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Abstract. Use of XML offers a structured approach for representingiimfation
while maintaining separation of form and content. XML infation retrieval is
different from standard text retrieval in two aspects: thdlXstructure may be of
interest as part of the query; and the information does net babe text. In this
paper, we describe an investigation of approaches tovetréxt and images from
a large collection of XML documents, performed in the couweur participa-
tion in the INEX 2006 Ad Hoc and Multimedia tracks. We evatugitree infor-
mation retrieval similarity measures: Pivoted Cosine, @IgM?25 and Dirichlet.
We show that on the INEX 2006 Ad Hoc queries Okapi BM25 is thestnad-
fective among the three similarity measures used for ratrgetext only, while
Dirichlet is more suitable when retrieving heterogenedast(@nd image) data.

Key words: Content-based image retrieval, text-based informatitmeral, so-
cial media, linear combination of evidence

1 Introduction

A structured document could contain text, images, audiasvéaeos. Retrieving the
desired information from an eXtensible Markup Language (¥Mocument involves
retrieval of XML elements. This is not a trivial task as it mayolve retrieving text and
other multimedia elements.

The INitiative for the Evaluation of XML Retrieval (INEX) pwvides a platform
for participants to evaluate the effectiveness of their Xkétrieval techniques using
uniform scoring procedures, and a forum to compare res@fsthe nine tracks at
INEX 20086, this paper presents the RMIT university grougigipation in two tracks:
the Ad Hoc track, where we investigate the effects of usirffgidint information re-
trieval (IR) similarity measures; and the Multimedia (MM#a¢k, where we combine
retrieval techniques based on text and image similarity.

There are four XML retrieval tasks within the INEX 2006 Ad Hivack: Thorough,
Focused, All In Context (AICand Best In Context (BIC)Using three IR similarity
measures — Pivoted Cosine, Okapi BM25, and Dirichlet — irs fraper we focus
on the results obtained und&horoughandAIC tasks. Since the system we used is a
full-text IR system which only does retrieval at documentlewe only expected it to
perform well on article retrieval in thalC task.
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The objective of the INEX 2006 MM track is to exploit the XMLrstture that
provides a logical level at which multimedia objects arergeeted and to improve the
retrieval performance of an XML-driven multimedia infortien retrieval systent.Ex-
isting research on multimedia information retrieval froiviK document collections is
shown to be challenging [3, 12, 13]. For thailtimedia Images (MMImageshdMul-
timedia Fragments (MMFragmentsgsks of the INEX 2006 MM track, we explore and
analyse methods for combining evidence from content-basade retrieval (CBIR)
with full-text IR. We describe a fusion system that combiegglence and ranks the
query results based on text and image similarity. The fusy@tem consists of two sub-
systems: the GNU Image Finding Tool (GIFT), and the fulltié system (Zettair). A
technique for linear combination of evidence is used to méng relevance scores from
the two subsystems.

The retrieval strategy has been evaluated using Wikipediacial media collection
that is an online encyclopedia. Social media describes tiiaeotools and platforms
that people use to share opinions, insights, experiencesparspectives with each
other. Social media can take many different forms, inclgdixt, images, audio, and
video. Popular social mediums include blogs, message bppaticasts, wikis, and
vlogs?

The remainder of this paper is organised as follows. SeQiaescribes the text
retrieval approach used for the Ad Hoc and MM tracks follovigdthe performance
results obtained on thEhoroughand AIC tasks of the Ad Hoc track. In Section 3 we
present the INEX 2006 multimedia topics and their corresiiog relevance judge-
ments. In Section 4 we describe our approach to retrieve XMiclas and the asso-
ciated images based on the multimedia topics used in the Mbkiin Section 5 we
present results obtained from our experiments on the twstakthe INEX 2006 MM
track. We conclude in Section 6 with a discussion of our figdiand outline directions
for future work.

2 Full-Text Information Retrieval

In this section, we describe the three similarity measurgdémented in Zettair, and
show performance results on thi@oroughand AIC tasks of the INEX 2006 Ad Hoc
track.

