partition are encoded
through a Directed Graph (DG). This formalization allows
to easily detect and solve possible conflicting interpretations
leading to a global depth ordering.

The organization of this paper is as follows. Before detailing
each of the above mentioned steps, section II introduces the
Binary Partition Tree (BPT), which constitutes the basic tool of
the proposed region merging-based framework. The following
three sections are devoted respectively to the detection of
occlusion (III), to the segmentation preserving TJs (IV) and to
the global depth ordering through a graph formalization (V).
Section VI discusses experimental results. Finally, section VII
summarizes the proposed region-merging approach, discusses
limitations and proposes possible future lines of research.

II. BINARY PARTITION TREE

A BPT [21] is a structured representation of a set of
hierarchical partitions in which the finest level of detail is
given by the initial partition. The set of the regions of the
initial partition may coincide with the set of image pixels

(a) (b)

(c) (d)
Fig. 2: (a) An image of a natural scene. (b) T-junction branches
are marked in white. (c) Result of extending the T-junction branches
following the color discontinuities. (d) Smaller numbers correspond
to regions closer to the viewpoint.

or the partition of flat zones, or any other set of regions
obtained using any other pre-computed partition. The nodes
of the tree are associated to regions that represent the union
of two children regions and the root node represents the entire
image support. Starting from the initial partition of all image
pixels, pairs of neighboring regions are iteratively merged
until a termination criterion (usually the number of regions
of the final partition) is reached. The general region merging
algorithm used for creating a BPT requires the specification
of the region model, merging order, and merging criterion.
• Region model: the region model defines how to represent

each region. When two regions are merged, the region
model defines how to model its union and what are
the main characteristics that should be kept in order to
continue the merging process. For instance, if objects are
assumed to be homogeneous in color, a region model
based on the mean color of each region may be used
or, if objects are assumed to be generated by the same
probability distribution, a region model based on the color
histogram of each region may be used.

• Merging order: the merging order determines the order in
which pairs of neighboring regions (links) are processed.
It is a real valued function of each pair of neighboring
regions and is usually based on a similarity criterion
between the region models. Each time a link is processed
its associated nodes, which correspond to the neighboring
regions, are merged together. The merging order is closely
related to region model. As the region model, the merging
order is related to the notion of objects, that is to the
notion of homogeneity with respect to a defined property.
It can be seen as a measure of the likelihood that
two neighboring regions belong to the same object. For
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instance, if objects are assumed to be homogeneous in
color, a similarity measure based on the color difference
should be used or, if objects are assumed to be generated
by the same probability distribution, a similarity measure
based on the color histogram should be used.

• Merging criterion: each time a link is processed, the
merging criterion decides if the merging has actually to
be done or not. It is a binary valued function (”merge” or
”do-not-merge”) of each pair of neighboring regions. The
merging criterion allows to decide which of the mergings
proposed by the merging order should be really done.
An example of simple merging criterion is the number
of regions. This merging criterion does not modify the
order (proposed by the merging order) in which links
are processed, but simply acts as a termination criterion.
Instead, more complex merging criteria may be used to
control more precisely the way regions are merged, acting
as a sieve among the set of mergings proposed by the
merging order. In section IV, depth information will be
used to prevent the merging of regions that belong to
different depth planes.
In [21], the regions are modeled deterministically by
their mean color value and the order in which regions
are merged is determined by a similarity measure based
on color difference between the region models. Recently,
Calderero and Marques [22], have presented a new region
model based on color histogram and a new family of
statistical similarity measures between the region models
based on information theory. The authors proposed two
different statistical merging orders: the Kullback-Leibler
(KL) merging order and the Batthacharyya (BHAT) merg-
ing order. The KL merging order is based on measuring
the similarity between the probability distributions of the
regions and the probability distribution of their merging,
weighted (or not) by the size of the regions.
KL area-weighted merging order:

f(Ra, Rb) = −ni ·DKL(Pa ‖ Pa∪b)−nj ·DKL(P‖Pi∪j),
(1)

where Ra and Rb are two adjacent regions (written as
(Ra, Rb), with size na and nb and empirical distribution
Pa and Pb respectively, whose union would generate a
new region, a ∪ b, with empirical distribution

Pa∪b =
na

na + nb
Pa +

na
na + nb

Pb. (2)

and

DKL(Pa ‖ Pa∪b) = Palog
Pa
Pa∪b

(3)

is the Kullback-Leibler divergence operator [23] between
the statistical distributions Pa and Pa∪b.
The Batthacharyya (BATH) merging order is based on a
size-weighted direct statistical measure of the probability
distributions. This criterion leads to merge pairs of adja-
cent regions with the maximum probability of fusion.
BHAT area-weighted merging order:

f(Ra, Rb) = arg max
RavRb

−min(na, nb) ·B(Pa, Pb), (4)

where

B(Pa, Pb) = −log(
∑
x

P 1/2
a (x)P

1/2
b (x)) (5)

is the Bhattacharyya coefficient [24].
In both cases, the merging cost depends on the size
of the regions. The size term assures that the resulting
partitions are size consistent, meaning that the area of the
regions tends to increase as the number of regions into
the partition decreases. However, this dependence favors
the fusion of small regions, delaying the fusion of larger
regions. Indeed, small regions cause less significant errors
since the error contribution of the union of two small re-
gions is small compared to the contribution resulting from
the merging with a large region. As the fusion of large
regions is delayed, area weighted merging orders suffer
generally from over-segmentation. To provide a trade-
off between under-segmentation and over-segmentation,
the corresponding area unweighted version of the KL
and BHAT merging orders have also been proposed [22].
They are as follows:
KL area-unweighted merging order:

f(Ra, Rb) = −DKL(Pa ‖ Pa∪b)−DKL(Pa ‖ Pa∪b),
(6)

