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Abstract

We focus on the problem of learning semartics from multimedia data assaiated with broad-
castvideo documerts. In this paper we proposeto learn semaric conceptsfrom multimo dal
sourcesbasedon style and cortext detectors, in combination with statistical classier en-
senbles. As a casestudy we presert our method for detecting the concept of news subject
monologues. This approach had the best average precision performance amongst 26 sub-
missionsin the 2003 video track of the Text Retrieval Conferencebenchmark. Experiments
were conducted with respect to individual detector cortribution, ensenble size,and ranking
medanism. It was found that the combination of detectors is decisive for the nal result,
although somedetectors might appear uselessn isolation. Moreover, by using a probabilistic
ranking, in combination with alarge classi er ensenble, results can be improved even further.
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1 Intro duction

Advancemer in optical b er technology and growing availabilit y of low-cost digital multime-
dia recording devices,enablesworld wide capture, delivery, and exchange of large amourts
of video assetsover the Internet. This overwhelming amount of digital video data becom-
ing available, will trigger the needfor automatic indexing tools that can provide on-the-y
content-based annotation, ultimately allowing for e ective and e cien t browsing, ltering,
and retrieval of specic video segmems. Unfortunately, howewer, the progressin content-
basedmultimedia analysishasnot kept pacewith the developmerts in multimedia recording,
storage, and transmission technologies.

Automatic techniquesfor video indexing su er from the fact that it is very hard to infer
content-based semariics basedon the low-level features that can be extracted from visual,
auditory, and textual data. In an e ort to bridge this semantic gap there hasrecertly been
a shift from unimodal to multimo dal video analysis, i.e. combining all available information
sourcesin the analysis. See[20] for an overview of reported methods on multimo dal video
analysis. The combination of cluesfrom various modalities can narrow the semartic gap, since
more information is available and errors from di erent sourcesdo not necessarilycorrelate,
and thus cancel out. However, an inconsistency between automatically extracted indexes
and their interpreted semartics remains. Besidesusing a combination of multimo dal sources,
analysis should therefore exploit the inherent corntext that is available in multimedia data,
asrecognizedby [12, 14], where context refersto simultaneous, not sequetiial, co-occurrence
of various semariic concepts. The key obsenation to help overcomethe semaric gap is that
semartic conceptsthat appearin a video documert do not occur in isolation.

To model both cortent and cortext, [12] proposesto uselayered BayesianNetworks. The
authors assumea hierarchical organization of multimedia semarics, basedon analysis by
low-level, med-level and high-level detectors. Those levels represent respectively: objects,
related objects or events, and related events or stories. The detectors are represerted by
nodesin the network, and the arcs model the relationships. Nodes and arcs are assciated
with conditional probability densities. Based on the joint probability distribution of the
lower levels, semartics at a higher level can be inferred. The high-level semariics are learned
by using hierarchical priors that combine the content and context layers. By inclusion of a
context layer the authors report improved accuracyin detection of talk showvs and nancial
newsbroadcastsbasedon detection of various multimedia elemeris lik e faces,overlayed text,
speed, and speci ¢ keywords.

Another probabilistic approac is preseried in [14]. The authors proposeto model se-
mantic conceptsthrough probabilistic detectors, for example aeroplane,skydiving, and bird
detectors. Those concept detectors are referred to as multijects. To infer contextual seman-
tics, e.g. outdoor, the multijects are integrated into a network, referred to as multinet. By
combining the individual probabilities of all multijects into a multinet using factor graphs,
the framework is applicable to all sorts of multimedia data and a variety of semartic indexes.
However, the experiments are only applied to visual conceptsthat are related to the setting
of the multimedia data, e.g. rocky terrain, water-body, and forestry.

The focus of previous work on contextual learning of semarics in multimedia data is
generally based on a type of probabilistic framework. Drawbadks of this framework are
implicit independenceassumption of the individual piecesand the di cult y of nding prior
probabilities. Moreover, they require a large amourt of jointly labelled training data, and



hence a large e ort in manual annotation for ground truth. To prevent this reliance on
independenceassumptions and prior probability estimates, we proposeto model concepts
and context with a pool of discrete detectors. To infer semarics basedon those detectors
we proposeto use statistical classi er ensenbles. To evaluate our method, an experimert
was carried out within the content-based video retrieval track (TRECVID) of the 2003 Text
Retrieval Conference(TREC) [22]. The TRECVID data contained about 120 hours of ABC
and CNN newsbroadcastsand about 13 hours of recert C-SPAN public hearings. Basedon
this corpus a total of 17 semariic conceptswere de ned.

Among the semariic conceptsto be detected were conceptslike outdoors, zoom-in, veg-
etation, female speed, aircrafts, and news subject monologues. Given the data, the latter
is one of the most interesting conceptsfrom both a usersand analysis perspective. A user
that is browsing a news archive is most likely searding for past news topics, everts, and
people. Hencea query medanism that allows for people basedseard, like proposedin [1§],
is highly desirable. Moreover, summarizing story segmeits by meansof keyframesextracted
from camera shots that view news subject monologuesis far more informativ e than those
shawing news anchors, reporters, or commercials. From an analysis point of view there are
also major challengesinvolved. Whereassomeconceptscan be detected solely on unimodal
analysis, the news subject monologue requires analysis of multimo dal information and in-
clusion of context. To clarify this statemert, we rst take a look at the original TRECVID
de nition for this task [22]:

De nition 1 (News subject monologue) Segment contains an eventin which a single
person, a news subject not a news person, speaks for a long time without interruption by
another speaker. Pausesare ok if short.