2.1 The Zettair Search Engine

Zettair is a compact and fast text search engine develop#ueb$earch Engine Group
at RMIT University? Zettair supports on-the-fly indexing and retrieval of latge-
tual document collections. To process the queries for tHeXI2006 Ad Hoc and MM
tracks, we first obtained the document content by extradtiegplain document text
(and by completely removing all the XML tags). We then indi#eese documents us-
ing fast and efficient inverted index structure as impleradrih many modern search

L INEX 2006 Multimedia Track Guidelines
2http://en.wikipedia. org/wiki/Wiki
Shttp://www.seg.rmit.edu.au/zettair
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engines [14]. A similarity measure is used to rank documbyiikely relevance to the
query; in this work, we report on experiments using threéedént similarity measures
implemented in Zettair, which respectively follow the tanmajor models to informa-
tion retrieval: the vector-space model, the probabilistadel, and the language model.

2.2 Similarity Measures

The similarity of a document to a query, denoted &gy, indicates how closely the
content of the document matches the query.

To calculate the query-document similarity, statisticdbrmation about the distri-
bution of the query terms (within both the document and thkction as a whole) is
often necessary. These term statistics are subsequeitigediby the similarity mea-
sure. Following the notation and definitions of Zobel and fdbf16], we define the
basic term statistics as:

— Q, aquery;
— t, aquery term;
— d, adocument;
— Ng, the number of all the documents in the collection;
— For each ternt:
o fqy, the frequency of in the documend,
o Ngy,, the number of documents containing the térmand
o fqt, the frequency of in queryq.
— For each document
e fq=1d|, the document length approximation.
— For the queng:
o fq=|q|, the query length.

We also denote the following sets:

— 9, the set of all the documents in the collection;

— %, the set of documents containing tetm

— Y4, the set of distinct terms in the documeht

— 4 the set of distinct terms in the query, atgy = 74N 4.

Vector-Space Model In this model, both the document and the query are represen-
tations ofn-dimensional vectors, wherreis the number of distinct terms observed in
the document collection. The best-known technique for aating similarity under the
vector-space model is the cosine measure, where the sijnib@tween a document and
the query is computed as the cosine of the angle betweenviors.

Zettair uses pivoted cosine document length normalis@@jtio compute the query-
document similarity under the vector-space model:

1 Ng
- - x 1+ log, fg¢) x lo (1+ ) 1
S],d VVD % Wq te;qd ( ge dt) ge N@t ( )
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In Equation (L)Wp = ((1.0 —S)+sx V\%) represents the pivoted documentlength

normalisation, antl is the query length representation. The parametepresents the
slope whereas®\ly andWj, represent the document length (usually takefiydsnd the
average document length (over all document&in respectively. We use the standard
value of 0.2 for the slope, which is shown to work well in tigatial IR experiments [8].

Probabilistic Model In IR, the probabilistic models are based on the principh th
documents should be ranked by decreasing probability of teéevance to the ex-
pressed information need. Zettair uses the Okapi BM25 iitisic model developed
by Sparck Jones et al. [10]:

(ki+1)far (ks +1)fqq
d= W X = X :
S, te;q,d K+ fay ks +

(2)

Ny —Ng; +0.5

wherew; = Ioge( N3y 105

) is a representation of inverse document frequeKcy,

ky x [(1— b) + %}, andki, b andks are constants, in the range 1.2 to 1.5 (we use
1.2), 0.6 to 0.75 (we use 0.75), and 1000000 (effectivelyitd), respectively. The
chosen values fdk;, b andksz are shown to work well with the TREC Collection ex-
periments [10]Wy andW, . represent the document length and the average document

length.

Language Model Language models are probability distributions that ainetptare the
statistical regularities of natural language use. Languagdelling in IR involves esti-
mating the likelihood that both the document and the quenjydcthave been generated
by the same language model. Zettair uses a query likelihppdoach with Dirichlet
smoothing [15]:

Syd = fq xlogAq+ log (M + 1) 3)
te7d H X N-@l

wherep is a smoothing parameter, whilg is calculated as\q = p/ (1 + fq). We use
the value of 2 000 fou as according to Zhai and Lafferty [15] it is the optimal value
used in most IR experiments.

2.3 Performance Results

We now compare the performance of the three similarity messimplemented in
Zettair for theThoroughandAIC tasks of the INEX 2006 Ad Hoc trackWe used the
information in thetit1le element of the topic as the query for Zettair.

