IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 2, NO. 4, DECEMBER 2000 225

Retrieval by Shape Similarity with Perceptual
Distance and Effective Indexing

Stefano Berretti, Alberto Del Bimhdvember, IEEEand Pietro PalaMember, IEEE

Abstract—An important problem in accessing and retrieving vi-  a low-dimensional distance-preserving space, with appropriate
sual information is to provide efficient similarity matching inlarge  transformations.

databases. Though much work is being done on the investigation g comhination is particularly ineffective in the case of re-
of suitable perceptual models and the automatic extraction of fea-

tures, little attention is given to the combination of useful represen- trieval by shape similarity. In fa.ct, it ha_s been verified that the
tations and similarity models with efficient index structures. feature vector model and Euclidean distance (more generally,

In this paper we propose retrieval by shape similarity using metric distances) between feature points are not suited to model
local descriptors and effective indexing. Shapes are partitioned perceptual similarity between shapes [18].

into tokens in correspondence with their protrusions, and each :
token is modeled according to a set of perceptually salient at- Several systems have addressed the problem of modeling the

tributes. Shape indexing is obtained by arranging shape tokens f:orresponden_ce betWeeﬂ th_e system and the huma_n similarity
into a suitably modified M-tree index structure. Two distinct judgement, without considering the problem of effective shape

distance functions model respectively, token and shape perceptual indexing. Among them, the QVE system [19], the Photobook
similarity. Examples from a prototype system and computational system [6], [20] and the system developed in [4].

experiences are reported for both retrieval accuracy and indexing h
efficiency. Shape retrieval has been tested under shape scaling, The QVE system [19] uses edge pixels as features. Shape

orientation changes, and partial shape occlusions. A comparative Similarity is obtained by computing the correlation between the
analysis of different indexing structures, for shape retrieval is query sketch and database edge images. Small shifts and distor-

presented. tions between the database images and the sketch are taken into
Index Terms—mage retrieval by shape, shape indexing, shape account by shifting the local correlation between the two blocks
representation. of the database edge image and the user’s sketch. This solution
does not allow indexing. To filter out non pertinent images, im-
I. INTRODUCTION ages in the database are aggregated according to a set of basic
templates.

I N RECENT years, visual information retrieval has become |, the photobook system [6], Sclaroff and Pentland have rep-
a major research area due to the ever increasing ratg&ented shapes as modal deformations of a prototype object.
which images are generated in many application fields. Visyglyge amplitude vectors indicate the amount of energy required
information retrieval systems support retrieval by visual contegy align two objects. Shape similarity is computed by consid-
by directly addressing image perceptual features such as cQlfhg distances between mode vectors. The authors do not dis-
[1]-[3], shape [4]-[8], texture [9]-[11] and spatial relationship g indexing.

[12]-[14]. A major problem in visual information retrieval is  pa| Bimbo and Pala [4], let the query sketch warp in order
the combination of useful representations and similarity modgls adapt to shapes in the database images. Shape similarity is
with index structures to provide efficient similarity matChinQ:omputed by minimizing a compound cost functional which ac-
in large databases. Commonly, perceptual facts are modeledgsnts for the amount of deformation of the sketch and the de-
feature vectors, such that the computation of their similarifyee of matching achieved between the deformed sketch and the
is reduced to evaluate the Euclidean distance between pofii$apase shape. Database shapes are analyzed sequentially.
in a multidimensional feature space. Point access metho,d?Jther systems have defined appropriate global features and
(PAMs) [15]-[17] are used as index structures. The ba%.'{;sed the feature vector model as an effective data model to per-

|de§1 of P_ﬁll\/lsdl_s to clusbter a point set into mullt|dk;men3|onq rm indexing in large databases. Although they support effec-
regions. The distance between points can only be compuf indexing, none of them takes into account the effectiveness

az anjt';ptnorm f’#Ch at? tr;etEucllqtga(mig)Eor Lhe Manhattan 8f retrieval with respect to human similarity judgement.
(L1), between their absolute positions. Each region is a no ®rhe QBIC [3] used a set of 22 global shape attributes

n the_m_dQX tr_ee. Effectiveness O.f the search is concerned Wi'l%luding area, circularity, major axis orientation, and a set of
the minimization of the overlapping between two or more tre ebraic moments. The 22-dimensional feature vectors are

nodes. In order to adapt feature vector dimensionality (which apped into a lower dimensional feature space, through the

usually large) with PAMs requirements, vectors are mappeddi tance-preserving Karhunen-Loéve transform. Indexing is
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Fig. 1. Similar tokens arranged in a different order can lead to complete
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@ (28,220)

