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Abstract

mentation trees derived from prespecified example images
of objects.
Segmentation tree contains the collection of all salient
image regions along with their associated gray level contrasts, arranged in a geometric tree that captures their mutual containment information. The pairwise node constraints are captured in a topology feature vector which is
extracted from the tree. This representation transforms the
complex structure of the tree into one in the simpler vector
space, which is easier to model. We show that fast learning of object model can be performed in a supervised setting. Recognition in new images is done via alternating optimization between estimating a segmentation using graphcuts, and estimating object configuration using fast Hough
transform voting. The objects are thus represented using region hierarchies in a probabilistic framework. In this sense,
our approach combines statistical and structural object representation methodologies.
The rest of the paper is organized as follows. In Sec. 2
we present a brief review of the existing literature on object
category modelling. In Sec. 3, we describe the low level
image representation we use. Sec. 4 describes the object
model along with our learning and inference algorithms. In
Sec. 5 we present experimental results, and finally conclude
the paper in Sec. 6.

We propose a method for simultaneous detection, localization and segmentation of objects of a known category.
We show that this is possible by using segments as features.
To this end, we propose an object model in which the image is represented as a tree, that captures containment relationships among the segments. Using segments as features has the advantage that object detection and segmentation is done simultaneously, forgoing the need for a separate sophisticated model for object segmentation. A generative model of an object category is estimated in a supervised mode, in terms of the characteristics of its constituent
regions, their relative locations, and their mutual containment. The novel aspect of this work lies in simplifying the
description of the hierarchy in terms of constraints that apply to only pairs of nodes, instead of all nodes in the tree.
We show that this indeed improves the speed of learning algorithm. Inference is done using graph cuts. We report the
performance of the model on standard datasets.

1. Introduction
This paper is concerned with the problem of automatic
detection and segmentation of objects belonging to categories specified through examples contained in training images. It uses a generative object model, defined in terms
of object regions occurring in a low level hierarchical segmentation of the image, or segmentation tree. The model
contains information about relative locations of the regions
contained in the object, their geometrical properties (size,
shape, etc.), their topological properties (how many other
regions are contained within a region), and their appearances. Instead of incorporating the large number of constraints that would be needed to capture the hierarchical
structure of the large number of nodes in the segmentation
tree, the modeling process is simplified by restricting the description to pairs of node. The model specifies joint properties of pairs of nodes related by different links (parent-child,
siblings, etc.) These properties are estimated from the seg-

2. Related Work
Models of object categories proposed in literature can
be categorized according to the types of low level image
primitives, and the relationships among them, they use.
Much recent work has focused on the use of locations of
feature points, along with subimages in certain, e.g., elliptical, neighborhoods around the points, called intensity
or texture patches, or simply patches. The relationships
among these patches used range from modelling simple
histograms of patch properties, while ignoring their locations [5] (bag-of-words model), to modelling the locations
of these patches under different degrees of independence
assumptions [8, 12, 19, 1] (constellation model, implicit
shape model etc.). Performance of these approaches with
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respect to object localization, namely, detecting the vicinity of the objects in new images varies according to the
types of spatial relationships they capture. For instance,
the bag-of-words model cannot localize objects, whereas
the implicit shape model reports excellent localization performance. However, since there is no explicit modelling
of the extent of the object, these models cannot delineate
object boundaries, i.e. segment the object, for which they
need more information, e.g., edges [11] and region homogeneity cues [13]. In addition to texture patches, local
edge/contour fragments have also been used for representation [14], which again suffer from the same problems as
mentioned above for patches.
Another class of models represents object categories as a
2D region (shape and intensities) [22, 11] which minimizes
the cost of deformable matching of all available instances
of the object. These methods return probabilities for each
pixel of being inside the object instead of a hard segmentation. But, due to the large size of the model, these methods
are computationally expensive. This restricts their application to relatively friendly environments where there is not
enough change in scale or position of the object.
Relatively less attention has been directed towards using
image segments for building an object category model. Using salient segments offers several advantages. First, since
there significantly fewer segments than there are pixels, this
reduces the number of model primitives, and therefore, the
models complexity. Second, defining relationships among
segments instead of pixels helps capture richer and more
global image characteristics. Third, the usage of segments
makes it possible to simultaneously detect and segment an
object. There is no need for a separate sophisticated model
for object segmentation, as is required by the local texture
patch based methods. We use the hierarchical segmentation,
or segmentation tree, based on the approach described in [2]
as our basic image representation. This algorithm returns
the collection of all salient image regions along with their
associated gray level contrasts, arranged in a geometric tree
that captures their mutual containment information. In our
model, we use the relative locations of the segments, their
mutual containment relationships (configuration in which
they appear in the tree), and their gray level characteristics
to define the object model.
The work on tree matching in computer vision can be
broadly classified into two types. The first type establishes
correspondences between similar nodes of the trees that also
occur in the same topological environment [15, 21]. These
approaches match the complete, global topological structure and are thus computationally expensive, e.g. the MaxClique approach of [15] is NP-Hard. The second type uses a
representation of the tree obtained by embedding individual
nodes as points in a vector space, and analyzes local clusters of these points which capture local topology [6, 17].