The official measures of retrieval effectiveness for the XN#ED06 Thoroughtask are
ep/gr andMAep of the XCG metrics family [4]. Thep/gr graphs provide a detailed

4 Similar relative performance differences between theettsienilarity measures were also ob-
served on the Focused task of the INEX 2006 Ad Hoc track.
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Fig. 1. Retrieval performance of the three similarity measuredémented in Zettair on th€hor-
oughtask of the INEX 2006 Ad hoc track.

view of the run’s performance at various gain-recall lev&lseMAep measure provides

a single-valued score for the overall run performance. €a&@uation measure was also
used for theMMFragmentdask evaluation of the INEX 2006 MM track. The measures
make use of th&pecificityrelevance dimension, which is measured automatically on a
continuous scale with values in the interval [0, 1]. A releva value of 1 represents a
fully specific component (that contains only relevant imi@tion), whereas a relevance
value of 0 represents a non-relevant component (that ewte relevant information).
Values ofSpecificitywere derived on the basis of the ratio of relevant to bothveaié
and non-relevant text, as highlighted by the assessor.

Figure 1 shows the performance results obtained for thesthirailarity measures
using both thetAep scores and thep/gr graphs. We observe that Okapi BM25 pro-
duced the bestAep score among the three similarity measures, substantialiyes-
forming the other two similarity measures. This performauiifference is especially
reflected on thep/gp graphs. Of the other two measures, Dirichlet seems to parfor
better than the Pivoted Cosine measure. Interestinglyeptigp graphs generated on
the article-levelFetch and Browse retrieval task of the INEX 2005 Ad hoc traubve
similar relative performance differences between theelsimilarity measures, even
though a different XML document collection (IEEE instead/dkipedia) was used as
part of the evaluation testbed [6]. However, the Pivotedi@osimilarity measure out-
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Table 1. Retrieval performance of the three similarity measureslémgnted in Zettair on the
AIC task of the INEX 2006 Ad hoc track

Similarity Measure MAgP gP[5] gP[10] gP[25] gP[50]

Okapi BM25 0.1751 0.3766 0.3049 0.2220 0.1566
Dirichlet 0.1655 0.3266 0.2559 0.1844 0.1372
Pivoted Cosine 0.1489 0.3236 0.2611 0.1830 0.1301

performed the other two measures on #éfement-leveFetch and Browse retrieval task
of the INEX 2005 Ad Hoc track. Compared to runs submitted beoparticipants in
the INEX 2006Thoroughtask, all three measures performed relatively poor as aa sy
tem only returned whole articles (our run using the Okapi BMi2easure was ranked
as 82 out of 106 submitted runs).

Table 1 shows that, when using the official evaluation messsfar the INEX 2006
AlIC task, Okapi BM25 again outperforms the other two similantgasures. With the
MAgP measure, our run using the Okapi BM25 measure was rankedigth faut of 56
submitted runs in the INEX 2008IC task. With the measures at rank cutoffs, this run
was consistently ranked among the top five best performing iuthe INEX 2006AIC
task.

In the next section we describe our research activitiesezhaut for the INEX 2006
MM track. We start with a description of the INEX 2006 MM taslktong with their
associated topics and their corresponding relevance judgts.

3 Multimedia Tasks, Topics and Relevance Judgements

The INEX 2006 MM topics were organised differently compatedhe INEX 2005
MM topics. The INEX 2005 MM topics were only based on & Fragmentstask,
whereas thdMImagegask was additionally introduced in the INEX 2006 MM track.

Since there are two tasks, the Wikipedia collection has lodgded into two sub-
collections: Wikipedia Ad Hoc XML collectionWikipedia), which contains XML
documents as well as images; and Wikipedia image colletioni pedia _TMG), which
contains 170000 royalty free images. THM&IFragmentdask utilises thélikipedia
collection and thélikipedia IMG is used for theiMImagegask.

3.1 Multimedia Images Task

In the MMImagestask, the participants were required to find relevant imagebke
articles based on the topic query. Hence, this task is bfsigsing image retrieval
techniques. Even though the target element is an image,Miestructure in the doc-
uments could be exploited to get to the relevant images. Amgike of anMMImages
topic is depicted in Figure 2.

