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We prop ose a generic and robust framework for news video indexing, which we found on a broad-
cast news production model. Weidentify within this model four production phases,ead providing
useful metadata for annotation. In contrast to semi-automatic indexing approaches, which exploit
this information at production time, we adhere to an automatic data-driv en approach. To that
end, we analyze a digital news video using a separate set of multimo dal detectors for each pro-
duction phase. By combining the resulting production-deriv ed features into a statistical classier
ensenble, the framework facilitates robust classi cation of sewveral rich semarntic concepts in hews
video; rich meaning that concepts share many similarities in their production process. Exp eri-
ments on an archive of 120 hours of news video, from the 2003 TRECVID benchmark, show that a
combined analysis of production phasesyields the best results. In addition, we demonstrate that
the accuracy of the proposed style analysis framework for classi cation of seweral rich semartic
concepts is state-of-the-art.
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1. INTRODUCTION

The advancemen in optical b er technology, coupled with a growing availabilit y
of low-cost multimedia recording devicesenablesthe massiwe capture, delivery, and
exchange of large amounts of digital video. This overwhelming amount of digital
video data will trigger the needfor automatic indexing tools. Ideally, thesetools
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should provide on-the-y content-based annotation at a conceptual level. Once
the video is semairically annotated, this allows for e ective and e cien t brows-
ing, ltering, and retrieval of speci c video fragmens. Unfortunately, automatic
techniques for indexing video with conceptual labels su er from the fact that it is
hard to infer semarics basedon features extracted from the data. This semantic
gap [Smeulderset al. 2000] has hampered the dewvelopmert of a genericindex so-
lution. Thus, the progressin content-based multimedia analysis has not kept pace
with the multimedia enabling technology push.

To tackle the semartic video indexing problem, two solution paths have emerged.
The rst road to an e ective semaric video index, circumvents the problem of
mapping featuresto semariics by actively involving the creator of the video in the
annotation process[Barry and Davenport 2003; Davis 2003;Nack and Putz 2004].
While this approach is fruitful for preser day video production, it is unsuited for
the large amount of digital video stored in video repositories already. In addition,
there might be seweral reasonswhy authors are unwilling to share the valuable
production information. Therefore, the secondsolution path for semartic indexing
of video focusesanalysis on the raw multimedia data of the nal video product.
Most work in this direction emphasizesan analysis basedon corntent only. This
approad yields adequateresults for conceptsthat are easyto distinguish because
of their large similarity in (visual) cortent, e.g. tigers [Smith and Li 1998]and soccer
gamesg[Xie et al. 2004]. For conceptsthat have more variabilit y in their cortent, e.qg.
buildings, sporting everts, and dialogues, analysis methods basedon cortent only
are too fragile. We study a particular classof concepts- we call rich semantics -
which sharemany similarities in their production processwhile being very di erent
content-wise. Both conceptssporting everts and dialoguesfor example, are often
recordedin a di erent setting; but from a xed cameradistance. Rich semartics
are illustrated in Figure 1. The question ariseswhether it is possibleto combine
the two video indexing approacesby extracting rich semartic concepts,from video
archives, using features which are related to the ertire production process.

Others have also probed whether video production techniques are applicable to
the problem of semartic video indexing. There is a large body of work on segmeit
ing feature Ims and situational comediesinto logical story units using techniques
from Im art, see[Adams et al. 2002; Hanjalic et al. 1999; Sundaram and Chang
2002; Truong et al. 2005;Vendrig and Worring 2002]. In general,theseapproaces
demonstrate the feasibility of production-derived featuresfor semariic indexing by
focusingon one speci ¢ technique from Im art only. Then, the authors are able to
map featuresto semariics basedon knowledge-basedtlassi cation rules. In [Adams
et al. 2002]for example,the authors usetempo to identify events and dramatic sec-
tions, while in [Sundaram and Chang 2002]the 180 rule is exploited to detect
dialogues. However, genericapplicability and robustnessof theseindexing methods
is limited becauseof their rule dependency

To cope with both generic applicability and robustness, the focus in seman-
tic video indexing hasrecertly shifted to machine learning basedapproades, e.qg.
[Naphade et al. 2002; Adams et al. 2003; Amir et al. 2003; Hauptmann et al.
2003; Sncek and Worring 2005a]. These approadies are able to index video based
on a large collection of automatically derived decisionrules while exploiting mul-
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Fig. 1. Relation between content variabilit y and production consistency. Rich semartics have
both a high variabilit y in content and a high consistency in production.

tiple features. This has resulted in increasedrobustnessfor automatic classi ca-
tion of various semaric concepts. Howewver, none of these indexing methods use
production-derived features.

In this paper, we take the idea of using production-derived featuresfor semartic
video indexing a step further. We focus on the domain of newsvideo. This classof
video adheresto a strict production format, but its content changeson an hourly
basis. At the sametime it is also a classof video, which is actively archived by
seweral broadcast stations and cultural heritage institutions. To study the prob-
lem of semaric news video indexing, we rst derive a model of the news video
production process.Basedon this model, we proposea genericand robust frame-
work for newsvideo indexing. Our framework is generic becausewe learn various
rich semaric conceptsin newsfrom a xed set of features related to the news
video production model. The framework guaranteesrobustnessby integrating all
production-derived featuresinto a statistical classi er ensenble. The framework is
unique in its combined usageof production-derived featuresand machine learning -
we call style analysis - for the purposeof genericand robust rich semariic indexing
of newsvideo archives.