Our approach is closer to the embedding approach, since we
abstract the tree as a collection of local pairwise relations.
While the global approaches yield fewer falsepositives because they consider the entire topology, local approaches
accept partial matches and are therefore useful when, e.g,
an object is partially occluded.
None of the above works use both image regions and
their hierarchies for representing object categories. The
closest to ours is the work in [20], which represents an
object using segmentation trees. This algorithm attempts
matches of the entire topological structure of segmentation
trees across a set of training images, each of which may
contain one or more examples of the object category of interest, to develop a canonical tree representation of the category. For detection, this canonical tree is matched to the
segmentation subtrees of the new image. The tree matching algorithm used for learning has a very high complexity,
O(M 2 |V |4 ), where M is the number of training images,
and V is the number of regions in each image. In contrast,
as we will see later, our algorithm has a lower complexity
of O(M |V |2 ) with no performance loss.
The contributions of our paper can thus be summarized
as follows. 1) We match local pairwise relations between
node pairs within a segmentation tree instead the entire
trees, due to which fast learning and inference is possible.
2) We propose a novel probabilistic model for the process
of generation of this embedding, and in this sense ours is
a generative model. It is thus easily generalizable to include information other than the segmentation tree that we
use in this paper. For instance, we can include local texture patches in our image representation, and use an existing generative model that describes the likelihood of these
patches along with our model, to compute the joint likelihood of the combined observation of the segmentation tree
and texture patches.

3. Image Representation
An image is represented as a tree of segments obtained
by the algorithm proposed in [2]. The algorithm assigns to
each image region a contrast value which is the minimum
along its entire boundary. This results in a strict merger of
regions as the contrast is increased, making a tree representation feasible. As one descends this segmentation tree, the
region size decreases.
To represent the image, we include in the segmentation
tree the individual properties of its regions. Each region
rv in the tree is described in terms of its position in the
image rvl , and an attribute vector rva . The position of the
region is computed as the location of its center of mass
rvl = (xv , yv ). The attribute vector captures the shape and
photometric properties of the region. The shape is described
by the area av of the region, and a descriptor of the shape
of the boundary of rv , used in [20]. This descriptor divides