Hence, this task requires that we detect a person that talks for a while, is not a liated
to the news broadcaster, and is not promoting a commercial message.Based on unimodal
analysis this would require very sophisticated detectors that possess very high recognition
accuracy Given the current state-of-the-art this seemsimpossible. Therefore, we opt for a
true multimedia analysis approad.

The rest of this paper is organized as follows. We will rst discussrelated work on
multimo dal person detection in section 2. The detectors are discussedin section 3. In
section 4 we will highlight the construction of the classi er ensenbles. Experiments and
results are demonstrated in section 5.

2 Related Work in Multimo dal People Detection

Multimo dal peopledetection methods combine cuesfrom various modalities. This is interest-
ing for many domains, for examplethe security domain where the task is to reliably identify
peoplebasedon biometrics lik e recognizedfacesand voices[6]. Here, we focus on multimo dal
analysismethods that aim at content basedclassi cation of video segmelts cortaining people.
An interactive systemthat allowsto label the main charactersin feature Ims is preserned
in [24]. The authors intro duce a set of similarity measuresbasedon alignment of closedcap-
tions and movie scripts, presenceof frontal faces,badkground similarity, temporal coherence,
and information from movie encyclopedia's. By computing a combined similarity score a
ranked result is presened to the user, who provides the system with positive and negative



feedbadk to label similar labelled shots simultaneously, resulting in a considerablereduction
in annotation e ort.

In cortrast to [24], the Name-It system [18] is fully automatic and assaiates detected
facesand namesin CNN Headline News. This is achieved by calculating a co-occurrence
factor that combinesthe analysisresults of face detection, facetracking, facerecognition and
named ertity recognition in both transcript and overlayed text. The authors demonstrate
that a multimo dal approach improves upon using the analysis methods in an individual
fashion, despite disappointing performanceof someof the methods.

Early integration methods for multimedia analysis, like the one proposedin [18], were
basedon heuristics. In [21], a framework was proposedthat exploits the powerful proper-
ties of statistical classiers by represering multimedia data as time interval relations. To
demonstrate the e ectiv enessof their approach a monologue detector for Dutch broadcast
newswas deweloped that combined various multimo dal detector results with syndironization
relations. However, this method doesn't di erentiate monologuesfrom anchors, reporters,
and commercials.

The monologuedetector preseried in [10] reported the bestaverageprecisionperformance
in the TREC 2002 video track bendimark. The method combines detected frontal faces
and speed with a mutual information basedsyndirony metric. The method is only partly
applicable for the TREC 2003data set, sincedetection of a talking faceis not enough. Hence,
it must be extendedto include context for a corpusthat contains mostly broadcast news.

In contrast to the above mentioned methodologiesfor multimo dal people detection, our
method is di erent with respect to the explicit inclusion of context in the analysis process.
Moreover, the news subject monologuesare learned from the video data by an ensenble of
statistical classi ers.

3 Detector based Analysis

Video createdin a production ernvironment, like broadcastnews,requiresan author or editor
who carefully combinesmultimo dal layout and content elemerts with a certain style to express
a sematic intention. When we want to analyze those produced assetsand extract the
semartics, this processshould be reversed[20].

The reverseanalysis processstarts with a layout segmemation, and detection of content
elemerts like people, objects, and setting. For this rst phaseof the analysis we used state-
of-the-art analysis components, seetable 1 for an overview. Based on those componens
we introduce style detectors, that are able to analyze parts of the author's intention. In
combination with extracted context clues,obtained by context detectors, this will provide us
with the building blocks for inferenceof the intended semariics of the author.

To circumvent the problemsintroduced by using a probabilistic or real-valued output for
ead individual detector we require that the output of a detector is discrete, i.e. binary or
categorical. We refer to this discrete result as a feature. For the TRECVID bendmark all
results were basedon the layout scheme de ned by a common camera shot segmetation,
therefore all features are synchronized to the granularity of a camerashot.

Becausethe broadcastsfrom di erent channelswere created by di erent authors, thresh-
olds for individual detectors can be expected to vary between stations. All detectors are
optimized basedon experiments using the training set. Also note that the set of detectorsis



Table 1: Components for multimodal analysis of news subject monolagues.

Analysis component Modality Reference
Camera shot segmertation | Visual [16]
Motion estimation Visual [21]
Frontal face detection Visual [19]
Video OCR Visual & Textual [17]
Named ertit y recognition Textual [25]
Speaker recognition Auditory [9]
Speed recognition Auditory & Textual [9]

tailored for the newsdomain, for C-SPAN we only useda subset.

In this section we will rst discussthe feature detectors used for extraction of style,
followed by those for extraction of context. We end with a discussionon other featuresthat
could be consideredfor the task of newssubject monologuedetection.

