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ABSTRACT

We present a new class of descriptors which exhibit the ability to
yield meaningful structural description of the object. These de-
scriptors are constructed by harnessing the geometrical relation-
ships and spatial configurations between two types of image prim-
itives: Quadrangles and ellipses. Specifically, we extract the line
segments from the line edge map of the image and exploit the spa-
tial qualities of the line segments and the salient colors of the image
to construct the quadrangles. The ellipses are extracted with a close
loop system that is driven by Gestalt Psychology. Experimental re-
sults show very good performance for category-level object detec-
tion in which the objects in each category exhibit variations in form,
scale and viewpoint.

1. INTRODUCTION

Detecting objects belonging to the same category in real world
scenes has proven to be a difficult challenge for computer vision.
Given the vastly superior performance of the human in categorizing
multiple classes of objects, we turn to human psychology for inspi-
rations. In particular, we recognize that the human can easily detect
different objects belonging to the same category based on the struc-
tures/shapes of the objects. In this regard, descriptors that closely
model the structures of the objects may be useful for category-level
object detection.
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Figure 1: System Flowchart.

Our main contribution in this paper is a set of structural de-
scriptors that exhibit the ability to yield meaningful description of
the object. These descriptors are constructed from two types of im-
age primitives: Quadrangles and ellipses. We show the flowchart
to generating the descriptors in Fig. 1. We extract the image prim-
itives from the line edge map of the image. Each pair of line seg-
ments defines a region of space that is enclosed by the pair of line
segments and the end points of their overlap portions. We term
these regions as the quadrangles. These quadrangles can be inter-
preted as the building blocks for the 2D counterparts of the gener-
alized cylinders which have been demonstrated to yield meaningful
structural description of complex 3D objects [1-3]. Given that a
quadrangle is composed by a pair of straight line segments, it is not
suited to model objects whose shapes are predominantly compose
by curved segments. To this end, we model the curved segments
with the boundary of an ellipse. We choose an ellipse since it is
one of the simplest circular shape. In addition, the line drawings of
many man-made objects often exhibit instances of an ellipse [4]. We
exploit the geometrical and spatial relationships between the prim-
itives to construct the structural descriptors. Finally, by matching
these descriptors with those previously extracted from the training
images, we detect the objects present in the image.
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1.1 Related Work

Early works on using shape information for object recognition ex-
tract features that characterized the global shape of an object e.g.
the Fourier transform [5, 6] and the medial axis transform [7]. Al-
though global features can be extracted at low costs and are effective
for certain classification tasks, these features are sensitive to occlu-
sion and noise. As such, their success in real world scene is limited.

Recently, Belongie et al. [8] developed the semi-local edge fea-
tures “Shape Context” which recorded the statistics of the edges
into log-polar histogram bins. A similar approach was proposed by
Carmichael and Hebert [9] who characterized an edge point by the
distribution of the edges in an aperture surrounding the edge point.
Similarly, Mikolajczyk et al. [10] used the positions and orienta-
tions of the edges to construct scale-invariant shape descriptors. We
highlight that the edge features extracted from these methods con-
sider each edge pixel individually; no attempt is made to analyze
the connectivity of the edge pixels or the local shape modeled by a
set of connected edge pixels. In this regard, the potential of such
detectors to capture the shape information of an object may be lim-
ited.

To explicitly characterize the local shapes of the object, Fergus
et. al [11] extracted curved segments that have inflexion points at
both it ends. Similarly, Jurie and Schmid [12] proposed a detec-
tor which searched over all positions and scales for sets of edges
that describe salient circular arcs. Although both methods achieved
good performance for object categorization, however these detec-
tors imposed unnecessary restrictions on the class model to a ho-
mogenous structure composing only of curves. This inhibits its
ability to learn complex class models.

2. PRIMITIVES EXTRACTION

We extract the primitives from the line edge map of the image.
Our motivation for using the line edge map to extract the primi-
tives stems from cognitive psychology studies [13, 14] which show
that the humans are able to accurately identify an object from its
line drawing. Given that the line drawing contains only the struc-
tural information of the object, this implies that the line edge map
contains the structural information that is necessary to recognize an
object.