the region into K pie slices around its center of mass, and
computes the the region area in each slice to compute the
shape histogram hv (k), k = 1, . . . , K. For rotation invariance, k = 1 is chosen to be aligned with the axis of the slice
having the largest histogram value. We also use the entropy
Hv of the shape descriptor hv as an attribute. To capture the
appearance of the region, we use the mean µv , and variance
σv2 of the gray level population in the region. We also compute moments of the spatial distribution of the gray levels
around the center of mass, as additional attributes of spatial variation of intensities inside the region. We use the set
of seven scale, translation and rotation invariant normalized
central moments proposed in [18], denoted by the vector νv .
The relative location of a region with respect to its siblings in the tree is captured using a context vector φv used
in [20], which is obtained by computing a force of attraction on the region by its neighbors in spatial and attribute
domains. We further introduce an attribute dispersion index which captures the the variability of the attributes of
the children of a node. For this purpose, we focus on the
mean gray level value µv and area av of the children, and
compute the index as
dµv
dav
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=
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where, C(v) denotes the set containing children of node v,
and Nv = |C(v)|, i.e. the number of children of node v.
Note that the dispersion index here actually represents the
root mean square deviation of the attribute of a node w.r.t.
its children, normalized w.r.t. node attribute.
The complete attribute vector of a region can then be
written as
rva = (av , hv (1), . . . , hv (K), Hv , µv , σv2 , νv , φv , dav , dµv )
This attribute vector captures properties of individual regions. We now describe how we represent the relative arrangement of these regions in the segmentation tree. Instead
of considering the relationships among all regions simultaneously, e.g., in [20], we do so for only pairs of regions.
The topological structure of the segmentation tree is compressed into pairwise relations between its constituent regions. This reduces the complexity of representation from
that corresponding to subtree matching to matching only
pairs of nodes. Different types of relations can be used to
select the node pairs, e.g. parent-child, siblings etc. We index each type of relation by an integer p. Corresponding to
each relation p, a feature vector tp is extracted containing
ordered pairs of regions indices which follow this relation.
For instance, let us suppose that p = 0 denotes the parent
child relationship, and in the observed segmentation tree,
region r1 occurs as a parent of region r2 . Then the topology
feature vector t0 contains the ordered pair (1, 2). We can

write this topology vector as
tp = {(up1 , v1p ), . . . , (upn , vnp )}

(1)

where upi and vip are region indices in the segmentation tree.
By representing the segmentation tree as a set of topology
vectors above, we map the structure present in the tree into
a simpler, vector space. These vectors can be viewed as
features extracted from the tree.
There has been a lot of work towards representing tree
structures in the literature on Natural Language Processing
[3], where trees are used to depict the dependencies among
the different parts-of-speech in a sentence [4] which are represented by nodes in the tree. A method for representing
these trees found to be robust in speech processing is by
counting the number of occurrences of different types of
subtrees, each depicting a type of relation [4]. Since the set
of values that a node can take (i.e. parts-of-speech) is finite,
the types of subtrees that can exist is countable, and since
the only property of interest for a subtree is its presence or
absence, counting the number of occurrences makes sense.
Our representation above is similar to this representation,
since we store all occurrences in the tree of a particular relation (analogous to speech subtrees). Note however that
the set of attributes that a region can take in the segmentation tree is real valued and therefore infinite. Hence just
counting will not suffice. Because of this reason, in our representation, we separately store each individual occurrence
in the topology vector. Topology need not be limited to pairwise relationships, as used in this paper. Other relationships
can be explored.

4. Model
As discussed in Sec. 3, an image I is represented in terms
of its regions rv = (rvl , rva ), and topology vectors {tp }P
p=1 .
In this section, we explain our model for the case when there
is only one object instance in the image; the extension to
multiple instances is straightforward. We assume that the
object edges are captured in at least one of the regions in
the segmentation tree. This assumption is reasonable since
object boundaries usually have considerable contrast with
the background. With each region, we associate a label lv
denoting whether region rv is inside the object or not. Here,
lv = 1 if rv is fully contained inside the object and lv = 0
otherwise. The collection of regions with labels equal to
1 thus gives us an object-background segmentation. Also,
with each object instance, we associate an object configuration vector oc = (ol , os ), where ol is the location of
the object and os is its scale. As our generative model, we
can write the likelihood of regions R = {rv } and topology T = {tp } of an observed image I given a labelling
L = {lv } and object configuration oc as follows
P (T, R|L, oc) = P (T |R, L)P (R|L, oc)

The first term on the right of the above expression denotes
the likelihood of observing a certain topology of regions
(arrangement in the tree) given their positions in the image
and their attributes. We assume that this is independent of
the object configuration. The second term denotes the likelihood of individual region attributes and locations given a
labelling and object configuration. Next, we describe how
we model the above two terms.
For concise representation and noise reduction, we first
make a dictionary of region attributes. We do this by clustering region attributes into K clusters using a gaussian mixture model. Each region attribute rva thus has a probability
of being generated by k-th cluster, given by P (rva |cv = k).
Here, cv is the random variable representing the cluster
from which rva is generated. Towards generating a region v given its label and the object configuration, first
an attribute cluster is chosen according to the probability
π lv (k) = P (cv = k|lv ). Given this attribute cluster, the
region attribute rva and region location rvl are assumed to
be generated independently. Region attribute is generated
according to the known density P (rva |cv = k) which does
not depend on the region label lv . Region location is genlv
(rvl |k, oc) = P (rvl |cv =
erated according to the density floc
k, lv , oc). We assume that all regions are generated independently given their individual labels, and are independent
of the labels of other pixels. We thus have
P (R|L, oc) =

