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Abstract.  This paper describesthe medical image retrieval and anno-
tation tasks of ImageCLEF 2006. Both tasks are described with respect
to goals, databases,topics, results, and techniques. The ImageCLEFmed

retrieval task had 12 participating groups (100 runs). Most runs were au-
tomatic, with only a few manual or interactiv e. Purely textual runs were
in the majority compared to purely visual runs but most were mixed,

using visual and textual information. None of the manual or interac-
tiv e techniques were signi cantly better than automatic runs. The best{

performing systems used visual and textual techniques combined, but

combinations of visual and textual features often did not improve perfor-
mance. Purely visual systemsonly performed well on visual topics. The
medical automatic annotation used a larger database of 10,000 training

images from 116 classes,up from 9,000 images from 57 classesin 2005.
Twelve groups submitted 28 runs. Despite the larger number of classes,
results were almost as good as in 2005 which demonstrates a clear im-

provemert in performance. The best system of 2005would have received
a position in the middle in 2006.

keywords: image retrieval, automatic image annotation, medical information re-
trieval

1 Intro duction

ImageCLEF! [1] started within CLEF (Cross Language Evaluation Forum) in
2003. A medical image retrieval task was added in 2004 to explore domain{
speci ¢ retrieval as well as multi-mo dal retrieval (combining visual and textual
featuresfor retrieval). Since2005,a medical retrieval and a medical image anno-
tation task have beenparts of ImageCLEF. This paper concerirates on the two
medical tasks, whereasa secondpaper [2] describes the new object classi ca-
tion and the photographic retrieval tasks. More detailed information can alsobe

! http://ir.shef.ac.uk/imagecle fl



found on the task web pagesfor ImageCLEFmed® and the medical annotation
task®. Detailed analysesof the 2005medical imageretrieval task and of the 2005
medical annotation task are available in [3] and [4], respectively.

2 The Medical Image Retriev al Task

2.1 General Overview

In 2006,the medical retrieval task wasrun for the third year, and for the second
year with the samedataset of over 50,000imagesfrom four collections. One of
the most interesting ndings for 2005was the variable performance of systems
basedon whether the topics had beenclassi ed asamenableto visual, textual, or
mixed retrieval methods. For this reason,we developed 30 topics for 2006, with

10 eadh in the three categories.The scope of the topic developmert was slightly

enlarged by using the log les of a medical media seard engine of the Health

on the Net (HON) foundation. Analysis of these logs showved a great number of
generaltopics not covering the ertire four axesde ned in 2005:

{ Anatomic region shown in the image;

{ Image modality (e.g. x{ray, CT, MRI, grosspathology, etc.);
{ Pathology or diseaseshown in the image;

{ Abnormal visual obsenation (e.g. enlargedheart).

The processof relevance judgemerts was similar to 2005 and trec_eval was
usedfor the evaluation of the results.

2.2 Registration and Participation

In 2006, a record number of 47 groups registered for ImageCLEF and among
these, 37 registeredfor the medical retrieval task. Groups camefrom four corti-
nents and a total of 16 countries. Unfortunately, someregistered group did not
sendin results. 12 groups from 8 countries submitted results. Each entry below
describesbrie y the techniques usedfor their submissions.

{ CINDI, Canada.The CINDI group from Concordia University, Canada,sub-
mitted a total of four runs: one purely textual, onevisual, and two combined
runs. Text retrieval was basedon Apache Lucene. For visual information a
combination of global and local features were usedand comparedusing Eu-
clidean distance. Most submissionsused relevance feedbad (RF).

{ MSR, China. Microsoft Researtr China submitted one purely visual run
using a combination of various featuresaccourting for color and texture.