BHAT area-unweighted merging order:

f(Ra, Rb) = arg max
RavRb

·B(Pa, Pb). (7)

The region modeling based on empirical distribution has
demonstrated a noticeable improvement with respect to first
order statistical models where mean or median color values
are used as region model since they do not assume that regions
are homogeneous in color nor texture. However, the merging
process starts by considering that each pixel is a single region,
which is modeled still deterministically by its color value and
therefore the effect of the statistical modeling become really
important only in the late stages of the merging process. In the
following sections, we discuss the limitations of this kind of
modeling for segmentation purpose and we propose a solution.

III. DETECTING OCCLUSION

This section focuses on the occlusion detection. As dis-
cussed in the previous section, geometric signatures of oc-
clusion are TJs. They are the projections of points where the
contours of two objects in occlusion meet. The piece of each
contour that emanates from the junction point is defined as a
branch.

The detection of TJs in real images has been object of
research for over thirty years but it still represents a valid
challenge. The difficulty arises from the fact that junctions
correspond to the crossing of different object contours, and,
therefore, at junction locations the pixel intensities of different
objects mix because of the blur introduced by the image acqui-
sition system. Early junction detectors rely on a convolution-
based approach, which includes gradient-based and edge-
based methods. Gradient-based methods hypothesize junction
locations by analyzing local gradient and level line curvature
[25], [26], while edge-based methods detect junctions as
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Fig. 3: Examples of T-junction template: (a) Original image, where a
T-junction is marked by a white circle. (b) Zoom on the T-junction. (c)
T-junction template: the T-junction is modeled as a piecewise constant
wedges, delimited by the branches and a small neighborhood around
the junction center is omitted because considered unreliable.

intersection of edges [27]. In all these methods, the use of
a Gaussian impulse response leads to an inaccurate detection
of the junction centers. A different strategy to hypothesize
junction centers is adopted by model-based template matching
techniques [28]–[31]. In this approach, the characterization
of the junction is added to the localization criteria. These
methods assume that a suitably small local neighborhood is
sufficient to detect a junction. During the last decade, hybrid
methods retaining both the edge-based and the template-based
approaches have received much attention. Typically, hybrid
methods model junctions as piecewise constant regions called
wedges emanating from a central point, omitting a smaller
disk centered at this point (see Fig. 3). The radial partition of
the template is generally obtained by minimizing an energy
function which measures the distance of the junction-model
from the input signal. Candidate radial partitions are found by
detecting edges and grouping them around the central point.
The task is to find the minimum number of wedges that best
describes the junction. The center identification is generally
based on a local operator, while many different minimization
strategies and many different criteria to characterize edges
have been proposed [32]–[37].

A common limitation to state of art algorithms is that all
methods used to find wedges rely on the assumptions of
color or texture homogeneity that are generally not hold in
a neighborhood of a junction. The basic idea underlying the
region-merging process we propose is of avoiding the classical
assumptions of color and texture homogeneity by taking a
more general assumption.

The algorithm we have developed involves three main steps.
A first selection step provides candidate points that represent
potential TJs to be characterized and possibly validated in
a second step. The characterization, namely the branch ex-
traction, is performed on a close surrounding of candidate
points, omitting a small neighborhood centered at them. The
obtained branches are then propagated inside the omitted do-
main according to the ”good continuation principle” [38] and
constrained to meet at the candidate point. This procedure is
also supported by psychophysical experiments [39] suggesting
that junctions are detected even when the center is occluded.
To each validated T-junction, a graduate measure of junction

(a) (b) (c)

Fig. 4: Examples of candidate point selection: (a) Original images.
(b) Result of applying a hierarchy of leveling. (c) Result of applying
the SUSAN filter to the images in (b): candidate points are marked
in black and are surrounded by a white square.

likelihood is assigned relying on the regularity of its branches.
This measure is used in the third step, devoted to the reduction
of clusters of validated points.

In the following, the working principle and the algorithmic
implementation of each step are discussed and detailed.

A. Candidate point selection

In this section, we shall use for the discrete image rep-
resentation a grid with integer coordinates. Since TJs are
structural features, the search for candidate points is performed
on the structural part of the image, also called cartoon
component, obtained by a simplification of the original image
with a hierarchy of leveling [40], based on Gaussian scale-
space markers. More precisely, at each scale k the ”cartoon
component” Uk of the discrete image U : Γ→ Z is obtained
as Uk = Λ(Mk|Uk−1), where Mk = U ∗ Gδk is the marker
obtained by convolution of U with a Gaussian kernel G of
standard deviation δ, Uk−1 is the reference image with U0 = U
and Λ is a leveling [41]. In all experiments, we used δ = 3
and k ∈ {1, 2, 3}.

The selection of candidate points relies on the observation
that TJs can be thought as a superposition of two adjacent
corners. As a consequence, corners are good candidates points
for TJs. Corners are localized by the SUSAN [42] filter. To
take into account the localization inaccuracy of the SUSAN
filter, coordinates of candidate points are allowed to vary on
a small neighborhood. In practice, we apply a dilation with
a square structuring element of size 5 × 5 on the mask of
candidate points obtained by applying SUSAN. The mask
resulting from the dilation defines the set of candidate points
and the branch extraction is performed for each candidate
point.