Q P
v

k

lv
floc
(rvl |k,oc)P (rva |cv =k)π lv (k)

(2)

Modelling the joint likelihood of the entire topology vector would have high complexity. Hence we assume that each
ordered pair of regions in a topology vector (u, v) ∈ tp is
generated independently. Note however that since the topology vector depends on pairs of regions, this independence
assumption is not very restrictive. For instance, consider
two regions ru and rv such that the ordered pair (u, v) does
not appear in any topology vector, i.e. (u, v) ∈
/ tp ∀p. This
does not mean that ru and rv are independent, since there
might exist ordered pairs (u, w) ∈ tp and (v, w) ∈ tq for
some p and q which will induce a relation between ru and
rv through rw . To write the likelihood of topology vectors,
we further assume that each ordered pair depends only on
the region attributes and labels of the regions in that pair.
We thus have
P (T |R, L) =

Q Q
p

(u,v)∈tp

a a
P ((u,v)∈tp |ru
,rv ,lu ,lv )

Further marginalizing over the cluster center associated
with region attributes, we get
a a
P ((u,v)∈tp |ru
,rv ,lu ,lv )=

P

k1 ,k2

(l ,lv )

u
ftop

(k1 ,k2 ,p)·

, where,

a
)P (cv =k2 |rva )
P (cu =k1 |ru
(l ,lv )

u
ftop

(k1 ,k2 ,p)=P ((u,v)∈tp |cu =k1 ,cv =k2 ,lu ,lv )

(3)

4.1. Learning
During training, we want to learn the following parameters of the above model, given their ground truth labels:
1. the attribute cluster prior probabilities,
P

k

π

lv

π lv (k),

2. the per attribute location distributions,
P
lv
where, rvl floc
(rvl |k,oc)=1 and
3. the

per

(l ,lu )

v
ftop

where

(k)=1

attribute

(k1 ,k2 ,p).

pair

topology

lv
floc
(rvl |k,oc),

distributions,

Let us suppose that we have N training images with extracted set of regions Rn , topology vectors T n , and ground
truth labels Ln , where n = 1, . . . , N . From the ground
truth labels, we can compute the object configurations ocn
for each image. The above parameters
can thus be learnt by
P
maximizing the log-likelihood n log(P (T n |Rn , Ln )) +
log(P (Rn |Ln , ocn )).
The maximum likelihood solution of the above problem
does not have a closed form. Iterative algorithms such as
Expectation Maximization can be used to obtain a local
maximum. These algorithms however involve computation
of posterior densities and have very high complexity. We
thus adopt an approximation strategy, wherein we replace
the region attributes with the values of the cluster center
closest to them in the region attribute dictionary. For each
region attribute rvn , we thus know the associated cluster cnv .
The summations in Eq. (2) and (3) then reduce to single
terms and maximization is easy. Empirically, this modification is a good approximation since we have observed that
the posteriors of region attributes over the dictionary are
peaky, i.e. the regions are usually associated with only one
cluster center in the dictionary. Using this approximation,
the parameters can be computed as
π l (k)

=

n
n
#{cn
v :cv =k,lv =l}
n
#{cn
v :lv =l}

l
(r|k, oc)
floc

=

ln :(r ln −on )/on =r,cn =k,ln =l}
#{rv
v
s
v
v
l
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v
v
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n
n n
n n
#{(cn
u ,cv ):(cu ,cv )=(k1 ,k2 ),(lu ,lv )=(l,m)}
n
n n
#{(cn
u ,cv ):(lu ,lv )=(l,m)}

(l,m)

ftop (k1 , k2 , p)

The location distribution estimated above is discrete. To
estimate the continuous distribution over region location r
given the cluster center k and object configuration oc, we
use a parzen windows estimate obtained using training regions with label l and cluster center k.
The complexity of the learning algorithm can be computed as follows. Let us suppose that we have M training
l
images, each having V regions. Then clearly, π l and floc
can be computed in O(M V ), i.e. the total number of re(l,m)
gions present in the dataset. The topology parameter ftop
2
can be computed in O(M V ), which is the dominant term
in complexity. Hence, the complexity of our learning algorithm is O(M V 2 ). Note that this is much lower when
compared to O(M 2 V 4 ) complexity of [20].

