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Abstract

In this paper, we propose a part-based approach
to localize objects in cluttered images. We rep-
resent object parts as boundary segments and im-
age patches. A semi-local grouping of parts named
superfeatures encodes appearance and connectivity
within a neighborhood. To match parts, we in-
tegrate inter-feature similarities and intra-feature
connectivity via a relaxation labeling framework.
Additionally, we use a global elliptical shape prior
to match the shape of the solution space to that of
the object. To this end, we demonstrate the effi-
cacy of the method for detecting various objects in
cluttered images by comparing them to simple object
models.

1. Introduction

Many object localization/recognition algorithms
view an object as a collection of parts [9, 3, 2]. Part
relations may be viewed from being completely in-
dependent [9] to having strict dependencies [2], at
two extremes. In general, we observe that local
geometry of object parts is rigid at short spatial
distances, while inter-part relations may vary con-
siderably over longer spatial distances due to arti-
facts such as deformation, articulation etc. To this
end, we propose a part-based localization that at-
tempts to capture this variability in the inter-part
relations. The approach is summarized as follows.

We use two kinds of image features as parts
namely, boundary line segments and image patches.
The relationship between parts is determined by
their relative geometric locations. To capture part
appearances and relations, we create superfeatures
- features that are grouped together based on their
local geometry. The advantages of creating super-
features are two-fold.(a) Comparing superfeatures
across images is more discriminative than compar-
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ing individual features.(b) Superfeature groupings
overlay an tmplicit connectivity between features
within an image. Object localization is achieved by
finding an interconnected set of image features. We
exploit inter-feature similarities and intra-feature
connectivities to match features in an iterative re-
lazation labeling framework [10]. Additionally, we
use a global elliptical shape prior to restrict shape
and number of localizations in an image.

There is a broad agreement in the research com-
munity that object is best represented as a sum
of parts and relations [2]. Recently, some research
has started exploring semi-local configurations of
local features [5]. We base our semi-local descrip-
tion of boundary segments superfeatures on Pair of
Adjacent Segments framework [3] and the keypoint
superfeature on Semi-local Descriptor in [5]. Most
of the parts and relations methods use iterative ap-
proaches to localize the object [12]. Relaxation la-
beling based feature matching has been used in [7]
before. This paper builds on the framework intro-
duced in [1] in which a multi-level contour segment
based representation and matching of images was
proposed. However, such a shape-only description
of objects is insufficient for complex and texture-
rich object classes.

2. Superfeature Description

We represent object parts by two types of
features namely, line segments that approximate
boundary shape and image patches (keypoints)
that describe the internal appearance/texture.
This combined representation of shape and appear-
ance ensures an efficient description across object
categories (Figure 2). We introduce superfeatures
as semi-local grouping of local features. The idea
is to connect spatially proximate and geometrically
related features, and endow them jointly with a fea-
ture descriptor. In our framework, we generate su-
perfeatures based on keypoints and boundary line-
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segments.

Boundary segment superfeature: We use Pairs
of Adjacent Segment descriptor [3] for line seg-
ment superfeatures. Each line segment is paired
with its closest neighbor at its end point. The de-
scriptor vector consists of (a) The normalized rela-
tive distances between mid points of line segments,
(b) Line segment orientations and (¢) Normalized
length of the individual line segments. A pair of su-
perfeatures is compared by the Euclidean distance
between the descriptor vectors.

Keypoint superfeature: We use Scale Invariant
Feature Transform (SIFT) [6] method to extract
keypoints and their representations. We pair each
keypoint with the a N closest keypoints that occur
in the first quadrant with the reference keypoint as
center, similar to [5] (N = 10 in our experiments).
Each SIFT keypoint has its associated 128 descrip-
tor vector. The distance between two superfeatures
is the average of the Fuclidean distances between
each ordered pair of keypoints.

Figure 1. Keypoint superfeatures: Several pairings
are possible (colorcoded, yellow), but the similarity
measure for the keypoints is derived from the distance
of the best matching pair (colorcoded cyan).

2.0.1 Inter-feature Distances

Each feature can belong to multiple superfea-
tures(Figure 1). The distance between two features
is then attributed to the distance between the best
matching superfeature. In effect, the inter-feature
distance not only encodes the similarity between
the individual features but also the neighborhood
appearance and geometry. Let a be a feature in
image I, a be a feature in object model O and S
denote the superfeature set. Then the distance is
formulated as follows.

sl g0

daa = min; j(D(S],55)|a € S],a € 57)) (1)
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2.0.2 Intra-feature connectivities

In our framework, we interconnect features within
an image to identify neighborhood context. Con-
nections are established in two ways. 1. Trivially,
a superfeature connects a pair of features. 2. Fea-
tures can also be indirectly connected by propaga-
tion through intermediate features. For example, if
feature a forms superfeatures (a, b)and(a, ¢), then b
and ¢ get connected by propagation of connectivity
through a. We define two binary adjacency matri-
ces D and M that encode the intra-feature connec-
tivities in the image and object model respectively.

3. Matching via Relaxation Labeling

We frame object localization as a feature match-
ing problem in which the inter-feature distances
and intra-feature connectivities are used in an it-
erative relaxation labeling framework [10]. Each
iteration consists of two steps - 1. Matching step.
2. Update step. We define a probability matriz Q
that denotes the probabilities of assignment of each
image feature to every object feature. Through the
iterative process, we update these probabilities un-
til a stable solution is reached.