Although the proposed strategy selects corners as candidate
points, it allows a fast and significant reduction of the number
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of image pixels to be processed while keeping all real TJs. Fig.
4 shows some results of the candidate point selection step. As
can be observed, the ratio between the number of selected
candidate points and the number of image pixels is very small
in all shown examples. However, in the case of very textured
regions such as near the paw of the tiger or in the image on
the first row, this ratio increases.

The branches of a T-junction correspond to lines passing
between image pixels and therefore the T-junction center does
not have integer coordinates. For each candidate point x with
coordinates (i, j), we consider a squared neighborhood W
of size w × w centered at the right down point xdc with
coordinates (i + 1

2 , j + 1
2 ), where the branch extraction is

restricted to and a 4×4 squared neighborhood Ω of xdc, where
the photometric profile is considered unreliable (see Fig. 5(a)).
Taking into account that the photometric profile is considered
reliable only outside Ω , our strategy consists in first extracting
the branches in (W − Ω), by relying on the intensity profile,
and then in extending them in Ω until the candidate point is
reached, by relying on the continuity of the branches. The
next section details how to perform the branch extraction in
(W − Ω).

B. Branch extraction in (W − Ω)

Contrary to classical hybrid approaches founded on region-
merging, the branch extraction in (W − Ω) is performed by
a BPT-based statistical region-merging algorithm. As merging
order we use a statistical similarity measure between statistical
region models proposed by Calderero et al. [22]. In section II,
it has been pointed out that the advantages of the statistical
region model became visible only in the late stages of the
merging process, since a single pixel is modeled still determin-
istically by its color value instead of statistically. In the context
of T-junction detection, since the region to be segmented is a
small neighborhood of a given candidate point, the importance
of a good modeling in early stages of the merging process
becomes crucial. In [43] we have proposed to solve this
problem by modeling each pixel statistically by a probability
distribution, instead of deterministically by its color value.
The probability distribution of a given pixel is obtained by
exploiting self-similar structures, which can be detected by
patch comparisons. By self-similarity, we mean that every
small patch in a natural image has many similar patches in the
same image. As can be appreciated in Fig. 6, this assumption
is intuitively true for natural images since most objects in the
real world have a self-similar or periodic structure: different
parts of the same object show the same statistical properties
at many different locations, as for instance in correspondence
of objects contours. The fact that natural images have such
a self-similarity property is a kind of stationarity assumption,
actually more general and more accurate than any existing
image statistics since it does not rely on an underlying model
but directly on the data itself. This assumption has been proved
to be sound by the works of Efros and Leung [44], and Levinia
[45] and it has been successfully used in the seminal work of
Efros [44] for texture synthesis and then in [46] and in [47] for
image and video denoising. To the best of our knowledge, it is

the first time that self-similarity is exploited for segmentation
purpose.

Under the stationarity assumption, the probability distribu-
tion of a single pixel can be computed as follows. Let U be an
image, x a pixel of the image domain and let N (x) be a square
image patch centered at x which does not include x. Let us
assume that the probability distribution of U(x) depends only
on the values of the pixels in N (x) and it is independent of
the rest of the image (Markovian model). Then, the probability
distribution of U(x) given the pixel values of its neighborhood
N (x), can be estimated by computing the set:

Γ(x) = {y : d(N (x),N (y))
d(N (x),Nbest)} < (1 + ε)},

where d(N (x),N (y)) is a distance between a patch cen-
tered at x and a patch centered at another pixel location y of
the image domain, Nbest is the patch that gives the best patch
match and ε is a small constant. The histogram of all pixel
values in Γ(x) gives an estimation of the probability distri-
bution of the value of x given the values of its neighborhood
N (x) [44]. More precisely, assuming that the pixel values
range from 1 to L, the histogram is constructed by adding one
to the value U(y) for each y ∈ Γ(x) and then normalizing so
that the histogram integral is equal to one. However, setting
a hard threshold (1 + ε) to defines the set Γ(x) leads to be
able to estimate the probability distribution only of pixels for
which similar patches can be found. Indeed, in the absence of
similar patches, the hard threshold strategy would leave the
set Γ(x) empty. To overcome such a problem, Buades et al.
[48] proposed to use an exponential function, which allows a
more continuous distribution. More precisely, the probability
distribution of a pixel x conditioned to its neighborhoodN (x),
can be computed by computing for each pixel y the quantity:

w(x, y) =
1

Z(x)
e
−d(N(x),N(y))

h , (8)

where Z(x) is the normalizing factor:

Z(x) =
∑
y∈U

e
−d(N(x),N(y))

h , (9)

and

d(N (x),N (y)) =
∑

z∈{−1,1,...}

(U(x− z)− U(y − z))2

K(z)
,

(10)
is the similarity between pixel values of a patch centered at
x and a patch centered at y. The variable z indicates the
displacement on the patch with respect to x, and K is a
Gaussian-like function decaying from the center of the patch
to its boundary. More precisely, K(z) = (2 ∗ ‖z‖ + 1)2 acts
as a weight function of the euclidean distance between two
patches. The goal of the function K is to give more importance
on the patch to pixels closer to the reference pixel. Indeed,
since we would like to compare local structure as accurately
as possible, the error for nearby pixels in the patch should be
greater than that of distant pixels. The parameter h controls
the decay of the exponential function, and therefore of the
function w. Due to the fast decay of the exponential term,
large euclidean distances lead to nearly zero weights acting as
an automatic threshold. To reduce the computation cost, the
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(a) (b)

Fig. 5: (a) A window W centered at a candidate point: Ω is the
neighborhood we consider unreliable, (b) Branch extraction in W−Ω.

