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A b s t r a c t .  One of the strongest cues for retrieval of content informa- 
tion from images is shape. However, due to the wide range of trans- 
formations that an object might undergo, this is also the most difficult 
one to handle. It seems that shape retrieval is one of the major barri- 
ers nowadays on the way of image databases to become commonly used. 
Common approaches use global attributes (Faloutsos et al. [1]), feature 
points (Pentland et al. [2]), histograms (Jain and Vailaya [3]), or phys- 
ical models of deformations (Del Bimbo and Pala [4]). We present an 
approach for shape retrieval from pictorial databases which is based on 
invariant features of the image. In particular we use a combination of 
semi-local multi-valued invariant signatures and global features. Spatial 
relations and global properties are used to efiminate non-relevant images 
before similarity is computed. Common approaches usually don't  handle 
viewpoint transformations more complex than similarity and require the 
full shape in order to compute image features. The advantages of the 
proposed approach are its ability to handle images distorted by different 
viewpoint transformations, its ability to retrieve images even in situa- 
tions in which part of the shape is missing (i.e., in case of occlusion or 
sketch-based queries), and its ability to support efficient indexing. 
We have implemented our approach in a heterogeneous database hav- 
ing a SQL-like user interface augmented with sketch-based queries. The 
system is built on top of a commercial database system, and can be acti- 
vated from the Web. We present experimental results demonstrating the 
effectiveness of the proposed approach. 

1 I n t r o d u c t i o n  

The area of  pictorial databases  has become recently a subject of  extensive re- 
search. Large databases  of  images are used in different applications including 
mul t imed ia  systems,  medical  imaging  systems,  documents  systems and so forth.  
The  mos t  c o m m o n  form of retrieval is based on image content.  For mos t  of  the 
applicat ions content  is defined in terms of  three basic components :  color, shape 
and texture.  This paper  concentrates  on shape-based retrieval. 

Various approaches for shape retrieval differ by the features used for rep- 
resenting the image and for indexing, as by the different ways in which the 
pictorial  informat ion  is organized to allow effective retrieval. Several works use 
global numerical attributes for indexing and retrieval shapes [1, 5, 6]. The  dis- 
tance between two images is obta ined as the weighted Euclidean distance in 
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a n-dimensional space of features. Another form of shape description is based 
on feature points, like corners and high-curvature points, detected from the 
image [2, 7, 8]. Other approaches use symbolic string representation of the im- 
ages [9], histogram of the edge directions of the image [3], or elastic matching of 
user-drawn sketches [4]. 

Common approaches, while providing good accuracy and efficiency, still suffer 
from instability as a result of viewpoint transformations. An additional disad- 
vantage is the requirement of the full, unoccluded shape in order to compute the 
needed image features. Some approaches (e.g. [4]) try to overcome the different 
deformations by using physical models (e.g elastic deformation energy). As they 
do not address the general geometric transformation it will be hard for them to 
handle the full spectrum of the transformations, as well as situations where part 
of the shape is missing. In order to handle such situations local invariant features 
should be used. The most popular and well-studied kind of local invariants are 
the differential invariants, i.e. invariants that  are based on derivatives of differ- 
ent order. The main disadvantage of this kind of invariants is their sensitivity 
to noise, resulting from their differential character. Hybrid, or semi-differential 
invariants try to combine the advantages of the global and local approaches. 
Moons et al. [10] present a general theory of local semi-differential invariants. 
Bruckstein et al. [11, 12] use locally applied global geometric invariants. 

In this work we at tempt to overcome the limitations of the common ap- 
proaches, namely a restriction of the viewing transformation to similarity, and a 
requirement for a complete, unoccluded input image. We use features, invariant 
for wide range of viewpoint transformations, including affine and perspective. 
Shape similarity is measured using semi-local multivalued invariant signatures, 
that allow to handle situations in which part of the shape information is miss- 
ing (i.e occlusion or sketch-based retrieval). To efficiently handle such cases we 
introduce a data  structure, the conta inment  tree , that  exploits the topological 
structure of the image. This structure supports indexing mostly in sketch-based 
retrieval. In this paper we present a series of experiments done on a heteroge- 
neous database system which we build to test our approach. The system allows 
to query images by logical or shape descriptions (query by example), or com- 
bination of both. It has an interface to the Web, providing a convenient user 
interface. 