(106,43)

(-50,275)

SR

(162,115) (149,96)
(159,65)

(162,95)

(b)

Fig. 3. (a) Shape of a horse and (b) the shape is partitioned at minima of the
curvature function. Each token is described through the features ., ¢, ).

[26], Grosky and Mehrotra in [27], [28], and Mehrotra and Gary

O in [29], [30].
Fig. 2. The anglé, is used to measure the orientation of the token in the 2-D Petrakis and Milios have approximated shapes as a sequence
space. of convex/concave segments between two consecutive inflec-

tion points. A dynamic programming shape matching algorithm

between edge histograms and the Euclidean distance betwsesrches for segment correspondences at various levels of shape
invariant moments. No indexing schema is proposed. resolution. Matching of merging sequences of consecutive seg-

In [23], maxima of curvature-scale-space (CSS) image ameents is allowed if this leads to the minimization of a cost func-
used to represent two-dimensional (2-D) shapes at differditn. Shapes are then mapped in a low-dimensional space, and
levels of resolution. Every curvature scale-space contopoints are indexed using di-tree.
represents a concavity or convexity of the original boundary. ToGrosky and Mehrotra have approximated shapes as polyg-
compare two sets of maxima first any possible change in orieanal curves: for each vertex, a local feature is defined by con-
tation is found, then two circular shifts to one of the two setdering the internal angle at the vertex, the distance from the
is applied. The summation of the Euclidean distances betwestjacent vertex, and the vertex coordinates. A fixed number
the relevant pairs of maxima is then defined to be the matchin§these local features is extracted from each shape. A shape
score between the CSS images. This representation has pragehus represented by an attributed string. Similarity between
to be robust under scaling, orientation and translation changego shapes is computed as #diting distancdéetween the two
A similar solution has been proposed by Daoeidal.in [24].  strings of the boundary features (i.e., the number of changes re-

The use of global attributes presents limitations in modelinguired to transform one string into another). A binary-tree is
perceptual aspects of shapes, and poor performance in the cased for main memory access. Secondary memory access is ac-
putation of similarity with partially occluded shapes. More efeomplished through a:-waytree.
fective solutions have employed local features, such as edgeBollowing similar ideas, Mehrotra and Gary have developed
and corners of boundary segments. They are based on the partietrieval technique known as Feature Index-Based Similar-
tion of the shape boundary into perceptually significant tokenShape Retrieval. Similarly to [27], they assume a polygonal ap-
This approach has been followed by Petrakis and Milios [25)}roximation of the shape boundary. This is represented as an
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procedure TokenDistance( Token r;, Token 7;)

{
deurvature = |curvature(r;) — curvature(r;)|
dorientation = |orientation(r;) — orientation(ry)]
dz'] = odeurvature + (1 - a)dorientation

Fig. 4. Procedure 1 used to compute the distance between two takens

determines the relative weight of curvature and orientation distance.

procedure ShapeDistance( Shape A, Shape B )
{
if (number of tokens in A > number of tokens in B)
exchange A and B

for each token a; in A
for each token b; in B
d;;=TokenDistance(a;, b;)

for each token a; in A
associate a; to the nearest token b; in B
that is not yet assigned to any tokens in A.
if(Viel,...,n di =d;; <4&)
then

d(AB) = 2uim

n

Fig. 5. Procedure 2 used to compute the distance between two shapes;

the maximum threshold allowed for token distances.