2 http://ir.ohsu.eduf/image/
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Institute for Infocomm Research I2R{IP AL, Singapre. IPAL submitted 26
runs, the largest number of any group. Textual and visual runs were pre-
pared in cooperation with I2R. For visual retrieval, patchesof imageregions
were applied and manually classi ed into semartically valid categoriesand
mappedto Uni ed Medical LanguageSystem(UMLS). For the textual anal-
ysis, all query languageswere separatelymappedto UMLS and then applied
to retrieval. Seweral classi ers basedon SVMs and other classicalapproaces
were usedand combined.

UKLFR, Germany. The University Hospitals of Freiburg submitted 9 runs
mainly using textual retrieval. Interlingua and the original language were
used (morphosaurus and Lucene). Queries were preprocessedby removing
the \show me" test. Runs di ered in languageand combination with GIFT.
SINAI, Spain. Jaen University submitted 12 runs: 3 of them using only
textual information and 9 using a text retrieval systemand adding provided
data from the GIFT imageretrieval system.The runs di ered in settings for
\information gain" and the weighting of textual and visual information.
OHSU, USA. OregonHealth and ScienceUniversity performed manual mod-
i cation of queriesand fusion with results from visual runs. One run estab-
lished a baseline using the text of the topics as given. Another run then
manually modi ed the topic text removing common words and adding syn-
onyms. For both runs, there were submissionsin ead of the three individual
languages(English, French, German) plus a mergedrun with all and a run
with the English topics expandedwith automatic translation using the Ba-
bel sh translator. The manual modi cation of the queriesimproved perfor-
mance substartially . The best results came from the English{only queries,
followed by the automatically translated and the mergedqueries.One addi-
tional run assessedusing data from a visual run with the merged queries.
This decreasedVAP but did improve precision at 10 and 30 images.

I2R Medical Analysis Lab, Singapre. Their submissionwas together with
the IPAL group from the samelab.

MedGIFT, Switzerland. The University and Hospitals of Gene\a relied on
two retrieval systemsfor their submission. The visual part was performed
with medGIFT. The textual retrieval useda mapping of the query and doc-
ument text towards conceptsin MeSH (Medical Subject Headings). Then,
matching was performed with a frequency{basedweighting method using
easylIR. All results were automatic runs using visual, textual and mixed fea-
tures. Separateruns were submitted for the three languages.

RWTH AachenUniversity { Computer Sciene, Germany. The RWTH Aachen
University, CS department, submitted 9 runs, all using the FIRE system
and various features describing color, texture, and global appearance.For
one run, the queries and the grels of last year were used as training data
to obtain weights for the combination of features using maximum entropy
training. Onerun waspurely textual, 3 werepurely visual, and the remaining
5 runs usedtextual and visual information. All runs were fully{automatic.
RWTHmi, Germany. The medical Informatics group at RWTH Aachen sub-
mitted 2 purely visual runs without interaction. Both runs used a combi-



nation of global appearanceand texture features compared with invariant
distance measures.Runs di ered in the weights for the features.

{ SUNY, USA. State University New York submitted 2 purely textual runs
and 2 using text and visual information. Parameters for the system were
tuned using 2005topics and automatic RF in variations.

{ LITIS Lab, INSA Rouen, France. The INSA group from Rouen submitted
one run using visual and textual information. MeSH dictionaries were used
for text analysis, and the imageswere represeried by various features ac-
courting for global and local information. Most of the topics were treated
fully automatic and four topics were treated with manual interaction.

2.3 Databases

In 2006, the same dataset was used as in 2005 containing four sets of images.
Casimagewas made available, containing almost 9,000imagesof 2,000caseg5].
Casimageincludes mostly radiology, but also photographs, PowerPoint slides,
and illustrations. Casesare mainly in French, with around 20%being in English
and 5% without annotation. We alsousedPEIR* (Pathology Education Instruc-

tional Resource)with annotations basedon HEAL ® (Health Education Assets
Library, mainly Pathology images[6]). This dataset contains over 33,000images
with English annotations, annotation being per image. The nuclear medicine
databaseof MIR, the Mallinkro dt Institute of Radiology [7], wasalsodistributed

containing over 2,000imagesmainly from nuclear medicinewith annotations pro-

vided per caseand in English. Finally, PathoPic [8] wasincluded in our dataset
containing 9,000imageswith extensive annotation perimagein German. Part of
the German annotation is translated into English. As such, we wereableto usea
total of more than 50,000images,with annotations in three di erent languages.
Through an agreemen with the copyright holders, we were able to distribute

theseimagesto the participating researt groups.