The paper is organized as follows. In Sections 2 and 3 we present our ap- 
proach for invariant-based retrieval. Section 2 presents the machinery needed for 
indexing and retrievM with full and partial shape information, while Section 3 
describes the query processing itself. Section 4 presents variety of results us- 
ing our approach for retrieving images from three different databases. Section 5 
contains the concluding remarks. 

2 I n d e x i n g  a n d  i n v a r i a n t s  

The purpose of indexing is to support fast retrieval from the database. Usually, 
two requirements are imposed on features used for indexing: the features should 
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allow for substantial reduction in the number of candidates from the database, 
and a feature-based distance function should exist which supports ranking of 
images according to their distance from the input image. 

As primitives for shape description we use various geometric entities. We 
exploit these entities for filtering the database while searching for a candidates 
set of images which answer a query. Features on which the description is based 
include various properties varying from the number of the different geometric 
entities, their dimensions and positions, to some topological relationships. Our 
approach emphasizes the use of geometric invariants which provide a good mean 
for indexing while supporting ranking. Different features are used for extraction 
of descriptors that are invariant under various transformations. Note that  dif- 
ferent applications may allow for different kinds of invariants. In applications 
that use images of trademarks, for example, similarity invariants are usually 
enough. For some other applications, however, a wider set of transformations, 
aifine or projective, may be required. The applicability of a certain feature for 
indexing can be adjusted as well to the class of transformations derived from the 
application at hand. 

Our invariant representation of objects is based mainly on semi-local multi- 
valued invariant signatures. These signatures provide a measure of distance be- 
tween two curves, which allows us to rank images according to their distance 
from the input image. Below we describe the extraction and matching of such 
invariant signatures. 

2.1 S e m i - loc a l  m u l t i v a l u e d  i n v a r i a n t  s i g n a t u r e s  

Invariant signature is a function of a curve, calculated pointwise, and invariant 
for a given set of transformations. Invariant signatures can be used for recog- 
nition of planar curves. The important  property of invariant signatures is their 
applicability in situations where the input curve is partially occluded. Having 
an invariant signature, curve matching reduces to matching signatures. 

In order to calculate an invariant signature, one should find a local invariant 
for the given set of transformations, and apply it at each point of the curve. Our 
approach follows the one presented in [11, 12]. First, the curve (object bound- 
ary), given in arbitrary parameterization, is reparameterized invariantly, using 
the lowest possible order of derivatives. Formally, for a given planar shape trans- 
formation set Tr  : R 2 -+ R 2, and for a given curve P( t ) ,  having an arbitrary pa- 
rameterization, the target is to find an invariant reparameterization P(v)  so that  
if P( t )  and P( t )  are related via P(~)  = Tr  then P(~) = T r  To)]. 
In other words, the reparameterization is invariant if the corresponding points 
have the corresponding parameter  value, up to some constant cyclic shift. 

The equations for invariant reparameterization are obtained using the differ- 

ential properties of the viewpoint transformations. Let's define K~'m[x, ylt] ~= 
x(~)y (m) - x(m)y(n) . For the similarity transformation Tr  (u) = fi = a U ~ u  + v, 

K12[x' Ylt] dt is an invariant, where U~ is a rotation matrix,  we obtain that  dr = IPP 

generalized arc length, reparameterization. 
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For the affine transformation T~(u)  = fi = Au + v we obtain that for 

dT* = ]K1,2[x, yidI ~ dt, d~* = IKI'2[~, ~l~l ~ dt  we have e* = idetAi ~ T* + ~ .  
This gives us linear scaled invariant reparameterization. In the particular case 
IdetAt = l,  the reparameterization is absolutely invariant. Exploring further the 

I d I Ii~'4[x,y'r*l . 
properties ofa[fine transformation, we obtain that dr = d--7-z l~'~':'[x, yir*] ~/~ dr 
is a non-scaled affine invariant reparameterization. 