4.2. Inference

Multiple Instances. The alternating minimization procedure on each of the multiple initial hypotheses results in
In this section we describe our algorithm to infer a
multiple segmentations. These segmentations are pruned
Maximum-a-Posteriori (MAP) labelling and object configin a greedy fashion according to their areas of overlap and
uration in a new image with an object instance in it. As
likelihoods. First the segmentation with the highest likeour MAP estimate, we want to maximize the posterior
lihood is selected. Then the segmentation with next best
P (L, oc|T, R) ∝ P (T, R|L, oc)P (L, oc). Here, the likelikelihood, having less than 25% overlap with the existing
lihood P (T, R|L, oc) can be computed using the learnt pasegment is selected. This process is repeated till the all hyrameters of the model. We assume that in the prior distribupotheses or the entire image area is exhausted.
tion P (L, oc), labels and object configuration are indepenInvariances. Since we return object location and scale,
dent. For object configuration, we use a uniform prior. For
our algorithm is invariant to translation and scaling. Note
the labels, we use a Markov Random Field (MRF) prior on
that the region attribute vector and the topology vector dethe tree structure, which means that the regions connected in
scribed in Sec. 3 are rotation invariant. The region location
the segmentation tree are apriori likely to be labelled same.
however changes for different rotations of the object. The
The MAP estimate can thus be written as the minimizer of
algorithm can thus be made rotation invariant by maximiznegative log-likelihood as follows:
ing the likelihoods over different hypothesized rotations.
P
Since the distribution of the locations of all regions within
(L∗ , oc∗ ) = argmin −L(L, oc) = argmin u φ(rv |lv ,oc)+
L,oc
L,oc
the object is used, which changes with object’s rearticulaP
P
(4) tion, our algorithm is not articulation invariant. Due to the
(u,v)∈T ψ1 (ru ,rv ,lu ,lv )+
(u,n)∈N ψ2 (lu ,lv )
usage of local pairwise relations, our algorithm is robust to
Here, the unary term φ is computed using individual region
occlusions.
likelihoods, which describes whether a region is more likely
to be labelled as object or background. The interaction term
5. Results
ψ1 is computed using the topology distributions. This describes whether a region pair (u, v) observed in a particular
We evaluate our algorithm on carefully chosen datasets
topology is likely for a corresponding labelling (lu , lv ). The
with respect to a) the impact of using topology information,
interaction term ψ2 represents the MRF prior on region lab) localization performance, c) segmentation accuracy, and
bels, indicating that the regions connected together in the
d) performance relative to existing techniques.
observed segmentation tree are more likely to have same
labels. We use ψ2 (lu , lv ) = δ(lu 6= lv ) exp(c|lu − lv |).
5.1. Experimental Setup
Alternating minimization. To minimize the negative
Datasets. To test our algorithm w.r.t. detection and
log-likelihood in Eq. (4), we use an iterative algorithm,
segmentation
accuracy, we require datasets with given
which alternates between minimizing over L and oc. This
groundtruth
segmentations.
We test our algorithm on Faces,
can be concisely written as
Cars (sideviews) and Motorbikes. For faces (435 imoc(t) = argminoc −L(L(t−1) , oc)
(5)
ages) and motorbikes (798 images), we use the Caltech-101
(t+1)
(t)
dataset
[7] which has ground truth segmentations. We use
L
= argminL −L(L, oc )
(6)
a randomly selected set of 200 images as our training set to
Since oc only appears in the unary term in Eq. (4), the minlearn the model parameters as described in Sec. 4.1. Testing
imization in Eq. (5) can be easily performed by voting the
is done on all remaining images. For training the model on
log-likelihoods due to regions labelled as objects onto occars, we use the Caltech-101 dataset (123 images). We do
space. To perform the minimization in Eq. (6) over L, folnot use this set for testing since it is not very challenging belowing the formulation in [10], we use graph cuts. This is
cause of the following reasons. First, each image contains
under the assumption that the interaction potentials ψ1 and
only a single car, and second, the car lies at the center of the
ψ2 are regular. Furthermore, since the alternating algorithm
image, occupying most of its area. The test images for cars
always seeks a global minimum in each iteration, following
are obtained by the online image annotation tool LabelMe
[9], it converges.
[16]. For this, an initial set of images is selected by queryInitialization. To initialize the algorithm above, we use
ing side views of cars on the LabelMe website. Of these, the
the local minima of the unary term φ. Given an object conimages which contain at least one car occupying more than
figuration oc, a region is labelled as either object or back10% of image area are selected as test images. We choose
ground on the basis of its likelihood due to either label. The
this threshold on area because very small objects do not allikelihood for oc is computed by adding these log likelilow many tree levels, and therefore, significant topological
hoods. The first L (=10) maxima in the oc space are selected
information. The test set thus obtained contains 97 images
as the initial hypotheses oc(0) .
with a total of 107 instances of a car. The dataset has scale