2.4 Query Topics

The query topics were basedon two surveys performed in Portland and Genea
[9,10]. In addition to this, alog le of a media seard engineHON® was usedto
create topics along the following axes:

{ Anatomic region shown in the image;

{ Image modality (x{ray, CT, MRI, grosspathology, etc.);
{ Pathology or diseaseshown in the image;

{ Abnormal visual obsenation (e.g. enlargedheart).

The HON log- les indicated rather general topics than the specic onesused
in 2005, so we used real queries from the log- les in 2006. We could not use

4 http://peir.path.uab.edu/
5 http://www.healcentral.com/
& http://www.hon.ch/



Show me chest CT images with nodules. Show me x{ra y images of bone cysts.

Zeige mir CT Bilder der Lunge mit Kneotc hen. Zeige mir Reontgenbilder von Kno chenzysten.
Mon tre{moi des CTs du thorax avec nodules. Mon tre{moi  des radiographies de kystes d'os.
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Show me blood smears that include polymorphon uclear neutrophils.
Zeige mir Blutabstric he mit polymorphon uklearer Neutrophils.
Mon tre{moi des echantillons de sang incluan t des neutrophiles polymorphon ucleaires.

Fig. 1. Examples for a visual, a mixed and a semartic topic

the most frequert queries, since they were too general, e.g. heart, lung, etc.,
but those that satis ed at least two of the axes. After identifying 50 candidate
topics, we grouped them into three classesbased upon an estimation of what
retrieval techniquesthey would be most retrievable { visual, mixed, or textual.
Another goal was to cover frequent diseasesand have a balanced variety of
imaging modalities and anatomic regions. After choosing 10 queries for eadh
category, we manually searted query imageson the web. In 2005, imageswere
taken partly from the collection. Although they were most often cropped, having
external images made the visual task more challenging, as these imagescould
be from other modalities and have completely di erent characteristics. Figure 1
shows examplesfor visual, mixed and sematrtic topics.

2.5 Relevance Judgemen ts

For relevancejudging, pools were built from all imagesfor a given topic ranked
in the top 30 retrieved. This gave pools from 647 to 1,187images,with a mean
of 910 per topic. Relevancejudgemerts were performed by seven US physicians
enrolledin the OHSU biomedical informatics graduate program. Eleven of the 30
topics were judged in duplicate, with two judged by three di erent judges. Each
topic had a designated\original" judge from the sewen. A total of 27,306rele-
vance judgemerts were made. (These were primary judgemerts; ten topics had
duplicate judgemerts.) The judgemerts were turned into a grels le, which was
then usedto calculate results with trec_eval. We used Mean Average Precision
(MAP) as the primary evaluation measure.We note, however, that its orien-
tation to recall (over precision) may may not be appropriate for many image
retrieval tasks.
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Fig. 2. Evaluation results and number of relevant images per topic

2.6 Submissions and Results

12 groups from eight courtries participated in ImageCLEFmed 2006. These
groups submitted 100runs, with eat group submitting from 1 to 26 runs.

We de ned two categoriesfor the submitted runs: onefor the interaction used
(automatic { no human intervention, manual { human modi cation of the query
beforethe output of the systemis seen,and interactive { human modi cation of
the query after the output of the systemis seen) and one for the data used for
retrieval (visual, textual, or a mixture). The majority of submitted runs were
automatic. There werefewer visual runs than there weretextual and mixed runs.