Fig. 6: Figure illustrating the phenomenon of non-local self-
similarity. Similar patches are delimited by windows of the same
color.

search for similar patches is restricted to a search window of
size S × S. The histogram corresponding to the probability
distribution of x is obtained by adding, for each pixel y the
value of the function w(x, y) to U(y).

Summarizing, the function w(x, y) associated to the pixel
x, depends on the similarity d(N (x),N (y)) between a patch
centered at x and a patch centered at y ∈ S × S and satisfies
the conditions 0 < w(x, y) < 1 and

∑
y∈§ w(x, y) = 1. As the

size of the image grows, for every pixel x, w(x, y) converges
to the conditional expectation of x given its neighborhood
N (x). Indeed, as demonstrated in [48], w(x, y) can be seen
as an instance for the exponential operator of the Naradaya-
Watson estimator [49], [50], which estimates the conditional
expectation of a random variable.

Once pixels, which are considered as initial regions have
been modeled by their pdf, the region merging algorithm starts
to iteratively merge pairs of neighboring regions in W − Ω
following the statistical Kullback-Leibler merging criterion
(KL) [22], until three regions are obtained (Fig. 5(b)). The
KL merging criterion for color images is defined as follows.
If Pa and Pa∪b are the color histograms in the color space
(Y UV ), then DKL(Pa ‖ Pa∪b) is given by
DKL(Pa ‖ Pa∪b) = α · DKL(PY a ‖ PY a∪Y b) + (1 −

α) · (DKL(PUa ‖ PUa∪Ub) +DKL(PV a ‖ PV a∪V b)). We set
α = 1

2 .
In Fig.7, we illustrate the advantage of the proposed pixel

modeling in the context of the branch extraction. In Fig.7
(a) are shown the neighborhoods of candidate points those
branches have to be extracted. In Fig.7 (b), 7 (c), and 7 (d)
are shown the results of the branch extraction when using
respectively a region model of order zero, the region model
proposed in [22], and the statistical region modeling proposed
in III-E. As it can be observed, the proposed pixel modeling

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

Fig. 7: Example of comparison: (a) Neighborhood of a candidate
point to be segmented. (b) Local segmentation by using a region
model of order zero. (c) Local segmentation by using the region
model proposed in [22]. (d) Local segmentation by using the statis-
tical region modeling proposed in III-B.

yields a significant improvement in terms of contour definition
with respect a deterministic pixel modeling. Points in 7 (b)
are discarded before the branch propagation in since the
segmented neighborhood does not fit the validation conditions
described in III-D.

C. Setting the parameters for the local segmentation

The above described region merging algorithm involves a
set of parameters that need to be fixed:
• Size w of the local neighborhood W : this parameter

addresses the scale issue. The right scale depends on both
the image resolution and the viewing distance.

• Size n of the similarity window (patch size): this param-
eter has to be as small as possible to take care of the
image details and fine structure, being at the same time
robust to noise. Therefore, its value should increase with
the amount of noise in the image.

• Size S of the search window: theoretically this parameter
should be the same as the image size, but in practice a
search window of five times the size of the similarity
window guarantees good results with a reduced compu-
tational cost.

• Value h of the filtering parameter: this parameter con-
trols the decay of the exponential functions. When the
standard deviation of the noise is known, the value of h
should depend on it [46]. For a small h, the similarity
function would not be robust to noise since very similar
neighborhood could give small value of the similarity.
Nevertheless, by increasing the value of h, very different
neighborhood could give large value of the similarity.

• Number of bins used to construct the histogram: the
number of bins determines how accurately the probability
distribution is represented. The highest the number of
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used bins is, the more accurate would be the represen-
tation. However, by increasing the number of bins, the
estimation of the divergence between histograms becomes
inaccurate since there might be a very small number of
samples per bin. In all experiments, we have fixed the
ratio between the number of bins used for the luminance
component (Y ) and the number of bins used for the
chroma components (U and V ) to 3:1:1 in the Y UV
color space.

In order to fix these parameters we proceeded as follows.
We considered two values of the similarity window: 3 × 3
(see Fig.s 8, 10 and 12) and 5 × 5 (see Fig.s 9, 11 and 13).
For each value of the similarity window, we ranged the test
values of the filtering parameter h between 30 and 110 with
intervals of 20 and the values of the number of bins of the
luminance component between 5 and 250 with intervals of
50. As can be observed, a smaller similarity window gives in
general more accurate segmentation results. For a similarity
window of 3× 3 and a search window of size 15× 15, good
values for the filtering parameter and the number of bins for
the luminance component are respectively 70 and 150.