The implementation of the reparameterization process intends to reduce the 
influence of the noise. First, the contour is transferred to a parametric form by B- 
spline approximation. Since we want the spline value at a certain point to depend 
on the coordinates of the contour points in a sufficiently large region, so that the 
influence of a small error in the edge detection is diminished, we adopted the 
technique used in [13]. The solution subsamples the contour, computes the spline 
values and averages the results for different positions of samples on the contour. 
So, the first sampling set consists of each /-th point on the contour, the points 
next to the chosen ones form the second set, etc. Thus, no information is lost, 
because each point participates in some sample. After the B-spline representation 
of the curve is obtained, the reparameterization is straightforward. 

The computat ion of the semi-local signature is based on geometric features, 
that  stay invariant under the viewpoint transformation. Under similarity trans- 
formation, ratios of lengths, ratios of areas and angles stay invariant. Thus, 
we can use those invariants locally to generate signature functions of various 
types. After the invariant reparameterization is completed, the two curves P(7-) 
and P(~) are related by ~)(~) = T r  + ~0)]. This equation shows that  one 
can compute the ratio of lengths, or the angle between, the segments defined 
by ( P ( T -  SB), P(T))  and (P(v) ,  P ( v  + SF)) for a priori chosen values SB and 

5[P(T),P(~- + SF)] and the angle formed by the SF (locality parameters). Thus 6 [ P ( v ) , P ( v -  sB)] 
points as functions of r are invariant signature functions (see Fig. l(left)). 

~F'(~'),P(~'- ~n)] P(~. _ ~ ~ ~ : ] ~ - I  ~[P(i)~P@+~ + ~.) 

P (~-) 
~ - ~ ) ~  

Fig. 1. Semi-local invariants. On the left - invariants for similarity transformation. On 
the right - invariants for the affine transformation. 

Under affine transformation, areas are uniformly scaled by det A. This fact 
implies that  the ratio of areas is affine invariant. Assuming that  an invariant 
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parameterization was already obtained for the curve, we can choose four val- 
ues for r: TBI,TB2,TF 1,TF~, and calculate at each point P (v)  the ratio of ar- 

Areazx(Pp~,P(~-),PF~.) where PB1, PF1,PB2, PF~ are defined using locality eas, Areazx(PB2 ,p(~.),pF2) 
parameters as for similarity case. This quantity is an invariant signature as a 
function of the invariant "arc length" v (see Fig. l(right)).  

If the locality parameters set is let to be free parameters rather than setting 
them in advance, we obtain a whole range of invariants at each point rather than 
a single value (Bruckstein et al. [12]). The signature functions for curves become 
signature vectors or even continuum of values, i.e., surfaces or hypersurfaces. 
Matching them is less sensitive to peculiarities that  may exist at some fixed 
pre-set value of the locality parameters. 

It is important  to note that  since, in the general case, there is no correspon- 
dence between the initial points of the curves, the corresponding points on the 
curves have, after the invariant reparameterization, the same parameter value 
up to unknown constant cyclic shift value. This fact adds to the complexity of 
the matching process. 

We designed an effective automatic matching procedure, that  can handle im- 
ages distorted by affine and similarity transformations, and situations in which 
image is partially occluded. To match two signatures, we map them to the matri- 
ces with the number of rows equal to the number of signatures in the multivalued 
signature, and the number of columns equal to the number of the samples. In 
order to estimate the unknown value of relative cyclic shift, we exploit reference 
points. As a reference point we use the signature extrema. Minimizing the dif- 
ference between the matrices over all checked shift values provides a measure for 
the distance between the signatures. 

Values of the invariant perimeters of the same curves, up to transforma- 
tion, may differ due to possible error in the edge detection process (see Fig. 2). 
We map the signatures having different invariant perimeters to matrices with 
the same number of columns and calculate the difference, while taking the dif- 
ference between the invariant perimeters into account. The differences between 
two multivatued signatures is given by 

Ej=o (Minp(~,)) - M,b(i,j)) ~ maz(pl,p2) Diff{Sinp, Stib) rain ~'-]~---~ /v-I . = 

sheSh L x N min(pl,p2) 

where N is the number of signatures in the mult ivaluedsignature,  L is the 
number of samples, s l  and s2 are the compared signatures, j = (j + sh) modLev, 
Sh is the set of all the checked shift values, p t  and p2  are invariant perimeters, 
and p is a positive constant. 

