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Abstract

In this paper attributed relational graphs based
approach implemented in the image database system
SHARS for archival and retrieval of shoeprints from a
database is described. The initial description of the
shoeprints is a set of drawn by user figures, which then is
transformed to an attributed relational graph (ARG)
describing shoeprints in terms of some primitives and
their relations. To retrieve shoeprints from the database
this ARG is matched with all ARGs in the database
using proposed exact matching algorithms.

1. Introduction

So called “geometric” approach for retrieval of images
from the database is to get a structural description of the
image as a set of extracted geometric features (lines,
arcs, figures, etc.) and their relations and to match it to
model descriptions or to descriptions of images in the
database. The automatic detection of such features is a
subject of many researches but still remains on in
general unsolved problem. One of the recent works in
this field [1] represents an algorithm for search or
adjusting figures consisting of line segments and arcs in
grey scale images. This algorithm is based on a
computationally efficient procedure for defining
similarity between two images.

One of the powerful tools for describing structured
objects are attributed relational graphs (ARGs). The
nodes of ARG represent primitives or subpatterns of
structured objects, and branches between nodes represent
mutual relations between these primitives [2]. To match
two graphs we need to find a one-to-one correspondence
between their vertices and between their edges such that
an incidence relationship is preserved [3]. This matching
of two graphs is called graph isomorphism. If the
matching is fulfilled between a graph and a subgraph of
another graph, then it is called subgraph isomorphism or
graph monomorphism. Terms of exact and best matching
of ARGs are also important. Under exact matching there
is subgraph isomorphism between two graphs with the
same attributes on correspondent vertices and edges. The
best matching means an optimal solution of the subgraph
isomorphism problem when the distance between two
matched graphs is minimal.

A number of algorithms are proposed for matching
attributed relational graphs [2,4-10]. It is known that the
graph matching problem belongs to the class of NP
complete problems and computational complexity of any
conventional search algorithm may grow exponentially
when increasing the size of matched graphs. Some
proposed algorithms have polynomial complexity for
special types of graphs but still have exponential
complexity at the worst case.

In [10] the algorithm for detection subgraph optimal
isomorphism between two ARGs is proposed which is
known to have an O(N”) average case complexity and an
O(N’) in the worst-case complexity. In [11] the
algorithm for detection subgraph isomorphism between
two planar graphs in time O(c""*®" n) is described where
w and n are numbers of nodes in input and reference
graphs and c is some constant value.

Widely used way to retrieve images from database that
have common features with a current one is to get
structural description of this image, transform it into an
ARG, then to match it with ARGs representing
structures of the other images in the database. In this
paper some algorithms for description and retrieval of
shoeprints along this way are considered.

The definition of the attributed relational graph and
also steps of the description of the shoeprints in SHARS
are shown in Section 2. Section 3 introduces some
subgraph isomorphism based retrieval algorithms.
Experimental results are presented in Section 4, and
finally, the conclusions are given in Section 5.

2. Description of shoeprints

An attributed relational graph is defined as [5]
G:(]V, B, A, E, GN, GB)’

where

N={n;, n,..., ny} is a finite set of nodes; |N| is the
number of nodes in N;

B={ b;, b,,..., bjp } is a set of ordered node pairs (or
directed branches) i.e., b=(n; n;) for some I<ij <|N|
denotes the branch emanating from node »; to node #;,
and |B| is the number of branches in B;

A is an alphabet of node attributes;

E is an alphabet of branch attributes;

Gy :N—>2"is a function that defines the node attributes;



Gy:B—2"is a function that defines the branch attributes.

Let us consider now separate steps of description of
the shoeprints and representing them by ARGs in image
database system SHARS. The initial description of the
shoeprint is a set of geometrical figures drawn by user in
the image of this shoeprint. User can also define one or
more characteristic subsets of this set, which must be on
retrieved shoeprints.

Each of currently used figures (line, half of the circle,
circle, polyline, polygon, square, triangle, rectangle,
parallelogram, rhombus, rings, wave, tooth and position)
contains so called control points and to draw or modify
any figure in the image only these points must be
defined.

On the next step every figure is represented by ARG
with some attributes on its branches and nodes. Every
node or branch of this graph has one context mark or
attribute (centre of the circle, centre of half of the circle,
end of line segment, line segment) and none or some of
the following metric attributes: coordinates, radius,
length and direction of the line segment, cross angle and
relation of lengths of two neighbour line segments. The
number of used metric attributes depends on some
options of the program and also of the possibility for the
user to define the position and orientation of the
shoeprint in the image as well as the resolution of this
image.

As an example let us consider attributed relational
graph G, of the figure ,,polyline” that consists of two line
segments. This graph consists of three nodes and two
branches. The nodes of the graph G, have the context
mark ,.end of line segment“ and the branches have the
context mark ,line segment”“. The nodes of the graph
have metric attributes “coordinates” if: 1) the resolution
of the image is known, 2) the user has estimated the
position and direction of the shoeprint in the image by
drawing the figure ,position“ and 3) the option
,,Coordinates is switched on. The middle node of the
graph in any case has also metric attributes ,,lengths
relation of neighbour line segments® and ,,angle between
neighbour line segments”. The branches of the graph
have the metric attribute ,,length®, if the resolution of the
image is known, and the metric attribute ,direction®, if
the user has defined the orientation of the shoeprint in
the image and the option ,,Angle” is switched on.