D. Candidate point validation in W − Ω before branch ex-
traction in Ω

After the local segmentation, we have to check if the seg-
mented neighborhood fits the T-junction model. The validation
of candidate points is based on the topology of the branches, as
well as on the geometrical and photometric profile of wedges.
The region merging strategy does not guarantee neither that the
three final regions will reach Ω (see Fig. 14 (a)) nor that all the
regions will intersect the boundary of W (see Fig. 14 (b)) with
at least a minimum number of pixels equal to half the window
length. In both cases the candidate point is discarded. To
guarantee the visibility of each wedge, we impose a threshold
on the minimum gray level difference between the mean gray
level of each pair of wedges and on the minimum color
difference between the mean color of each pair of wedges.
If the minimum gray level or color difference is below a
given threshold (tgray and tcolor respectively), the point is
discarded (see Fig. 14 (c)). In most cases corresponding to
object boundaries or textured regions, one wedge is composed
of a very small number of pixels or looks like a narrow band.
We then use a ”size criterion” that is as follows: if at least
one region completely disappears after an erosion (binary)
with a square structuring element, then the candidate point is
discarded (see Fig. 14 (d)). The size s of the square structuring
element is related to the length w of W . To keep TJs, whose
contours converging at the junction center form a small angle,
s is taken as: w

6 .

E. Branch extraction in Ω

As explained above, the photometric profile is not reliable
in Ω, and thus the use of a region merging algorithm would be
misleading. Instead, the extrapolation of the branches inside
Ω is made according to the ”good continuation principle” [38]
and it is achieved in two steps. Let Ω = Ω1 ∪ Ω2 (see Fig.
15(b)).

bins h=30 h=50 h=70 h=90 h=110
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50
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Fig. 8: Size of the similarity window of 3× 3.

bins h=30 h=50 h=70 h=90 h=110

5

50

100

150

200

250

Fig. 9: Size of the similarity window of 5× 5.

The first step consists in assigning to each pixel in Ω2 the
value of its adjacent pixel (in connectivity 4) outside Ω with
the constraint that all three labels (red, green, blue) have to be
assigned to at least one of the pixels Ni (see Fig. 15 (c)). This
guarantees the propagation of contours as straight lines (see
Fig. 15 (e)). In the second step, the branch extrapolation in
Ω1 is achieved using a geometric criterion that minimizes the
sum of the absolute curvature at the new branch points created
by the hypothetical labeling, with the constraint that branches
meet at the candidate point. The curvature at the candidate
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point is computed eliminating the stem of the hypothetical
T-junction.

Let P be the set of pixels to be labeled, N the set of
neighbors, and L the set of labels to be assigned (see Fig.
15 (c)).
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Fig. 10: Size of the similarity window of 3× 3.
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Fig. 11: Size of the similarity window of 5× 5.

P = {A,B,C,D}
N = {N1, N2, N3, N4, N5, N6, N7, N8}
L = {red, green, blue} In 4-connectivity, each pixel in P has
two neighbors in N , whereas any pixel in N has only one
neighbor in P .

To fulfill the constraint that branches meet at the candidate
point, each label has to be assigned at least once at pixels in P .
This goal is pursued in two stages: the first one is devoted to
perform all label assignments that are mandatory (to fulfill the
constraint). The second one, is devoted to label the remaining
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Fig. 12: Size of the similarity window of 3× 3.

bins h=30 h=50 h=70 h=90 h=110

5

50

100

150

200

250

Fig. 13: Size of the similarity window of 5× 5.

pixels.
The assignment of the label Lm of Nj to its neighbor in P ,

say Pi, is said mandatory if:
• Nj is the only pixel of N labeled with Lm such that its

neighbor in P is still to be labeled
• there is no pixel in P labeled with Lm
Let us suppose that the label Lm of Nj is assigned to Pi.

Then the other neighbor in N of Pi, say Nk has become
useless since its unique neighbor in P has already been
labeled. As a consequence, a new mandatory assignment may
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(a) (b) (c) (d)

Fig. 14: Examples of candidate points discarded because: (a) All
three regions do not join the boundary of Ω. (b) Not all three regions
join the boundary of W with a minimum number of pixels. (c) The
medium color difference between two regions is too small. (d) One
of the three regions is too small.

have been generated if the occurrence of the label of Nk, say
Ln, is 2 before the mandatory assignment. Since there are
only three labels for eight pixels, this ”cascade effect” may
only occur once. According to the above considerations, the
algorithmic structure of the first stage is as follows:

1) For each label Lm , compute how many neighbors
belonging to N are labeled with label Lm, that is Cred,
Cgreen, Cblue, where Cm is the number of neighbors Ni
having label Lm.

2) If Cm is equal to 1:
(a) search the Ni having value Lm
(b) assign Lm to Pj such that Pj and Ni are neighbors
(c) consider the neighbor of Pj : one is Ni , the other
one is Nk. Decrement Ck by one.

3) go back to 2
The second step is a propagation (possibly with constraints)

that minimizes a cost function. The possible constraints corre-
spond to labels that still have not been assigned. The optimiza-
tion cost is defined as the sum of the absolute curvature at the
new branch points created by the hypothetical labeling. The
points of the branches are points with half-integer coordinates.
The computation of the curvature at these points is based on
an interpolation at the center of the 2 × 2 window made of
pixels (x, y), (x + 1, y), (x, y + 1) and (x + 1, y + 1). More
precisely, the gradient of each interpolated point is computed
as:

Dux(i, j) = 1
2 (−[u(i, j + 1) + u(i+ 1, j + 1)]

+[u(i, j) + u(i+ 1, j)])
(11)

Duy(i, j) = 1
2 ([u(i+ 1, j) + u(i+ 1, j + 1)]

−[u(i, j) + u(i, j + 1)])
(12)

and the curvature by the finite difference scheme proposed
in [51]. The algorithmic structure of the second stage is as
follows:
• If there is a Pj whose two neighbors in N have the same

label Lm, then Pj has to be labeled with Lm.
• If there are Pj that still have to be labeled, then compute

all possible assignments and their costs, and among all
assignments that satisfy the constraints, choose the one
having the minimum cost.