In order to speed up the matching process, we exploit the signature his- 
togram. This feature is independent on the starting point. The low-dimensional 
histogram allows for using of efficient data  structures, like R-trees, for the database 
organization. First, signature histograms are compared. Only items close enough 
to the input curve are matched using the whole signature. 

The total difference between the images is taken to be the average of the 
distances between the corresponding curves: 
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Fig. 2. Reparameterization inaccuracy. (a) & (b) Library image and its invariant 
signature. (c) & (d) The transformed library image and its invariant signature. Note 
the differentce of the domains of (b) and (d). 

d( iml ,  ira2) = Z(Mo ,mo, . . . . . .  ) :2,) 
N 

where N is the number of compared curves, and cl~ and c2~ are corresponding 
curves of ira1 and ira2, respectively. In order to find pairs of corresponding curves 
we sort the curves of each image with respect to some invariant criterion. In case 
of similarity transformation, the curve's area serves as an ordering criterion. 
Curves that  can not be sorted by area are ordered by their perimeters. Under 
affine transformation, perimeters can not be used any longer; however, the ratio 
of areas is still invariant and areas can used for ordering. 

The following example illustrates extraction and matching of invariant sig- 
natures. The input image (Figure 3(a)) is an affine transformed version of the 
library image (Figure 3(b)). The extracted contours are presented on Fig. 3(c). 
The size of the biggest contour is about 300 pixels. The contours were ordered 
(by area) and invariant signatures were extracted. We use the invariant signature 
described above - the ratio of areas, with 4 parameters, each having 5 sample 
points. While for similarity invariants we used the angle, which is relatively sta- 
ble characteristic, the ratio of areas can suffer from numerical instability. If the 
points P ( T -  7B~), P ( r )  and P(r-~- TF2) (see Fig.l(right)) become near collinear, 
the signature becomes unstable. Figure 4 presents the affine invariant signature 
for curve No. 5 from Fig. 3. The instability points force us to put  a threshold 
on the signature values. While the resulting signature (see Fig. 4(b)) can still 
be used for the matching process, some of the information apparently is lost. 
Another possibility is to exchange the values of vB1 with rB2, and rF1 with rF~, 

1 respectively, and use the signature ] -~  instead of ](~) (Figure 4(c)) . 

The matching results for the trademarks presented on Fig. 3 are presented 
on Fig. 5. Each grey-level map, consisting of five strips, corresponds to the mul- 
tivalued signature, while each strip corresponds to the singular signature. Each 
pair of the grey-level maps presents the signatures of the input (above) and 
library (below) contours at the shift position giving the best match (the num- 
bering of the contours is as in Fig. 3(c)). Good match is achieved for all the 
curves. Note, that  the signatures of curves No. 4 and 5 are very similar as the 
curves are almost identical when going under affine transformation. 
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(a) (b) (c) (d) 

Fig. 3. (a) The input image (b) The source library image (c) The contours of the input 
image (numbered) (d) The fitted contours 

v ~  

45O.O0 - -  

4O0.00 - -  

3500O - - -  

30OO0 - - -  

25O00  - -  

2000O - - -  

150.00 - -  

10o.0o ~ - -  

5o.00 

~ 

(a) (b) (c) 

Fig. 4. Numerical instability of an affine invariant signature. (a) - Multivalued affine 
invariant signature f(t) for curve No. 5 from Fig. 3. The signature is based on the areas 
ratio. (b) - f(t) after putting a threshold. (c) - The signature 7~t)" 

2 .2  I n d e x i n g  w h i l e  s o m e  s h a p e  i n f o r m a t i o n  is m i s s i n g  

One of  the main advantages of  the proposed approach is its ability to handle 
situations in which part of  shape information is missing. We handle separately 
two different cases: partial occlusion and user-generated sketch-based queries. In 
both cases the indexing is based on the same geometric features which are used 
regularly. However, the indexing algorithms will be used in accordance with the 
appropriate context. 