The organization of the remainder of this paper is asfollows. First, we discussin
more detail related work. Then, we proceedwith a model for newsvideo production
in section 3. We presert the style analysis framework for news video indexing in
section4. Wediscussanimplementation of the framework in section5. An extensive
evaluation on the 2003NIST TRECVID video retrieval bendhimark [Smeatonet al.
2003], demonstrating the applicability of our framework, is preserted in section 6.
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2. RELATED WORK IN SEMANTICVIDEO INDEXING

Initial work on semaric video indexing started with visual analysisonly. A good
example of this exploratory work is [Zhang et al. 1997]. The authors focus on
parsing and indexing of newsvideo. Basedon extracted motion featuresthey are
ableto classify conceptssuch ascrowds and talking heads. Becauseof the exploring
nature of this work, experiments are carried out on a small-scalevideo archive only.
In addition, the multimo dal nature of newsvideo is ignored.

Large scalenewsvideo indexing, using multimo dal analysis, has been pioneered
by the Informedia project at Carnegie Mellon University [Wactlar et al. 1999].
Their approad focusedon adapting techniques developed for other domains, like
speet recognition, face detection, and natural language processing,into a video
indexing and retrieval ervironment. This has resulted in a news video analysis
toolbox that exploits cortent in a knowledge-basedashion. The current systemis
shifting towards the usageof more advanced learning schemes[Hauptmann et al.
2003]. Howewer, production-derived features are largely ignored still.

Naphadeet al. [Naphadeet al. 2002]were among the early adopters of advanced
pattern recognition techniques for semariic classi cation of video. In [Naphade
et al. 2002]they proposeto model semaric conceptsthrough probabilistic detec-
tors, for exampleairplane, skydiving, and bird detectors. The authors refer to these
concept detectors as multijects. Integration of multijects into a network represen-
tation, referredto as Multinet, allows inferring contextual semartics, e.g. outdoor
basedon detection of vegetation and sky. By combining the individual probabili-
ties of all multijects into a Multinet, using factor graphs [Naphadeet al. 2002],the
framework is applicable to all sorts of multimedia data and a variety of sematriic
indexes. Howewer, the experiments only consider visual conceptsrelated to the
setting of the multimedia data, e.g. rocky terrain, water-body, and forestry. This
indicates that this method is mostly suited for non-rich semarics.

An extendedand truly multimo dal versionof [Naphadeet al. 2002]was preseried
in [Adams et al. 2003;Amir et al. 2003],now aspart of the IBM Researty TRECVID
contribution. Herethe Multinet is oneof the nal classi ersin a pipeline of analysis
stepsthat exploits various machine learning and multimo dal integration schemes.
The pipeline starts with a set of standard and semartically poor image, audio,
and textual features. Based on these features the pipeline then generatesseeral
unimodal statistical models for a lexicon of 64 semartic concepts. For integration
of modalities and models at the concept level, Ensenble Fusion, amongst others,
is applied. This fusion schemeincludes normalization of con dence scores,seeral
combiner functions, and parameter optimization, seealso [Tseng et al. 2003]. All
multimo dal conceptsthen sene asthe input for the Multinet that usesthe combi-
nation of conceptsfor nal semaric classi cation. This approac hasdemonstrated
good results on the conceptdetection task of the NIST TRECVID bendmark. De-
spite this successwe identify somelimitations in the current pipeline approach.
First, at its core the system exploits a small set of semartically poor cortent fea-
tures. This set still focuseson visual concepts. It is therefore not surprising that
one of the conceptsfor which the authors had poor performancewas female speed.
Modality integration by combining classi er models at the conceptlevel is another
limitation of the pipeline approadc. As it neglectsthe important issueof syncro-
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nizing the various modalities. Finally, the approac ignores production-derived
features. Hence,the current pipeline approad is not optimal for detection of rich
semariic conceptsin newsvideo

A framework for synchronization of multiple modalities and inclusion of temporal
clueswas proposedin [Snoek and Worring 2005a]. Viewing the result of individual
detectors astime intervals, allows for combination of various detectorsinto a com-
mon represertation. The proposed represenation exploits interval relationships
and facilitates classi cation of semariic everts in soccer and news using seeral
pattern recognition methods. A drawbad of the preseried framework is that it
largely ignores production-derived features.

Combining the above, by explicitly modeling multimo dal production-derived fea-
tures into a machine learning framework, we are able to detect rich semartics in
large-scalenewsvideo archives more accurately.

3. NEWSVIDEO PRODUCTIONMODEL

To arrive at a style analysis framework for newsvideo indexing, we rst consider
broadcastnewsproduction. A newsvideo is the work of an author who conceivesan
initial idea for newscoverageand nally producesa result, semarically re ecting
this idea as good as possible. To communicate a semartic intention by means of
a video, an author has an arsenal of techniquesto choosefrom [Boggsand Petrie
2000; Bordwell and Thompson 1997]. The choice for a speci ¢ set of techniquesis
restricted only by the imagination of the author and the format of the newsvideo
to be produced.