shape A

/]
U

//=

dALC) =0 /

d(AB)>0

Q“\ R

| K d(B.C)=0 |

// |
RN
d(A,B) > d(A.C) + d(C,B}

Fig. 6. Example of shape distance. Tokeng€oére a subset of the tokens of

A andB. It results thati(A, C) = d(B,C) = 0.
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Fig. 7. Measures of the distance between the original shape of a shark and
rotated shapes. The shape distance is normalizfd in.
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Fig. 8. Set of tokens arranged in the shape on the left are rearranged with a
different ordering on the right.

are organized in &dB-tree. The matching of one or more fea-
tures doesn’t guarantee full shape matching. Consequently, once
shapes with similar features are retrieved, shape similarity is
checked by overlaying each retrieved shape on the query shape
and evaluating the amount of overlap between them.

Since they are based on local boundary features, both
the approaches in [27] and [29] allow retrieval of partially
occluded objects. They also allow a part of the object boundary
to be used as the query example. Limitations are related to

m’ ape 8 the fact that similarity based on polygonal approximation

and Euclidean distance between boundary features has little
relation with perceptual similarity and cannot be employed
for generic shapes. Examples reported by the authors are in
fact polygonal shapes of man-made objects. Moreover, in
Grosky and Mehrotra’s system, sensitivity to small deviations
of feature values is critical to retrieval. If the features at the root
of two subtrees placed on the same level of the index have a
very small difference, and a slightly different version of one of
them is compared with both, the wrong path might be chosen,
thus leading to incorrect retrieval. To cope with this problem

ordered finite collection of boundary features. Each feature caelnd make retrieval more robust, Grosky and Mehrotra allow

lection represents one segment of the shape boundary. In om@deiges for each feature value in the index and consider the
to have a low number of segments, segments are defined whhee sharpest internal angles of the polygonal approximation
a fixed number of adjacent vertices. Boundary feature vect@sd the successive angles in ascending order. In Mehrotra and
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Fig. 9. Features of the horse shape of Fig. 3 are represented in the 2-D space of curvature and orientation. Feature clusters correspondsansinglishapet

Gary’s system, the effectiveness of the representation depesdape bends more sharply [33]. Following this approach, it is
on the number of vertices that are used to create a boundasgumed that partitions occur at points where the shape curva-
segment. However, a fixed-length chain of vertices almostre is minimum. These points identify tokens that correspond
never corresponds to a salient part of a shape. to protrusionsof the curve and can be used as signatures.

In this paper we are proposing retrieval by shape similarity for From a mathematical point of view, a planar continuous
generic shapes using local features and effective indexing usmgve can be parameterized according to its arc-lexagénd
metric trees. Each shape is partitioned into tokens in correspenpressed as
dence with its protrusions and each token is modeled according
to a set of perceptually salient attributes. Token attributes are e(t) ={z(t),y®)}, te€]0,1].
organized into anV/-tree [31], [32]. Differently from PAMS,
metric trees deal with cases in which the relevant informatidh Gaussian smoothing can be performed to obtain smooth
is concerned only with relative distances between objects rath@undary, and noise insensitivity. The curvatute) of c(¢) at
than with their absolute positions in a multidimensional spac®€ point{z(¢), y(t)} can be expressed as [23]

Objects are organized according to a partition technique based
on their distances from a reference object. In order to support A(t) = oy (t) = 2o (Bt (t)
retrieval based on perceptual shape similarity, shape similarity (@2(t) + y2 ()"

is measured according to a nonmetric distance defined as a com- ) ,
bination of token distances wherez,,y, andxy,y,, are, respectively, the first and second

This paper is organized as follows. In Section II, the loc&e"vatives ofx andy with respect tot. Let /> = {pi}i, be
representation employed is described. Based on this repred8f-Set of minima ofy(¢). If we assume that curvature(?) is
tation, a shape distance measure is introduced in Section FfNtiNUOUS, between two consecutive minimapi. there is
In Section 1V, the proposed shape description is combined wFHWaYS amaximum of(t), namelym., Iogated apm, - A fea- i
an M-tree index structure. In Section V, several retrieval eﬁgre Fhat significantly affects th_e Perc_ep“on ofa shape token is
amples are shown and considerations about the effectivenestoyidth (narrow tokens are distinguished from wide tokens).