3.1 Style Detectors

To communicate a prede ned intention, an author of a video documert hasa certain style for
arranging layout and content elemeris. Basedon detected layout and content elemeris this
style concept can be reconstructed. We focus here on style detectorsthat allow us to detect
people,sincethe main content of a newssubject monologueis a talking human being.

3.1.1 Face Features

One of the most reliable cuesfor the presenceof a person, is the detection of a human face
in the visual modality. Ideally, a face detector should be applied to all imagesin the visual
modality. Howewer, due to the cost of this operation it might be unfeasibleto perform it on
every frame. Therefore, we have applied a frontal face detector [19] on every 15th frame of
ead camerashot.

To expressthe viewer with a senseof being far away from, or closeto, the mise-en-s@ne
of the camerashot, an author usesa technique called framing [4]. For extraction of this style
elemen we usea set of style detectors that are basedon face detection. For ead analyzed
frame in a camerashot we court the number of facespresen, and for eat face we derive
its location and the cameradistance used. This results in a total of fteen style featuresper
camerashot. If more than one faceis detected in a frame the peoplefeature is set. For the
location of a detected face we divide an image frame into four equally sizedregions: topleft,
bottomleft, topright, and bottomright. If a facefalls completely within oneof thosefour regions
the feature for that region is set. If a face covers parts of the topleft and bottomleft part
of the image we set the left location feature. The right location feature works in a similar
fashion. If a face can not be tted into one of those locations the center location feature is
set. Note that we do not distinguish betweentop and bottom and that the larger the face
the more likely its location is classi ed as certer. This results in a total of sewen location
features. As an estimate for the cameradistance we use a face-frameratio, where the size of
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Figure 1: Left: an image frame with three detected faces, long shot face A is located topleft,
close-upface B is located center, and medium shot face C is located right. Right: two example
image frameswith detected faces.

a faceis related to the size of the frame. Basedon this ratio we distinguished seen discrete
cameradistance features can be distinguished, ranging from extreme long shot to extreme
closeup.

To summarize, considerthe examplein gure 1, faceA is at long shot distance located in
the topleft location, faceB is at close-updistance located in the certer areaand faceC is at
medium shot distance located in the right area. To aggregatethe frame basedface features
into a camerashot, we require that a feature is true for forty percen of the analyzedframes
in a camerashot.

3.1.2 Speaker Features

Besidesthe visual presenceof a person, a news subject monologuerequiresthat someoneis
talking. However, the presenceof speet is not a very informativ e feature by itself. Giventhe
fact that the data set contains eminert presenceof talking peoplewhich are not necessarily
newssubjects, like newsandhors, reporters and talking peoplein commercials. Therefore, we
have to exploit style elemerns that are attached to detected speed.

Basedon the LIMSI speedt detection and recognition system[9] we developed a voice over
detector and a frequert speaker detector, see gure 2 for an example. Voice over detection
consistsof two phases, rst we cournt the number of cuts in the corresponding camera shot
segmetation, this resultsin 2, 0, 2, and 0 cuts for eat speet segmen in the example. Note
that to account for imperfect segmemation, a margin of 25 frames was extracted from ead
end of a speet segmen before courting. We consider a speed segmem a voice over when
it contains more than 1 cut. To map the voice over speet segmers to camerashots we use
TIME relations [21]. This results in a segmemation of camerashots that have a voice over
(S3). Frequert speaker camera shots are detected in a similar fashion: rst we count the
three most frequernt speakers in a video documen, all speet segmerms that are uttered by
one of those frequert speakers, e.g. spealer |, are then mapped to camerashots (Sy).
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Figure 2: Seggmentation of a video document into camera shots (S1), speech segments (S,),
voice over camera shots (Sz), and frequent spsaker camera shots (Sy).

3.1.3 Video OCR Features

When a newssubject personis given broadcasttime on television, it is commonto display the
name of this personto let the viewer know who is talking. To communicate this information
an author usesoverlayedtext that is addedduring production time. Video Optical Character
Recognition (OCR) [17] was applied to extract this overlayed text?.

Unfortunately howewver, overlayed text is not used exclusively for annotation of people
names. Other functions of overlayed text in news broadcastsinclude annotation of setting,
objects, and evernts. Moreover, overlayed text is often usedin commercialsas a meansto
communicate product names,claims, and disclaimers[20]. See gure 3 for someexamplesof
typical usageof overlayed text in the TRECVID corpus.

Becauseof the varying functionality of overlayed text, detection of its presenceis not
enough. Therefore we use the total length of the overlayed text strings that are recognized
as an additional style feature. The rationale here is that overlayed text that is used to
display people namesis mostly shorter than overlayed text that is usedfor graphical shots
or commercials. The text string resulting of Video OCR was also usedasinput for a named
ertit y recognizerthat is part of the Informedia system [25]. The categorical result is stored
asafeature. It canbe expectedthat a string that is recognizedasa personsnameis of higher
value for newssubject monologuesthan onethat is recognizedasa location. Furthermore, to
di erentiate newssubject monologuesfrom reporters, the detected strings where compared,
using fuzzy string matching, with a databaseof namesof CNN and ABC a liates. If a match
wasfound, an a liate feature was set. The nameswere extracted from the corporate website
of both CNN and ABC.