Figure 2 gives an overview of the number of relevant imagesper topic and
of the performancethat this topic obtained on average(MAP). It can be seen
that the variation in this casewas substartial. Sometopics had seeral hundred
relevant imagesin the collection, whereasothers only had very few. Likewise,
performance could be extremely good for a few topics and extremely bad for
others.

Figure 3 illustrates a comparison of seweral measuremets for all submitted
runs. When looking at early precision (P(30)) the variations were large, but
slowly disappear for later precision (P(100)). All measurescorrelate fairly well.

Automatic Retriev al The category of automatic runs was by far the most
common category for result submissions.79 out of the 100 submitted runs were
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Fig. 3. Results for best runs of eat system in eac category, ordered by MAP

in this category. In Table 1 the bestrun of ead participating systemper category
is shown.

We can seethat the best submitted automatic run wasa mixed run and that
other mixed runs had very good results. Nonetheless,seweral of the very good
results were textual only, soa generalisationdoesnot seemcompletely possible.
Visual systemshad a fairly low overall performance,although for the ten visual
topics, their performancewas very good.

Man ual and Interactiv e Retriev al Figure 2 shows the submitted manual
and interactive runs. With the small numbers of manual runs, generalisationis
dicult. The rst interactive run had good performancebut wasstill not better
than the best automatic run of the samegroup.

2.7 Conclusions

The best overall run by the IPAL institute is an automatic run using visual
and textual features.We can tell from the submitted runs that interactive and
manual runs do not perform better than the automatic runs. This may be partly
dueto the fact that most groupssubmitted more automatic runs than other runs.
The automatic approadch appearsto be lesstime{consuming and most researt
groups have more experiencein optimising theseruns. Visual features seemto
be mainly good for the visual topics. Text{only runs perform very well, and only
a few mixed runs manageto be better.



Table 1. Overview of the automatic runs

Run identier visual textual MAP R{Prec
IPAL _Cpt _Im X X 0.3095 0.3459
IPAL _Textual .CDW X 0.2646 0.3093
GE _8EN.trecev al X 0.2255 0.2678
UB-UBmedVT2 X X 0.2027 0.2225
UB-UBmedT1 X 0.1965 0.2256
UKLFR _origmids _en_en X 0.1698 0.2127
RWTHIi6-EnF rGeP atches X X 0.1696 0.2078
RWTHi6-En X 0.1543 0.1911
OHSU _baseline _trans X 0.1264 0.1563
GE _vt10.trecev al X X 0.12 0.1703
SINAI-SinaiOnlytL30 X 0.1178 0.1534
CINDI _Fusion _Visual X 0.0753 0.1311
MSRA _WSM-msra _wsm X 0.0681 0.1136
IPAL _Visual _SPC+MC X 0.0634 0.1048
RWTHi6-SimpleUni X 0.0499 0.0849
SINAI-SinaiGiftT50L20 X X 0.0467 0.095

GE-GE _gift X 0.0467 0.095

UKLFR _mids _en_all _co X X 0.0167 0.0145

Table 2. Overview of the manual and interactiv e runs

Run identier man ual visual textual MAP R-Prec
OHSUeng X 0.2132 0.2554
IPAL _CMP _D1D2D4D5D6 X 0.1596 0.1939
INSA-CISMef X X 0.0531 0.0719
Run identier interactiv e visual textual MAP R{Prec
IPAL _Textual _CRF X 0.2534 0.2976
OHSU-OHSU _m1 X X 0.1563 0.187
CINDI _Text _Visual _RF X X 0.1513 0.1969
CINDI _Visual _RF X 0.0957 0.1347

3 The Medical Automatic Annotation Task

Automatic image annotation is a classi cation task, where a given image is
automatically labelled with a text describingits contents. In restricted domains,
the annotation may be just a classfrom a constrained set of classesor it may be
an arbitrary narrativ e text describing the contents of the images.In 2005, the
medical automatic annotation task was performed in ImageCLEF to compare
state{of{the{art approachesto automatic image annotation and classi cation
[11]. This year's medical automatic annotation task builds on top of last year:
1,000 new imageswere collected and the number of classesmore than doubled,
resulting in a harder task.