2.1 Extraction of Quadrangles

We extract the quadrangles by grouping a pair of line segments of
the line edge map. However, naive pairing of the line segments
leads to the construction of quadrangles, many of which do not pro-
vide meaningful structural description of the object. To this end,
we represent the color image by its salient colors and exploit the
lengths, closeness and orientations of the line segments and the per-
ceptual uniformity of the salient colors within the quadrangle to
evaluate the usefulness of the quadrangles. Our choice for these
factors is motivated by the seminal psychological studies of Helson
and Fehrer [15] who found that the human can more easily recog-
nize and discriminate a uniformly colored rectangular shape than
the other shapes. In addition, the pairing of long line segments that
are close together explicitly models the Focal Point and the Prox-
imity Laws of Gestalt Psychology [16]. By exploiting these factors,
we identify those quadrangles that appeal to human visual attention
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and hence may be useful for category-level object detection.
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Figure 2: Pairing of ab and cd to define the quadrangle aa’dd’.

Fig. 2 shows two line segments ab and cd. Line Xy is the bi-
sector of the angle formed by extending ab and cd. If ab and cd
are parallel, then line Xy is defined as the line that lies between and
is parallel to both ab and cd. We denote the projection of points a
and d onto Xy as points i and j respectively. The overlap portion of
ab and cd can then be represented as ij. We denote the length of i}
as l;j. Let ai meet cd at point a’. Similarly, let d j meet ab at point
d’. The quadrangle defined by ab and cd can then be represented
as aa’dd’. The length and width of this quadrangle are given by

lijand p = W respectively. We denote ij as the central axis
of the quadrangle. Let 14 (x) define an indicator function in which
x represent a pair of line segments and A denote the set of pairs

of line segments that satisfy Rule I : (;ﬂ'—; > O.5> OR (l% > 0.5).
The spatial quality of the quadrangle defined by line segments ab
and cd can then be calculated as

f(ab.cd) = %xlA@a)xcos(e) )

where 6 is the smaller intersecting angle between ab and cd. If
ab is parallel to cd, 0 is zero and according to the psychological
studies of [15], such rectangular areas will capture the human vi-
sual attention more readily. We highlight that Rule I is necessary to
ensure that only line segments which have sufficient overlap will be
considered to define a quadrangle. In our work, we choose a deci-
sion threshold of 0.5 to decide if two line segments have sufficient
overlap. We observe that given two quadrangles, the term % in
eq. (1) identifies the quadrangle that is composed of long line seg-
ments with close proximity to have better spatial quality as opposed
to the quadrangle which is composed of short line segments that
are far apart. This models the Focal Point Law of the Gestalt Psy-
chology which suggests that given two line segments of different
lengths, the human observer will inadvertently focus more on the
longer line segment as opposed to the shorter line segment. Equally
importantly, this term models the Proximity Law of the Gestalt The-
ory [17] which suggests that the two line segments that are close
together will be perceived by the human observer to be one collec-
tive unit. Given that the indicator function and the cos(6) terms
in eq. (1) model the human’s attention towards a rectangular form,
this formulation thus allow us to identify those quadrangles that are
readily perceived by the human observer.

We retain those quadrangles whose spatial qualities are greater
than zero. Let f,4x and f,;;, denote respectively the maximum and
minimum spatial qualities of the quadrangles whose spatial qualities
are greater than zero. Eq. (1) can be normalized as follows,

f (Eaa) 7fmin

@(abed) = L @

We now present our measurement which tightly integrates the
number of pixels representing each color value, the perceptual dis-
tances between these color values and the color imbalance of the
quadrangle to jointly evaluate the perceptual variations of the col-
ors in a quadrangle. We first apply the approach in [18] to repre-
sent the image by its salient colors. Let m denote the number of

salient colors within the quadrangle. For each salient color ¢; in the
quadrangle, we find its Euclidean distance d(c;,c;) in the Lab color
space to the other salient colors in the quadrangle and weight this

distance by w = w, where u is the number of pixels
in the quadrangle. The weighted distance represents the perceptual
distance between c; and c; taking into account the population of
each color. The maximum of the weighted distances are found for
each ¢; to calculate its contribution to the overall color variations
of the quadrangle. These maxima are added to yield a measure of
the color variations in a quadrangle defined by line segments ab and
ad,