In practice, the author will not make all possibletechnical decisionsin isolation.
The author relies for speci c tasks on a production team of specialists. For the
generaldomain of professionalvideo, peopledistinguish betweenthe preproduction
phase,production phase,and postproduction phasein the creation procesgBordwell
and Thompson 1997; Davis 2003; Nack and Putz 2004]. The production phase
can be speci ed further into a production design phaseand a production recording
phase[Bordwell and Thompson 1997]. Thus, we identify the following four phases
for newsvideo production:

| Preproduction: identi cation of newstopics and production planning;

| Production design provision of guidelinesfor the arrangemert of setting, objects,
and people;

| Production recording: shooting of the audiovisual material;

| Postproduction: editing of audiovisual footage and adding of special e ects;

The blueprint of any newsbroadcastis the production planning, aspreparedin the
preproduction phase. In this phase,seweral journalists identify newstopics of inter-
est. Guided by the preproduction phase,the production design phasede nes the
content of a newsvideo by arranging people, objects, and setting, where possible.
Choicesfor the newsstudio include the number of anchors, decoration of the studio,
and type of weather map. Howewer, production designis not limited exclusively
to studio design,e.g. for outdoor footage care is taken in posting reporters on the
right spot. The production recording phaseguidesthe capturing of the newsvideo
content into a multimedia format. One recording team works in the studio and
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another one on location. Both teamstake care of speci ¢ recording circumstances,
such as cameraframing, lightning, and balance and combination of microphones.
The editor is responsible for assenbly and syncronization of individual piecesin
the postproduction phase. The editor assuresthat the voice over of the reporter
is in line with the visible content. In addition, the task of the editor is to add
descriptive information to the newsvideo in the form of overlayed text. The author
is responsible for the complexinterplay of all production phasesto communicate a
semariic intention within the newsvideo.

As obsened by [Nack and Putz 2004], each broadcast news production phase
provides useful metadata. An author may exploit this information for rich semaric
annotation of broadcastnewsat production time. Unfortunately, creation of daily
newsepisalesis often a once-onlyproduction. As a consequencepreciousmetadata
is lost when it is not immediately stored. This is often the casefor news episades
archived in repositories already. For rich semaric indexing of newsvideo archives,
a data-driven analysisis the only viable alternativ e.

4. A STYLE ANALYSISFRAMEWORK FOR NEWSVIDEO INDEXING
4.1 Style Detectas

A broadcast news episade is the result of an authoring process. Hence, analysis
of newsvideo should focus on its author-driven production process. Sincea news
video is often available in a raw data format only, we needto identify asmany of the

production choicesaspossibleusing detectors. The creative choicesmadeduring the

video production processare commonly referredto asthe author's style [Boggsand
Petrie 2000]. Therefore, we refer to detectors that aim to reconstruct production

choices as style detectors. We group these detectors into four sets, basedon the

phasesidenti ed for newsvideo production in section3. We cannot analyze phases
directly from the data. Therefore, a style detector can at best approximate the

result of eat creative phaseinvolved in newsvideo production. Thus, we analyze
a news video using four sets of style detectors, which are related to the ertire

author-driv en production process.

The layout results after the editor is nished with the newsvideo in the post-
production phase. Therefore, the rst set of style detectors we usefor analysisare
layout detectors. We follow our previous work [Snoek and Worring 2005b] for its
de nition:

De nition 4.1 Layout Detectors. Set of style detectorsL that yield an approxi-
mation of the sensorshots, transition edits, and special e ects of a newsvideo.

As layout is modality speci c, the set of layout detectorsis limited by the number
of modalities involved. Examplesof layout detectorsinclude, but are not limited to,
shot segmemation, tempo, overlayed text, and voice overs. When an editor chooses
to usea special e ect, this hasno consequencesor the sensorshot used. Thus for
layout, detectors for various editing elemerts act independertly of eat other.

In the production recording phase, people use sensorslike camerasand micro-
phonesto capture the content into a multimedia format. Furthermore, they use
devicesthat in uence the capture, like lightning and color Iters. Hence,the second
set of style detectors we usefor analysis are capture detectors. We de ne:
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De nition 4.2 Capture Detectors. Set of style detectors T that yield an approx-
imation of the recording parameters used to transfer an obsened sceneinto the
sensoryformat of a newsvideo.

Lik e layout detectors, the number of possibilities for capture detectorsare bounded,
but now by the degreesof freedomof the recording sensorsand devices. For camera
and microphone sensors,examplesinclude their distance, angle, and motion. The
fact that the production recording unit applies a speci ¢ cameramovemert, does
not limit the choicefor a certain color Iter. Hence,the individual capture detectors
are again independert of ead other.

The production designde nes the 3D cortent world of a newsvideo. The cortent
is obtained by arranging people, objects, and setting. For its detection we rely on
content detectors. We de ne:

De nition 4.3 Content Detectors. Set of style detectors C that yield an approx-
imation of the people,objects, and setting appearing in a newsvideo.

In cortrast to layout detectors and capture detectors, the set of possible content
detectors is unlimited in theory, see[Snoek and Worring 2005b]for an overview.
Examples of content detectorsinclude face detectors, speci ¢ object detectors, and
explosionsound detectors. Becauseof the numerouspossibilities for content detec-
tors, a dependert combination may exist. Considerfor examplea newstopic on the
problems of foreignersin a particular country, where peopleand setting are clearly
dependert. In generalhowever, we assumecontent detectorsto act independert of
ead other.

For newsvideo archivesthe production planning of individual episadesis seldom
available. While at the sametime, its reconstruction basedon raw data only seems
almost impossible. We need a meansto enhanceor limit the number of possible
semariic interpretations of a newsvideo segmei. As an estimate of the preproduc-
tion phasewe therefore exploit the notion of context [Dey 2001;Dourish 2004]. We
rely on context detectors for its detection. We adapt the de nition of [Dey 2001]
and de ne:

De nition 4.4 Context Detectors. Set of style detectors S that yield an approx-
imation of the information that can be usedto characterize the situation of a rich
semartic conceptin newsvideo.

