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Abstract

Local image descriptors have proved themselves as use-
ful tools for many computer vision tasks such as matching
points between multiple images of a scene and object recog-
nition. Current descriptors, such as SIFT, are designed
to match image features with unique local neighborhoods.
However, the interest point detectors used with SIFT of-
ten fail to select perceptible local structures in the image,
and the SIFT descriptor does not directly encode the local
neighborhood shape.

In this paper we propose a symmetry based interest point
detector and radial local structure descriptor which con-
sistently captures the majority of basic local image struc-
tures and provides a geometrical description of the structure
boundaries. This approach concentrates on the extraction
of shape properties in image patches, which are an intuitive
way to represent local appearance for matching and clas-
sification. We explore the specificity and sensitivity of this
local descriptor in the context of classification of natural
patterns. The implications of the performance comparison
with standard approaches like SIFT are discussed.

1. Introduction

Local image descriptors have proved themselves to be
very useful for the recognition of objects in images. The
“bag of key-points” [4] in combination with SIFT descrip-
tors [7] are among the most successful techniques [5].
While the SIFT descriptor has been shown to perform well
for region matching in transformed images [9], it has the
disadvantage that it does not explicitly take the shape of the
regions of interest (image patches) into account.

This paper presents a new local descriptor, the
Orientation-invariant Radial Configuration (ORC) descrip-
tor, which extracts shape properties of local image patches
and their boundaries at the same time.

1-4244-1180-7/07/$25.00 ©2007 IEEE

Figure 1. Example of boundary point detection: giraffe skin on the
left and tiger skin on the right. The inner arrows (white) represent a
geometrical description of the local structure interior, outer arrows
(red) correspond to the local structure exterior.

One of the first attempts to capture the shape informa-
tion in a local descriptor was proposed by Belongie and Ma-
lik [1], called shape context in the form of a log-polar his-
togram of the boundary points. Our detector is most closely
related to the Intensity-Based Method of Tuytelaars and van
Gool [12], which defines interest regions by detecting lu-
minance transitions on rays emanating from local intensity
extrema. Our approach differs in several ways. The main
difference is that instead of fitting an ellipse to a detected
region of irregular shape, the ORC descriptor encodes the
shape. Furthermore, instead of detecting interest points at
local intensity extrema, we use local symmetry extrema —
the interest points then tend to appear in the center of salient
image structures in the image. We also introduce an ap-
proach for detecting multiple pixel value transitions on the
rays based on clustering. Finally, the proposed descriptor
is able to encode multiple concentric structures in a single
descriptor.

In this paper we focus on properties of the proposed ORC
descriptor and compare ORC with SIFT performance for lo-
cal structure matching in different images. In the following
two sections we describe the nature of the symmetry based
interest points and the construction of the ORC local de-



scriptor. Distances between ORC descriptors are defined in
Sec.4.2. Sec. 5 presents the performance evaluation results.

2. Symmetry Based Interest Points

The final performance of any local descriptor is tightly
associated with the positions of interest points. Since ORC
is designed to capture the shape of basic local structures,
which often correspond to patches of similar color pixels,
we locate interest points in the centers of round/isotropic
structures or along the symmetry axis of elongated shapes.
Such positioning not only helps to detect local shapes but
also makes descriptor matching more precise as will be
shown in Section 4.2. For these reasons the detection of
interest points utilized by the ORC descriptor is based on a
radial symmetry measure and the interest points are aligned
with local symmetry maxima. The radial symmetry mea-
sure is defined as:
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where I(x + 4,y + j) is an image pixel intensity or color at
coordinates (x + 4,y + j) and R defines the image window
size used for symmetry measure calculation to be a (2R +
1) x (2R 4 1) rectangle.

The symmetry measure S reaches a maximum (equal
to 0) if all corresponding pixel pairs (z. + ¢,y. + j) and
(x.—1,y. — j) are identical. It reaches a local maximum at
the center of radially symmetric shapes (like a filled circle,
star, etc.) or along the symmetry axis of elongated shapes.
At the same time it reaches a local minimum along edges.
Examples of interest points located at local maxima of the
symmetry transform are shown in Figure 2.