M=

g (ab,ed) = Y max (wxd (cic;)) ©

1/

1

We retain those quadrangles whose color variations found by eq.
(3) to be below A. The threshold A is determined as follows. We
generate a set of five hundred rectangular patches of aspect ratio of
0.5. Each rectangular patch contains at most ten colors which are
assigned to the pixels randomly. Using eq. (3), we calculate the val-
ues for the color variations of the rectangular patches and use these
values to sort the rectangular patches. Starting with the rectangular
patch of the least color variations, we present these patches to a hu-
man observer who decides if a patch has large perceptual variations
in its colors. We record the value of the color variations A; of the
first rectangular patch which is identified by the human observer as
having large perceptual variations in its colors. This process is re-
peated three times, each time with a new set of rectangular patches.
The average value of A; is then assigned to be A. Let g and
gmin denote respectively the maximum and minimum color varia-
tions among the quadrangles whose color variations found by eq.
(3) to be below A. The normalized color uniformity for the quad-
rangle defined by line segments ab and cd can be calculated as

Wy (%7a) _ 8max 8 (ab7Cd) (4)

8max — 8min

A measure of how much a quadrangle appeal to the attention of the
human observer in terms of its spatial and color qualities can then
be calculated as shown in eq. (5),

Appeal (ab,cd) = 0.5 x ® (ab,cd) +0.5 x ¥ (ab,cd) )

In our work, we retain the top 85% of the quadrangles to construct
the structural descriptors.

2.2 Extraction of Ellipses

In this section, we present our approach to locate and model the
curved segments of the line edge map by ellipses. The novelty of
our approach is that we continually pool the local information of
the edge pixels together to achieve higher level understanding of the
shapes of the curved segments. In addition, the parameters for the
derived ellipses are continually refined using a close loop system
driven by Gestalt Psychology [16]. Consequently, we are able to
detect and model the curved segments with good visual perception.

We show the block diagram of our approach in Fig. 3. The
Fartitions Extraction component localizes the portions of the line
edge map that can be modeled with ellipses. Specifically, we break
the line edge map into a set of partitions such that each partition
may correspond to the arc of at most one ellipse. We denote the i*"
partition as P; = (U, [y, where [;, denote the k" line segment within
P;. Given that the arc of an elliptical model is represented by a
smooth and convex curve, a partition therefore cannot contain any
corner or inflexion points. In light of this, we analyze the pair-wise
geometrical relationships of the line segments within the partition
to identify the corner and inflexion points of the line edge map and
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Figure 3: Block diagram of approach to model the curved segments
by ellipses.

break the line edge map at these points. This ensures that the set of
line segments within each partition will trace a smooth curve which
turns either in the clockwise or anticlockwise direction. We adopt
the method proposed by Chi and Leung [19] to detect the corner and
inflexion points and denote the set of extracted partitions as {P;}.

The Elliptical Candidates Identification component analyzes
each partition P; to determine how well its shape corresponds to an
elliptical model. For this purpose, we fit an ellipse to the edge pixels
represented in each partition and calculate the fraction of these edge
pixels that overlap with the boundary of the fitted ellipse. Owning
to the many advantages of [20], we adopt this method to fit the el-
lipse. Let E; denote the ellipse that has been fitted to partition P;
and B (E;) represent the set of boundary pixels of E;. We define the
set of edge pixels fitted by [21] to the line segments within P; as
edge (P;). In this case, P, is identified to be an elliptical candidate if
the quality of fit f (E;, P;) as calculated in eq. (6) is greater than 7.
In our work, we assign a low value of 0.2 to .