the approach are expounded. A comparative analysis betwdh US€ the maximum value of token curvatutg to represent
the M-tree, theR*-tree, and thes'S-tree index structures for the token width: narrow tokens are associated with high values

shape-based retrieval is also carried out. of my,; wide tokens with low values af.,.. Shape perception is
also related to the way in which narrow and wide tokens are ar-
ranged: different arrangements result into completely different
shapes (see Fig. 1).
Many contributions have appeared pointing out the centralinformation about token arrangement can be preserved by re-
role played in the partitioning process by those points wherdaining the orientation of each token in the 2-D space. Given a

Il. SHAPE BOUNDARY SEGMENTATION
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tokenry, its orientatiorg,, is defined as the orientation, in polar - -
coordinates, of the vector linking the median point of the se

mentp,, — pr41 With the pointp,,,, , calculated with respect to Tol T2 - Tol %2
an absolute reference system (see Fig. 2).
According to this, each token is represented by two featur =, 771 [T %] %] [Ti[ %] ] [Tol 2] ]
(my, i) with m;, in [—180 180) andéy, in [0, 360). A generic l
closed curve, with N partition points, is represented by the se Tt T2
_ N
T(e) = lmu, b)Y [l 1[Gl [ J[Lltlisn]

As an example, Fig. 3 shows the shape of a horse, its toke —

1 2

and their descriptions.

The case in which a shape is a perfect circle (i.e., no minin
of the curvature function of the shape boundary are identifiec I EE R
is a singular case. In this case, the shape is represented b
unigque token with a null curvature and a do not care orientatic

Two shapes are considered similar if they share tokens w
similar curvature and orientation, according to an appropria.

[T Ta] | [Tl [ J[mles] J[T]%] |

T T
distance measure. 4
ll. USE OFTOKEN AND SHAPE DISTANCES (ol [ ] [lnltn]
A common result of many studies in the field of human
perception (see [34]-[36] among the others) is that the trianl 2l % 1 [Tl [ J[%[®] J[®&l%[w]
gular inequality does not hold in human similarity perception.
Ty | T2

As a result of this fact, the distance between two shapes, ¢
perceived by humans, is not a metric distance. On the othe
hand, a metric distance is necessary to effectively organiz T T ] [l
database items through multidimensional index structures liki
PAMs [15], [16] and metric indices [31].

Two different contrasting requirements are therefore set fol Tt %1% ] [To] [ J[%Tl%] [[%[%][%]
content-based retrieval by shape similarity. They are concerne
respectively, with fitting human perception and with the effi-
ciency of data organization and indexing. To cope with both
these requirements two distinct distance measures have been
fined: atoken distancand ashape distancel he token distance
is a metric distance and is used to provide a measure of the sir
ilarity between two tokens. The shape distance is a nonmetri
distance, defined as a combination of token distances, and [Z]ms L% % [T ]

used to derive a global measure of shape similarity which fits \ SRR (/ U / \ “ \}

r=0.08

humans’ perception. Indexing is performed at the token level

by exploiting the metric properties of token distance.
Given two generic tokens; and, their distance is com- Fig. 10. Organization of tokens of Fig. 9 into tie-tree structure, using

puted according to Procedure 1 of Fig. 4. mM-rad split policy. The cluster size is assumed to be equal to three.
Curvature and orientation distances are combined in a

convex form. The parameter € [0, 1] weights the contribute part of B corresponds to the left part 6f and A; its right part

of curvature and orientation in distance computation. Since tienot present in botkl andC.

token distance fulfills the triangular inequality, the token space Fig. 6 shows that shape distance doesn't fulfill the triangular

(mu, 6x) is a metric space. inequality. This can be easily proved: Assume that the triangle
Given two generic shaped and B, with n andm tokens inequality holds. Then, gived, B, andC, with m, n and! to-

respectively (it is assumed that< m; if this is not the cased  kens respectivelym > n > 1), it follows that

andB are exchanged), their distance is computed by combining

the similarity of their tokens according to Procedure 2 of Fig. 5. d(A,B) < d(A,C)+d(C, B). 1)
This procedure allows the computation of shape similarity

even in the case of partial shape occlusions. In Fig. 6, an exampléssume that tokens @f are a subset both of tokens Bfand

of shape distance computation is shown. Three shapés A, that is

and C are considered4 represents the contour of a horge.

is obtained from shapé by occluding its right portion. The left T(C)cT(A) and T(C)CT(B)
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Fig. 11. Token of a query shape is used in the index of Fig. 10. Nodes with nonrelevant tokens are filtered out by evaluating the distance betwetrkére quer
and the routing objects.