3.1 Database & Task Description

The complete database consists of 11,000 fully classi ed medical radiographs
takenrandomly from medical routine at the RWTH Aachen University Hospital.
9,000 of these were releasetogether with their classi cation as training data,
another 1,000 were also published with their classi cation as validation data to
allow for tuning classi ers in a standardised manner. One thousand additional
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Fig. 4. Example imagesfrom the IRMA database with their classnumbers

imageswere releasedat a later date without classi cation as test data. These
1,000 images had to be classi ed using the 10,000 images (9,000 training +
1,000validation) astraining data. The complete databaseof 11,000imageswas
subdivided into 116 classesaccording to the IRMA code [12]. The IRMA code
is a multi-axial code for the annotation of medical images.Currently, this code
is available in English and German.

Example imagesfrom the databasetogether with classnumbersare givenin
Figure 4. The classesin the databaseare not uniformly distributed: class111
has a 19.3% share of the complete dataset, class 108 has a 9.2% share, and 6
classeshave only 1% or less.

3.2 Participating Groups & Metho ds

27 groupsregisteredand 12 of thesesubmitted runs. Here, a short description of
the methods of the submitted runs is provided. Groups are listed alphabetically
by their group ID, which is later usedin the results sectionto refer to the groups.

{ CINDI. The CINDI group from Concordia University in Canada submit-
ted 5 runs using a variety of features including MPEG{7 Edge Histogram
Descriptor, MPEG{7 Color Layout Descriptor, invariant shape momerts,
downscaled images, and semi{global features. Some experiments combine
thesefeatureswith a PCA transformation. For 4 of the runs, a support vec-
tor machine (SVM) is usedfor classi cation with di erent multi{class voting
schemes;in onerun, the nearestneighbour decisionrule is applied.

{ DEU. The group of the Dokuz Eylul University in Tinaztepe, Turkey sub-
mitted onerun which usesthe MPEG{7 Edge Histogram asimagedescriptor
and a 3{nearest neighbour classi er for classi cation.

{ MedIC-CISMeF. The team from the INSA Rouen, France submitted 4 runs.
Two usea combination of global and local image descriptors and the other
two uselocal imagedescriptors. Featuresare dimensionality reducedby PCA
and runs using the samefeaturesdi ering in the PCA coe cien ts are kept.
The local featuresinclude statistical measuresextracted from image regions
and texture information. Yielding a 1953{dimensional feature vector when
only local features are used and 2074{dimensional when local and global
features are combined. For classi cation a SVM with RBF kernelis used.

{ MSRA. The Web Seard and Mining Group from Microsoft Researt Asia
submitted two runs. One run usesa combination of gray-block features,



block-wavelet features, featuresaccourting for binarisedimages,and an edge
histogram. In total a 397-dimensionalfeature vector is used. The other run

usesa bag of featuresapproach with vector quantisation where a histogram
of quantised vectors is computed region-wise on the images.In both runs,
SVMs are usedfor classi cation.

MU I2R. The Media Understanding group of the Institute for Infocomm
Researt, Singapore submitted onerun. A two{stage medical image annota-
tion method was applied. First, the imagesare reducedto 32x32 pixels and
classi ed using a SVM. Then, the decisionswhere the SVM was not sure,
the decisionwasre ned using a classi er that wastrained on a subsetof the
training images.In addition to downscaledimages,SIFT featuresand PCA
transformed features were usedfor classi cation.

NCTU DBLAB. The DBLAB of the National Chiao Tung University in
Hsinchu, Taiwan submitted onerun using tree imagefeatures, Gabor texture

features, coherencemomen and related vector layout asimage descriptors.
The classi cation was done using a nearestneighbour classi er.