3.1.4 Tempo Features

To a ect the overall rhythm or tempo of a video documert an author can apply a variety of

stylistic techniques. In [2] it was shown that editing and motion are important contributors

to this style elemen. Therefore, we intro duce two style features basedon this obsenation.
The rst tempo feature is a simple camerashot length measure. The rationale for using

1For CNN the ticker tape with stock information on the bottom of the image frame was ignored.



Figure 3: Common usageof overlayal text in the TRECVID corpus. From top left to bottom
right: topic annotation, location annotation, reporter annotation, nancial data, newssubject
monologue annotation, and commercial messages.

this feature is that a news subject monologuehas a minimum duration, sinceit takessome
time to tell something. Also, for viewers it would be very disruptiv e if news subject mono-
logueswere only viewed for a very short period. Short camerashots, i.e. lessthan 70 frames,
are therefore lesslikely to contain a news subject monologue.

The secondtempo feature measuresthe average amourt of motion in a camera shot,
basedon frame di erence [21]. We distinguish betweenthree classesof motion, low motion,
medium motion, and high motion. The rst classis meart to detect camera shots where
there is little or no motion, examplesinclude graphical shots and still images. The second
class cortains some motion, but not very much. This is the typical classfor news subject
monologuesand anchors. And nally the third class,that contains a considerableamount of
either object motion, cameramotion, or both. Typical report footage is a good example for
this class.

3.1.5 Speech Transcript Features

Our last detector exploits style that is expressedin the uttered speed. The main usageof
this featureis to getrid of talking peoplethat causeconfusionwith newssubject monologues,
e.g. nancial newsreporters and commercialswith monologues. The output of the LIMSI
speed recognition system [9] was comparedwith a set of keywords that wasfound to have a
correlation with reporters, nancial news,and commercials.

For reporters it is commonto pronouncetheir name together with the broadcast station
name at the end of a report. Hence,we cheded for the presenceof reporter and broadcast
station namesin the recognizedspeed. In nancial newsreports the reporters typically talk
about stock markets and shares,therefore we cheded the speed transcript for occurrences
of keywords like Nasdaq Dow Jones multimil lion, shares stocks and soon. In an e ort
to sell a product or service, advertisers often use smiling ladies that urgesthe viewer of a
commercialto sign up or call a one eight hundred number now. The transcript was analyzed
for those phrasesto prevert falsepositive classi cation of commercialfootage as newssubject
monologues.



3.2 Context Detectors

In contrast to style detectors, which addresspart of the layout and content asstylized by the
author, the result of a context detector is related to the overall author intention. In [20] we
identied v e hierarchical semariic index types, namely: author purpose,chosengenre and
sub-genre,and labelsthat canbe attached to logical units and events. When such a semartic
index can be detected for a video segmetn, it can be usedasa context clue for classi cation.

Context cluescan enhanceor limit the interpretations resulting from content-based anal-
ysis, i.e. it can have both a positive and negative in uence on the nal classication result.
When we aim for classi cation of gun duels for example, a context detector that tells us
that the current video documert is a western movie would probably have a positive in u-
enceon the nal result. On the other hand, a detected car chasewill most likely have a
negative impact on the nal result. We focus here on context detectorsthat will reducefalse
interpretations of camerashots as news subject monologues.

A requiremert for a newssubject monologueis that it belongsto the newsgenre. However,
the broadcasts from the corpus also contain a lot of footage from another genre, namely
commercials. Although they may contain monologuesof people promoting a product or
service, those should not be labelled as news subject monologues. Therefore, we used a
context detector that is able to detect commercials. We usedthe commercial detector that
was developed for the Informedia TRECVID cortribution [3]. It combines v e Fisher Linear
Discriminants from both a set of audio features and color features and feedsthose into a
Support Vector Machine for classi cation.

An anchor sharesmany characteristics with a news subject monologue, it is therefore
important that we can distinguish anchors from other footageto circumvent a falseinterpre-
tation. To stressthis importance we usedtwo anchor detectors. The rst oneis part of the
Informedia system [25] and combines a set of region dependert color featuresthat are con-
catenatedinto onevector that is feededinto a Support Vector Machine classi er. The second
anchor detector was dewveloped for TRECVID and extracts v e Fisher Linear Discriminants
of a set of color features, a frequert spealer identi er, and face features. The features are
also combined in a Support Vector Machine for the nal classi cation [3].

3.3 Discussion

The features preseried in the previous sectionsare by no means exhaustive for the classi-
cation of news subject monologues. They were chosenbecauseanalysis componerts with
reasonable performance were available. We selected componerts whose performance had
either been proven in the literature or by our own experiments on the training set of the
TRECVID corpus. Other componerts, i.e. face recognition and lip movemert detection,
weretried but werefound to lack robustness. Howewer, we believe that both componerts are
promising for future investigation. Facerecognition for example can be exploited in a similar
fashion as the LIMSI speaker recognition, i.e. focus on recognition of repetition within one
video documert instead of generic recognition which is a very hard problem. For lip move-
ment detection to be successfulboth quality and resolution of the MPEG video's should be
higher. In general,componerts are only useful for analysiswhen they perform their task with
a certain reliabilit y.