Similar to content detectors, the possibilities for context detectors are unrestricted.
We again refer to [Snoek and Worring 2005b]for a generaloverview. Examples of
context detectors for news include indoor detectors, reporter detectors, and com-
mercial detectors. For context detectors a dependert combination may exist also;
but we assumethat context detectorsact independert of ead other in the analysis.
A style detector-basedanalysis of production phasesresults in the mapping of a
news video to the detector setfL;C T;Sg. As an author exploits all production
phasesto communicate a semariic intention, the individual style detectorsneedto
be combined into a common represertation. This involves synchronization, since
detector results from the various modalities are not necessarilyaligned. Syndro-
nization haslargely beenignored in video indexing literature. It is typically solved
by aligning all detection results to a camera shot layout segmemation, although
better sthemesexist [Snoek and Worring 2005a]. For style analysis, we de ne:
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De nition 4.5 Style Vector. A vector §; that contains the syndronized result
of the detector ensenble fL;C; T;Sg, with the desired property that individual
componerts are independert.

wherei indicates the segmetmation used. The style vector, resulting from the syn-
chronization and concatenationof individual detectors, contains production-derived
features from the entire broadcast news creation process. It forms the basis for
genericand robust learning of rich semarics from produced newsvideo.

4.2 SemanticClassi er

We perceive detection of rich semariics from production-derived features as a su-
pervised pattern recognition problem. We aim to detect a rich semariic class!
basedon an ensenble of independen style detectors, represerted in a style vector
5;, using the probability p(! js;j). This requiresa classi er combination scheme. A
classi er combination scheme combines results of seweral independert classi ers or
detectors that solve the sametask. Howewer, there is no reasonto assumethat
the sametechnique can not be usedto combine classi ers that do not solve the
sametask per se,but are related sematriically, i.e. sharethe sameauthor intention.
Except for trivial cases,detectors are imperfect and generate both false positive
and false negative results. Hence, in terms of statistical pattern recognition, we
consider ead individual style detector to act as a weak classier. A classier en-
senble bene ts from the synergy of a combined use of weak learners, resulting in
improved performance. This is especially the casewhen the various classi ers are
largely independert [Jain et al. 2000]. As we have designeds; as an ensenble of
independert style detectors, a classi er combination sthemeis a natural choice for
learning rich sematrtics from newsvideo.

The classi er combination schemeyields a style model, which is applicable to any
newsvideo archive. However, discriminatory power of the style model increasesby
restricting the archive for which a model is developed. One can achieve restriction
by limiting the newsarchive to a speci ¢ channel, author, or both. We de ne:

De nition 4.6 Style Model. Model resulting after applying a classi er combina-
tion sthemeto a set of style vectors.

In literature various classi er combination schemesexist, e.g. bagging [Breiman
1996],boosting [Schapire 1990],and stadking [Wolpert 1992]. Baggingand boosting
resample a data set to obtain an ensentble, or series, of independert classi ers.
They dier in the way they combine the individual results. Both schemesfocus
on the data and exploit independenceby combining classi ers that are trained on
di erent samplesof the set. In contrast, stacing focuseson the classi ers. This
classi er combination schemeusesthe output labelsof individual classi ers asinput
featuresfor a stackel classi er, which learns how to combine the reliable classi ers
in the ensenble and makesthe nal decision. Becausea style vector is composed
of independen style detectors, an assurancefor independenceexists and there is
no need for resampling. Hence, for our purpose,i.e. detection of rich semartics,
stacking is a good choice.

The probabilistic output p(! js;) obtained from a stadked classi er allows to de-
ne new context detectors. Supposewe construct a style model for detection of
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Fig. 2. Style analysis framework for news video indexing.

political reporters in broadcast newsusing n style detectors for ead style vector.
When we apply this model to a set of shot-segmeted news broadcasts, it results
in a probability of occurrenceof political reporters for ead shot. We can then add
this concept, together with its probability, as a context detector and useit for a
style model, containing n + 1 style detectors for ead style vector, which detects
segmeits where a politician speakson a topical subject. Besidespositive correla-
tion, negative correlation is also helpful asa context detector. It aidsin preventing
false positive classi cation of semarically di erent conceptsthat share similarity
in their production process,e.g. political reporters and nancial reporters. More-
over, it can be exploited for detection of rich semartics that are de ned by what
it is not, e.g. non-political newsewvents. Note that by iterativ ely adding concepts
to the style vector, in the form of context detectors, someindependenceis lost.
As this only involves a small fraction of all detectors in the ensenble, we do not
considerit a problem. The order in which context detectors are addedto the style
vector can be de ned by domain knowledge, experimertation, or feature selection
techniques[Jain et al. 2000].

Summarizing the above, we aim to learn rich semartic conceptsfrom newsvideo
using a restricted set of style detectors, which addressaspects of the ertire broad-
cast news production process. The semariic classi er used for detection of rich
semartics exploits supervisedlearning in conbination with stacking. The complete
style analysis framework for indexing of newsvideo, in terms of rich semarics, is
visualized in Figure 2.

5. AN EXPERIMENTON A NEWSVIDEO ARCHIVE

We participated in the 2003NIST TRECVID video retrieval bendhmark [Smeaton
et al. 2003]to demonstratethe applicability of our framework for automatic concept

ACM Transactions on Multimedia Computing, Comm unications and Applications, Vol. V, No. N, Decem ber 2005.



10 C.G.M. Sncek et al.

detection. The newsvideo archive for the 2003benchmark totaled 120hours of ABC
World News Tonight and CNN Headline News from the rst half of 1998". NIST
split the archive into an equally sized training and test set, i.e. ead containing
about 60 hours of producednewsvideo in MPEG-1 format. Togetherwith the video
archive cameautomatic speed recognition results donated by LIMSI [Gauvain et al.
2002]. CLIPS-IMA G [Quenot et al. 2002] provided a camera shot segmemation.
These shots sene as the basic unit of testing and performance assessmenwithin
the TRECVID bendmark.