Each XML document in th&@ikipedia_IMG collection contains an image. There-
fore, theMMImagestask essentially represents a document retrieval tasieaertly
results allowed were full documents (articles) from the Xhiage collection. The path
of each of the resulting answers for this task were in the fofmarticle[1], SO no
document fragments are retrieved.
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<?7xml version="1.0" encoding="I150-8858-1"7>
<!DOCTYPE inex topic SYSTEM "topic.dtd">
<inex_mm_topic topic_id="8" ct_no="18"
task="MMimages">

<title>Images of bees with flowers.</title>
<castitle>//articlelabout(., src:60248)

and about(., bee)

and about (.,concept:animal)]

<fcastitle>

<description> Find images depicting a bee or

bees with flowers. </description>
<narrative>

Bees play an important role in pollinating flowering plants,

and are the major type of pollinators in ecosystems that contain
flowering plants. The flower’s nectar is the primary source for energy,
and the pollen is primarily for protein and other nutrients. We are
looking for pictures depicting a bee or bees with flowers. We are not
interested in pictures of a basketball coach "Clair Bee" and album cover
for the Bee Gee’s Stayin’ Alive.

</narrative>

</inex_mm_topic>

Fig. 2. Example of aMMImagesquery with image ID 60248, a bee and a flower (original in
colour)

<?7xml version="1.0" encoding="IS0-8859-1"7>

<!DOCTYPE inex_topic SYSTEM "topic.dtd">

<inex_mm_topic topic_id="16" ct_no="12" task="MMFragments">

<title>Kiwi shoe polish</title>

<castitle>

//article[about(.//history,kiwi shoe polish)]//image[about(., kiwi)]
</castitle>

<description>

Find images related to the Kiwi shoe polish product.

</description>

<narrative>Kiwi is the brand name of a shoe polish, first made in Australia
in 1906 and as of 2005 sold in almost 180 countries. Owned by the Sara Lee
Corporation since 1984, it is the dominant shoe polish in some countries,
including the United Kingdom and the United States, where it has about
two-thirds of the market. Find images related to the Kiwi shoe polish
product. We are not interested in the kiwi fruit.</narrative>
</inex_mm_topic>

Fig. 3. Example of daMMFragmentsquery.
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Retrieval

‘ Content-based Image

‘ Structured Text Retrieval

‘ Fusion ‘

‘ Result ‘

Fig. 4. Conceptual representation of the system (original in adlou

3.2 Multimedia Fragments Task

The objective of theMMFragmentstask is to find relevant XML fragments given an
multimedia information need. Figure 3 illustratedviMFragmentstopic. The target
elements are ranked in relevance order and element ovéantagopermitted.

4  Our Approach

In this section, we describe our approach adopted for thexl8B06 MM track. We
used two systems and fused the results from these systerbsato the results for the
multimedia queries. The overall structure of the systenescted in Figure 4. Since the
XML document structure serves as a semantic backbone figvak of the multimedia
fragments, we use Zettair to retrieve the relevant artidiee GNU Image Finding Tool
(GIFT),? a content-based image retrieval system, is used to rettievesults based on
the visual features of the images.

For INEX 2006 MM track, we adopted similar approach as the weeused in
the INEX 2005 MM track [3]. The only difference is that we noweuZettair instead
of the hybrid XML retrieval approach. With Zettair, our ofitidly submitted runs used
the Pivoted Cosine similarity measure as it performed bestray the three similarity
measures in the INEX 2005 Ad Hoc track (using the IEEE docuroeltection) [6].
However, we also performed additional runs to examine tfeeebdf using Okapi BM25
and Dirichlet in the two INEX 2006 MM tasks.

Shttp://www.gnu.org/software/gift
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4.1 Content-Based Image Retrieval

The GNU Image Finding Tool was used to retrieve relevant imsaghe image features
from thewikipedia IMG collection were extracted and indexed using an inverted file
data structure.

Two main image features (colour and texture) were extradtethg the indexing
process. GIFT uses the HSV (Hue-Saturation-Value) colpacs for local and global
colour features [11]. For extracting the image texture, akbaf circularly symmetric
Gabor filters is used. GIFT evaluates and calculates theyqoeage and the target
image feature similarity based on the data from the invditedThe results of a query
are presented to the user in the form of a ranked list.

For the multimedia topics, we used the image referencesllist the sourcesfrc)
element of the multimedia CAS query as the query image to GI¥eused the default
Classical IDF algorithm and set the search pruning optiotG0%. This allows us
to perform a complete feature evaluation for the query imagen though the query
processing time is longer. For each query, we retrieved anéled all the images in
theWikipedia_IMG collection. Referring to the multimedia topic presentediea the
query image of Figure 2 is provided to GIFT.

