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Abstract

This paper presents the results of our researcbtel@vo development of efficient methods
for retrieval and indexing of documents with mukidia information that can help a business
work smarter and gain an important advantage inteviea that business does. Particularly, a
novel hybrid method for visual information retrié\&IR) is proposed. It combines shape
analysis of objects in image with their automatidexing by textual descriptions applying
semantic Web approaches. A decision about sinyléeatween a retrieved image and user
gueries is taken by computing the shape star fmldtwo-segment turning functions
combining them with matching of ontological annatas of objects in image providing in
this way the machine-understandable semantics. alralysis of this method the image
retrieval IRONS (Image Retrieval by Ontological Destion of Shapes) system has been
implemented and evaluated in some specific imageadtts.
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1 INTRODUCTION

Recently, a quick increasing the amount and coniglexf digital collections on Web
requires the development of new searching engimek reovel methods for multimedia
information retrieval because the most of Web doeants contain any kind of visual data.
However, the most businesses don't know how to ldpva successful management
information system (MIS) that often stems from ngeraent's inability to understand both
the power and limitations of information technolodglgmery, 1987], [Kumar, 2005].
Integration and using the recent Web-based techresdoand particularly, development of
MIS for multimedia information search, access,iegtil, and processing permits to business
generate new revenue from online products quergimd) sales, reduce costs through online
customer support, attract new customers via welketiag and advertising, develop new
Web-based markets and distribution channels fostieg and new information-based
products accessible on the Web [Gupta, 2005].

The most common way to classify images is genaratib textual queries, however, the
maintenance and the management of queries for imgtgeval is a very time-consuming
activity. The typical approach of automatic indexthe images as a principal part of retrieval
process is based on the analysis of low-level in@gacteristics such as colour, texture or
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shape [Starostenko, 2005], [Chavez, 2006]. Unfartely, this type of systems does not
provide the semantics associated with content ofmage. Nowadays, a novel approaches for
development of VIR systems are those which proutie content based image retrieval
(CBIR) to support management and treatment of meltia documents. In practice, it is
easier to execute queries based on low-level featsuch as shape, image dimensions, pixel
values, colour, grey level, and histogram. Thersftine problem resides in how to express a
guery, for instancérecover red cars) in terms of shape, colour, histogram, or pixelsigal In
other words, it is necessary to represent the nbotiean image query in a convenient way in
order to search for the corresponding images filmencbllection and recover images with the

best matching.

There are several reports about recent researchdseivisual information retrieval area.
CBIR systems can be classified into two main gro@smmercial Image Retrieval Systems
such as Excalibur Visual RetrievalWare, IMatch, QBVirage [Excalibur, 2004], [Virage,
2004], and Prototype Research Systems: AMORE, Bbotq VisualSeek, Black Box,
IRONS, and Keyblock are examples of Prototype Rebedystems [MIT, 2003], [Westphal,
2004], [Chavez, 2006]. The more perspective rebearare those which use a semantic space
to formulate queries. Table 1 summarizes the feataf the well-known CBIR systems.

System Colour | Shape| Texture Relevap&emantic
Feedback| Representation

Excalibur YES YES YES NO NO

IMatch YES YES NO YES NO

QBIC YES NO YES NO NO

Virage YES YES YES - NO
AMORE YES YES NO - NO
Photobook | YES YES YES YES NO
VisualSEEK| YES - YES YES NO

Black Box | YES YES YES YES -

Keyblock YES - - YES YES
IRONS YES YES NO YES YES
Table 1. Visual features used in well-known Image Retrieval System

In this research we propose to apply the machinetstandable semantics for search, access,
and retrieval of multimedia data using ontology.uldyer's famous description defines
ontology as an approach which describes semarggmblishes a common and shared
understanding of domain, and facilitates the im@etation of user-oriented vocabulary of
terms and their relationship with objects in imdlgensel, 2004], [Grubber, 1993]. In such a
way, the meaning of an image may be obtained ituséXorm as set of descriptions for
image related to a particular ontology. ProposedRCBystem may be used in business,
medicine, education, architecture, entertainmen§, Gournalism, remote sensing, Internet
shopping catalogue, tourist information suppod, gtensen, 2006], [Hiroshi, 2005].