The current set of style detectors can be extendedin seweral ways. A measurecould be
addedto the face featuresthat incorporatesthe frontal consistencyof a facethat is Imed.
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The speaker featurescould be extendedwith a long silencedetector that cheds for relatively
long pausesduring a camerashot. For Video OCR the location of the overlayed text on
the image frame together with the temporal location within the camerashot would probably
be helpful. For further characterization of tempo, audio features could be bene cial. The
uttered speed could be further analyzedto discover patterns in uttered word rate, e.g. do
anchors and reporters speak faster on average? Also speci ¢ phrasesthat are more likely
to have beenuttered by newssubject monologuesthan anchors or reporters are worthwhile
candidatesfor further study.

Diverseother worthwhile extensionsto the set of context detectors exist. Most obvious
candidateswould be detectorsthat are related to the speci ¢ genreof newsvideo documerts,
i.e. (nancial) reporter detectors, studio setting detector, weather report detector, and so
on. Howewer, less obvious detectors, such as outdoor, animal, car, sporting event and so
on, might showv possible hidden relations with the semartic interpretation of news subject
monologues,and are therefore interesting for further researd.

4 Combining Weak Detectors

All detectors share a common characteristic: they are imperfect and generate both false
positive and false negative results. Each individual detector can therefore be considered
as a weak classi er. In this section we will rst elaborate on methods for combining weak
classi ers, followed by a discussionon the important aspect of ranking the nal results.

4.1 Classier Ensembles

From the eld of statistical pattern recognition the concept of classi er ensenbles is well
known. A classier ensenble is believed to benet 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 [11]. To assurethis independence,one can use
classi ers that are basedon di erent characteristics of the data, e.g. multimedia detectors,
or by exploiting variation in the training set, e.g. by resampling. We combine both meth-
ods by exploiting two well known classi er combination schemes,namely stacking [26] and
bagging [5].

In its common use, stacking combines results of di erent classi ers that solve the same
task. The output labels of those individual classi ers are then used as input features for a
stackal classi er, which learns how to combine the reliable classi ers in the ensenble and
makesthe nal decision. However, the sametechnique can alsobe usedto combine classi ers
that do not solve the sametask per se,but are related contextually. Hence,the output of the
weak learnersdiscussedin section 3 can be usedby a staded classi er to learn new concepts
basedon context. As a stacked classi er we chosethe Support Vector Machine (SVM) [23],
which is known to be a stable classi er for various computer scienceproblems and has also
proven to be a good choice in a multimo dal video indexing setting [1, 21]. In an SVM ead
pattern x is represeried in a n-dimensional space,spannedby the n detectors. Within this
spacean optimal hyperplaneis seardied that separatesthe spaceinto two di erent categories,
I, where the categoriesare represerted by +1 and 1 respectively. The hyperplane has
the following form: ! j(w x + b)j 1, where w is a weight vector, and b is a threshold.
A hyperplane is consideredoptimal when the distance to the closesttraining examplesis



maximum for both categories. This distance is called the margin. The problem of nding
the optimal hyperplaneis a quadratic programming problem of the following form [23]:

nq X 0
mn -w w+ C i 1)
w;, 2 _
i=1
Under the following constraints:
Liw x5+bj 1 4 1i=212:::l (2)

Where C is a parameter that allows to balancetraining error and model complexity, | is the
number of patterns in the training set, and ; are sladk variables that are introduced when
the data is not perfectly separable. To accourt for the fact that our data is unbalanced,
i.e. the conceptswe are looking for are rare, we use an adaptation of (1) that allows us to
balancethe data [7]. The stacked SVM classi er is combined with baggingto createthe nal
classi er ensenble.
Bagging, or bootstrapped aggregating, creates T redistributions from a training set of
N instances by randomly replicating and deleting individual training instances. For eadh
iteration t 2 T aclassier . istrained. Hence,ead classi er is basedon a di erent sample
of the original training set. The results of ead  are then aggregatedto form the nal
classi er. For the aggregationtypically the sum rule is used, asit is known to outperform
other methods[13]. As noted by [5], the vital point in baggingis the instabilit y of the classi er
t. It cantherefore be argued whether a stacked SVM is a good choicefor ¢, sinceSVM is a
stable classi er. When usedin statistical pattern recognition, bagging aims to minimize the
classi cation error. Howewer, we use bagging in the context of multimedia retrieval, where
we aim to nd as many relevant items as possible. Those relevant items are almost always
outnumbered by irrelevant items. For retrieval it is thus important that the relevant items
are ranked as high as possible. This ranking medanism can be improved by using bagging.