Fig. 5. The best match for each curve presented in Fig. 3. Grey-level maps are used 
for signatures. The curves are numbered as in Fig. 3. Good match is achieved for all 
the curves. 
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P a r t i a l  occ lu s ion .  Partially occluded images are treated in the same way as 
regular images. Since both the reparameterization and signature extraction stages 
are absolutely local, the signature values for the part of the contour should match 
the values computed for the whole curve. The only difference is the need for par- 
tial matching, i.e. matching of the occluded contour to the part of the library 
curve. If the input curve is occluded, we map it to a matr ix with number of 
columns proportional to the width of the signature domain. The domain of the 
multivalued signature is the minimal domain of its components (for open curve, 
the bigger the locality parameter, the smaller the signature domain). Thus, the 
number of columns in the matr ix is 

L-ev = nev , minN~'~-l {l[domain(Si)ll}/Per~ib, 
where Pe rnb  is the invariant perimeter of the library signature and L e v  is the 
number of columns of the library matrix. The matr ix  of the occluded signature 
is then matched to a part of the library matrix.  

Figure 6(a) is a rotated, scaled, and occluded version of the library image 
presented in Fig. 6(b). We use the angle r  formed by the points P ( r -  
s s ) , P ( r )  and P ( r  + SF), as an invariant signature (as in Fig. l(left)). Fig- 
ure 6(lower) presents the best matchings between the input and the library 
curves. The signature domain is reduced as a result of the occlusion. 

Fig. 6. Above: (a) The input image (occluded) (b) The source library image (c) The 
contours of the input image. Below: Best matches for the curves presented in (a). (1) 
and (2) Best matches for the signatures of the inner contours of the # letter. (3) The 
best matches for the external contour of the # letter. (4) The best match for the inner 
circle. (5) The best match for the external circle. 

S k e t c h - b a s e d  que r i e s .  We consider sketch-based retrieval as retrieval that  
uses the gross shape structure, while the fine details can be omitted. For sketch- 
based retrieval we exploit a topological invariant which we define here, that  is 
based on the following simple and effective invariant property: 
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Given the same contour decomposition for an image P and a transformed 
image T~ (P), the contour C1 of P resides inside the contour C2 if and only if 
the same relation holds for the corresponding contours in the transformed image. 
This holds for any projective transformation T r  

In other  words, the proper ty  tha t  one contour  is an inner contour  of  another  
is a projective invariant  given the same contour  representation.  This  proper ty  
allows us to represent images exploit ing the relations of internal-external  between 
contours.  Each image is represented as a tree which we term the containment 
tree . The vertices of  the tree are curves. For two curves, C1 and C2, the edge 
(C1 --+ C2) exists if C2 is inside C1, and there is no C3 such tha t  C2 is inside 
C3 and C3 is inside C1. The  root  of  the tree is a " d u m m y "  contour  which 
includes all the contours.  This representat ion can easily be obtained after curves 
extract ion (see Figure 7). The  representat ion is unique up to the order between 
the vertices on the same level. Thus  t ree-matching  a lgor i thms can be used to  
compare  the representat ion of  the input  image with the l ibrary images.  This 
problem of tree match ing  has a po lynomia l  solution [14]. The  discr iminat ion 
power of the conta inment  tree is i l lustrated on Fig. 8. 

O < 3  o 

Fig .  7. The input image after curves extraction is presented on the left. The contain- 
ment tree , representing the containment relationships between the curves is presented 
on the right. For each subtree, the corresponding curve and all its internal curves are 
presented. 

(a) (b) (c) (d) (e) 

Fig.  8. The discrimination power of a containment tree.  (a) & (b) Two images having 
the same containment tree . (c) The containment tree of (a). (d) The image has the 
same number of curves as in (a), but a different containment tree.  (e) The containment 
tree of (d). 
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We exploit the containment tree for sketch-based retrieval. The matching 
algorithm is presented as Alg. 1. The algorithm requires that for each contour 
of the specified sketch all its sub-contours should be either omitted or specified. 
In this way we allow for queries that uses gross structure while omitting details 
(from some level of the tree). 