50 T T T T
optimized PN

According to the definition of shape distance
45 standard e
d(A,C)=0 and d(C,B)=0. (@ gef .
(=]
Sl i
Assume that at least one tokenhis not present im: :gim | |
=1
[T(A)NT(B)] C T(B) cal i
then S0 \ e
< L,
W15+ T -
d(A, B) > 0. 3 oh e ! |
L . sL M i
By combining (2) and (3) it follows that 5 |
0 0 20 40 50 60 80 100

d(A,B) > d(A,C)+ d(C, B) Hode size
which contradicts the initial hypothesis (1). Since there is at leddg. 12. Percentage of read operations (as a function of the node size) for the
one condition that makes triangular inequality invalid, the initia({jfi'h”;'f;‘:i r"’(‘e”ghzt;’e“fﬁ; g gaege”a"ers'”g procedures with respect to a linear scan
hypothesis is false in the general case. '

Token curvature and orientation attributes are invariant Wi%h

respect to the size of the shape. According to this, the shagjégc\llg:j\ggzi&a}gfi‘:;yc(;cnc#é?i‘i scr;?ﬁ:jt'elg the reference token is
representation is scale invariant. . ' .
Whether an absolute reference system (as used in the pres?ﬁ;thape distance does not depend on the ordering of tokens

implementation) or a local one is selected for token orientatio ,ong the curve. This can determine retrieval of false positives

different properties are obtained for the shape representati T Fig. 8). However, since token orientation is considered with
respect to an absolute reference system, the degrees of freedom

An absolute reference system results into nonrotation invari: :
ance. In fact, rotation of the shape affects the orientation of eaocfhtOken arrangements are highly reduced.
token. However, similarity gracefully decreases as the rotation
of the target shape is increased, as shown in Fig. 7.

On the other hand, a local reference system (the orientatiorin that a generic token is modeled as a point in the two-di-
of one of the tokens can be used as a reference, and the othensional (2-D) feature space of curvature and orientation, the
token orientations are computed with respect to it) while resultspresentation of a generic shape results to be a set of points in

into rotation invariance, presents inefficiency in the case of rthis space, as shown in Fig. 9.

IV. SHAPE INDEXING USING A MODIFIED M-TREE
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Fig. 13. Sketch representing a bottle and the corresponding output of the indexing process.

Shape tokens are stored in&htree indexM -tree organizes  Each node entry has the following format:
tokens as a hierarchical set of clusters, each of which is identi-
fied by arouting object (i.e., the center of the cluster), and a entry(r;) = [ri, ptr(T(7;)), 7(7:), d(7i, P(7:))]
covering radius which determines the maximum distance be- ) ) )
tween the routing object and each tokens included in the clust¥Pere7: is the feature vector of the indexed token if the node
When the tree is built, the level at which each token has to be@ !€af, the token identifier otherwisptr(7'(r;)) is a pointer
located is determined through the following process: each n&hfhe root of the sub-tre€(7;), which includes ali; such that
entry is compared with the routing objects at each level; tigeir distance from; is less than the covering radiugr; ), that

tree traversing path is determined by selecting the routing dB-
ject which requires the minimum increase of the covering ra-
dius to include the entry in the cluster. At the leaf level, if the

!eaf node selected is_full (node overflow), a split of the clustet ine |eaf nodes, ptr) is replaced with the identifier of the
is performed. The split can propagate from the leaf to the um%‘ﬁape to which the token belongs; ad(d;, P(r;)) represents
nodes, up to the root. the distance between the node entry and its parent tBke);

I_Different split po_Iicies can be ‘,{Sed- We con_sidelreMRad distanced is a metric distance which is calculated according to
(minimum of Maximum of Ragljiand MLB-Dist (Maximum p.o-aqure 1 of Fig. 4.