In total 17 semartic conceptswerede ned by NIST to be detectedin this archive.
Most conceptscan be classi ed as cortent-based conceptsrelated to setting, ob-
jects, and people. We focus our evaluation on classi cation of rich semartic news
concepts,which sharemany similarities in their production process,namely: news
subject monolague non-studio setting, sporting event and weather news To shav
the limitations of the framework we also include results for two non-rich semartic
concepts,i.e. aircraft and vegetation. NIST de ned all conceptsasfollows[Smeaton
et al. 2003]:

| Newssubject monologue: segmen corntains an evert in which a single person, a
news subject not a news person, speaksfor a long time without interruption by
another speaker. Pausesare ok if short;

| Non-studio setting: segmetn is not setin a TV broadcast studio;

| Sporting event: segmen corntains video of one or more organizedsporting everts;
| Weather news segmen reports on the weather;

| Aircraft: segmem cortains at least one aircraft of any sort;

| Vegetation: segmen cortains living vegetation in its natural environment;

Note that interpretation of concept de nitions is subject to manual judgment as
performed by NIST. We automatically detect all six concepts,in a genericfashion,
using an implementation of the style analysis framework.

5.1 SemanticClassi er Implementation

As a stacked sematriic classi er we choosethe Support Vector Machine (SVM) [Vap-
nik 2000; Chang and Lin 2001],which is known to be a stable classi er for various
classi cation problems. In addition, it has also proven to be a good choice in a
multimo dal video indexing setting [Adams et al. 2003; Snoek and Worring 2005a].

As the SVM adheresto a supervisedlearning paradigm, we need positive exam-
ples for every concept under consideration. We manually labeled a subset of the
training set, of about 24 hours in total, to obtain theseexamplesfor eath sematriic
concept.

We perform a parameter seart for eat conceptto optimize the settings for the
SVM in our classi cation scheme. This parameter seard accourts for balancing
of positive and negative examples. In addition, it optimizes the classi er in case
the data is not perfectly separable,using so called slak variables [Vapnik 2000].
Both data balancing and the use of sladk variables are required for detection of

1wWe ignore the 13 hours of C-SPAN video from the ocial 2003 TRECVID benchmark data set
in our experiments, since these are not related to the news domain.
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rich semartics, since rich semarics are never evenly balanced in the data and
never perfectly separable. We useten-fold crossvalidation [Jain et al. 2000]on the
training set for the parameter seard.

To allow for combination of style models, we convert the classi cation result of
the SVM, i.e. the margin, to a calibrated result. Ideally onewould have a posterior
probability, p(! jsi), that given an input style vector 5; returns a con dence value
for a particular class! . But the model dependert output of an SVM, (si), is
not a probability. A popular and stable method for SVM output conversion was
proposedin [Platt 2000]. This solution exploits the empirical obsenation that class-
conditional densities between the margins are exponertial; therefore, the author
suggestsa sigmoid model. We apply the output of this model in our classier
architecture. This results in the following posterior probability:

1 .
I+exp( (s)+ )’

p(! jsi) = 1)
where the parameters and are maximum likelihood estimates basedon the
training set [Platt 2000]. The stacked SVM allows for semariic classi cation using
the probabilistic output p(! js;).

5.2 Style Detecta Implementation

For all four production phasesdiscussedn section 3 style detectorswere developed.
We do not claim to be completein the current set of detectors; rather we advocate
that for ead of the four production phasesstyle detectors should be included.
We selectedthe style detectors based on established obsenations from years of
media sciencereseard, e.g.[Boggsand Petrie 2000;Bordwell and Thompson 1997],
which also provide suggestionsfor additional detectorsthat could be addedto the
style analysisframework. The current setlargely builds upon the Informedia news
video analysistoolbox, which has provenits utilit y on the newsdomain in previous
work [Wactlar et al. 1999; Hauptmann et al. 2003]. We have chosento make the
output of all style detectorsdiscreteusing an ordinal scale,asthis is known to havea
positive e ect on SVM performance[Chang and Lin 2001]. Moreover, this weakens
individual detector classi ers even more, which has a positive side e ect on the
classi er combination scheme. To make detectors discrete we use two procedures.
On the numerical output, thresholds are applied. We map categorical output to a
discrete number. We optimized all detectors and thresholds basedon experimerts
using the training set. We syndhronize all discrete detector results, referred to as
production-derived features, to the granularity of the provided shot segmetation.

We refer to the electronic appendix for speci ¢ implementation details of all style
detectors.

For the layout L the length of a camerashot was usedas a feature that charac-
terizestempo [Adams et al. 2002]. Presenceof overlayed text, added by the editor
at production time, wasdetected by a text localization algorithm [Sato et al. 1999].
A microphone segmetation using speet and silence detection was basedon the
results provided by the LIMSI speed detection system [Gauvain et al. 2002]. We
obtain a voice over detector by combining the speed segmemation with the camera
shot segmetation. The total set of layout detectorsis given by: L = fshot length,
overlayal text, silence, voice overg.
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On the content C a frontal face detector [Sthneiderman and Kanade 2004] was
applied to detect people. For eath analyzedframe in a shot we court the number
of faces,and for eat face we derive one of sewen possiblelocations. In addition,
we also measuredthe average amount of object motion in a camera shot [Shoek
and Worring 2005a]. Basedon spealker identi cation [Gauvain et al. 2002]we have
beenable to identify ead of the three most frequert speakers. Each camerashot
is cheded for the presenceon the basis of speet from one of the three. For all
semariic conceptsunder consideration, we learned a list of positive and negative
correlated keywords using the training set. Stopwords are removed using SMART's
English stoplist [Salton and McGill 1983]. Based on the fraction of positive or
negative keywords in the text assaiated with ewvery shot, we labeled a shot as
positively correlated, negatively correlated, or undecided. Text strings recognized
by using Video Optical Character Recognition [Sato et al. 1999]were chedked on
length and usedas input for a named ertity recognizer[Wactlar et al. 1999]. The
total set of content detectors is given by: C =ffaces, face location, object mo-
tion, frequent speaker, positive keywolds, negative keywouds, overlayal text length,
video text namal entityg.