The matching step computes a one to one cor-
respondence between image and object features.
This is accomplished by using the Hungarian al-
gorithm [4] on the probability matrix @. The iter-
ation starts by setting @) equal to the inter-feature
similarities (d,) that induces an initial matching.

Next, in the update step, @ is updated based on
the intra-feature connectivities (D and M). Each
probability value of an image feature is enhanced
or reduced through a support function (S,s) based

on its connections to the matched features in the
matching step. The update at iteration 7 4 1 is

i+1 __ QZL&SZL&

ac T : - (2)
D2 QiaSis
b B

Finally, we describe the support function. Lets
assume that an image feature b is connected to a
and similarly, an object feature § to a. We define a
compatibility indicator ri—§ between 2 neighbor-
ing features a and b. It measures the hypothesis
that “a and b are both assigned to object features
that are also connected to one another”.

a—a

555 = LifDap =1, Map =1,a > a,b—

= 0,otherwise
We formulate the support function probabilisti-

cally using a noisy-OR model [8]. It gates in the
probability scores of matched features via the com-



patibility indicators.

Sig=1- {H [T -, p) = } (3)
b B

Figure 2. Detections using boundary segments
(left), keypoints (center) and combining boundary
segments and keypoints (right).

4. Adding Shape Prior

A shape prior is used to restrict the shape of the
solution space and speed up the convergence of the
algorithm. In effect, object localization is confined
to a single region in the input image (Figure 4). We
use a elliptical shape prior, similar to [11]. The 2D
covariance parameters of the ellipse is learnt from
the spatial distribution of the feature coordinates
in the model. The shape structure is enforced dur-
ing detection to ascertain that the matched features
respect the general elliptical spread of the object.
In order to accommodate features appearing at the
fringe of detected space, the ellipse is set to a size

3 standard deviations from the mean.

During testing phase, the median of the detected
features is estimated as the centroid. The elliptical
prior is fitted on this centroid. Any point within the
ellipse is given a weight of 1 and any point outside
has a weight 0. We model the shape probability as
a weighted sum of uniform prior and the elliptical
prior. The probability matrix @ is scaled by the
shape probability. The weighting coefficient A is
incremented as the confidence in the localization
increases in each iteration. Specifically, the weights
at each feature are computed as follows.

Wprior(z,y) = X * ShapePrior(z,y) + (1 —X) =1 (4)

5. Experiments and Results

We evaluate our localization algorithm on three
object categories, namely Giraffe class [from ETHZ
dataset] (87 images), Motorbike class [TUD/ETHZ]
(115 images) and the Helicopter class [Caltech101]
(41 images). The object categories were selected to
evaluate on diverse appearances and part-relations.
The Giraffe class has a repeated, textured pattern
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but a unique, well constrained outline contour. The
motorbike class has a characteristic appearance but
variable contours. The helicopter class has a mod-
erately consistent appearance and shape.

We compare each of the three classes with a sin-
gle model of each class. Contour segments and
keypoints are extracted using publicly available
codes.'? The stopping criterion for the relaxation
labeling process is when ) remains unchanged in
two consecutive iterations. The number of itera-
tions was empirically found to not exceed 12 it-
erations, hence the A\ of the global shape prior is
initialized to 0.1 and is scaled by 1.2 after each it-
eration. The contour segments and points detected
in the final iteration are framed with a bounding
box. The output is a unique bounding box due to
the shape prior. The localization is correct if the
overlap between true and detected bounding boxes
is greater than 50% of the union.

Figure 4. Effect of elliptical prior(left) to remove
extraneous detections.

Our results show that all the three classes are
detected with high confidence(Figure 3). For ex-
ample, the localization of Giraffe category outper-
forms the baseline result of approx. 64% (at 0.3
FPPI in [3]). Other categories are incomparable
with other methods because of the difference in the
type and number of object models used. We no-
tice that combining appearance and shape cues sig-
nificantly improves the localization in all the cate-
gories. The influence of the additional global shape
prior is more in the giraffe and motorbike categories
than helicopter, because of higher amounts of clut-
tered background in these images. In general, the
results demonstrate the that our approach is highly
successful in performing generic object localization
even with a very simple model.

6. Conclusions

In this paper, we proposed a part-based ap-
proach to localize objects in cluttered images.
We used superfeatures to encode discriminative

Thttp://www.vision.ee.ethz.ch/ calvin/
2http://www.vlfeat.org/ vedaldi/code/sift.html



Figure 3. Detection bounding boxes. The last column shows incorrect detections.

inter-feature distances and intra-feature connectiv-

ity.

Additionally, a global shape prior is used to

restrict the shape of the detected space. The suc-
cess of this method is demonstrated by the overall
localization rate of 84% across three different cate-
gories.
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H Giraffe ‘ Motorbiké HelicopteqL
Segments(S) 75.8% 64.3% 85.3%
Keypoints(K) 82.7% 53.9% 78.0%
False positives || 0.27% 0.33% 0.07%
w/o prior
(S+K+prior) || 82.7% | 81.7% | 87.8%
Table 1. Localization rates.
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