Lower Bou_nd on DistangeThey differ in the way in 'which Distancesi(r;, P(r;)) andr(;) are precomputed so that the
routing objects are promoted when a cluster split occurg;,

_ v ! : “'Mumber of accessed nodes and the number of distance compu-
mM-Rad promotes as routing objects the pair of entries whiglinns are reduced at search time.

have the minimum of the maximum of covering radii (thus re- jen a query tokem, and a range, a range query selects
ducing the extension of covering regions)i.B-Dist, promotes .| the database token;such that

the two entries that are at the greatest distance (thus reducing

the overlapped area). Fig. 10 shows the organization of the d(ri,7,) < 7.

tokens of Fig. 9 into thél/-tree structure, using th@M-Rad

policy. Cluster size is assumed to be equal to 3. Triangle inequality isusedto prune a sub-tree from a search

d(’/}j,’/’j) S 7’(7'7‘,) \V/Tj in T(Ti);
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Fig. 14. Sketch representing a horse and the corresponding output of the indexing process. If two different shapes in the same image matchpbetheary sha
the image appears twice in the result set (fifth and tenth ranked images, sixth and eighth ranked images, match the query sketch with two défgrent shap

path. In fact, according to triangle inequality pared with respect to the number of read in the case of a linear

scan. Curves are plotted as a function of the node size. As an

if d(7i,74) > 7 +7(m), example, if the node size is 50, with a standard tree travers-
thend(r;,7,) > r Vr;inT(r;) ingprocedure 85%100% — 15%) of read operations are saved

it |d(P(r),74) — d(rs, P(r:))| > 7+ () with respect to a linear scan of the database. The use of the
i AT s optimized traversing procedure allows the system to save 93%
thend(r;, 7q) > r +r(7) is true (100% — 7%) of read operations.

and computation of distane#r;, 7,) can be avoided. V. EXPERIMENTAL RESULTS
A generic query, searching for shapes similar to a shape ex-
ample, is handled as a multiple token query. Tokens of the queAry
shape are presented to the index (see Fig. 11). Shape identifieiSigs. 13—15 present examples of retrieval by shape similarity,
at the leaf level are used for shape integrity. Once similar tokemsing a prototype system which implements the proposed solu-
are retrieved, shape distances are computed separately (usorg The test database contains 1637 shapes of objects extracted
Procedure 2) for each set of tokens with the same shape idefrim 20th century paintings. Each shape has been sampled at
fier. 100 equally spaced points. Descriptions have been organized
The standard tree traversing algorithm has been optimizedito the M -tree index structure, according to the procedure dis-
reduce the number of read operations. The comparison betweassed in Section IV.
the tokens of the query and the tokens stored in the tree node athe user can make the search more or less selective, by
a generic level can eventually produce the same search pathatanging therust factor The trust factor defines the minimum
levell+ 1, for several query tokens. To avoid that the same nodenilarity threshold of token distance. High values restrict the
is loaded from secondary memory several times, only one readximum distance admitted between tokens; this also affects
is performed for multiple requests. the number of similar tokens retrieved. The user can also set
Fig. 12 shows the percentage of read operations that are sabedmaximum number of images retrieved through the slide bar
using optimized and standard tree traversing. Plots are coimages

Retrieval Examples
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Fig. 15. Sketch representing a part of a horse shape and the corresponding output of the indexing process.
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In Fig. 13, it can be observed that the retrieval is insensitiv"’ % precision o
to slight shape differences (e.g., artifacts in the neck or in tt 95 recall -+ 4
body of the bottle). 90

Fig. 14 shows retrieval results for a more complex quer gs
shape. The best ranked images include shapes of similar obje . |
with different postures; neither the difference in the number ¢ .
legs of the animals, nor partial occlusions affect the quality T +
the retrieval. 0T .