2 PROPOSED SHAPE ANALYSIS APPROACHES

Perhaps the most obvious requirement of VIR sysisrtsretrieve images by shape because
it represents significance of an object better thaolour, pixel value, and texture.

Proceedings of European and Mediterranean Conference on Information Systems 2007 (EMCI S2007)
June 24-26 2007, Polytechnic University of Valencia, Spain www.emcis.org



Pg 45-3

Unfortunately, shape matching is considered onthefmost difficult aspects of CBIR. The
common way to describe a shape is the polygonaéseptation but it is not a convenient
form to calculate how similar is that shape to heatIn order to overcome this problem we
propose to apply curve evolution process in ordaetuce the set of elements which define
the object without the lost of its significancegBi shows the results obtained after applying
the proposed curve evolution algorithm to a shé#pis. clear that curve evolution algorithm
keeps the main visual parts of the original polyaarurve and the amount of information is
reduced significantly. In order to make easier amute effective the matching process we
propose an alternative to polygonal representatiay, which we have called two-segment
turning function (2STF) [Chavez, 2006]. Using 2Sdpolygonal curve® is represented by
the graph of a step function, the step on x - esqisesents the normalized segment length and
the y - axis represents the turn angle betweendwsecutive segments. Additionally, the
normalization process to an angle between two cutise segments is applied to make the
representation in 2STF domain invariant to rotatig@tarostenko, 2007]. In Fig.1 2STF is
presented for the same polygonal curve. The polygorihe right has been reflected and
scaled by a factor d.8. It is clear that both 2STHsave the similar characteristics. That
allows getting the same representation for a sethapes even though they are placed in
different positions or has been scaled or rotated.

Figure 1. Evolution of the original shape (left) to the polygon of 30 segments and their
2STFs

The computing a similarity between two shapes imfRR28omain may be provided by three
steps. The first step consists in decompositiorthef whole curve into a set of maximal
convex and concave arcs. Then, consecutive maxirsalare grouped into sub-arcs. Finally,
the best correspondence of sub-arcs from two diftecurves is calculated. The experiments
for computing the time of valid combinations usedC with processor of 2GHz and RAM
of 1GB show that for polygons with 8 maximal arles time is acceptable (about 0.35s), for 9
arcs - about 4.3s, and for 10 arcs the time is rii@e 20s. Therefore, disadvantage of 2STFs
comparison is significant time that it takes todfithe best correspondence between two
curves but the advantage of this approach is inudgece from scale, reflection, translation,
and rotation. The problem of 2STF may be solve@igther technique proposed by authors
and called as Star Field. The Star Field (SF) isléernative representation for shapes that
allows obtaining more precise comparison. It meas we able to compare polygons with
more than ten arcs (max value acceptable for 2SA&)a result, SF gives easier and faster
matching process. Our Star Field method combingsoagph for computing the similarity
among shapes proposed by [Mokhtarian, 1992] andoitshbination with 2STF. Mokhtarian
proposed to use the maxima of curvature zero-ergssontours of Curvature Scale Space
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(CSS) as a feature vector to represent shapes. \oweomputing CSS is an expensive
process and we propose to use 2STF which is edamser and more effective [Medina,
2004].

Formally, a SF representation is a set of marksgansM;; My:::Mpn, wherenmis the number
of vertices of polygonal curve and it this numbereguivalent to the number of steps in its
2STF.M, is defined by means of two coordinates: coordinateindicates the normalized
distance from the starting point to the correspogdiertex, making sure that in the middle of
the SFplane there is a star that corresponds to the mneirtant vertex of the polygon. The
y - coordinate is the normalized angle between twoseontive segments which share the
corresponding point. In other words; coordinate of stars correspond to the height ohea
step in its equivalent 2STF in the range [0,1] vehevalue of zero representsraangle and
one corresponds tez. A SF diagram as[2 plane is divided horizontally into two sections.
The upper section holds the stars that represetite® of concave arcs. The lower part holds
vertices of convex arcs. Actually, SF can be seea 8D surface and 2D SF is obtained by
cutting and bending the torus presented in FigtBeémright.