The proposed symmetry measure tends to generate an
excess of local maxima, but it does not miss any symmet-
rical regions in the image for the given scale of interest R.
For our purposes, the quality of the interest points is suf-
ficient over a wide range of R, which was set to 1/50 of
max (width, height) of the image.

Other symmetry transforms exist [8], intended primarily
as salient feature detectors. They therefore do not detect as
many interest points as are usually needed for representing
the majority of basic local image structures.

3. Orientation-invariant Radial Configuration

The ORC descriptor produces a description of the lo-
cal structure’s boundary in the form of distances between
the central interest point and N boundary points distributed
at equal radial intervals of 27/N radians around the in-
terest point (see Figure 1). This approach allows the full
description of simple convex-like shapes, both round and
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Figure 2. Examples of symmetry based interest points.

elongated. The description of complex structures is possi-
ble with multiple ORC descriptors.

Descriptors are generated from circular regions sur-
rounding the interest points, which must be large enough to
enclose local structures. The initial size of the region 7,42
is estimated from the interest point adjacency. The circu-
lar region is divided into IV equal sectors and luminance
profiles are extracted along the radius of each sector. The
method can be easily extended to use other features such as
color information. The profile in each sector is then clus-
tered into coherent and spatially contiguous regions while
boundary points are associated with the region boundaries.
This yields one or more boundary points in each sector (see
Figure 3). Multiple boundary point configurations are then
constructed of NV points each, one from each sector.

3.1. Boundary Point Detection

Boundary points correspond to the edges or transitions
between relatively different regions of pixels along the sec-
tor radius. The operation of boundary point detection is re-
peated for each sector separately.

The pixel grouping is based on an agglomerative hier-
archical clustering of pixel related features (luminance), ex-
cept that only spatially adjacent clusters can be joined into a
node at the next clustering level. The mean feature value of
cluster ¢ at level [, containing the pixels at radial distances
Thomin < T < Thonaq 15 denoted as C}. At clustering level
1 each cluster contains exactly one pixel. The spatially ad-
jacent clusters ¢ and ¢ + 1 at level [ are joined only if the
following condition is fulfilled:

IC; = Ciall > NIC = Cipall < ICha = Crpall - @)



Figure 3. Multiple boundary points are detected along the rays.
Arrows show three possible boundary point configurations corre-
sponding to coherent image patches.

This way the clusters C? at clustering level 2 always rep-
resent adjacent pixel pairs or single pixels (if (2) was not
fulfilled) and clusters at higher levels represent continuous
sections of pixels along the radius:

i
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where I, is an image luminance value at radius 7 along the
radial ray.

The operation of joining clusters is repeated until a com-
plete clustering tree is built, containing two clusters at the
top (see Fig.4)

A boundary point should represent either an edge-like
or a smooth transition between two regions with low pixel
feature variance. In both cases we want that regions of rela-
tively similar pixels are represented by a single cluster each.
This implies that the position of the boundary points would
correspond to the spatial boundary of the clusters. However,
not every pair of clusters represents two relatively differ-
ent regions if all clustering levels are considered. At lower
clustering levels some cluster pairs may be a result of noise
or weak transitions, while at higher levels even relatively
strong transitions may disappear. For this reason only up
to K cluster pairs exhibiting the strongest cluster transi-
tions among all clustering levels are selected as locations
of boundary points. The cluster transition ACé,t between
two clusters s and ¢ at clustering level [ is measured as an
absolute difference between their intensity values:

ACL, =|cl-ci (4)

The cluster transitions are extracted only between clus-
ters related to local extrema (see Figure 4), i.e. a minimum
followed by a maximum pair or vice-versa. Such clusters
do not have to be adjacent (see Figure 5), but no other ex-
tremum can appear between them.
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Figure 4. Example of pixel grouping along the radius in one of the
sectors. The graph in the top-left corner represents the luminance
profile along the sector radius. Other graphs represent grouping of
the adjacent pixels at different clustering levels. Each bar repre-
sents one pixel, the bar heights correspond to the luminance.
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Figure 5. Example of the transition between relatively different
regions.