OHSU. The Department of Medical Informatics & Clinical Epidemiology of
the Oregon Health and ScienceUniversity in Portland, OR, USA submitted

4runs. For imagerepreseration, a variety of descriptorswastested including

16 16 pixel versionsof the images,and partly localisedGLCM features. For
classi cation multila yer perceptrons were used and settings were optimised
using the developmen set.

RWTHi6. The Human LanguageTecnology and Pattern Recognition Group
from the RWTH Aachen, Germarny submitted 3 runs. One usesthe image
distortion model that was usedfor the best run of last year, and the other
a sparsehistogram of image patchesand absolute position. The image dis-
tortion model run usesa nearestneighbour classi er, one of the other runs
usesSVMs, and the other usesa maximum entropy classi er.

RWTHmi. The IRMA group of the Medical Informatics Division of the
RWTH Aachen University Hospital, Germany submitted two runs which us-
ing cross{correlation on 32x32imageswith explicit translation shifts, image
deformation model for Xx32 images,global texture features as proposedby
Tamura, and global texture featuresasproposedby Castillo basedon fractal

concepts.For classi cation a nearestneighbour classi er was used. Weights
for thesefeatureswere optimised on the developmert set. One of theseruns
re ects their exact setup from 2005for comparison.

UFR. The Pattern Recognition and Image Processinggroup from the Uni-
versity Freiburg, Germany submitted two runs using gradient{lik e features
extracted over interest points. Gradients over multiple directions and scale
are calculated and used as a local feature vector. Features are clustered to
form a codebook of size 20 and a cluster{cooccurencematrix is computed
over multiple distance rangesand multiple angle ranges(since rotation in-
variance s not desired), resulting in a 4D array per image which is attened

and usedasthe nal feature vector. Classi cation is done using multi{class

SVM in a one{vs{rest approach with a histogram intersection kernel.



Table 3. Results of medical automatic annotation task; expected best marked with "*'

rank Group Run tag Error rate [%]
1 RWTHi6 SHME 16.2
2 UFR UFR-ns-1000-20x20x10 16.7
3 RWTHiI6 SHSVM 16.7
4 MedIC-CISMeF o cal+global-PCA335 17.2
5 MedIC-CISMeF local-PCA333 17.2
6 MSRA WSM-msra-wsm-gra y 17.6
7 MedIC-CISMeF local+global-PCA450 17.9
8 UFR UFR-ns-800-20x20x10 17.9
9 MSRA WSM-msra-wsm-patc  h 18.2
10 MedIC-CISMeF local-PCA150 20.2
11 RWTHi6 IDM 20.4
12 RWTHmi rwth-mi 215
13 RWTHmi rwth-mi-2005 21.7
14 CINDI cindi-svm-sum 24.1
15 CINDI cindi-svm-pro duct 24.8
16 CINDI cindi-svm-ehd 25.5
17 CINDI cindi-fusion-KNN9 25.6
18 CINDI cindi-svm-max 26.1
19 OHSU OHSU-iconGLCM2-tr 26.3
10 OHSU OHSU-iconGLCM2-tr-de 26.4
21 NCTU dblab-nctu-dblab2 26.7
22 MU I2R-re ne-SVM 28.0
23 OHSU OHSU-iconHistGLCM2-t 28.1
24 ULG SYSMOD-RANDOM-SUBWINDO WS-EX 29.0
25 DEU DEU-3NN-EDGE 29.5
26 OHSU OHSU-iconHist-tr-dev 30.8
27 UTD uTD 31.7
28 ULG SYSMOD-RANDOM-SUBWINDO WS-24 34.1

{ ULG. The group from the University of Liege, Belgium extracts a large
number of possibly overlapping, square sub{windows of random sizesand
at random positions from training images. Then, an ensenble model com-
posedof 20 extremely randomisedtreesis automatically built basedon size{
normalised versionsof the sub{windows, and operating directly on the pixel
valuesto predict classesf sub{windows. Given this classi er a newimageis
classi ed by classifying sub{windows and combining classi cation decisions.