4.2 Ranking Results

A drawbadk of using an SVM in combination with stacing and bagging is that its uncali-
brated classi cation result is not a good comparisonmeasurefor ranking. Ideally one would
liketo have a posterior probability, p(! jx), that givenan input pattern x returns a con dence
value for a particular class! . A simple approac to achieve this is to usea threshold on
the uncalibrated SVM output, (x). This results in an abstract classlabel {(x) de ned as:

1Lt (x)
0; otherwiseg

t(x) = ©)

By averagingthe classlabels, a simple posterior probability measurecan be computed:

_ i
p(! jx) = T t(x); 8x2X 4)
t=1

whereT is the number of SVMs in the ensenle and X is the number of patterns. Although
this resultsin aranking measure,it is not very likely to be optimal, sincethere is no con dence
value assiated to  ¢(x).
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Figure 4: Classi er ensemblearchitecture.

A more popular and stable method for SVM output conversionwas proposedin [15]. This
solution is basedon the obsenation that class-conditionaldensitiesbetweenthe margins are
exponertial, therefore a sigmoid model is suggested. In our classi er ensenble architecture
the output of this model is averagedover all individual classi ers, resulting in the following
posterior probabilit y:

1 X 1
?t=l 1+ exp( ¢ t(X)+ )

p(! jx) = ; 82X ()
wherethe parameters { and ; are maximum likelihood estimatesbasedon the tth redistri-
bution of the training set[15]. Rankings basedon (5) can be expectedto be more stable than
those basedon (4). An overview of the classi er ensenfle architecture is givenin gure 4.

5 Results

To evaluate the viabilit y of our approac for learning news subject monologues,we carried
out a set of experiments as part of the TRECVID bendimark. The TRECVID corpus was
split into an equally sizedtraining and test set, i.e. ead containing about 65 hours of broad-
castvideo. Sinceannotating thosevideosfor all 17 semaric conceptsrequiresa vast amount
of human e ort, the TRECVID researtt community initiated a common annotation e ort,
guided by IBM researdr. Although, this common annotation e ort was a very welcomeini-
tiativ e, it su ered from someinitial problems. We obsened that for unambiguous concepts,
like outdoor, this common annotation worked very well. Howewer, after manual inspection
of the common ground truth for news subject monologueswe found that the common anno-
tation was lessuseful. Whether this was causedby ambiguity resulting from the TRECVID
de nition or bad annotation, is unclear. Basedon the obsened inconsistencieswe decidedto
label our own ground truth for training of the classi ers. We labelled 23 ABC broadcasts,
24 CNN broadcasts,and all 19 C-SPAN broadcastsfrom the training set, about 29 hours in
total.

In this section, we will rst highlight the evaluation criteria usedby TRECVID, followed
by our initial results on the TRECVID bendmark. Then we will presert an experimert that
shaws the contribution of individual detectors. After that we proceedwith an experiment
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that evaluatesboth the in uence of ensenble sizeand ranking medanism. We end with some
possibleapplications scenariosof news subject monologueconcept detection.

5.1 Evaluation Criteria

Traditional ewaluation measuresfrom the eld of information retrieval are precision and
recall. Let R be the number of relevant camera shots, i.e. camera shots containing the
speci ¢ semartic conceptoneis looking for. Let A denotethe answer set, i.e. the number of
camerashots that are retrieved by the classier. Let R\ A be the number of camerashots
in the intersection of the setsR and A. Then, precision is the fraction of retrieved camera

shots (A) which are relevant:

Precision = R’\A—A (6)

and recall is the fraction of the relevant camerashots (R) which have beenretrieved:

R\ A
Recall = \—

(7)
This measureis indicativ e for the amount of correct classi cations, false positive classi ca-
tions, and false negative classi cations. For evaluation within TRECVID both measuresare
combined in an average precision, AP, measure. This single-valued measurecorresponds to
the area under an ideal precision-recall curve and is the average of the precision value ob-
tained after ead relevant camerashot is retrieved. This metric favors highly ranked relevant
camerashots. Let L be a ranked versionof A. At any givenindex i let R\ Lil be the number
of relevant camerashotsin the top i of L, then AP is de ned as:

1% R\ L}

R i1 i

AP =

(Li) (8)

Where (L;) is de ned as:
1, ifL; 2 R;
0; otherwise;

(Li) =

We usedthe AP evaluation measureasthe basic metric for the conducted experimerts.

(9)

5.2 TRECVID Benchmark

To evaluate the AP for ead submitted run, TRECVID usesa pooled ground truth, P, for
the test set. From ead submitted run a xed number of ranked shots is taken, those are
combined in a list of unique shots. Every submissionis then evaluated basedon the results of
assessinghis mergedsubset,i.e. instead of using R in equation (8), we useP whereP R.

There were a total of 26 submissionsfor the news subject monologue detection task,
the results are summarizedin gure 5. The rst column indicates the median performance
among all submitted runs. The secondcolumn shows the AP performance of the second
best system. The third column shaows our run using training data based on the common
ground truth. The fourth column shows our best run and the overall best performer of the
2003TRECVID bendmark for news subject monologuedetection. Note that our approach
is better by more than a factor of ten when comparedto the secondbest competing system.
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Figure 5: TRECVID 2003 results for news subject monologue detection. The rst column,
lakelled median, indicates the median average precision for all submitted runs. The second
column, labkelled best non-CMU, is the smre of the second best system. The third column,
labelled CMU 2, showsour performance basel on the common annotation. The fourth column,
labelled CMU 1, showsour best submitted run.