5.2. Experiments
Significance of Topology. To evaluate the importance
of topology information, we first compare the performance
of our algorithm with and without using topology vector tp

Faces
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Cars Sideview

1

0.95

0.95

0.9
0.9

recall

0.85

recall

variation and images with multiple cars (see Fig. 2). We do
not use the UIUC-Cars dataset [1] which has been extensively used in literature, since, 1) it does not have ground
truth segmentation masks which we need for evaluation, and
2) the images in this dataset are very low resolution for the
segmentation algorithm to capture the topology. All the images are resized so that the largest dimension is 400 pixels.
Evaluating Localization Accuracy. To test the localization accuracy of our algorithm, we follow the evaluation
strategy described in [20], which in our case is executed as
follows. The algorithm explained in Sec. 4 outputs the area
occupied by the detected objects along with their associated likelihoods. For normalization across different images,
we divide the likelihoods of detections in an image by the
total number of regions in that image. The detection algorithm compares the normalized likelihood Ni for the i-th
detection against a detection threshold τ and returns a positive detection if Ni > τ and a negative detection otherwise.
Thus, as the threshold is increased, the number of positive
detections returned by the algorithm decrease. The ground
truth labels for the i-th detection is obtained by comparing
the area occupied by this detection in the image, against the
available ground truth segmentation. We say that a detection is a ground truth negative if either a) the area of intersection between ground truth segmentation and that estimated by the algorithm is less than 75% of the ground truth
segmentation area, or b) more than 25% of the detection
area lies outside the ground truth segmentation. All other
detections are labelled as ground truth positive. Note that
this criteria are stricter than the overlap between bounding
rectangles used in [12, 1], since we account for the actual
shape of the object. We measure the performance in terms
of the standard precision-recall plots obtained as the detection threshold τ is changed. Here, precision is measured as
the percentage of true-positives out of the total number of
positives returned by the algorithm, and recall is measured
as the percentage of true-positives out of the total number
of ground truth positives. An algorithm is deemed to be better than another if its recall vs. 1-precision plot lies strictly
above that of the other.
Evaluating Segmentation Accuracy To test the segmentation accuracy of our algorithm, we use the standard pixel-label mismatch percentage used in the literature
[22, 13]. From the ground truth segmentation, we have labels for whether a pixel belongs to an object or background.
The detection algorithm also returns a similar label for each
pixel in the image. We report the percentage of mislabelled
pixels per image, averaged over the test set.
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Figure 1. Precision-Recall curves for (a) Faces, and (b) Cars. Red
plots - performance when only individual region attributes are
used. Blue plots - performance when both the individual region
attributes and topology information is used. We perform better
than the unsupervised approach of [20]. For cars, our performance
is close to the state-of-the-art performance reported in [12].