For shape matching process we introduced the foligvstrategy. Given two polygonal
curvesP; andP; and their star fieldF; andSF,, the graphG that allows us to compute their
similarity is defined a$s = (V,E) whereV andE are disjoint finite sets. We call as the
vertex set andE as the edge set @. Our particular grapks has a seV thatconsists of two
smaller subsets of verticesando,.

Figure 2. Original image, its polygon, 2STF, and SFs. Sar Fields as a bending surface
(torus)

SetV =1 [J v,., Whereo; is the set of point dBF; ando; is the set of points &F,. E is the

set of pairsr, s), wherer /v, ands /7 v, Now we propose to use the adjacency matrix for
representing the graph, where each cell of thatixnadntains the cost for traveling from one
column to each row and vice versa. The main iddandethe construction of the matching
graph consists in building a connected weightedblgrao that an algorithm to find the
minimum spanning tree is applied. The minimum spamtree is a subset of edges that forms
a tree of vertexes, where the total weight of dfjes in the tree is minimized. Thus, for the
more similar shapes we obtain the lower value ofesponding total weight [Chavez, 2006].
The Fig.3 shows a 3D representation of the obtagmagh. All star-like marks are connected
to a single mark with weight equal zero. Additidpathey are connected with those cross-
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like marks which Euclidian distance has a lowesti@aThe searching the minimum span tree
may be obtained by applying the Prim's algorithnefliha, 2004].

X

e

;Y S

Figure 3. Matching graph (in the left) and additional cost of non-connected stars (in the
right)

Finally, we can define how to calculate the siniifaamong shapes. The most important part
of this calculation is the value of the cumulatmeight of the edges that make up the
spanning tree. However, the similarity is also effe by so-called penalty value. It is

possible that some stars of the first shape nemenacted with stars from the second one, a
penalty value is added to the final similarity m@as The additional cost is shown in Fig.3 in

the right as dotted lines representing the distrnbat are added to the cumulative length.
After experiments we conclude that new SF approachintains advantages over 2STF

providing the computing the connected weighted lgragich is more fast and accurate

approach.

3 IRONS IMAGE RETRIEVAL SYSTEM

Using the proposed method Image Retrieval by Ogtoéd Description of Shapes (IRONS)
system has been designed and implemented. Its biagkam is shown in Fig.4. The input
for the system may be an image, its shape, or savdely which describes an object. The
retrieved images will be those with more similatitylow-level features of a query and will
have a high degree of matching with the ontologizaiotations defining content of an image.
The IRONS system consists of 4 principal modulegrg pre-processing, indexing module,
feature vector comparison, and feedback GUI. Therygpre-processing module provides the
selection of sub-region containing the relevaneoty. Once the sub-region is extracted, the
object within that sub-region is found by the RegidPre-processing Algorithm in Images
(CORPAI) shape extraction algorithm [Medina, 200Fhe Smallest Unvalued Segment
Assimilating Nucleus (SUSAN) method [Smith, 1996} fcorner detection and CORPAI
algorithm have been used for pre-processing ofigsiéy image. The result of applying those
algorithms is a convex polygon. The pre-process#ygpn is represented by SF using 2STF
invariant to scaling, rotation, reflection, andrskation. The indexing module generates a
feature vector which contains the polygon desaiptiand content-based ontological
annotations which establish the relationship betwé® object and its formal explicit
definition. This permits to speed up the matchingcpss as well as reduce the number of
iterations with nonsense results. The ontologioalogation tool is used for searching matches
in the ontology name space. In such a way, the mgaof an image may be obtained in
textual form as a set of descriptions for each abjelated to a particular ontology. The
Resource Description Framework (RDF) language stipgothe ontology management has
been used in this approach that defines a syntaotiwention and a simple data model to
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implement machine-readable semantics. Using RDI5 possible to describe each Web
resource with relations to its object-attributeizeabased on metadata standard developed by
the World Wide Web Consortium.

