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Abstract

This paper describes the participation of MIRACIldsearch consortium at the VideoCLEF track
at CLEF 2008. We took part in both the main mangafdlassification task that consists in
classifying videos of television episodes usingespetranscripts and metadata, and the Keyframe
Extraction task, whose objective is to select kayfes that represent individual episodes from a
set of supplied keyframes (one from each shot@fitieo source). For the first task, our system is
composed of two main blocks, the first in chargéuwitding the core system knowledge base, and
then the set of operational elements that are wetdelassify the speech transcripts of the topic
episodes and generate the output in RSS formathEaecond task, our approach is based on the
assumption that the most representative fragmét)®f each episode is the one whose distance
to the whole episode is the lowest, considering@ar space model. 4 runs were submitted in all.
Regarding the classification task, we rank&d@ut of 6 participants) in terms of precision @18

in terms of recall.

Categories and Subject Descriptors

H.3 [Information Storage and Retrieval]: H.3.1 Content Analysis and Indexing; H.3.2 Infation Storage;
H.3.3 Information Search and Retrieval; H.3.4 Systeand Software; H.3.7 Digital libraried.2 [Database
Management]: H.2.5 Heterogeneous Databade£, [Data Stor age Representations).
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1. Introduction

MIRACLE team is a research consortium formed byaesh groups of three different universities in kigd
(Universidad Politécnica de Madrid, Universidad énama de Madrid and Universidad Carlos Il de Mdyri
along with DAEDALUS, a small/medium size enterpr{SME) founded in 1998 as a spin-off of two of thes
groups and a leading company in the field of lisgjaitechnologies in Spain. MIRACLE has taken part
CLEF since 2003 in many different tracks and tasiduding the main bilingual, monolingual and sdimgual
tasks as well as in ImageCLEF [4] [8], Questiorsaring, WebCLEF, GeoCLEF and VideoCLEF tracks.

This paper describes our participation in the VI@EBF task, a new track for CLEF 2008. The goahis track
is to develop and evaluate tasks in processingovidatent in a multilingual environment. This tréok 2008 is
dedicated to Vid2RSS task which comprises a numbaubtasks including topic classification perfodren

dual language videos. The main objective involv&sigming topic class labels to videos of televisipisodes.
Speech recognition transcripts, metadata recoaigdming title and description) and video keyfrani@nd shot
boundaries) for each episode are supplied. Theouild¢a are Dutch television documentaries and goBtatch

as a dominant language, but also contain a highgotion of spoken English (i.e., interview guesti®n speak
in English). The output format is a set of RSS-fgeghe for each topic class, created by concatenatie

metadata records for the episodes assigned taea tpic class.

We have participated in the main mandatory Classifin task that consists in classifying videogedévision
episodes using speech transcripts and metadatay #mel Keyframe Extraction task, whose objectivéoi select



keyframes that represent individual episodes froseteof supplied keyframes (one from each shohefvideo
source).

2. Classification task

The objective of the mandatory Classification té&sko perform the speech recognition transcripebampic
classification (i.e., classify the videos of thietésion documentary episodes using the speeclynéoon output
only). Videos include dual language (Dutch + Erglispisodes. Output is 10 topic-based feeds, eawtaining
the episodes that have been classified in thatctopiegory. The defined topic classes are Archegolog
Architecture, Chemistry, Dance, Film, History, MusPaintings, Scientific research and Visual avtsile
classification task | is based on episode speeatstripts only, classification task Il allows toeuspisode
metadata for classification.

Figure 1 shows the logical architecture of our eystThe system is composed of two main blocks. firke
block is in charge of building a corpus that canused as the core system knowledge base. The setmrid
includes the set of operational elements that asgled to classify the speech transcripts of thie episodes
and generate the output in RSS format. Those dpeehtelements cover an information retrieval systnd a
classifier, as well as auxiliary modules for textraction, filtering and RSS generation.
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Figure 1. Overview of the classification system

The first step is to obtain the necessary trainiata for the classifier, as part of the task igegithe description
of the subject class, to gather the necessary tdatein the classifier. Our knowledge base foinirgy the

classifier was generated from Wikipedia articlesotder to do so, we first established a matchietgvben the
topic classes provided for the task and the cliassifn topics that Wikipedia uses for articlescahed in

metadata. The next step was to obtain a list ofipgikia articles belonging to each of the 10 tofass, for each
task language, i.e. English and Dutch. Table 1 shibiy number of articles for each topic class anduage.