(Eq. (1)) in our representation. For the model with topology, we use the inference mechanism described in Sec. 4.2.
To perform inference on the model without topology, we
remove the interaction potential ψ1 in Eq. (4) and proceed
with the inference algorithm. Fig. 1 shows the precision recall curves for the faces and cars. The curve for the model
with topology is shown in blue and for without topology is
shown in red. As expected, including topology information
improves the localization performance. Note however that
this increase is more significant for cars, than for faces. This
is because cars usually have a lot of variation in color and
shape as compared to faces, leading to deeper segmentation
trees and hence increased benefits of topology information.
We compare our results with those reported in literature.
As can be seen in Fig. 2, we perform better than the the technique in [20], which uses the same segmentation tree representation as ours, for both cars and faces. Note however
that [20] is an unsupervised approach whereas ours is supervised, i.e. we have a friendlier learning environment. We
obtain an equal error rate performance of 91.7% for cars and
81.1% for faces as compared to 87.5% and 78.3% respectively, reported in [20]. Our algorithm has an inferior performance when compared against the best reported performance in literature, that of the local texture patch based algorithm in [12]. This algorithm however uses a model complexity cost (MDL) to prune detections for handling multiple instances. The same algorithm without MDL produces
an equal error rate performance of 91%, which is comparable to our performance. Also note that our evaluation criteria are stricter than [12], which reports the bounding box
detection results and not the segmentation area overlap.
Segmentation Accuracy. Table 1 shows the comparison of pixel based segmentation error for different test
sets. First note that topology improves results. When compared against the results reported in literature, for cars, we
perform better than the state-of-the-art performance of the
pixel based algorithm presented in [22]. For faces, our performance is worse as compared to the approach in [20].

Without
With
Todorovic LOCUS
Topology Topology
[20]
[22]
Cars
4.5
4.1
9.3
6.0
Faces
17.9
11.5
6.8
Motorbikes
40.8
28.6
Table 1. Segmentation error comparison with other techniques.
The inclusion of topology improves results. Also, the results are
better than those reported in the literature.

The reason is that as compared to cars and motorbikes, the
changes in region hierarchy across images are small, which
preserves the tree structures and helps the approach of [20]
to obtain better results compared to our approach which
matches only pairwise relations. Fig. 2 shows some example segmentations on our test sets. These results are obtained for the value of threshold τ at the equal error rate.
For each pair of rows, at the top is the original image, and
at the bottom is the estimated segmentation. First note the
complexity of cars datasets which has huge scale variations,
multiple instances and partial occlusions. Fig. 2(a) and
(b) show detection under huge scale variations of approximately 8x area change. Fig 2(c) and (d) show detections of
multiple instances and under partial occlusions of approximately 10% of the area of the car. Note that the boundaries
are not correctly detected for many dark colored cars. This
is because these cars do not have enough contrast w.r.t. the
background, and hence the low level segmentation fails to
detect its boundaries. Figs 2(e) and (f) show results for motorbikes and faces.

6. Conclusions
We have presented a statistical model to describe objects
using a tree of image segments. The novel aspect lies in
modelling the relationships between segments that occur in
the tree. We show in the results that the rich topology information present in the segmentation is indeed useful for detection. In addition, detection performance of the algorithm
compares well with the state-of-the-art methods, indicating
that image segments based representation is useful for modelling objects. To model the topology in the tree, currently
we only use pairwise relations. In the future, we plan to investigate how the performance changes as we include more
and higher-order relations. We also plan to enhance the
model to incorporate other image based information, such
as image gradients, which aids in object segmentation.
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(a) Cars - Higher scales

(b) Cars - Smaller scales

(e) Faces

(c) Cars - Multiple instances

(d) Cars - Partial Occlusions
(f) Motorbikes
Figure 2. Segmentation results. Each pair of rows contain the original image at the top, and segmentation at the bottom. Figures (a)-(d)
show results for cars. Images in (a) show results where the car occupies a large portion of image area (higher scale). Note the correct
detections despite large scale variation with respect to images in (b), where cars occupy very small image area. Figures (c) and (d) show
results on images with multiple cars, and partially occluded cars. Figures (e) and (f) show results for faces and motorbikes datasets. Note
that we get good pixel accuracy in segmentation along with detection.