From the size of detected faces[Scthneiderman and Kanade 2004] the camera
distance usedfor capture T was computed. We distinguished betweensewen types
of cameradistance, ranging from extreme long shot to extreme close-up. When no
face was detected the cameradistance was set as unknown. In addition to camera
distance, se\eral typesof camerawork were detected [Baan et al. 2001], e.g. pan,
tilt, zoom, and soon. Each camerawork feature was either presert or not. Finally,
for capture we also computed the amournt of camera motion [Baan et al. 2001],
which was either high, medium, or low. The total set of capture detectorsis given
by: T = fcamera distance, camera work, camera motiong.

The possibilities for detectors of context S are endless. We restricted ourselves
to the onesavailable in the Informedia toolbox. Both ABC and CNN newscontain
many commercials. Although they may contain monologuesof people promoting
a product, weather related content, and even sporting events, we should not label
commercialsas sudh. Therefore, we applied a context detector able to detect com-
mercials [Hauptmann et al. 2003]. News anchors also share many characteristics
with newssubject monologuesiit is thereforeimportant that we can distinguish an-
chors to circumvert a false interpretation. Moreover, anchors aid in the detection
of studio setting. We applied an anchor detector to stressthis importance [Haupt-
mann et al. 2003]. For the samereasonswe deweloped a news reporter detector.
Reporters wererecognizedby fuzzy matching of strings obtained from the transcript
and Video Optical Character Recognition with a database of namesof CNN and
ABC aliates. The basic set of context detectorsis given by: S = fcommercial,
news anchor, newsreporterg.

Based on a concatenation of fL ;C, T; Sg into a style vector s; we are able to
train a style model. Sincewe aim for detection of six semaric concepts,and we
want to exploit context, we have to de ne order. The order was chosenbasedon
domain knowledge and training set performance. Content-based conceptsaircraft
and vegetation are unlikely to perform well using style analysis. We added these
conceptsaslast onesto prevent disturbance of the style vector with noisy detection

ACM T ransactions on Multimedia Computing, Comm unications and Applications, Vol. V, No. N, Decem ber 2005.



Leaning Rich Semanticsfrom NewsVideo Archivesby Style Analysis 13

results. Based on training set experiments, we found that aircraft is the most
dicult to detect. Hence,this conceptswas chosenasthe last one. Vegetation was
chosenas fth. We chosesporting event as fourth one, becausewe useda limited
set of speci ¢ detectorsfor this semartic concept. For example,we did not usethe
fact that we can distinguish sporting everts basedon a large uniform visual setting
like grassor ice. For detection of non-studio setting, both weather newsand news
subject monologuesare useful. Hence, we chose non-studio setting as third. We
found that the order of weather newsand newssubject monologuess not important
in terms of performance. We choseto detect news subject monologues rst. We
added all conceptsiterativ ely to the context. We assigna semartic conceptto a
style vector, or not, basedon the probability p(! js;) for ead individual style model.
Where we usea threshold of 0.5 on p(! js;).

6. RESUOS

6.1 EvaluationCriteria

NIST allows all groups that participate in TRECVID to submit 10 runs of at
most 2000 camerashots for eady semartic concept. NIST evaluates all runs. For
evaluation NIST usesthe precision at 100 and average precision. The precision at
100indicates the fraction of correct shotswithin the rst 100retrieved results. Let

LK = fly;15;:::;1kg be a ranked version of the answer set A. Then precisionat 100
is de ned as:
%00
precision at 100= 1—Ookzl (k) ; (2)

where indicator function (lIx) = 1if lx is an elemer of the result set R and 0
otherwise. The averageprecisionis a single-valued measurethat correspondsto the
area under a recall-precisioncurve. This value is the averageof the precision over
all relevant shots. Hence, it combines precision and recall into one performance
value. This metric favors highly ranked relevant shots. At any given rank k let
R\ LX be the number of relevant shotsin the top k of L. Then averageprecision
is de ned as:
1% R\ LK
average precision = R "
k=1

The average precision is the basic metric to evaluate experiments within the
TRECVID bendcmark. TRECVID relies on a pooled ground truth P to reduce
labor-intensive manual judgments of all submitted runs. From ead submitted run
a xed number of ranked shots is taken, which are combined into a list of unique
shots. Every submissionis then evaluated based on the results of assessinghis
mergedsubset,i.e. instead of using R in (3), P is used,whereP R.

This is a fair comparisonfor submitted runs, sinceit assuresthat for eah sub-
mitted run at leasta xed number of shotsis evaluated in the important top of the
ranked list. However, for new runs, evaluation basedon the pooled ground truth is
unfair. Sinceit is very likely that within the xed number of shotsin the top of the
new list a number of shots are retrieved that were not evaluated before,and hence
have a negative in uence on averageprecision. Therefore, new runs should also be

() - ®3)
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Table I. New pooling and judging statistics for six semartic concepts from the 2003 TRECVID
benchmark after our evaluation.