|B (Ei) Nedge (P)|
E:. P)=

f( 2] l) \edge(P,)| (6)
The Partitions Merging component of the close loop system merges
partitions according to Gestalt Psychology [16] and evaluates the
quality of such merging by fitting an ellipse to the merged parti-
tion. Since the Gestalt Psychology considers how the human mind
groups individual elements into a collective whole, therefore by ex-
ploiting the laws of Gestalt Psychology, we can identify the parti-
tions that are likely to be perceived by the human observer to belong
to a single elliptical unit. The merging procedure is modeled on the
following laws of Gestalt Psychology:

e Law of Focal Point. This law states that given a visual repre-
sentation, the mind will be pulled towards a point of emphasis.
This focal point catches the viewer’s attention and persuades
the viewer to follow the visual message. In our work, we use
the sum of the lengths of the line segments within a partition to
determine if it should be given more emphasis.

e [aw of Proximity. This law states that we tend to group el-
ements that are spatially close together. To model this law, we
consider two partitions for merging only if a line segment in one
partition is connected to a line segment in the other partition.

e [aw of Closure. This law states that our mind add missing el-
ements to complete a pattern. Here the pattern is the elliptical
curve and the missing elements are the additional partitions that
better complete the curve. We model this law by accepting the
merge of two partitions if the quality of fit of the merged parti-
tion is greater than that of either partitions.

e Law of Similarity. This law states that the mind will group el-
ements that have some similarity to compose an entity. Here,
we model this law pertaining to the form of the elements: Given
two categories of partitions, the first containing partitions that
are modeled by the boundary of an ellipse and the second con-
taining partitions that are represented by a set of connected line
segments, we merge those partitions that belong to the same
category first before considering the partitions that belong to
different categories.

The Ellipse Refinement component of the close loop system
sieves out those line segments that do not have support from the
other line segments within the partition in being modeled by an el-
lipse. Consequently, by removing such line segments, the remain-
ing line segments of the partition will form a tightly integrated unit
which collectively defines the elliptical portion of the line edge map.
Let the set of edge pixels fitted by [21] to line segment /,, be denoted
as edge (,,). We denote the ' edge pixel of edge (I,,) as I, (a). Let
ellipse Ej denote the ellipse which is fitted to P, and Ej (j) denote
the ;" boundary pixel of E;. The Ellipses Refinement component
calculates Quality (Ey,l,,) for each line segment I, of partition Py
and identifies those line segments whose Quality (Ey,l,) are below
¢ to be poorly modeled by Ey,

ledge(ln)|
h (lm ((1) >Ek)

. f— a:1
Quality (Ey,ln) = ledge (Ln)] v

where

1if 3i,E; (i) € B(Ey) and

(Ex (i) ,Im (@) < @ ®
0 otherwise

h(lm (a) 7Ek) =

and (.) denote the Euclidean distance. Let P, denote the partition
containing the line segments that have been identified to be poorly
modeled by ellipse Ej. In this case, partition P, — P, contain those
line segments that can be collectively modeled by an ellipse. We
fit an ellipse explicitly to the edge pixels represented in partition
P, — P, and denote the refined ellipse as E,_z. We feedback the

set of line segments within partition P, and the newly fitted ellipse
E,_z into the Partitions Merging component to determine if they
can be merged with other partitions. The merging and feedback
processes continue until no partitions can be merged. In our work,
we assign ¢ and @ to have the values 0.5 and 2 respectively. As
such, we can be assured that each line segment of partition P, — P
will be modeled by the boundary of ellipse E,_z such that at least
50% of its representative edge pixels lie within two pixels from the
boundary of ellipse E, 7. Consequently, accurate modeling of the
curved segments by the ellipses is achieved. In our work, we use eq.
(6) to calculate the quality of an ellipse and use only those ellipses
whose qualities exceed 0.85 (which is considered high enough) to
construct the descriptors.

3. STRUCTURAL DESCRIPTORS

We exploit the geometrical relationships and the spatial configura-
tions of the neighboring primitives around each extracted ellipse to
construct the descriptors. For the training image, we first segment
the model from the image before extracting the primitives. In con-
trast, we do not perform any segmentation of the test image prior to
extracting the primitives. In addition, for the training image, we ran-
domly select between four to seven neighboring primitives around
each ellipse to construct the descriptor. Correspondingly, for the
test image, we consider all other primitives around each ellipse as
its neighbors. In this aspect, a descriptor of the training image de-
scribes the specific structure around an ellipse while that of the teat
image describes the generalize structure around an ellipse.