Table 1. Articles in the training set

Topic EN NL
Archaeology 666 1280
Architecture 1409 2002
Chemistry 2207 3130
Dance 497 3248
Film 338 4934
History 1655 7822
Music 506 8691
Paintings 612 213

Scientific research 2845 15307
Visual arts 754 1280




Next, each document is processed through the follpsequence of operations:

1. Text extraction: Ad-hoc scripts are run to obtain the actual testent of articles, filtering out
Wikipedia tags.

2. Diacritics removal and conversion to lowercase: all terms are normalized by removing diacritics (in
the case of Dutch) and changing all letters to loase.

3. Filtering: All words recognized as stopwords are filtered @tbpwords in the two target languages
were initially obtained from [6] and afterwards extled using several other sources [3] as well as ou
own knowledge and resources.

4. Stemming: This process is applied to each one of the ternbetimdexed or used for retrieval. Standard
stemmers from Porter [5] have been used.

The processed corpus is indexed with Lucene retriewgine [1] to allow a fast and efficient access
information needed for the classification. Two eif#nt indexes are built, one for each language.

The classifier is based on the k-Nearest Neightadgorithm [7]. To find the class for a given epispdhe
content is first processed as explained beforenThe whole set of resulting terms is used to bailglery that
is given to the Lucene search engine to obtaidishef the top k most relevant (i.e., most sinjilarticles in the
Wikipedia-based corpus. Finally, the class of theig episode is the most frequent class in thektopsults.
After some preliminary experiments, a value of kte€l0 was chosen for our runs.

3. Keyframeextraction task

Our system is based on the assumption that, icdhtext of a vector space model representationtifi2] most
representative fragment (shot) of each episodeadsepted by a vector) is the one whose distantieetovhole
episode (also a vector) is the lowest. The contehb®th each shot and the whole episode areffitstessed as
explained before, after extracting the text frora #peech transcription. Based on the vector spamelma
weighted vector is built for each episode and $ethmts, representing the term frequency of thennmadst
significant terms in the given episode. Finally Kegframe extraction module selects the keyframertggng to
the most representative shot in the episode, wikithe shot whose vector has the lowest distarma fi.e., is
nearest) the vector of the whole episode. The mased here was the cosine distance [2], althouglidean
distance could also be valid. An overview of thetsgn architecture is shown in Figure 2.
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Figure 2. Overview of the keyframe extraction system

4. Experimentsand results

We have submitted different runs for each propaadatask: three for the classification task and famethe
keyframe extraction. Table 2 shows the list of sittauh runs.

Table 2. List of runs

Run Identifier Language Task
MIRACLE-CNL NL Classification | + Keyframe_Extraction |
MIRACLE-CNLEN NL+EN Classification |
MIRACLE-CNLM eta NL Classification |




In short, “CNL” run only uses the index for the Ditcorpus, “CNLEN" uses both indexes and gathagsttter
results from any of them, and “CNLMeta” uses thadbundex but also includes the episode metadakaild
the query for the retrieval engine.

Table 3 shows the values of precision and recdlliobd by the different runs in the classificattask. Classes
marked in italics are those whose number of reledaguments is equal to 0, i.e., no episode beldmdhis
class, according to the task organizers.