The process of boundary point detection on each ray can
be described by the following steps:

1. Perform hierarchical clustering of pixel feature values
along the ray.

2. Find local cluster extrema at each clustering level.

3. Create a list of cluster transitions ACLt (using de-
tected extrema) from all clustering levels.

4. Select up to K strongest cluster transitions and locate
boundary points at the spatial boundary of related clus-
ter pairs.

One of the advantages of the boundary point detection
through hierarchical clustering is that each boundary point
is associated with two clusters, which correspond to two
regions separated by the luminance transition. The val-
ues of both clusters represent the mean luminance of these
regions and are used for boundary point grouping in Sec-
tion 3.2. Therefore each boundary point ¢ is associated with
two radii: g}, which is the distance from the central interest
point to the boundary of the local structure, and qf, which
covers also the second cluster (%2 > qil) (see Figure 1).

The boundary point detection can be compared to edge
detection. The primary difference with resepct to typical
edge detectors ([2] and [6]) is that we consider only a local
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Figure 6. Example of multiple boundary point configurations for a
patch on a leopard skin.

patch of the image and therefore estimate edge strength rel-
atively to local conditions. It is possible to detect boundary
points by simply using one of the typical edge detectors, but
our experiments have shown that it is rather difficult to au-
tomatically adjust parameters to obtain results insensitive to
noise but preserving perceptible edges across whole image.
Our approach requires only a single parameter /', which in
all experiments was set to 8 and produced consistent results.

3.2. Boundary Point Grouping

The appearance of natural objects frequently exhibits
high complexity. To take advantage of this information a
grouping of boundary points between adjacent rays is nec-
essary, whereby a compact and continuous representation
is achieved. Figure 3 shows an example of multiple local
structures present around a single interest point. It is possi-
ble to detect them by grouping boundary points according
to their similarity. Their correct detection depends on the
choice of a similarity measure. For natural scenes with uni-
form color patches, color distance gives good results.

A more robust strategy is proposed, based on the group-
ing of those boundary points in adjacent rays, exhibit-
ing similar boundary luminance transition and similar in-
ner luminance spread i.e. luminance standard deviation
along the radius between interest point and boundary point.
The boundary luminance transition is the cluster transition
(Equation 4) associated with the boundary point. The in-
ner luminance spread helps to capture multiple structures
(see Figure 6) or when weak repetitive patterns/textures are
present between interest point and boundary points. Both
values, which constitute the boundary point features, are
normalized by the average of luminance transitions and
spreads of all boundary points.

The process of boundary point configuration detection
can be summarized as follows:

1. Extract features for all boundary points in N sectors.
2. Perform hierarchical clustering of boundary point fea-
tures in adjacent sectors (see Figure 7).

e A single cluster cannot contain multiple bound-
ary points from the same sector. This implies that
the maximum number of boundary points within

any cluster cannot be higher than the number of
sectors.

e The clusters cannot contain more than N bound-
ary points, which is equivalent of a closed curve.

3. Extract all clusters By, containing at least V,,;,, bound-
ary points. All other clusters are rejected.

e The parameter V,,;, is typically set to 0.25N in
order to discard small structures, which are usu-
ally less distinctive.

Figure 7. Example of boundary point grouping. Thin arrows
show grouping of boundary points and clusters in adjacent sec-
tors. Thick arrows show the top level clusters of the clustering tree
(no more cluster merging possible).

The boundary point grouping may yield several bound-
ary point configurations, each separately used during the
matching of two descriptors (see Figure 6).

The performance of this strategy was verified experimen-
tally on a database of natural scenes as well as medical im-
ages of MRI scans and gave consistent results (e.g. Fig-
ure 6). Other grouping strategies, including the use of dis-
tance between central interest point and boundary points as
an additional feature as well as local sector grouping will be
investigated in the future.