A l g o r i t h m  1 
Sketch matching. 
Given: An input sketch S, and a database image I, 

1. Build a containment tree T1 for S, and a containment tree T2 
for I. In each containment tree the contours on the same level 
are ordered in descending order using the area - affine invariant 
geometric criterion. 

2. Check if T1 matches T2. 

The match is defined in the following manner: 
The containment tree T1 for the sketch S matches the containment 
tree T2 for the image I if: 

1. Tx is a leaf or 
2. The number of subtrees of T1 equals that of T~ and the corre- 

sponding sons of T1 and T2 match. 

A flexible version of this algorithm which allows to omit small sub-contours 
of the specified sketch is presented as Alg. 2. Changing a threshold R allows us 
to control the retrieval flexibility. As the flexibility threshold R gets bigger, more 
candidates will pass the threshold and will match the input sketch, giving higher 
retrieval time. Setting R, therefore, presents a tradeoff between false alarms and 
misses. Algorithms 1 and 2 serve as pre-selections in the retrieval process. If the 
containment trees of the sketch and the image match according to the appropri- 
ate algorithm, the final verification is performed using multivalued signatures. 

Figure 9 presents an example of sketch-based query. The lower row presents 
the distance values for the database items. One can see that  the values confirm 
the intuitive measure of the similarity between the sketch and the images. 

0.598 0.604 1 1 . 0 0  15.386 

Fig. 9. Sketch query example. The input sketch is on the left. 
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Algorithm 2 
Flexible sketch matching.  
Given: An input sketch S, and a database image I, 

1. Build T1 and T2 as in Alg. 1. 
2. Check if T1 flexibly matches T2. 

We define a flexible match in the following manner: 
The containment tree T1 for the sketch S flexibly matches the con- 
tainment tree T2 for the image I if: 

1. T1 is a leaf or 
2. The number of subtrees of T1 equals that of T2 and the corre- 

sponding sons of T1 and T2 flexibly match or 
3. The number of subtrees of T1, n, is less than that of T2, but the 

(n+ l )  th son of T2 corresponds to a contour which is much smaller 
than the contour corresponding to the n TM son of T2 (that is, the 
ratio of their areas is less than some predefined threshold R), and 
the first n corresponding sons of T1 and T2 flexibly match. 

3 S h a p e  r e t r i e v a l  

Our shape retrieval scheme consists of two main phases: filtering the database in 
order to drop the irrelevant images, and ranking the cand ida tes  subse t  according 
to the distance from the input image. For indexing we use geometric entities, 
such as circles, ellipses, etc. The number  of these entities can serve for efficient 
filtering of the image collection. Final ranking within the set is based mainly on 
the semi-local multi-valued invariant signatures. 

The general scheme of query processing is presented on Fig. 10. After edge 
detection and curves extraction from the input image, geometric entities are de- 
tected. This global features extraction is used as a basis for the filtering process. 
Relational database is used in this stage in order to retrieve the candidates 
subset. Features used for indexing to the relational database and eventually for 
pruning the candidates set vary from the number  of the curves and the geo- 
metric entities, their relative dimensions, etc. The relational database includes 
alpha-numerical da ta  as well. The query may contain this kind of information, 
like the organization name (for the t rademarks  database)  etc., and this part  of 
the query will be processed as a regular query (further pruning the set). The 
candidates obtained at this stage go to a matching with the input image. The 
final set, ordered according to the similarity measure is given as an answer. 

4 E x p e r i m e n t s  

To show the applicability of our approach we tested it first on a database of 500 
constrained 3D objects, namely surfaces of revolution. Using the KBS bottles 
collection ([15]) we present queries showing good retrieving ability for a specific, 
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Fig. 10. Query processing. 

and similar, objects. The effectiveness of the filtering process and the ability to 
handle different transformations are demonstrated in the second part in which a 
database of 100 trademarks is tested. We give results for sketch-based queries on 
a database of more than 300 "road signs". For all the four databases we used the 
same system. The system is implemented using ORACLE/SQL environment, 
and has a W W W  interface. The user is allowed to query images by example, 
logical description or the combination of both. The example image can be the 
database image or the image provided by the user. 