News subject Non-studio  Sporting event Weather news Vegetation Aircraft

monologue setting
Pooled depth 100 350 150 100 150 150
Unlab elled 28 324 66 0 116 140
Judged true 28 304 30 0 25 4
Original true 266 2429 585 166 1095 258
New true 294 2733 615 166 1120 262

judged to the samedepth asthe others, and unknown shots should be labeled and
addedto a new pooled ground truth, G, whereP G R. Averageprecisioncan
then by recalculated, using G, for both original submitted runs and new runs.

6.2 Benchmak Compaison

We compared concept detection results of our style analysis framework with 9
preser-day systems,participating in TRECVID 2003. A total of 188 system set-
tings were submitted to TRECVID 2003for the six semariic conceptsconsidered.
Since our experiments were performed after the 2003 TRECVID bendmark, we
had to assure,for a fair comparison, that we judged at least the samenumber of
camerashotsasTRECVID [Smeatonet al. 2003]. We usedthe procedureexplained
in section 6.1. Results of this evaluation are summarizedin Table |. We obtained
the nal submissionsfrom ead participating group. Based on the new pooled
ground truth we evaluated averageprecision for our concepts,and recalculated the
average precision for all other systemsand their various settings. The results are
summarizedin Figure 3.

The style analysis framework works particularly well for news subject mono-
logues,improving upon the other approadcesby more than a factor ten, seealso
[Sncek et al. 2004]. Clearly demonstrating the potential of style analysis for de-
tection of rich semariic concepts. For non-studio setting, our method is slightly
better than the other systems. Although other systemsobtain a twice as good av-
erage precision performance for sporting evert, our framework works surprisingly
well on this concept. This is especially surprising if the limited number of sport
speci ¢ detectorsin the current implementation is takeninto accourt. The average
precision results for weather news are comparable among the best approades. As
expected, the style analysis framework fails for content-based conceptsvegetation
and aircraft. This indicatesthat the current setof content detectorsis not complete
enoughto cover a wide range of content-based concepts. However, for the four rich
semariic concepts,the bendimark results shaw that the style analysis framework
allows for genericindexing with performancecomparableto the state-of-the-art.

6.3 In uence of Production Phaseson Detection of Rich SemanticConcepts

To gain insight in the importance of production phasesfor news video indexing,
we trained classi ers for the four rich semartic conceptsusing style analysis. In
addition, we trained classi ers for ead rich semartic conceptusing style detectors
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Benchmark Comparison
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Fig. 3. Comparison of style analysis results for six semartic concepts from the 2003 TRECVID
benchmark with 9 other present-day indexing systems.

for the four production phasesin isolation. This resulted for ead of the four rich
semariic conceptsin a classi er basedon layout detectors, content detectors, cap-
ture detectors, context detectors, or style analysis. For all classi er combinations,
we evaluated the precision at 100. In Figure 4 we plotted the number of hits asa
function of the number of shots judged.

The graphs shaw that for all rich semartic concepts,it is the combination of an-
alyzed production phasesthat yields the best results. The precision at 100 scores
are respectively 0.94 for newssubject monologues,0.98 for non-studio setting, 0.85
for sporting evert, and 0.99 for weather news. As expected, content detectors are
especially strong in identifying a small subset of concept instancesthat have low
variability in their multimo dal content. When this set is exhausted, performance
drops. This is especially prevalert for sporting events, as we only used a lim-
ited number of sport speci c content detectors for this concept. For weather news
an analysis basedon content only achieves a good precision at 100 accuracy but
here a combined style analysis yields the best result also. Besidescortent detec-
tors, capture detectors are important for the e ectiv e detection of rich semartics.
The graphs for news subject monologue, non-studio setting, and to lesserextent
sporting everts, support this obsenation. For weather news,the current set of cap-
ture detectors play no role of importance. Layout is somewhatuseful in isolation
when aiming for detection of newssubject monologuesand non-studio setting. For
sporting event and weather news, layout is lessuseful. The current set of context
detectorsis too limited. Except for non-studio setting, usageof cortext in isolation
is not able to classifyrich semarics. The results support our claim that for generic
and robust rich semaric indexing of newsvideo archives, analysis should exploit
all production phases.
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Fig. 4. Inuence of production phases, modeled as style detectors, on rich semartic concept
detection performance. Number of hits plotted as function of the number of camera shots judged,
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for the rst 100 results of each analyzed rich semartic concept.

6.4 Discussion

When we take a closer look on the results, we conclude that the news subject
monologue detector achieves a high accuracy
will contribute to this. The in uence of the ertire production process,however,
is evident also. Production recording, modeled by capture detectors, is a very
informativ e production phasefor news subject monologues. Typically, an author
recordsnewssubject monologuesin close-upwith a static camera. Other concepts

In part, the individual detectors

e.g. andhors and reporters, share similarities in their production design,i.e. con-

tent detector results, and production recording, i.e. capture detector results, with
news subject monologues. Context is therefore required to reduce the number of
false positives. By adding layout detectors, speci cally presenceof overlayed text,
results improve even further. Another interesting obsenation stemsfrom analyzing

the top 100 results for eat production phase. Shots from ABC dominate results

for production design,i.e. content detector results, and postproduction, i.e. lay-
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out detector results. In cortrast, shots from CNN dominate the top 100 lists for
production recording, i.e. capture detector results, and preproduction, i.e. context
detector results. This suggeststhat the authors of both news broadcasts stress
di erent production phasesfor creation of newssubject monologues.