Fig. 15 shows an example of retrieval in the presence of sha¢s | -
occlusions. Although the query shape represents only partoft . |
horse’s shape, all best ranked images include shapes simila
the query shape. 3

50 1 I 1 I I 1 I
0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8

trust factor

B. Performance Analysis
Fig. 16. Recall and precision as a function of the trust factor.

Performance has been analyzed in ternretfeval accuracy
andindexing efficiency 1) Retrieval Accuracy:

Retrieval accuracy is concerned with the effectiveness a) Quantitative analysis:For a given query, lef” be the
of shape retrieval at bothuantitative and qualitative level. total number of relevant items availablg, the number of rele-
At quantitative level, precision and recall are computed. A@antitems retrieved, arit. the total number of retrieved items.
qualitative level, we measure to what extent the system agré@scision? is defined asR,./T,.; recall R as R,./T. Shapes
with human perception. Indexing efficiency is evaluated bin the test database were clustered by similarity, by a human
comparing the modifiedM -tree index with respect to the operator. Therefore, for each shape belonging to one of these
R*-tree [15] andS S-tree [37]. clusters, the exact numb#&rof similar shapes in the database is
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type of occlusion

oblique vertical horizontal

S

Fig.17. Occluded shapes used in the partial match experiments. From the original horse, the shape boundary is occluded for 60% and 30% ofakssength. Oc
are: oblique, vertical, and horizontal.

100 T T T T

. I.
precision
recall -

known. Using these shapes as query sketches, valugsaoid
‘P as a function of the trust factor are shown in Fig. 16.

To analyze the extent to which the system can cope with 080
clusions, experiments were carried out, using 20 test shapes.
each shape three distinct degrees of occlusion corresponding ¢,
0% (the original shape), 30%, and 60% of the shape conta
were defined. For each of them, three different directions of o
clusion were considered: oblique, vertical, and horizontal (s¢4
Fig. 17).

Fig. 18 shows averadg® andP as a function of shape occlu- ,, | 4
sion.

b) Qualitative analysis:For this analysis, 22 sample im-
ages representing bottles and three reference bottle sketc " ” ” 0 p” =
were considered. The sample images, and the query sketct
are the same as those used in [4]. They are shown respectively,
in Figs. 19 and 20. Fig. 18. Recall and precision at different degrees of occlusion.

% of shape occlusion
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14 12 13 i 15 16 3

Fig. 19. Test set of 22 images from Morandi’s paintings [4].

We collected answers from 42 people, all with a university
education. They are workers and students in the art field (23),
engineering (12) and literature (7). For each reference sketch,
people were asked to assign to each image a scofe, in
representing the perceived similarity between the query sketch
and the shape represented in the image. For each of the 22
sample images three statistical functidng(i)}5_, were de-

rived, representing the ranking of th¢h image W|th reference

to the sketcly. For each functiom;(¢) an average valug; ()

and a standard deviatiar} (i) were computed. These represent

the average ranking of thi¢h image for thejth sketch and the Fig. 20. Sketched templates used in the test.

agreement about a ranking close to fé:)-th rank, respec-

tively. Finally, for each imagé and rankk, a function@;(4, k) resenting the agreement on the most similar bottles. TOKEN re-

with values in[0, 100] was defined, representing the percentaggeals an average agreement of 80% for all three shapes, which

of people that ranked théth image in thekth position with shows itself to be better than QBIC (66%) and QVE (56%). Itis

reference to the sketch also close to ETM (88%) (though, this method does not support
We considered, for each sample imaged reference sketchindexing).

J, a window of widths;(i) centered in the similarity rank  All four solutions show a minimum of the average agreement

P;(¢) given by the token similarity algorithm. The measure dfunction, for the sketcH. This is due to the fact that only few

the agreement; (i), between the system and human similaritglongate bottles were in the test set, which are ranked in the

ranking for a reference sketchand a sample imagg was highest positions.

represented by the sum of the percentage of people who rankewith respect to QBIC and QVE, TOKEN shows the highest

the i-th image in a position betweeR;(i) — [o;(i)/2] and values for the absolute minimum and maximum of the agree-

