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Abztract

The objectrve of thiz paper 1= twofold: to zather real world samples
for a subset of the standardized sat of 260 line drawingzs mtroduced

by Snoderass and Vanderwart [4] and to test the performance of the
representative shape context method for rapid retneval of simular
shapes miroduced by Mon ot al [1]. Te experiment wath the
axpressive power of the shape context at different location n the
mmage, we introduce a modification to the representatrye shape
context method, which draws representatives from a distnbution
based on the pixel density of the 1mage 1Im a grven area.
Furthermore, we test the performance of the reprezsntative zhape

context method for detechion of thesa objects when embedded mn an
arbifrary emvironment. We fnd that the performance of the

representative shape comtext method 15 slightly worse on hand-
drawn images than on synthetic data presented in [1]. We also find
that the density based sampling methods perform worse than the
origmal method. Finally, we find that the representative shape
context 1 1tz onginal form 1= highly affected by the prezence of
clutter and 1z not appropriate to recognize objects when embeddad

m an emvironment. However, results suggest that a zamplms
method that mcorporates both spatial considerations and demsity

measures mayv mprove query performance for embedded objects.

1 Introduction

The shape context, a recently introduced shape descriptor by Belonzie et al. [3], has
proven to be accurate at matching simular shapes. In [1], Mor et al. dinide the shape
matching task mto two stages: fast pruning, during which a small sat of candidate
shapes are retnieved, and dstailsd marching, during which a more expensive and
accurate matching procedure 1z applied to only the candidate shapes. They describe
too methods for the fast retneval of simular shapes: reprecentative zhape comrext
and shame:z. Both of these methods are basad on matchme shape contexts between
the query mmage and the known 1mages m the dataset using the nearest neighbor



algorithm. The followinz a basic descniption of the representative shape confext
method, which we have used to conduct our experiments.

A zhape 1= represented as set of pomnts P= {p;. p;. ... pe; sampled from the internal
or external outline of the 1mage. At sach of these points, the shape contexr 15 the
histogram of the relatrre locations of the remaming points of the shape. To ensure
that the shape context 13 more sensifive to nearby pomts than to points further away,
bz that are umform 1 leg-polar space are used to obtam thiz histogram
corrasponding to the shape context.

Using the X distance az a metric to represent the cost of matching two shape
contexts the problem of shape matchmg can be reduced to the weighted bipartite
matching problem, which can be done m 0w’ time using the Hunganan method,
where n 1z the number of ;:n-::uu:rc-sr to be matched Although thiz method gives highly

accurate matchinz results, it 13 computationally slow, hence should be a]:-plled to
only a small set of candidzta shapes.

To obtamn this small set of candidate shapes Mon et al. [1] present the following
simple method.

1. Represent the guery image by A small number of shape context
descriptors

2. Calculate the cost of 2 match between the guery shape and a
known shape as the sum of costs between a query shape context
and the closest shape context of the known shape by performing
nearest neighbors search

3. Return a short 1list of known shapes of the rfist K bDest
matches

It 13 mmportant to note that as a result of the coarse matching, the matching does not
obay the one-to-one mappme between query and known shape contexts.

2 Real life data zet of line drawings

In [1], Mon at al. propose that although the shape confext descniptor 13 not 1mranant
under arbitrary affine fransforms, due to the log-polar coordinate zystem of the
shape context, small local chanses in the imase result in correspondingly small

changes 1n the shape context. Thesa small local changes would melude distortions
dus to pose change and i.m:rcl-::ategm varations. Due of the lack of multiple

mstances within the categories in case of the Smodgrass and Vanderwart line
drawings, to test the performance of these pruning methods Belongie et al. usad the
thin plate spline (TP5) model to create a synthetic distorted set of images for
quarying. To verify the performance of the representative shape context mathod on

real world situations we have gathered a real world dataset.

2.1 Snodgrazz and Vanderwart line drawingsz

In [4] Snodzraszs ot al. presented a standardizad zat of 260 pictures to mvestigate the
differences and simularthies 1 the processing of pictures and words among human

subjects. Pictures 1n this set were salected based on three cnitena: “first, that they be
unambiguonsly picturable; sscond, that they include exemplars from [...] the

category norms of Bathng and Montague; and third, that they represent concepts at
the basic level of categonzation.” [4]. The followang 15 the 15 categones definad by
the Batting and Montague: four-footed amimal, kitchen utensil, arficle of furmiture,
part of the human body, fruit, weapon, carpenter’s tool, article of clothing, part of
bulding, mm=ical ]J]EI:I'IJ.'I'.'DEI'.'I.‘I'__ bird, tvpe of wvelicle, tov, and msact. The 5&]E+:ted



pictures wers sftandardized bazsed on four vanablez that are relevant to human
memory and cogmtive processing: name agreement, mmage agreement, famuhanty,

and visual complaxity [4].

1.1 Procedure for gathering real life data

We gather 6 zamples for a subset of size 30 of the onginal Snodgrasz and
Vanderwart line drawmmzs. When szelecting the 30 objects, we fried to obey the
second criteria usad by [4] and selected objects from most of the 13 categories. A
List of the objectz zelected can be found m the appendix. Since the ambizuity n
verbal description of objects could pozsibly lead to too large vanation wathin classes
of shapes and m pose we adopt the following method for acqunng ocur samples. Our
subjects are prazentad with a zample shape for a zhort interval of 1 second and are
allowed an arbitrary amount of time to draw their image. Fizure 1 shows an example
of a kmown shape and some hand-drawn shapes that correspond to i1t. The slideshow
used to acqgurs our samplez can ba viewed at
hitp./'nck ucsd edu/~gvozoimages him. Images zathered are scanmed and cropped
to 300 by 30 pmxel binary images.

Fizure 1: Image mn the laft shows an mstance of 3 kmown 1mage. Images to the nght
of the known 1mmage are samples taken for this object.

3 Performance of the reprezentative thape context method

We test the ongzinal representative shape context method uzing the 300 hand-drawn
guery shapes and the 30 onigmal, kmown 1 Images. A guery of a hand-drawn shape 15
successful 1f the corresponding knovwn shape 1= included 1n the set of retneved
candidate shapes. From [1] we adopt the termunolozy and call this set the shost Jist.

Figura 2 shows the results mn terms of error rate for varying pruning factors.

In fugure 2, as well as in rest of graphs m the paper, error rates are shown for
various prumng factors on a leganthmie seale. For a retmeval of k candidate shapes
from a set of known shapes of size [), the pruning factor 1z defines as P=0D/Ek In
our case, when the P = 1, the length of the short hist £ 13 30 (1.2.: all shapes from the
database are on the short list), and hence the error rate 15 0. When F = 30, the langth
of the short hist contams 1 candidate shape only and the error rate 15 0.47.