4.2 Fusing and Ranking The Image and Text Retrieval

To fuse the two retrieval status value (RSV) lists into a Emgnked result lisR for
the multimedia queries, we use a simple linear combinati@vimence [1] that is also
a form of polyrepresentation [5]:

R a-S+(1—a)-Sr ifthe query contains image;
s otherwise.

Here, o is a weighting parameter (determines the weight of GIFT weBettair
retrieval),§ represents the image RSV obtained from GIFT, 8nds the RSV of the
same image obtained from the Zettair.

To investigate the effect of giving certain biases to a systee vary thea values
between 0 to 1. When the value afis set to 1, only the RSVs from GIFT are used.
On the other hand, only the Zettair's RSVs are used when theevd o is set to 0. If
there was no image in the query then only the Zettair's RS¥suaed, irrespective of
the value ofa.

For the INEX 2006 MM track official runs, we submitted six rumih the o value
set to 0.0, 0.5 and 1.0. We then conducted additional rurts thé o values ranging
between 0.0 to 0.5 to further investigate whiztvalue produces the best retrieval per-
formance. The fusion RSVs of the image and structured tesieval are then ranked
in a descending order of similarity.

5 Experiments and Results

The experiment for the runs was conducted by varyingahalues and investigating
the retrieval effectiveness of the three similarity measun Zettair. For each multi-
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media task, our runs were categorised into two types depgrati which INEX 2006
multimedia topic elements were automatically translatedrainput query to Zettair:

1. Title runs, which utilise the content of thetle element; and
2. Extended runs, which utilise the content ofthe le, castitle,anddescription
elements from each multimedia query.

5.1 Evaluation Metrics

The TREC evaluation metric was adopted to evaluatdthBmagegask and the eval-
uation is based on the standard precision and recall ratnmrformance measures:

— Mean Average Precision4P): The mean of the average precisions calculated for
each topic. Average precision represents the average giéuisions calculated at
each natural recall level.

— bpref: It computes a preference relation of whether judged reledacuments are
retrieved ahead of judged irrelevant documents. Thus, liaised on the relative
ranks of judged documents only.

— Average interpolated precision at 11 standard recall se{@%o-100%).

For theMMFragmentstask, the EvalJ evaluation softwdtevas utilised. We used
EvalJ with the following parameters: metrics (ep-gr), ¢apr(off), quantisation (gen),
topic (ALL). The following evaluation measures were used:

— The effort-precision/gain-recalkp/gr) graphs, which provide a detailed view of
the run’s performance at various gain-recall levels.

— Non-interpolated mean average effort-precisitiiep), which provides a single-
valued score for the overall run performanteep is calculated as the average of
effort-precision values measured at natural gain-reeaéls.

5.2 Multimedia Images Task

For theMMImagestask we conducted seven Title runs and three Extended riumg us
each of the IR similarity measures. We varied thealues between 0.0 and 1.0. As the
results of the Title runs were promising, we applied a finefateon for thea values
between the interval 0.0 and 0.5 (with the step of 0.1) tostigate the best value for
each similarity measure.

In Table 2, we observe that using theétle element as the query produces better
MAP andbpref performances compared to using the extended query favitiemages
task. Among the similarity measures, Dirichlet performedthand this can be seenin
Figure 5 that depicts the interpolated recall/precisioarages for all the best runs for
each similarity measure.

In the Title runs, having ther values between 0.1 and 0.4 yielded the best
andbpref performance. Using the text retrieval system alone prosibegter retrieval

6 http://evalj.sourceforge.net
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Table 2.Retrieval performance for tHdMImagegask: mean average precisiahp) andbpref.
Italic values — best performance runs using the varmwslues for each similarity measure
Bold values — best overall performance among all runs

Similarity Measure a value MAP bpref

Title runs

Pivoted Cosine 0.0 0.3054 0.2861
0.1 0.3153 0.2957
0.2 0.3153 0.2957
0.3 0.3152 0.2957
0.4 0.3150 0.2956
0.5 0.3071 0.2880
1.0 0.2149 0.2033

Okapi BM25 0.0 0.2679 0.2605
0.1 0.2686 0.2622
0.2 0.2700 0.2643
0.3 0.2674 0.2599
0.4 0.2660 0.2572
0.5 0.2664 0.2592
1.0 0.1909 0.1814

Dirichlet 0.0 0.3130 0.2973
0.1 0.3175 0.3014
0.2 0.3175 0.3014
0.3 0.3203 0.3034
0.4 0.3203 0.3034
0.5 0.3202 0.3032
1.0 0.2158 0.2080