Also note the drop in AP when a bad ground truth from the inconsistertly labelled common
annotation is used. An overview of the distribution of correct, false, and unknown labelled
shotsin our bestrun, accordingto the TRECVID pooled ground truth, is givenin table 2.
Our bestrun wasbasedon an early version of our system. The run combined an ensentble
of 200 classi ers with a ranking mechanism that was basedon the average of the abstract
classlabel, as de ned in (4), with a slight modi cation. Instead of using only the average
output we used a round-robin scheduling of results per station. The sdceduling was based
on the estimated number of news subject monologuein the test set per station. For this
estimate the prior statistics of our manually labelled ground truth were used. Basedon this
estimate we expected that there were about 200 news subject monologuesin C-SPAN, 1300
in ABC, and 700in CNN. The nal result set was created by taking 2 shots from C-SPAN,

Table 2: Distribution of correct, false, and unknown lakelled shots using TRECVID pooled
ground truth on our best submitted run.

Evaluated shots | 10 | 20 | 50 | 100 | 200 | 500 | 1000 | 2000
Correct 10 | 19 | 42 | 86 | 144 | 191 | 226 249
False 0 1 8 14 22 40 59 107
Unknown 0 0 0 0 34 | 269 | 715 | 1644
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Figure 6: The e ect of using only one feature on average precision. Face featuresare split in
people, location, and size.

13 from ABC, and 7 from CNN in a round-robin fashion until the maximum number of
camerashots was reached (2000). Although, this run wasthe best performing news subject
monologuedetector in TRECVID 2003,we beliewve its performancecan be improved by using
a probabilistic ranking mechanism.

5.3 Feature Contribution

To evaluate the feature cortribution to the nal classi cation result we performed an exhaus-
tive seart on somepossiblesubsetsof the feature types. For ead combination and broadcast
station one stacked SVM classi er was trained. In absenceof annotation for the ertire test
set, those classi ers were tested on the training set. The output of the SVM was cornverted
to a posterior probability using (5), where T = 1. Results for ead feature combination and
station were ranked basedon this probability. Note that we used a subset of features for
C-SPAN, i.e. containing only face features, voice over speaker feature, video OCR features,
and tempo features.

First, we computed AP for individual featuresto show their cortribution to the classi -
cation of newssubject monologues,see gure 6. The results demonstrate that for both ABC
and CNN, only the face features are useful as single feature. To get a better insight of the
corntribution of facefeatureswe split thoseinto featuresthat detect people,facelocation, and
face size. Basedon this division it becomesclear that face sizefor both ABC and CNN and
face location for ABC are the only featuresthat allow to detect news subject monologues
by themselwes. Based on the other featuresthe AP result equalsthe result of the default
ranking, i.e. they have no cortribution. For C-SPAN the results are almost similar, like ABC
both facelocation and face size are useful, unlike ABC and CNN, tempo is also able to give
a better than default AP value.

In our secondexperiment we evaluated the e ect of feature combinations. We incremen-
tally added a feature to the best performing previous combination. Hence, for ead station
we started with the face features, the next feature was chosenbasedon the largest gain in
AP, and soon. The results are visualizedin gure 7. For both ABC and CNN, the speaker
features resulted in the largest gain in AP when added to the face features. When adding
more features, Video OCR was more important for CNN and C-SPAN. Context is important
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Figure 7: The e ect of incrementaly adding featuresthat contribute most to an improvement
in average precision.

for both ABC and CNN to improve results. The transcript featuresare of little usefor ABC
and CNN, tempo and speaker feature only slightly improve the overall result for C-SPAN.
Howewer, the best combination for all stations, i.e. the combination with best AP, is the
combination that exploits all features simultaneously.

In our third and nal experiment we repeatedly removed one feature from the total pool
of features, and measuredthe decreasein average precision. The results are visualized in
gure 8. As expected, the largest decreaseis obtained when the face features are removed
from the feature set. When we take a closerlook to the individual facefeatures,it shows that
by themselesthe peopleand location features have a minimal contribution to the decrease.
However, when conmbined with the face sizefeaturesthe drop in AP is signi cant. This also
holds for C-SPAN. The in uence of removing other features shows a lesssigni cant drop in
AP . For both ABC and CNN, context and speaker features lower AP more than the other
features, for C-SPAN removing the Video OCR features reducesAP more than removing
speaker and tempo. Again the in uence of the transcript featuresis minimal for both ABC
and CNN.

Figure 8: The e ect of removing one single feature from the total set of features on average
precision. Face features are split in people, location, and size.
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Figure 9: In uenc e of ensemblesize on average precision, using round-robin, simple, and
probabilistic ranking.

After this set of experiments it becomesclear that face features are important for news
subject monologueidenti cation. However, detection of a faceby itself is not enough,the style
of usagemeasuredby number of faces,face location, and face style is important. Moreover,
a signi cant gain in AP can be obtained when the facefeaturesare usedin combination with
other style and context features, although those features may have no signi cant individual
cortribution to the classi cation task at hand.