The final result is shown in Fig. 15 (f).

(a) (b) (c)

(d) (e) (f )

Fig. 15: (a) Image to be segmented. (b) Partitioning of Ω = Ω1∪Ω2.
(c) Labeling of Ω1 and Ω2. (d) Branch extraction in W − Ω. (e)
Branch propagation in Ω2. (f) Branch propagation in Ω1.

(a) (b)

Fig. 16: Examples of candidate points discarded because: (a) The
sum the curvature of each point of a branch is too large. (b) There
is no pair of branches with an angle of φ+−φ/4.

F. Candidate points validation after branch extraction in Ω

After the branch extraction is completed, two validation
criteria are checked. The first validation criterion consists in
measuring the ”smoothness” of the branches. Since object
contours are smooth, T-junction branches are expected to be
smooth. A single branch is considered to be smooth if the
value of the integral of the absolute curvature on the three
branches is below to a given threshold t. The value of this
threshold depends on the window size w and it is computed
as follows: k = cw/2, where c is a small value (see Fig. 16
(a)).

The second validation criterion deals with the branches ori-
entation and it is necessary in order to distinguish from other
junction types. For each branch, we first compute the vector
that represents its medium orientation in W by averaging the
orientation of each point of the branch. Then, we compute the
angles between each pair of vectors. We say that a candidate
point represents a T-junction if there is a pair of vectors such

that the angle between them is equal to π with precision
1

n
(see Fig. 16 (b)). In all experiments we fixed n = 4.

G. Cluster reduction

As result of the validation step, we obtain a set of clusters
(see Fig. 18 (a)). Clusters are due to the locality of the branch
extraction strategy: the shape of wedges of adjacent candidate
points varies slightly and if a candidate point is validated,
its neighbors have a high probability of being validated too.
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(a) (b)

(c) (d)

Fig. 17: Examples of cluster: (a) Original image. (b) Before remov-
ing isolated points: there are some spurious TJs. (c) After removing
isolated points. (d) After the cluster reduction step: the vectors point
to the region closer to the viewpoint. As can be observed, the roofs
of the TJs have been correctly computed.

(a) (b)

Fig. 18: Example of cluster reduction: (a) Validated points are
marked as color pixels. The point having the smallest value of the
sum of the absolute curvature on each branch is marked in blue. (b)
Local segmentations corresponding to each validated point: as can be
observed, the pixel marked in blue in (a) is the one having the most
regular branches.

As a consequence, isolated points have an high probability of
being spurious detection and therefore they are removed (see
Fig. 17). For each cluster, the choice of the point that best
represents the cluster is based on a graduate measure of T-
junction likelihood related to the smoothness of the branches.
More precisely, the point that best represents the cluster is the
one which has the minimum value of the sum of the absolute
curvature of each point of the branches (see Fig. 17 (d) and
Fig. 18 ).

Fig. 19 summarizes the complete T-junction detection algo-
rithm through a block diagram.

H. Parameter setting

The validation process described in section III-D and section
III-F involves a set of parameters to be adjusted: the maximum
value of the sum of the absolute curvature of each point of a
branch, the minimum color difference between two wedges,
and the minimum gray level difference between two wedges.
In order to fix them, we have studied the performance of the
T-junction detection algorithm as a function of the param-

Fig. 19: Block diagram of the T-junction detection algorithm by
region merging. U is the original image, M is the mask marking the
candidate points to be analyzed, Jc is the image marking the points
that have been validated, J is the image marking the center of the
detected TJs, Scurv is the sum of the absolute curvature at each point
of each branch.

eters. More precisely, we have plotted the Precision/Recall
(P/R) curves corresponding to 4 natural images, for which
the ground truth has been fixed beforehand manually. The
image set forming the benchmark for parameters optimization
has been chosen to minimize the subjectivity of any hand-
marked ground truth and to maximize the variety of natural
scene. Each P/R curve is associated to a single parameter p
and it has been obtained by ranging the value of p in an
interval around the initial optimum value, keeping fixed the
other parameter values. As initial set of optimal parameter
values, we have taken 0.8 as maximum sum of the absolute
curvature for each branch, 10 and 5 respectively as minimum
color difference and minimum gray level difference between
wedges. By looking at the P/R curves, we have update the
initial set of optimal parameter values and we have computed
again the P/R curves. We have iterated this procedure until
the set of initial parameter values has remained fix during two
consecutive iterations.

The recommendable set of values for the three above
mentioned parameters are 0.7, 20, and 20. Fig. 20 shows
some examples obtained by using this set of parameter values.
Each detected T-junction has been visualized as a vector
whose origin (in blue) represents the T-junction center, whose
direction is given by the direction of the stem and whose
orientation points to the top. The overall performances are
in general convincing.