Extended runs

Pivoted Cosine 0.0 0.2608 0.2307
0.5 0.2642 0.2366
1.0 0.2071 0.1926

Okapi BM25 0.0 0.2674 0.2369
0.5 0.2674 0.2464
1.0 0.2087 0.2002

Dirichlet 0.0 0.2988 0.2787
0.5 0.3094 0.2805

1.0 0.2147 0.1987
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Fig. 5. Interpolated precision averages at eleven standard resalls for the Title runs of the
MMImagestask.

performance compared to using only the content-based inedigeval system; however
the best performance is found when combining evidence aightveg the text retrieval
as more important than the content based image retrievatp@dng the performances
between INEX 2005 and INEX 2006 MM track, we observed a simitand in thea
values, where the beatvalues were in the same range.

Overall, using Dirichlet as the similarity measure produitiee best retrieval per-
formance compared to Pivoted Cosine and Okapi BM25 folMiMimagestask. We
also found that the Extended runs performed worse in mosscaken compared to the
Title runs.

5.3 Multimedia Fragments Task

For the MMFragmentstask, we conducted six runs using the Pivoted Cosine, Okapi
BM25 and Dirichlet similarity measures. We used the defaaltie ofa = 0.0 for all
the runs (since for this task we only used the text retrieystlesn).

We observe an opposite behaviour for the Title and Extendesl for this task. As
reflected from theep/gr graphs in Figure 6, the Extended runs performed better than
the Title runs. This shows that the presence oftthele, castitle anddescription
from the query improves the retrieval performance when cameg to only using the
title elementofthe MM queries in thHdMFragmentgask. This result also reflects the
nature of the task, where XML fragments need to be returnéldeasetrieved answers.

When comparing the retrieval performance of the three IRlaiity measures, we
observe that Dirichlet once again outperformed Pivotedri&oand Okapi BM25. This
can also be seen in Figure 6 and from the oveétadlp scores presented in Table 3.
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Table 3. Retrieval performance of the Extended runs onltdFragmentsask

Similarity Measure MAep
Pivoted Cosine 0.0655
Okapi BM25 0.0586
Dirichlet 0.0663

To investigate whether combining evidence from the CBIRe&ysimproves the
retrieval performance for this task, we conducted severeliminary runs that fuse
the RSVs from the CBIR system and Zettair. This resulted inimomperformance
improvement. However, without better fragment retriewgdtem, we cannot conclude
whether combining text and image RSVs will improve retrigvarformance for the
MMFragmentgask.

6 Conclusions and Future Work

In this paper we have reported on our participation in the Aattnd MM tracks
of INEX 2006. We utilised a full-text information retrievalstem for both tracks to
retrieve the XML documents and combined this with a conteaged image retrieval
system for the MM track.

For the Ad Hoc track, Okapi BM25 similarity measure produtteel best retrieval
performance for th&horoughandAlIC tasks.

For the two XML multimedia retrieval tasks, we officially suiited six runs using
the Pivoted Cosine similarity measure. We also conductdidiadal runs to investigate
the effectiveness of the Okapi BM25 and Dirichlet simikatibeasures. The runs for
the MMImagestask reflect the various relative weights of 0.0 to 1.0 for ¢healues.
We found that Dirichlet was the best similarity measure f@ MMImagestask, and
that a values between 0.1 and 0.4 produced the best retrieval ppeafice. For the
MMFragmentgask, the official runs were only based on the text retrieyatem. We
executed four additional runs using Okapi BM25 and DiritHginilarity measures.
As for the MMImagestask, Dirichlet was also found to be the best among the three
similarity measures used in tiMFragmentgask.

We have used the linear combination of evidence to merge 8¢sRrom two
retrieval subsystems for retrieving multimedia infornoati We conclude that a text re-
trieval system benefits by using some evidence from a CBIRByMore specifically,
giving more weight to text retrieval system RSVs in the fusfanction yields better
performance than when the two subsystems are used on their ow

This work can be extended in two ways. First, to cater forkidFragmentgask
more effectively, the hybrid XML retrieval approach [7] che used as the content-
oriented XML retrieval system. Second, it would also beriesting to fuse the RSVs
from CBIR and text systems with the 101 image concepts suttioas provided by the
University of Amsterdam [9].
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