3.3. Refining Scales in Low Gradient Sectors

The ORC descriptor is extracted from the finite circular
image region. The size of the region is derived from the
interest point distribution in the neighborhood and encloses
basic local structures in almost all cases. However, it is
not always possible to automatically find a sufficient region
size for extremely elongated structures. The boundary of
an elongated structure in the structure dominant orientation
may fall outside the circular region, which makes estima-
tion of boundary points problematic and leads to random



results i.e. they are associated with the weak edges or tran-
sitions and not with the real structure boundary. However,
the luminance spread v/¥ calculated over the range of radii
0..g? (covers structure interior and exterior) is significantly
lower for “weak” boundary points than for the points asso-
ciated with the real structure boundary. This measure can be
used to both detect and refine “weak” boundary points. The
i-th boundary point, belonging to the k-th configuration is
classified as a weak one if:
vy <050k g . (5)
where the term VJI?E B, corresponds to the luminance spread
average over all boundary points within the k-th configura-
tion. The consistent detection of “weak” boundary points
using condition (5) is possible because the majority of
boundary points, even in elongated shapes, usually corre-
spond to real structure boundary, as in the example in Figure
1. The robustness of this condition was verified experimen-
tally.
The “weak” boundary points are simply removed, if
other boundary points exist in the corresponding sector, or
otherwise qi1 of the point is increased until condition (5) is

met or 7,4 18 reached.

4. Descriptor Distance

We discuss the the measurement of scale and rotation
invariant distance between ORC descriptors.

4.1. Scale Invariant Descriptor Distance

ORC distance is calculated between two boundary point
configurations f(¢) and f(j). Each configuration is rep-
resented by an M row by N column matrix, where N is
the number of sectors and M is the number of features per
sector. In the subsequent evaluation N was set to 32, rep-
resenting a sensible trade off between computational com-
plexity and the level of details captured by the descriptor.
We have used two features (M = 2) per sector, represent-
ing the boundary point radii values ¢; and ¢?.

The Euclidean distance between descriptor ¢ and descrip-
tor 7, rotated by p sectors is calculated accordingly to:

M

N
d(iajvp) = Z Z f(i)m,n_gi,j (p)f(j)m(n+p) mod N
n=1

m=1

(6)
where ; ;(p) is a relative scale between descriptors ¢ and
7, which is discussed later in this section. Equation (6) is
equivalent to the horizontal rolling of the descriptor j matrix

p times to the right.
Local image descriptors, such as SIFT, are typically ex-
tracted from an interest region, which provides an estima-
tion of the local image structure scale. While this approach

allows the simplification of descriptor extraction and match-
ing complexity it also makes a descriptor more sensitive to
inaccuracy of the scale or interest region detector.

In our approach we have decided to avoid prior scale de-
tection and replace it with the detection of relative scale be-
tween two descriptors, which is calculated during descriptor
matching. The relative scale ¢; ; between descriptor 4 and
7, for a given rotation p of the descriptor j is calculated as
follows:

2712[:1 f(i)l,nf(j)l,(n—i-p) mod N
Zivzl (f(i)l,(n—&-p) mod N)2

Sij(p) = @)

It can be easily proven, that the distance (6) reaches min-
imum, for a given rotation p, if descriptor j is scaled by

Si,j (p).

4.2. Rotationally Invariant Distance

Rotational invariance can be achieved by estimating lo-
cal dominant orientation, either from local gradient covari-
ance or by fitting an ellipse to the ORC boundary. This strat-
egy works well for elongated or anisotropic structures but
may produce unstable results for structures with no domi-
nant orientation. We therefore apply a rotationally invariant
distance measure, which works well in both cases:

d(i,j) = Hgn(d(i,j,p) ip=1L.N,M=1) (8

As in the case of scale invariance we opt rather for de-
tection of relative orientation between two descriptors than
prior orientation estimation for each descriptor. The relative
orientation between two configurations p,,;,, is found from
the minimum configuration distance calculated for M =1
(taking into account only ¢} values).

The distance between two boundary point configurations
depends to a large extent on the consistency of interest point
positioning. The distance calculated between two ORC de-
scriptors originating from the same structure but calculated
at different interest points is not equal to 0. This is one of
the reasons that the ORC descriptors are calculated around
symmetry based interest points, which produce highly con-
sistent results. It is possible however to avoid this depen-
dency of the ORC distance calculation on the initial interest
point location, by performing an iterative optimization of
the distance, where one of the descriptors is gradually trans-
lated to minimize the final distance. While our experiments
show this solution works well it also significantly increases
computational complexity. The results of ORC testing pre-
sented in Section 5 were generated without refining interest
point positions.
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Figure 8. Animal matching results per animal category. Black and gray bars show the percentage of category descriptors matched inside
corresponding animals for ORC and SIFT respectively. White bars show the percentage of category descriptors matched anywhere in
corresponding animal images..
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Figure 9. Example of descriptor matching in the image sequences. Black dots show closest matches to the descriptors originating from the
zebra (top row) and the tiger (middle row) in the first image to the left (white dots). The bottom row shows examples of ORC descriptors
originating from the tiger (in the middle) matched to the descriptors in the other two images. Some of the local structures in the right image
are similar to the tiger stripes on a local scale.