3.1 Extraction of geometrical relationships

We first present our method to capture the geometrical relationships
between an ellipse and its neighboring primitives before showing
how the structural descriptor is composed. We term the ellipse un-
der consideration as an anchoring ellipse E, and denote its center
as Mg, and the half lengths of its major and minor axes as 0 and
B respectively. In addition, we denote the eccentricity of Ey as
€c. We define the length and width of a neighboring quadrangle
® as lp and we respectively. We use a four dimensional vector
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between E and a neighboring ellipse E,. Similarly, the geometrical
relationships between Ej and a neighboring quadrangle & are rep-
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We highlight that the attributes in these vectors are invariant to
translation, rotation and scaling.
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3.2 Extraction of spatial relationships

We next discuss how the spatial relationships between an anchoring
ellipse and its neighboring primitives are extracted. Corresponding,
by integrating the spatial relationships with the geometrical rela-
tionships, we show our approach to construct the descriptor.

Fig. 4 shows an anchoring ellipse as the bold outline. We divide
the region of space surrounding and within the ellipse into sixteen
sub-regions and label them as S4 to Sp. These sub-regions represent
sixteen angular sectors of three radial rings spaced exponentially in
the half-lengths of the major and minor axes of the anchoring el-
lipse. Each sub-region delineates a space where the neighboring
primitives, with respect to the ellipse, can be located. Given this,
the structural descriptor consists of sixteen bins, in which each bin
records the types and geometrical relationships of the neighboring
primitives located in the corresponding sub-region with respect to
the anchoring ellipse. In this aspect, the bins capture the spatial con-
figurations of the primitives with respect to the anchoring ellipse.

Figure 4: Diagram of sub-regions used to construct the descriptor.

3.3 Matching of structural descriptors

We match the descriptors as follows: We determine if there exists
a circular shift in the descriptor of the test image such that Bin; of
the descriptor of the training image can be paired with Bin; of the
circular shifted descriptor of the test image, 1 < j < 16. Binyygining
of the training image is considered to be paired with Bin.s of the
test image if the correspondences for all geometrical attributes in
Binyyaining can be found in Binges. Let aypgining and ayesr be a ge-
ometrical attribute in Binyyqining and Binges tespectively, in which
both attributes are defined by the same type of primitives. We con-
Min(yraining Grest ;K
max<(afrmimi,alm;~,k)) > 05,
where k is a small number added to cater for situations when an
attribute has value zero.

‘We highlight that since the primitives model the components of
the object, the geometrical relationships of these primitives reveal
the geometrical relationships of the components modeled by these
primitives. Similarly, the spatial configurations of the neighboring
primitives around an anchoring ellipse yield the description of its
local structure. In this aspect, by exploiting the geometrical and
spatial relationships between the primitives of the specified object
in the training images, we learn descriptors that express the struc-
tural constraints of the object. Furthermore, as highlighted in the
beginning of this section, a descriptor of the training image models
the specific structure around a primitive while that of the test image
models the generalize structure around a primitive. Corresponding,
by matching the structural descriptors of the training images to that
of the test image, we identify the descriptors from the test image
that have a part of its structure similar to the model. Consequently,

sider dyrgining to correspond with ayey if

descriptors of the test image that have numerous matches suggest
that these descriptors have many parts similar to the model. The
likelihood that a descriptor of the test image will have many parts
similar to the object model by accident is far lower than any initial
match is in error. Such descriptors detect and localize the specified
objects in the test image.

4. EXPERIMENTAL RESULTS

(d

()

Figure 5: First column: Sample training images. Second column:
Extracted primitives. Third column: Examples of structural de-
scriptors.