IV. SEGMENTING THE IMAGE PRESERVING TJS

This section details how to obtain a BPT-based segmentation
of the image, which preserves the previously detected TJs. We
start from the initial partition of all image pixels and we model
each pixel statistically by a probability distribution obtained
as described in section . From our practical experience, we
have found that, to segment the whole image, for a similarity
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(a) (b)

Fig. 20: (a) Original image. (b) Result of the junction detection on
the original image.

window of 3× 3 and a search window of size 15× 15, good
values for the filtering parameter h and the number of bins
for the luminance component are respectively 50 and 50 and
the merging order which allows to define more precisely self-
similar regions is the BATH area unweighted criterion.

In Fig.23 we show the results of the segmentation obtained
by modeling each pixel deterministically (see Fig.23 (b)) and
by modeling each pixel statistically (see Fig.23 (c)). As it can
be observed, the proposed pixel modeling gives much accurate
results.

In order to preserve TJs, we introduce the concept of
incompatibility. Two regions are said incompatible if they are
involved in an occlusion relation and therefore are supposed
to belong to different levels of depth. When two regions are
incompatible, they cannot be merged. Hence, the concept of
incompatibility is used as merging criterion: if the pair of
neighboring regions proposed by the merging order are in-
compatible, the proposed merging is skipped. Incompatibility
is an inheritable property. In Fig. 21, the regions A, B and
H are incompatible with each other as well as the regions C,
D, E. When the regions C and H are merged to form the
region I , all incompatible relations in which C and H are
involved, are inherited by I . As a consequence, the region I
becomes incompatible with the regions A, B, D, and E. The
region-merging process terminates when all regions became
incompatible, and therefore no more mergings are allowed.

In Fig. 22 the results of applying the region merging
algorithm described in this section without preserving TJs
and using the number of regions as merging criterion are
shown. Both, the KL and the BHAT merging orders, in their
weighted and unweighted versions have been used. As can be
observed in all four cases (see Fig. 22 (c), (d), (e), (f)), the
10 regions of the final partition do not correspond to the 10
most perceptually meaningful regions.

(a) (b)

Fig. 21: (a) Example illustrating the concept of incompatibility in
the merging process. (a) TJs are marked by white circles. The regions
A, B, and C are incompatible with each other as well as the regions
D, E, and C.(b) The regions C and H have been merged to form
the region I . The region I is incompatible with A, B, D, and E.

Instead, when incompatibility is used as merging criterion,
TJs are preserved and the result of the segmentation is correct
(see Fig. 22 (b)). This improvement is attributable to the fact
that the process of grouping by statistical-similarity through
the merging order is somehow corroborated by the process of
separating by depth-dissimilarity through the merging crite-
rion, being both processes treated under an unified region-
merging framework. Indeed, the merging order proposes a
merging based on a statistical similarity between the region
models and the merging criterion validates or not the proposed
merging depending on if the pair of neighboring regions
involved belong to the same level of depth or not, that is if
they are or not compatible.

The following section presents a method to infer a global,
consistent depth ordering between regions of the final parti-
tion.

V. GRAPH FORMALIZATION AND REASONING

As stated in the previous section, the regions of the final
partition are incompatible. For each triplet of incompatible
regions arisen from an occlusion relation, a depth assessment
based on the depth interpretation of TJs can be done: locally,
the region delimited by the roof of the T appears to be in
front of the ones delimited by the stem. However, it needs
to be taken into account that the depth interpretation of pairs
of TJs that share an edge may give rise to an inconsistency.
In Fig. 24 (a) there is an example of first order inconsistency
(involving a pair of TJs). Region D is in front of region A
for one T-junction, while the converse is true for the other.
Higher order inconsistencies involve more than two TJs. We
formalize the problem of finding a global, consistent depth
interpretation through a Directed Graph (DG). A DG is
specified by DG = (V,EW ,W ), where V is a set of nodes,
EW is a set of edges and W is the matrix of weights attached
to the edges. In our formalization, each node represents a
region of the final partition and each directed edge represents
the relative depth relation between two regions. Edges are
specified as ordered pairs: an edge e = (X,Y ) ∈ E is
considered to be directed from X to Y meaning that the
region X is in front of the region Y . The weight attached
to each edge corresponds to the number of occurrences the
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(a) (b)

(c) (d)

(e) (f)

Fig. 22: (a) Original image to be segmented. (b) Segmentation
obtained preserving TJs, using the BHAT unweighted merging order.
Segmentation results obtained by using the statistical region merging
algorithm without preserving TJs, by using the: (c) Area weighted
BHAT merging order. (d) Area unweighted BHAT merging order. (e)
Area weighted KL merging order. (f) Area unweighted KL merging
order.

depth relation represented by the edge has been inferred from
different occlusion relationships.

For instance, in Fig. 24, the weight of the edge e = (C,A)
is 2, whereas the weight of the edge e = (A,C) is 1. With this
formalization, local constraints are allowed to propagate along
the graph and the search for inconsistent pairs of TJs is reduced
to the search of cycles on the DG (dashed thick red arrows
in Fig. 24(b)). The search for directed cycles is performed
by a Depth-First Search (DFS) algorithm [52]. This algorithm
may be computationally expensive when the number of nodes
involved is high. However, being usually the number of regions
of the final partition small, the corresponding computational
load is moderate. Inconsistencies are solved by suppressing the
edge(s) on the cycle with lowest cost. Since the depth relation
associated to the edge with the lowest cost is considered
unreliable, the other edge (dashed thin blue arrow in Fig.
24(b)) associated with the T-junction from which the unreliable
depth relation arises is also removed. As a result, a DAG is
obtained (see Fig. 24 (c)). Each DAG gives rise to a partial
order 6 on the set of it nodes V .