We can classify weather news accurately by using content detectors only. We
explain this behavior by the textual keywords that we learned for this concept.
Weather news has a speci ¢ and limited vocabulary; detection of this conceptis
therefore relatively easy basedon textual content only. It is however, again, the
combination of production phasesthat yields the best results. In cortrast to ABC,
CNN has a separateweather newsreport in ead broadcast. This makesdetection
easier, since there is a large similarity in production processbetweenthe various
weather reports. It is therefore not surprising that shots from CNN dominate
detection results. Weather newsin ABC is much harder to detect.

Non-studio setting is relatively easyto detect in both ABC and CNN news by
all approacdhes. The fact that this classof conceptsis rather large accourts for this
behavior. Detection is possiblewith all four style detectors in isolation, even by
cortext alone. This can be explained becausenon-studio setting is de ned by what
it is not. Hence,inclusion of anchors and weather newsalready reducesthe number
of possible false detections considerably Analysis of results by combined style
analysisshows that adding newssubject monologuesto the set of context detectors
has a very positive in uence on correctly detected non-studio setting concepts.
Most news subject monologuesare produced on location and are therefore not set
in a broadcast studio.

Content detectors that are strong indicators for sporting everts in our current
implementation are sport speci ¢ keywords, a large amount of object motion, and
absenceof frontal faces. The type of camerawork usedfor production recording,
also aids in correct classi cation of sporting events. Context detectors and layout
detectors are not useful in isolation for detection of sporting events. Similar to
weather news, CNN broadcastssporting everts in a separatereport. This produc-
tion similarity makesdetection of sporting events easierfor CNN than ABC.

In terms of precision, content detectorsare the most dominant style detectorsfor
all four rich semariic concepts. This is visible in Figure 4, where corntent detectors
parallel style analysisfor the highest ranked results. This makesanalysisbasedon
content detectors useful for applications that require only a limited set of correct
results. Howewver, when a large set of correct results is required, one should use
all style detectors. As can be obsened from Figure 4, it is the combination of
production phasesthat strengthensrecall, and overall performance.

In cortrast to the above bene ts, one obvious criticism of the framework is that
many of the individual style detectorsrequire an additional developmert e ort when
comparedto methods using only low-level content features suc as color, texture,
and motion. Howewer, for rich semaric conceptsit comeswith the reward of
increasedperformance. As the TRECVID comparisonshows, the performancecan
be as much asten times better than standard approaces using low-level cortent
featuresonly. When performancematters the additional style detector developmert
eort payso.

Other rich semartic concepts,for which the proposedframework is likely to per-
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Fig. 5. Top 25 results for (a) news subject monologue, (b) non-studio setting, (c) sporting event,
and (d) weather news, using style analysis. Key frames ordered left to right, top to bottom.

form well, are speci ¢ instancesof the onesdiscussed. We can split news subject
monologue, for example, into public speed, pressconference,and interview. In
addition, detection of political reporters and nancial reporters should alsobe pos-
sible. Semartic conceptsthat only have similarity in cortent, e.g. boat, train, and
building are much harder to detect, since our framework works particularly well
if similarity in more than one production phaseexists. We visualized the top 25
results for ead rich semartic conceptusingthe style analysisframework in Figure 5.

7. CONCLUSION

In this paper, we proposeto model the ertire broadcast news production process
for the purpose of automatic indexing of news video archives. We preseri the
style analysis framework, a genericand robust framework for newsvideo indexing.
Within the broadcastnewsproduction processwe identify four production phases.
For eat production phasewe extract multimo dal production-derived features us-
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ing style detectors, i.e. layout detectors, content detectors, capture detectors, and
corntext detectors. To combine style detector results, and learn the rich seman-
tics, the framework utilizes a classi er combination scheme. This machine learning
schemefacilitates enrichment of sematrtics by iterativ ely updating the set of context
detectors. By combining the style detectorsin an iterativ e classi er combination
scheme, the framework allows for rich semartic indexing.

An experimernt on an archive of 120 hours of news video, in which we detect
seweral rich semartic concepts,demonstratesthat style analysis allows for generic
indexing of rich semariic conceptsin news video. For all conceptsanalyzed, the
set of content detectors is the most decisive. In terms of performance, content
detectors are speci cally useful when aiming for good precision on a limited set
of retrieved items. However, a combined style analysis, which models the ertire
broadcast news production process,yields the best overall performance for both
precision and recall. This makesour framework a good candidate when aiming for
retrieval of a large set of items.

In addition to theseresults, we performed an experiment on the 2003 TRECVID
bendhmark, in which we compare our work with competing approaces. As ex-
pected, the framework is unsuited for conceptsthat rely on content only, such as
vegetation and aircraft. However, for conceptsthat sharemany similarities in their
production process,style analysis pays o. The results show that the proposed
framework obtains an accuracy favorable in detection of newssubject monologues,
non-studio setting, and weather news and only lagging behind to dedicated sport-
ing event detection algorithms. We consider this another strong indicator of the
approad.

At presen, the style analysisframework is limited to the newsdomain. Howeer,
other video domainsalsoadhereto a phasedproduction process.Obvious examples
arefeature Ims, situational comedies,and documerntaries. It is thereforelikely that
these produced video domainswill prot from style analysisalso.

Apart from content and corntext, the set of possible style detectors is almost
complete. For future researt, we thereforeaim to augmernt the lexicon of detectable
rich semartic concepts. We beliewe this is achievable by extending the set of (visual)
cortent detectors related to mise-en-sene We are corvinced that their impact
on detection of rich semariic conceptsin video will boost progressin multimedia
analysis.

ELECTRONICAPPENDIX

The electronic appendix for this article can be accessedn the ACM Digital Li-
brary by visiting the following URL: http://www.acm.org/pubs/citations/
journals/jn/2005-V-N/p1-
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