It follows that

Gp:(M B, A, E, GN, GB),

where

N:{ nj np i’l3};

B :{ b b b ¥} },

A={ end of the line segment, coordinates, lengths
relation of neighbour line segments, angle between
neighbour line segments }.

E={length, direction}.

Attributed relational graphs that define characteristic
groups of figures in the shoeprint are similar to ARGs of
the figure “polyline” but instead of the node attribute
“end of line segment” they have the node attribute “label
of figure”.

3. Retrieval algorithms

Retrieval algorithms are based on matching (subgraph
isomorphism) of the input ARG with ARGs of
shoeprints in the database and also on the distance
measure between these graphs. For calculating the
distance between two ARGs the concept of error-
correcting transformation [5,7,10] is adopted. The cost of
matching two ARGs (or distance between these graphs)
is defined as the cost of the sequence of transformations
with minimal total cost that must be performed on one of
the two ARGs in order to produce another ARG. These
transformation operations are: node insertion, node
deletion, branch deletion, branch insertion, node label
substitution and branch label substitution. The costs
corresponding to each operation are: wy;, Wuy, Wpi Wpa
wys and wy, respectively. It is reasonable in our case to
assume that w,;=wp,;=0, w,>0, wp>0, w,=wy=1 and
the distance dist(x,y) between two numeric attributes x
and y is equal to v=abs(x-y) if v exceeds some threshold
value and to 0 otherwise. It can be defined that we have
the exact matching if the distance between two graphs is
equal to 0 and the best matching otherwise. In both cases
the part of one graph must be defined that has the
minimal distance with another graph but for exact
matching this distance is equal to 0 and less
computational time is usually required.

ARGs, corresponding to currently use in SHARS
figures, are either chains or cycles. That is why the way
of checking exact matching between two ARGs during
moving lesser graph along greater one can be used. The
computational complexity of this algorithm is O(M*N).

There are some criteria for matching of input and
reference descriptions of shoeprints implemented in the
system SHARS. By default two descriptions are matched
if at least one figure in input description is exact matched
with one or more figures in the reference shoeprint. The
user may also define the number of pairs of figures or
group of figures in the input shoeprint that must be
matched with ARGs of the reference shoeprints.

To match the group of figures we need to find
subgraph isomorphism between two graphs. One of them
is the complete (fully connected) graph such that nodes
of this graph represent different figures in the shoeprint
from the database and each of these nodes is connected
to all other nodes of the graph. The other graph G
represents the chain of figures in the input shoeprint.
Each node of this graph has a label of the corresponding
figure in the group and number of nodes in G is equal to
number of figures in the group. The following algorithm
checks some necessary conditions of subgraph
isomorphism between these two graphs. During the first
part of the algorithm for each node of the graph G the list
of exact matched with this node figures from the
reference description is constructed. During the next step
all possible excludings of those figures from these lists
that do not satisfy to local relations between the
neighbour figures in the group are carried out. It means
that each figure F must be excluded from the list if there
are no in neighbour lists two other figures that satisfy
with F to local relations of neighbour relations of figures



in the group. The process of excluding figures is stopped
when additionally none of the figures can be excluded.
Therefore the input and reference graphs are considered
as matched if the final lists of these figures are not empty
in spite of the fact that there is exactly subgraph
isomorphism between these graphs only when each of
lists has only one label or figure and all these labels are
different.

For matching ARGs thar represent figures of other
types than currently used in SHARS one of the
algorithms [2,4-10] can be implemented. For this aim
new algorithm for exact matching ARGs was also
developed which is described below.

The main problem using the error-correction distance
measure is the computational complexity of the
matching that may grow up exponentially when the
graph size increases. To reduce the complexity original
graphs can be decomposed into smaller subgraphs (basic
attributed relational graphs or BARGs) and the matching
of the original graphs to fulfil through the matching of
these decomposed subgraphs [10]. The BARG represents
a one-level tree, which consists of a node (root), and
every node (descendant) connected to that node by one
emanating or incoming branch. The cost of matching
two BARGs Gy and G, can be defined as

Distance (Gy , Gp,) = wy*dist(ry,1,)
+ dist(b’s, €’s),
where
dist(r,r,) is the distance between root node labels and
attributes of two BARGs that is computed depending on
their data types,
k and p are the number of branches connected to the
root node BARGs being matched, and
dist(b’s, e’s) is calculated as the minimum of a
weighted bipartite graph constructed from branches of
BARGs as their nodes and its structure is as shown in
Fig. 1.
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Fig. 1. Weighted bipartite graph corresponding to
branches distance.

The minimum of a weighted bipartite graph is defined
as the complete matching with the minimum sum of the
matching edges weights. There are some algorithms for
such matching with an O(N°) average case complexity
and an O(N”) worst-case complexity [12].