It can be observed that the best precision is gebigvith the “CNL” run in which only the Dutch traeription
is used. When the knowledge base and the traniseript English are involved, results are noticeabhd
significantly worse. This could be directly motigdtby the fact that the dominant language of ttisoeles is
Dutch. However, the best modelled class is “Mustrresponding to one of the classes that own hehig
number of Wikipedia articles in the training sehid may suggest other explanations, such as thethat
training set (the knowledge base) for English imsmaller than the one available for Dutch. Anpftessible
explanation could be that the voice recognitiortesysfor English is not as good as for Dutch. Obsiguthese
issues have to be further studied.

Table 3. Classification task results

Precision Recall
CNL CNLEN CNLMeta CNL CNLEN CNLMeta

Archaeology 0.25 0.25 0.40 0.14 0.14 0.29
Architecture 0.00 0.00 0.00 1.00 1.00 1.00
Chemistry 0.00 0.00 0.00 1.00 1.00 1.00

Dance 0.00 0.00 0.13 0.00 0.00 0.67

Film 1.00 0.25 1.00 0.00 0.33 0.00

History 0.25 0.26 0.38 0.30 0.50 0.60
Music 0.64 0.65 0.65 0.95 1.00 1.00

Paintings  1.00 0.00 1.00 0.00 0.00 0.00

Scientific Research  0.29 0.21 0.21 1.00 1.00 1.00

Visual Arts 1.00 0.20 0.14 0.00 0.40 0.20
ALL (microaveraged) 0.43 0.29 0.37 0.51 0.61 0.65
ALL (macroaveragey  0.44  0.18 0.39 0.44 0.54 0.58

! By definition, macroaverage values are computeth@snean of values of all classes that are firdividually
calculated. In contrast, the microaverage measfirgtsobtain the aggregate counts for all classed then
calculate the values of precision and recall.
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Figure 3. Summary of classification task results



Although results for the classification task lle.i.including metadata, seem to be worse than sedoit
classification task I, this is misleading. For@#sses except Scientific research and Visual pir¢gjsion values
are higher if metadata is used, but the averagee\ialworse specially due to the very low valueMual arts.
This issue still has to be analyzed.

Comparing to other groups, we successfully rankéd& of 6 participants in terms of precisiofi’ i terms of
recall and also f-score (not shown in the table).

Regarding the keyframe extraction task, MIRACLE wlas only participant who submitted results. Thihg,
evaluation has been manually made. Five nativebDspeakers (in the age range 20-50) were preswiitiedhe
titte and the description of each video episoden@laiith two keyframes, one manually extracted and o
automatically extracted provided by us. They wesked to choose which keyframe they preferred. @f4@
videos, 1 did not have a keyframe. In two cases keyframe chosen manually and that chosen byyttera
was the same. Thus, each subject was asked abdiff3ént pairs of keyframes.

On average, the subjects chose the automatic beemainually selected keyframe in 15.2 cases (41).G8fkb
the manually over the automatic in 21.8 cases Z38)9Table 4 shows the results of the evaluati@tgss. The
“Automatic keyframe” and “Manual keyframe” columepresent the number of episodes that the evalbasr
selected as more adequate between the automaticathanually extracted keyframe. The last colunstto
show the number of correctly extracted keyframssuming that the evaluator has chosen correctly.

Table 4. Keyframe extraction task results

Automatic Manual Well solected?
keyframe Keyframe
Subject 1 16 21 18
Subject 2 14 23 16
Subject 3 16 21 18
Subject 4 17 20 19
Subject 5 13 24 15
Average 41.08% 58.92% 44.10%

These promising figures indicate that the autoralljiextracted keyframes may be strong competitdtis the
manual ones in the short- or middle-term future.

5. Conclusions and Future Work

After a preliminary analysis of results obtainedhe classification task, we can conclude thatelsems to be
a direct relationship between the knowledge basecisted to a given class and results achieved ifhis
probably indicates that the architecture of theesysand provided algorithms are useful, but moferefmust be
invested to improve the knowledge base, both imdtesme (coverage) and the pre-processing activitie

Despite the subjectivity of the keyframe extractiask and lack of any reference experiment to whimmpare
our own system, we can say that these resultsrareiging and encourage us to keep on this lineséarch for
future participations.
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