We apply the structural descriptors composed by the ellipses
and quadrangles to the detection of two object categories: Bicycles
and cars. We learn each object model with a few training images.
We show the examples of the training images in the first column of
Fig. 5. For the bicycle images, we utilize the ellipses and quad-
rangles that model the wheels and frame of the bicycle to learn the
descriptors. Specifically, we use an ellipse that model a wheel of
the bicycle as the anchoring primitive. The structural descriptors
are then constructed by selecting the ellipse that model the other
wheel of the bicycle and six random quadrangles that model the
frame of the bicycle as the neighboring primitives. As an example,
we show in Fig. 5b, the ellipses (yellow outlines) and the quad-
rangles (blue outlines) extracted from the sample bicycle training
image that are used to learn the descriptors. An example of the de-
scriptor constructed from these primitives is shown in Fig. 5¢c where
the anchoring ellipse is shown in gray and the neighboring primi-
tives are shown in green. In the same spirit, we learn structural
descriptors for the car model by exploiting the ellipse that model
a side wheel of the car as the anchoring primitive. We select the
ellipse that model the other side wheel of the car and three random
quadrangles that model the side panel of the car as the neighboring
primitives. We show the ellipses and quadrangles extracted from
the sample training image of Fig. 5d that are used to learn the de-
scriptors by the yellow and blue outlines respectively in Fig. Se.
One example of the descriptors constructed from these primitives is
shown in Fig. 5f, where the anchoring ellipse is shown in gray and
its neighboring primitives are shown in green.

We show the test images, its line edge maps and the detection
results for each category in Fig. 6. We highlight that the objects in
each category exhibit variations in scale and viewpoint and are of
varying forms. In addition, as observed from the line edge maps,
these objects are located in a cluttered background. For each test
image, we identify the descriptor that have the most number of
matches with the descriptors of the training images and shows its
anchoring ellipse as the gray outline in the third column of Fig. 6a
and 6b. In addition, we show the neighboring primitives of the an-
choring ellipse which find matches with the descriptors of the train-
ing images by the green outlines. As observed, the most matched
descriptors achieved good detection and localization of the objects.

Of particular interest is the car detection results shows in the
third row of Fig. 6b. This test image shows three cars in the left,
center and the right side of the image. We highlight that there are
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significant scale variations between the three cars. In addition, there
is substantial illumination variation in the scene, most notably in the
left portion of the image for which the car present in this portion
can hardly be visually detected. We label the top two matched de-
scriptors as 1 and 2 respectively in the bottom row of Fig. 6b. As
observed, the top matched descriptor correctly model the wheels
and side panel of the car situated in the center of the image. More
interestingly, the side wheels and panel of the car located in the left
side of the image have been identified by the second most matched
descriptor. Given that this car is located in the shadowed portion of
the image and is notable small with respect to the size of the image,
the detection of this car by the matched descriptor demonstrates the
robustness of our approach. However, no descriptor pertaining to
the car on the right side of the image has been detected. This is
because we exploit the two side wheels and panel configurations of
the car in the training images to learn the descriptors (see training
image in Fig. 5d). Since a side wheel of this car is occluded, there-
fore no descriptor pertaining to this car was matched. The failure
to detect this car is therefore due to the limited descriptors learned
from the training images. In light of this, training methods e.g. [19]
can be incorporated in our work to automatically learn a larger set
of structural descriptors to represent an object model. With a larger
and more informative set of descriptors, we can detect the other
structures of the objects. Such detections can provide clues to the
location of the object in the test image.
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Figure 6: (a) Bicycles detection. (b) Cars detection.

5. CONCLUSIONS AND FUTURE WORK

We have presented a new class of descriptors that exhibit the abil-
ity to yield meaningful structural description of the objects. We

composed these descriptors from the quadrangles and ellipses that
are extracted from the image. Promising category-level object de-
tection results have been demonstrated. Future research will focus
on the use of specialized training methods, such as that proposed
in [19], to automatically learn the descriptors to represent an ob-
ject. We point out here that although the most matched descriptor
correctly localize the objects in the test images, there are neverthe-
less some descriptors which find false (albeit few) matches with the
descriptors of the training images. These false matches can be fil-
tered in future through higher level processing. Specifically, we can
exploit the Hough transform to identify the descriptors of the test
image that have a consistent interpretation of the object pose by us-
ing each matched descriptor of the training images to vote on all
object poses. Finally, we highlight that although we have exploited
the salient colors of the image to identify the useful quadrangles, we
have not totally exhausted the use of the color information. Specif-
ically, the colors/textures within the quadrangles and ellipses can
be used to complement the current descriptors. Such representation
provides a more discriminative description of the object and may be
useful for specific object recognition.
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