Exact matching between branches of two BARGs
means that dist(b’s, e’s) = 0, i.e., there is one-to-one
correspondence between branches of these BARGs and
correspondent branches have the same attributes. To

define such exact matching it is necessary to exclude
from bipartite graph in Fig. 1 those branches that have
non-zero weights and then to use one of the algorithms
f.e., [13] to find assignment for remain branches.

Let G, and G, be input and a reference ARGs. The first
step of the algorithm for checking exact matching
between these two graphs consists in their
decomposition into BARGs. Then the distances between
decomposed BARGs are defined, it means that a
distance matrix D between BARGs of reference and
input graphs is constructed. The D;; element of this
matrix represents the distance between the ith BARG in
the input graph and the jth BARG in the reference graph,
and D;;=0 if there is exact matching between these two
BARGs and D, >0 otherwise. On the base of distance
matrix for every node of lesser graph (having less nodes
than another one) a list of BARGs of greater graph that
have exact matching with this node and not lesser
number of connected branches is made out.

During the next step of the algorithm we scan
constructed lists of BARGs and exclude every BARG B
in the current list if the list of BARGs in the neighbour
node is either empty or contains only BARGs that are
not neighbours to B in the reference graph. During this
step can be also helpful some additional tests, f.e. : a) if
some list L contains only one BARG this BARG can be
excluded from all other lists or b) if the number of
different BARGs in all lists less than the number of
nodes in input graph the input and reference graphs can
not be matched.

This process is stopped when additionally none of the
BARGs can be excluded. Therefore the input and
reference graphs are not matched if the final lists of
BARGsS are empty and are exact matched if each of these
lists contains only one BARG and all these final BARGs
are different. In the case when final lists contain more
than one BARG additional testing is needed.

Let us estimate computational complexity of the
algorithm. Suppose that the input and reference graphs
have M and N nodes relatively. To decompose both G;
and G, into BARGs we need quadratic time for each
graph, i.e., this step has a time complexity of O(M’+N°).
The computational complexity of exact matching
between two BARGs is O(M*N), assuming that any
node is connected to all other nodes in the graph, and the
computational complexity of calculating the distances
between all BARGs of both input and reference graphs is
O(M’*N°). The computational complexity of the second
(BARGs excluding) step of the algorithm is O(M**N°),
M<N in the worst case. In summary, the computational
complexity of the proposed algorithm for checking the
exact matching between two ARGs is also O(M’*N°) in
the worst case.

4. Experiments

During experiments 150 shoeprints were encoded and
saved in the database. After that the testing group of the
25 different shoeprints was formed and shoeprints of this
group were then encoded and retrieved by some users.



Each shoeprint from this group has one or more
shoeprints of the same type in the database, which differ
from each other by size, position and many other
features, for example some of these shoeprints are only
parts of other ones (Fig. 2).

A

'F ig. 2. An example of the same type shoeprints in the
database.

Many shoeprints in the database are not supplied by
metric information because of the absence of data about
resolution of the image or the position of the shoeprint in
this image. The number of retrieved shoeprints by one
figure or by one pair of figures for such shoeprints is not
so small. As follows from experimental data the most
effective possibility for the retrieval of most shoeprints
from a database consists in defining of a group of figures
in the input shoeprint. This possibility provides a sharp
reduction of number of retrieved shoeprints and
preserves the majority of the same type retrieved
shoeprints from the database.

It is important that retrieval of the shoeprints
from database is fulfilled using not the names and
parameters of figures but using attributed graphs that
represent these figures and also on the base of subgraph
isomorphism of these graphs. This fact reduces
dependence of the retrieval results on subjective actions
of the user during describing or coding input shoeprints
because in many cases the same object in the shoeprint
can be described by figures that have different names
and/or different numbers of its components but attributed
graphs that represent these figures can be matched.
Introduced options and some possibilities for the
definition of an inquiry to a database (retrieval by figure,
by pairs or by groups of figures) can be also useful in
this direction.

5. Conclusions

In this paper ARG based approach and algorithms for
the retrieval of shoeprints from a database are proposed.
The proposed algorithms are based on the exact
matching of ARGs that describe input and reference
shoeprints. The distance is calculated based on the
concept of error-correcting transformations with taking
in account some peculiarities of the shoeprints
description and retrieval problem. From experimental
results the following remarks can be concluded.

The developed tools can be used for the description
and retrieval of shoeprints from a database. The
proposed algorithms for detection subgraph isomorphism
between input and reference ARGs and also the
introduced different possibilities for the definition of an
inquiry to a database reduce dependence of the retrieval
results on subjective actions of the user during
describing or coding input shoeprints. On the next step
the algorithms for optimal subgraph isomorphism will be
tested and added to the system for the further reduction
of this dependency.

The implemented ARGs based tools and algorithms
are an addition but not a substitution for the other
method implemented in SHARS that is based on coding
shoeprints by rather global geometrical features, that
describe shoeprint in its different parts.
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