4.1 I n v a r i a n t  s i g n a t u r e s  for  su r faces  o f  r e v o l u t i o n  

An interesting practical application field for multivalued signatures is recognition 
in a database of 3-D objects which are surfaces of revolution (see also Mundy 
et al. [16]). We can treat such objects as planar under a controlled change of 
the viewpoint (which is common in industrial settings, e.g. in assembly lines). In 
this case, we can approximately describe the viewpoint change by affine trans- 
formation and apply our Mgorithms. In our experiment, the database contains 
more than 500 items some of which are photographed objects that are surfaces 
of revolution and the rest are bottles from the KBS bottles collection ([15]). 
Given an input image (one of the database objects under rotation and zoom), 
we compared it with the database by using multivMued signatures, Figure l l (a -  
c) presents an input image, its external contour and its multi-valued invariant 
signature. This input image was checked against all the images in the database. 
A good match was achieved retrieving the right database image in the first place. 
Figure l l (d)  presents the grey-level maps of the input (above) and the database 
(below) contours at the shift position giving the best match. Retrieval results 
are presented next (first four of the set). Figure 11 (right) presents a number of 
queries performed using the surfaces of revolution database. 

Figure 12(a) presents our HTML interface. The input scene and the process- 
ing results are presented on Fig. 12(b). 
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Fig. 11. Left: retrieval process. (a) The input image. (b) The external contour of the 
input image. (c) The invariant signature for the input image. (d) The best match for 
the input image. (e) - (h) Retrieval results. Right: results of queries on the bottles 
database. 

4.2 F i l t e r i n g  t h e  c a n d i d a t e s  set  

Next we illustrate the effective filtering obtained by using invariant features. We 
run our queries on a database which contains more than 100 trademarks. In the 
first example (Figure 13(1)), the input image is a rotated and scaled version of 
one of the database trademarks. The user operated with the query 
se lec t  t i t l e  o r d e r e d  b y  d i s t ( l o g o 3 0 - t r a n s . t i f f )  w h e r e  ( c o n t e x t  ---- t e x t ) .  
The query looks for images having textual strings in them. Both alpha-numerical 
information and geometric features are used for filtering the database. Exploit- 
ing geometric features is especially effective for images with a large number of 
curves, because of their complicated structure. One can see that the number 
of candidates is rather small. In the following example (Figure 13(2)), the user 
operated with 
se lec t  t i t l e  w h e r e  (N_ci rc les  ---- 1 a n d  N _ c u r v  ~ N _ c u r v ( l o g o 5 5 . t i f f ) ) ,  

directly specifying the number of geometric entities (circles). The input image is 
one of the database trademarks. One can see that the candidates comply with 
the given condition. The user has the freedom to limit the transformation which 
the images are allowed to undergo by stating the transformation explicitly in the 
query. In the next example (Figure 13(3)), the user limited the transformations 
to the affine case, operating with the query 

se lec t  t i t l e  o r d e r e d  b y  d i s t ( l o g o 5 0 - t r a n s L t i f f )  u n d e r  aff ine.  
Both the filtering and the ranking arc based on features that  are invariant under 
the affine transformation. The input image is an occluded version of one of the 
database trademarks. 
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Fig. 12. (a) Querying the database using html interface (b) The input image and 
processing results (c) The grey-level maps, presenting multivalued signatures: above 
- the map corresponding to the input image; below - the map, corresponding to the 
image which took the first place. 

The next example presents sketch-based retrieval (Figure 13(4)). The sketch 
was drawn using curves-drawing software (Xfig). Here we allow to omit some 
small objects within the image, while preserving its general structure. In this 
case we used algorithm 2 for filtering the database. 