5. Local Structure Matching - Performance
Evaluation

The proposed testing procedure evaluates the matching
of local structures found in the following animals: tiger, ze-
bra, giraffe and leopard. Tigers and zebras contain mostly
elongated features e.g. straight and bent stripes, while leop-

Category | Group count | ORC (%) | SIFT (%)
leopard 10 43.6 36.2
giraffe 9 40.4 29.2

tiger 9 21.4 12.0
zebra 8 64.1 40.3

Table 1. Animal matching results per animal category.

ards and giraffe contain a mixture of round and elongated
shapes. Every animal type represents a distinctive pattern
of relatively low complexity local structures, suitable for
matching using local descriptors.

Image descriptors are often evaluated by how well they
match structures between an image of a scene and a trans-
formed image of the same scene [9]. For the evaluation
presented here, we wish to test how well a descriptor can
generalize. That is, it should detect the same type of struc-
ture in different scenes, e.g. the giraffe skin pattern in many
images of different giraffe.

The test procedure operates on groups of images, each
containing five images with different animals and back-
grounds. The images contain only one type of animal each



and were manually segmented to separate the background
from the animal. The first two images in the group contain
an animal of the same type and the remaining three images
contain other animals e.g. (zebra 1, zebra 2, giraffe, leopard,
tiger). Descriptors are extracted for the region correspond-
ing to the animal (obtained from the manual segmentation)
in the first image in the group. These descriptors are then
matched with all descriptors from the rest of the images in
the group to find the closest match for each descriptor. This
way the percentage of closest matches inside the same type
of animal as well as inside other animal types and back-
grounds can be recorded.

The results of local structure matching were obtained
from 36 image groups (180 images). The image groups
are divided into 4 categories, each containing one type of
animal occurring twice in every group. Figure 8 shows
the average percentage (within each category) of descrip-
tors from the animal in the first image matched inside an-
imals in other images in the group (black and gray bars)
as well as matched anywhere in other images (white bars).
A more detailed version of these results is available in [11].
The summarized results, showing only the percentage of de-
scriptors matched in the same kind of animal are presented
in Table 1.

The results expose limitations of SIFT and ORC, pri-
marily associated with their locality and the fact that both
can discriminate between relatively simple image struc-
tures. Images used for testing (see [11]) contain a variety of
backgrounds and as one could expect there is high chance
of finding local structures in one of the image backgrounds
that are similar to the structures present in the animal e.g.
most of the tiger descriptors are matched with the fence in
the background of the image containing a giraffe in Fig-
ure 9.

We compare the results of the proposed ORC descriptors
with SIFT descriptors, where the SIFT descriptors and in-
terest points were generated using code available from [13].

6. Conclusions

The evaluation of ORC and SIFT descriptors applied
to the local image structure matching has shown that both
descriptors are comparable with ORC performing 10-20%
better than the standard SIFT in the experiments on images
of four types of animal. It has also shown that the appli-
cability of both local descriptors to a general object recog-
nition tasks is limited by the lack of global context. Sig-
nificant improvements are possible only if the co-occurence
and spatial relationship of local structures are taken into ac-
count.

Various attempts have been made to add global context
to the SIFT descriptor [10] or introduce spatial configura-
tions of local descriptors [3] in order to better capture larger
image structures or disambiguate multiple regions with lo-

cally similar appearance. The ORC descriptor provides a
natural way for constructing spatial configurations of multi-
ple descriptors, since adjacency of descriptors can be easily
extracted from the boundaries shared by neighboring struc-
tures. This is a topic of future research.
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