Template T1 Template T2 Template T3

Pj(i) + [0;(2)/2]. Therefore,5; (i) is defined as ment functionS(-) for all tested cases.
. 2) Shape Indexing EfficiencyPerformance of indexing is
P+ =51 measured in reference to two different data sg¢thereal image
S;(4) = Z -Q; (i, k). data set, which includes about 15 000 tokens from 1637 shapes;
k=P, (i) — [ 2227 i) thesynthetic imagelata set, which includes shapes obtained
with an automatic generation process.
In Fig. 21, plots ofS, (¢) as a function ofF; (i) are presented a) Real image data:We compared thé/-tree, R*-tree,

for the proposed approach (TOKEN), the QBIC system (versiamd.S S-tree with respect to 1/O and CPU requirements to build
described in [3]), the QVE [19] system, and the elastic matchirtige index and average searching. Experiments were performed
approach (ETM) [4]. Only ranks from one to six are shown regvith different node sizes. This allowed the evaluation of per-
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Fig. 21. Comparative results for retrieval effectiveness for the TOKEN based shape description, QBIC, QVE, and ETM. Plots report the agreesyetérof the
in ranking shapes in accordance with the human perception of similarity. QBIC, QVE, and ETM results are those reported in [4].

formance change with the number of entries in internal and leBf -tree as to the number of distance computations. A small
nodes, as well as the extent to which different block sizes in sewde size reduces the number of distance computations, while
ondary memory affect system response. the opposite results for I/O operations.

The M -tree is tested under two node-split policieg-Rad In Fig. 23, plots indicate growth of the index (in terms of
and MLB-Dist. Plots of Fig. 22, indicate the number of disnumber of nodes (a) and tree height (b)), as a function of the
tance computations [Fig. 22(a)] and the number of I/O operaede size. The largest tree is thie-tree with themM-Radsplit
tions [Fig. 22(b)] as a function of node size in the tree buildingolicy while the smallest is th8 S-tree.
phase. Average searching is tested for a set of range queries. Range

As the number of node entries increases, the number of digteries are performed using tokens randomly selected from
tance computations increases and the number of I/O operatitims real data set. Fig. 24 shows the number of leaves that are
decreases. Fig. 22 shows thief-tree andR*-tree require a read for range queries with different search radii. Each plot
similar number of I/O operations, where&&-tree outperforms is obtained by averaging 100 trials. Thevi-Rad split policy
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Fig. 22. (a) Number of distance computations (as a function of the node size) ta\fuitde, 2*-tree, andS.S-tree. (b) Number of I/O operations to build
M -tree, R*-tree, andS S-tree.
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Fig. 24. Number of leaves read for range queries with different search radius. Values are expressed as percentage of the total number of le#fe=fdr two d
search radius: (a) 0.1; (b) 0.3.

produces larger trees than those generatedh-Dist but Fig. 25 shows plots of the tree building cost as a function of
presents the best performance of response time. data set size. The number of /O operations and distance compu-
The percentage of nodes read withtree indexing has beentations indicated in (a) and (b), are expressed as average values
compared to a linear scan of the shape database. From 85%otceeach token inserted.
90% of blocks read in the secondary memory are saved in thePerformance of range queries is analyzed under the assump-
average for each query. tion that the data distribution is uniform. This is the worst case
b) Synthetic image dataTokens in the synthetic imagecondition: the large overlapping area between adjacent nodes
data set are automatically generated using a clustering algequires that a large number of internal nodes and leaves is vis-
rithm, that produces sets of different sizes and data distributioited. The average number of I/O operations and distance com-
Two different conditions of uniformly distributed and clusteregutations, for different data set sizes, is plotted respectively in
data are considered. In all these experiments the maximiig. 26(a) and (b). Plots display a similar trend for the three
number of node entries has been set equal to 50. index structures. ThemM-Radexhibits the best performance.
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Fig. 25. Tree building cost as a function of the data set size: (a) average number of I/0 operations; (b) average number of distance computations.
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Fig. 26. Cost for a range-query as a function of the data set size: (a) average number of read operations; (b) average number of distance computations.

Seven different data sets of 50 000 tokens are considered to
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