5.4 Ensemble Ranking

To show the merit of using a probabilistic ranking method, we performed an extra set of
experiments using the simple (4) and probabilistic (5) ranking medanisms proposedin sec-
tion 4.2 in combination with an increasing ensenble of classi ers. For completenesswe also
included a run basedon the round-robin ranking of our best submitted run to TRECVID.

Unfortunately TRECVID only provided a pooled ground truth, which is ne for compar-
ison of submitted runs, but when new experiments are performed the pooled ground truth
is too sparseand too much speci ¢ for the submitted runs. Due to this sparsenesshighly
ranked unknown labels have a very negative in uence on AP, when the top 20 of a run con-
tains a lot of unknown camerashotsfor examplethey will degradeAP the sameway aswhen
they would be false. Therefore, we modify the basic AP measurein (8) by only updating the
denominator i for labelsthat are known, i.e. only correct and false ones. This has a positive
bias on averageprecision, but is a more reliable metric for comparing new runs. To give a
fair performance comparison we also repeated our best run of the TRECVID submissior?,
and calculated the modi ed AP . The results are visualizedin gure 9.

As the graph indicates probabilistic ranking outperforms the round-robin and simple
ranking medanisms. Their is also a clear relation betweenensenble sizeand AP, which is

2Due to the random factor in the construction of the ensenble, causedby the bagging algorithm, this run
is not exactly identical.
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Figure 10: Example of a search sceenario. After entering a serch query (1), the user is
presentel with an over ow of query related video sgments. By applying a semantic lter (2)
the result setis reduced to video segmentsrelating to the semantic concept of interest (3).

the most apparert for simple ranking. The round-robin ranking outperforms simple ranking
for small ensenble sizes,but is outperformed by both simple and probabilistic ranking when
the ensenble contains more than 50 classi ers. The best TRECVID submission, round-
robin with an ensenble of 200 classi ers, is outperformed by its equivalent using simple or
probabilistic ranking.

5.5 Application Scenarios

Automatic detection of semartic concepts,like news subject monologues,facilitates various
innovative application scenarios. In a digital multimedia library, e.g. the Informedia sys-
tem [25], a search scenario is important. Based on a user query the Informedia systems
returns a storyboard of video segmers that are related to a textual query term. Howewer,
the user can be overwhelmedwith the results. Semariic Iters [8] are therefore a welcome
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extensionto the seard functionality. By Itering the results on their probability of being re-
lated to a certain concept, a usermight be preseried a more useful query result, see gure 10
for an exampleseard scenario. In step 1 a seart query is erntered to the system, resulting in
an over ow of returned results. In step 2 the user choosesto lter those results by requiring
a high probability for news subject monologues. Finally, in step 3, the useris preseried a
manageableset of query related news subject monologueresults.

In an attempt to make pervasive broadcasting devicesmore personalizedthey could be
extendedbasedon an alert seenario. Where given a certain userpro le, the systemalerts the
user with possibleinteresting video segmens containing news subject monologuesor other
semaric conceptsof interest.

For archiving purposes,for example by intelligence agenciesor broadcast channels,a log-
ging seenario would be worthwhile to consideras application. Storing the detected semartics
together with the video sources,allows for future mining of the data and reducesthe amourt
of e ort necessaryby human intervention.

6 Conclusions and Future Research

Multimedia content and context should be combined to narrow the semaric gap. We have
usedthe newssubject monologuetask of the 2003 TRECVID bendimark as a casestudy to
demonstrate that by using style and cortext detectors, in combination with statistical clas-
si er ensenbles, semartic conceptscan be learnedreliably. Basedon conducted experimerts
we conclude that the combination of various detectors is decisive for the nal classi cation
result, although somedetectors might appear uselessn isolation. Our TRECVID submission
resulted in the best averageprecision for this task amongst 26 cortributions. Moreover, we
were able to improve upon this result by exploiting a probabilistic ranking in combination
with a large number of classi ers in the ensenble.

With respect to future researt), we considerthree possibletypes of extensions: enlarg-
ing the scope of detected news subject monologues,extension of the methodology to other
semartic concepts,and exploration of other classi er combination and ranking schemes.

The current system can be extendedin seweral ways. More style and context detectors
can be added to improve results. Other domains can be considered, e.g. talk shows or
documerntaries, or the type of news subject monologue can be speci ed, e.g. interview or
speed. By inclusion of more textual sourcesan even richer description can be givento news
subject monologuesby adding explicit namesor topics.

An interesting extension of our methodology would be to investigate whether the same
approadc can be applied to other examplesof semartic concepts,using similar and newtypes
of style and context detectors. There are various possible semariic concept candidates for
future researd), a good start would be the onesde ned in the TRECVID bendmark, since
annotations and sharedfeaturesfor those tasks are available.

Other classi er combination and ranking schemes, e.g. Borda court, can be explored,
and the number of classi ers in the ensenble can be increased. The number of possibilities
left to explore is therefore quite large, and their impact on detecting sematic conceptswill
eventually boost progressin content basedmultimedia analysis.
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