{ UTD. The University of Texas, Dallas, USA submitted one run. Images
are scaledto 16 16 pixels and their dimensionality is reducedby PCA. A
weighted k{nearest neighbour algorithm is applied for classi cation.

3.3 Results

The results from the evaluation are given in Table 3. The error rates range
from 16.2%to 34.1%. Based on the training data, a system guessingthe most
frequert group for all 1,000test imageswould result with 80.5%error rate, since
195 radiographs of the test set were from class 111, which is the biggest class
in the training data. A more realistic baselineis given by a nearest neighbour
classi er using Euclidean distanceto comparethe imagesscaledto 32 32 pixels
[13]. This classi er yields an error rate of 32.1%.

The averageconfusionmatrix over all runs is givenin Figure 5. It can clearly
be seenthat a diagonal structure is reached and thusthat on the averagemost of
the imageswereclassi ed correctly. Someclassedave high inter{class similarit y:
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Fig. 5. Averageconfusion matrix over all runs. Dark points denote high entries, white
points zero. X{axis shows the correct class and the Y-axis the classto which images
were classi ed. Valuesare in logarithmic scale

in particular classesl08to 111are often confusedand in total many imagesfrom
other classeswere classi ed to be from class111. Obviously, not all classesare
equally dicult, a tendency that classeswith only few training instances are
harder to classifythan classeswith a large amount of training data can be seen.

3.4 Discussion

The most interesting obsenation can be seenwhen comparing the results with
those of last year: The RWTHI6{IDM [14] system that performed best in last
years task (error rate: 12.1%) obtained an error rate of 20.4%. This increase
in error rate can be explained by the larger number of classesand thus more
similar classeghat can easily be confused,on the other hand, 10 methods clearly
outperform this result, 9 of theseuseSVMs asclassi er (ranks 2-10) and oneuses
a discriminativ ely trained log{linear model (rank 1). Thus, it can clearly be said,
that the performanceof imageannotation techniquesstrongly improved over one
year, and that techniquesthat wereinitially developed for object recognition and
detection are very well suited for the automatic annotation.

Given the condence les of all runs, we tried to combine the classi ers
by the sum rule. Therefore, all con dence les were normalised such that the



con dences could be interpreted as a{p osteriori probabilities p(cjx) where c is
the classand x the obsenation. Unlik e last year, where this technique could not
improve results, clear improvemerts are possible combining seweral classi ers
[15]: Using the top 3 ranked classi ers in combination, an error rate of 14.4%
was obtained. The best result is obtained combining the top 7 ranked classi ers.
No parameterswere tuned but classi ers were combined equally.

4 OQverall Conclusions

For the retrieval task, none of the manual or interactiv e techniques were signif-
icantly better than automatic runs. The best{performing systemsused visual
and textual techniquescombined, but seweral times a combination of visual and
textual features did not improve a system's performance. Thus, combinations
for multi-mo dal retrieval needto done carefully. Purely visual systemsonly per-
formed well on the visual topics. For the automatic annotation task, discrimi-
native methods outperformed methods basedon nearestneighbour classi cation
and the top{p erforming methods were based on the assumption that images
consist of image parts, which can be modelled more or lessindependertly .

One goal for future tasks is to motivate groupsto work more on interactive
and manual runs. Given enoughmanpower, such runs should be better than op-
timised automatic runs. Another future goalis to motivate an increasingnumber
of subscribed groupsto participate. Collections are plannedto becomelarger. As
somegroupsalready complained about too large datasetsfor their computation-
ally very expensive methods, a smaller databasemight be provided as an option
for these groups to at least submit someresults and compare them with other
techniques. For the automatic annotation task, onegoalis to usetext labelswith
varying annotation precision rather than simple class{basedannotation and to
consider semi{automatic annotation methods.
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