Cuery preprocessing Shapes indexing Feature vector Feedback GUI
" comparison
Color regions and Star Field

SUEAN representation
|C praers i | Classified
L] | images

CORFPAI shape Two segments Lg data basge

extractions tutning fanction

| | Similaritsy
v L] L] computing | ™

N Digcrete curve Omntological
evolution annotation tool
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® ntatmespace,
P
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Figure 4. Block diagram of the proposed IRONS system

The ontology is described by a directed acycligograeach node has a feature vector that
represents the concept associated with that nanlecept inclusion is represented by the IS-A
inter-relationship. The feature vectors of eachenodthe ontology name space consist of
keywords linking the previously classified images the characteristics of a new shape
extracted by SF or 2STF. The query interfaces efIRONS system are presented in Fig. 5
where the images with high degree of matching hosva in downward order.

Church, Guadalajara, Cathedr

Figure5. Examples of Image retrieval GUIs of the IRONS system
4 EVALUATION AND RESULTS

In the majority of the experiments of this reseaneh used the on-line image database CE-
Shape-1 (MPEG-7 standard) consisting of 1400 imatjelsled into 70 classes with 20
images each. The evaluation of VIR system is nmmtrtask and it depends on individual
perception of the user. Nevertheless, the standamtoach is based on computing two
measures: recall and precision. The recall meaaspthportion of relevant images in the
entire database that are retrieved for comparistim avquery. The precision is proportion of
the retrieved images that are relevant to the gfrery the set of retrieved images. Formally,
precision and recall are defined as it follows:

PBOA)_ a

recaII:F’(BIA):—P(Z)— 24c’ precision=P(B|A)=_P(§r a+b’
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where A is the set of relevant items, B is theaseetrieved items, a is the variable associated
with retrieved and relevant images (hit), b is dedi by retrieved and not relevant ones
(partially relevant), and c is the case of notieggd and relevant (miss). The variables a, b,
and c will be used for establishment of relevamcguery of each element in data base. We
divided the experiments into three groups. In tret €xperiment we applied our SF technique
to a sub-set of images randomly selected from C&p&ii database. The idea of this
experiment is to observe how well the SF techniguable to choose the images that belong
to the same class of the query. Fig. 6(left) shtives average precision vs the number of
random selected images. When our method is applieda reduced set of images, precision
is low. When the number of images increases theigiom is also grown up because there are
more possibilities of applying the similarity metover a major number of shapes belonging
to the image query's class.

fAverage Presision Average Recall

1] a0 1ad 150 20 250 a0d 350 o 50 100 150 200 250 aon JED
Ramdont images Indexed imapes

Figure 6. Average precision and recall random images and for images with structural
features

Second experiment shown in Fig.6 (right) consistapplying our shape retrieval approach
over a subset of images that were previously sadegsing some the eccentricity and solidity
structural features.
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Figure?7. Average Precision of experiment which uses ontological descriptions

The third experiment consists in analysis of efficy of ontological descriptors which allow
reducing the semantic gap problem and reduce theeuof iteration for VIR. Fig7. shows
the precision with ontology which improves the dfyabf retrieval in case of low number of
images maintaining the high precision (about (o8)ther cases.

5 CONCLUSIONS

The most important contribution of this researchhis proposed hybrid method combining
the advantages of low-level image characteristitsaetion with textual description of image
semantics. Satisfactory retrieval of expected irsaige achieved faster due to the lower
number of iterations in the searching process witlblogy. The analysis of the indexing
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approaches shows that proposed Star Field appredctorder faster than 2STF. This occurs
because the typical data structures used in indetaols are hashing tables, which are
manipulated with specific keys or signatures regménag a shape. The disadvantages of the
system are errors in spatial sampling during geimeraf the image feature vector as well as
the required amount of system memory. The propasede retrieval method is robust to
partial occlusion and to small changes in the mosibf the objects. From the obtained
experimental results, we can conclude that the adetiould be considered as an alternative
way for the development of visual information rewal systems.
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