Many different DAGs may give rise to the same reachability
relation. The reachability relation of a DAG is the set of all
ordered pairs (X,Y ) of nodes in V for which there exist nodes
v0 = X, v1, ... , vd = Y such that e = (vi−1, vi) ∈ E,∀1 6
i 6 d. The reachability relation of a DAG is also called

(a) (b) (c)

Fig. 23: Example of comparison: (a) Original image to be seg-
mented. (b) Segmentation which preserves TJs by using the region
model proposed in [22]. (d) Segmentation which preserves TJs by
using the statistical region modeling proposed in III-B.

transitive closure and corresponds, among all DAGs which
give rise to the same reachability relation, to the one with the
maximum number of edges. Instead, the DAG, among all the
DAGs which give rise to the same reachability relation, with
the minimum number of edges is called transitive reduction.
The transitive reduction of a finite DAG is obtained by remov-
ing redundant edges while maintaining identical reachability
properties. An edge e = (X,Y ) is said redundant if there
exists a path from X to Y that does not contain the edge. For
example (see Fig. 24 (c)), the edge e = (G,A) is redundant
since it is possible to go from the node G to the node A passing
through the node H . The graphical rendering of a transitive
reduction is called Hasse diagram. Each element of the DAG
is drawn on the Hasse diagram as a node and line segments
are drawn between these nodes according to the following two
rules:
• If X 6 Y , then the node corresponding to X appears

lower in the Hasse diagram than the point corresponding
to Y .

• The line segment between the points corresponding to
any two nodes X and Y of the set V , is included in the
Hasse diagram as a line segment that goes upward from
x to y if and only if, X 6 Y and there is no Z such that
X 6 Z 6 Y (the edge e = (X,Y ) is not redundant).

Any Hasse diagram uniquely determines a partial order, and
any finite partial order has a unique transitive reduction.

In our formalization, the Hasse diagram corresponding to
the transitive reduction of the DAG is exactly the depth map
(see Fig. 24 (d)). Since there is no depth order between
the regions forming the stem of a T-junction, they appear
on the Hasse diagram as as leaves (A and B), without any
information about their respective depth, unless of course, an
order between them can be inferred by other TJs.

VI. EXPERIMENTAL RESULTS

We tested our algorithm on a set of real images. For each
experiment we show four images: the original image (see
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Fig. 24: (a) Partitioned image. (b) Associated DG. (c) Associated
DAG. (d) Hasse diagram resulting from the transitive reduction of
the DAG.

Figure 25(a)); a gray level version of the original image,
where the TJs detected by using the region-merging algorithm
detailed in section III-B are represented through a vector
pointing to the region closer to the viewpoint (see Figure
25(b)); the segmented image (see Figure 25(c)); the map of
relative depths, which is rendered as a gray level image (high
values indicate regions closer to the viewpoint) (see Figure
25(d)). As can be observed in the example on the first row
and on the second rows, the last level of depth includes two
regions, corresponding to leave nodes of the Hasse diagram.
In the example on the third row, there is a case of conflict
between the regions A and C: while region A is interpreted
as foreground and region C as background for one TJs, the
contrary is true for two TJs. The solution of this conflict leads
to a correct depth interpretation. A similar case is shown in
the example on the fourth row, which involves more depth
levels. The following two examples are more complex scenes,
for which a correct depth interpretation is obtained.

The example on the last two rows illustrates the limitations
of the proposed method. In the first example, the regions
corresponding to the sky visible through the tree branches
have been merged with the region corresponding to the tree
branches because there is simply no occlusion relationship
allowing to separate them. In general, this happens when
the complementary of the foreground region is not a single
regions, that is when the foreground regions is not simply
connected. In the second example, a case of self-occlusion is
involved. The nodes corresponding to the regions A, B, C,
and D form a cycle on the DG, characterized by the fact that
all edges connecting the nodes of the cycle have the same
weight. In this case, all regions corresponding to the nodes of
the cycle are considered to belong to the same level of depth
and, therefore, they appear as a single region on the map of
relative depths.

VII. CONCLUSIONS

This paper has addressed the problem of estimating relative
depth information from a single still image by relying only on
the depth cue of occlusion.

The proposed strategy consists in first detecting TJs, then
in segmenting the image preserving the TJs previously de-
tected, and finally in depth ordering the regions of the final
partition by relying on the depth information provided by
TJs. The global depth ordering is achieved through a graph
formalization, which allows to easily detect and solve possible
conflicting interpretations. Contrary to the state of the art, our
method is fully automatic and does not make any assumption
on the image structure. A new region based approach for the
detection of TJs has been proposed The unified framework
is provided by a region-merging algorithm, which iteratively
merges pairs of neighboring regions following a statistical
similarity criterion. Under this framework, the process of
grouping by feature similarity relies on a statistical pixel
modeling, which exploits the image self-similarity, while the
process of separating by depth dissimilarity corresponds to a
merging criterion that acts as a sieve on the mergings proposed
by the merging criterion. The mechanism allowing to solve
possible conflicting local depth interpretations relies on a DG,
which encodes the depth relationships between the regions
of the final partition and allows to detect and solve possible
conflicts as cycles on the graph. The final depth ordering is
then obtained as transitive reduction of the DAG. Experimental
results on real images have demonstrate
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