Fig. 13. Queries results 

Note that  in all the examples the number of the images in the candidates set 
is sufficiently smaller than the number of the items in the database. The filtering 
is still effective even where occlusion is present (see, for example Fig. 13(3)). 
When the filtering is based on the containment tree we expect it to be more 
effective (see, for example, Fig. 13(4), where only 4 candidates left). 
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4.3 Sketch-based queries 

Figure 14 presents a number  of sketch-based queries and retrieval results. In 
addition, we present the queries in SQL-like notat ion (See Appendix A). The 
queries are performed on the database of "road signs", containing about  300 
images. After filtering based on Alg. 1 or 2, the candidates passed matching with 
the input sketch, based on invariant signatures. For each query, the resulting 
candidates set contains no more than 15 images. One can see that  the distance 
measure reflects the similarity between the sketch and the candidate image. 

Input  sketch Retrieval results 

0.072 0.251 0.816 6.08 
se l ec t  i m a g e  s o r t e d  b y  ske t ch (  

20.71 22.19 106.24 928.02 
3X)  w h e r e  I m e t h o d  = f l ex ib l e '  

40.17 3 442.10 
se l ec t  i m a g e  s o r t e d  b y  s k e t c h ( 0 9 3 R )  

21 1 8.23 30.68 35.12 9 . 4 112.65 
se l ec t  i m a g e  s o r t e d  b y  s k e t c h ( 0 9 7 Q )  w h e r e  ( m e t h o d  ---- f l ex ib l e  

and f l e x i b i l i t y - - 0 . 1 )  

Fig. 14. Results of queries on the "road signs" database. 

4.4 Efficiency analysis 

In this section we used the combined database which included both the database 
of the t rademarks  and the "road signs". Figure 15(a) presents the average pro- 
cessing t ime (averaging on 100 queries) for a query as a function of the number  
of the curves in the input image. The upper curve corresponds to a sequential 
matching, i.e. a full signatures matching against the entries in the database.  The 
middle presents average processing t ime for a query using the number  of geomet- 
ric entities for pruning the database.  The lower curve corresponds to retrieval 
using the containment  tree. The middle and lower curves are non-monotonous,  
a direct consequence of a tradeoff between a shorter query execution t ime as a 
result of the pruning and the extra t ime needed for matching more signatures. 
The graphs demonstra te  that  geometric entities and especially the containment 
tree are effective means for database pruning and their efficiency grows with the 
number  of contours. 

Figure 15(b) demonstrates  the scalability of our approach. Queries have been 
run to retrieve an image from a subset of the database.  The queries used the 
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T b k  

Fig. 15. Left: average evaluation time versus a number of curves. Right: scalability - 
processing time versus the number of database items. 

number  of geometric entities for pruning the subset. When the subset grows, 
processing t ime increases approximately as a linear function. 

Table 1 illustrates the influence of the flexibility threshold R (See Alg. 2) on 
the number  of retrieved images for sketch-based retrieval. The number  of the 
answers depends on the complexity of the input sketch. 

Table  1. The number of retrieved images as a function of the flexibility threshold R. 
For the presented input sketch, the number of retrieved images is given for different 
values of R. 

0.01 2 4 10 
0.02 3 6 12 
0.04 6 15 18 
0.08 10 16 18 
0.16 14 25 20 

5 C o n c l u s i o n s  

In this paper  we have addressed the problem of shape-based retrieval from image 
databases.  Our approach emphasizes the use of invariants as shape descriptors. 
Specifically, we have used geometric invariant features for efficient indexing, while 
local multi-valued invariant signatures have been used for ranking the answers. 
The substantial  reduction of the candidates set due to the filtering stage guaran- 
tees the efficient retrieval. The approach supports image retrieval while part  of 
the shape is missing, can handle images dis torted by different viewpoint trans- 
formations,  and can flexibly answers queries based on logical descriptions, shape 
(query by example),  or combination of both. 
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We have implemented our approach in a heterogeneous database system hav- 
ing a SQL-like user interface augmented with sketch-based queries. The system 
is built on top of a commercial  database system (Oracle), and can be activated 
from the Web. We have presented experimental  results demonstrat ing the effec- 
tiveness of the proposed approach under various conditions using three different 
databases.  
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