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E cien t and e ectiv e handling of video documerts depends on
the availabilit y of indexes. Manual indexing is unfeasiblefor large
video collections. In this paper we survey se\eral methods aiming
at automating this time and resourceconsuming process. Good
reviews on single modality basedvideo indexing have appeared
in literature. E ectiv e indexing, however, requires a multimo dal
approach in which either the most appropriate modality is se-
lected or the di erent modalities are usedin collaborativ e fashion.
Therefore, instead of separatelytreating the di erent information
sourcesinvolved, and their specic algorithms, we focus on the
similarities and di erences betweenthe modalities. To that end
we put forward a unifying and multimo dal framework, which views
a video documert from the perspective of its author. This frame-
work forms the guiding principle for identifying index types, for
which automatic methods are found in literature. It furthermore
forms the basisfor categorizingthesedi erent methods.
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1 Intro duction

For browsing, searding, and manipulating video documerts, an index describingthe
video cortent is required. It forms the crux for applications like digital libraries stor-
ing multimedia data, or Itering systems[58] which automatically identify relevant
video documerts basedon a userpro le. To cater for thesediverseapplications, the
indexesshould be rich and as complete as possible.

Until now, construction of an index is mostly carried out by documertalists who
manually assigna limited number of keywords to the video content. The specialist
nature of the work makesmanual indexing of video documerts an expensive and time
consuming task. Therefore, automatic classi cation of video content is necessary
This medanism is referred to as video indexing and is de ned as the processof
automatically assigningcontent-based labelsto video documerts [30].

When assigningan index to a video documernt, three issuesarise. The rst is
related to granularity and addressesthe question: what to index, e.g. the ertire
documen or single frames. The secondissueis related to the modalities and their
analysisand addresseghe question: how to index, e.g. a statistical pattern classi er
applied to the auditory content only. The third issueis related to the type of index
one usesfor labeling and addresseghe question: which index, e.g. the namesof the
playersin a soccer match, their time dependert position, or both.

Most solutions to video indexing addressthe how question with a unimodal
approad, using the visual [16, 28, 63, 81, 84, 98, 102], auditory [22, 26, 47, 60,
61, 65, 92], or textual modality [12, 33, 103]. Good books [25, 32] and review
papers [10, 13] on these techniques have appearedin literature. Instead of using
onemodality, multimo dal video indexing strivesto automatically classify (piecesof)
a video documert basedon multimo dal analysis. Only recertly, approades using
conbined multimo dal analysiswerereported [3, 5, 21, 35, 55, 66, 74] or commercially
exploited, e.g.[17, 68, 89].

Ultimately the which question should be answered with content-based segmen
descriptors, for instancethose proposedin the MPEG-7 standard [51, 52], that make
avideo documert asaccessibleasatext documert. However, the choicefor an index
is limited by the set of index terms for which automatic detectors can be realized.

One review of multimo dal video indexing is preserted in [90]. The authors focus
on approacesand algorithms available for processingof auditory and visual infor-
mation to answer the how and what question. We extend this by adding the textual
modality, and by relating the which questionto multimo dal analysis. Moreover, we
put forward a unifying and multimo dal framework. Our work should therefore be
seenas an extension to the work of [10, 13, 90]. Combined they form a complete
overview of the eld of multimo dal video indexing.

The multimo dal video indexing framework is de ned in section 2. We view a
single video documert from the perspective of its author, and discussthe di erent
modalities and granularities involved in video indexing. This framework forms the
basisfor structuring the discussionon video documernt segmemation in section3. In
section 4 the role of corversion and integration in multimo dal analysisis discussed.
An overview of the index typesthat can be distinguished, together with some ex-
amples,will be givenin section5. Finally, in section6 we end with a perspective on
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open researt questions.

2 An author's perspective on video documents

In cortrast to other frameworks, that view video documerts from the (visual) data
perspective, e.g. [2], we view a video documert as a result of an authoring process.
Consequenceof this approad is that it allows for integration of di erent modalities
more easily. To arrive at our framework for video indexing, we rst considervideo
creation. In this survey we restrict ourselvesto video made within a production
environment, so excluding for example surveillance video. Video made within a
production environment requires an author who conceiwes the idea for the video
document and producesthe nal result, consisting of speci ¢ content and a layout.
Therefore, we view a video documert from an authors perspective.

An author usesvisual, auditory, and textual channelsto expresshis or her ideas.
Hence, the content of a video is intrinsically multimo dal. Let us make this more
precise. In [57] multimo dality is viewed from the system domain and is de ned
as \the capacity of a systemto communicate with a user along di erent types of
communication channels and to extract and corvey meaning automatically". We
extend this de nition from the system domain to the video domain, by using an
authors perspective as:

De nition 1 (Multimo dalit y) The capacity of an author of the video document
to expressa prede ned semantic idea, by combining a layout with a speci ¢ content,
using at least two information channels.

We considerthe following three information channelsor modalities, within a video
documert:

e Visual modality: cortains the mise-en-s@ne, i.e. everything, either naturally
or arti cially created, that can be seenin the video documert;

e Auditory modality : contains the speed, music, and environmental soundsthat
can be heard in the video documert;

e Textual modality: contains textual resourcesthat describe the content of the
video documen;

For eadth of those modalities, de nition 1 naturally leadsto a semariic perspective,
a content perspective, and a layout perspective. We will now discussead of the
three perspectives involved. The important issue of combining modalities will be
described later.

2.1 Semantic index

The rst perspective expresseghe intended semariic meaning of the author. De-
ned segmeits can have a di erent granularity, where granularity is de ned asthe
descriptive coarsenessf a meaningful unit of multimo dal information [18]. To model
this granularity, we de ne segmeits on v e dierent levels within a semartic index
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hierarchy. The rst three levels are related to the video document as a whole. The
top level is basedon the obsenation that an author createsa video with a certain
purpose. We de ne:

e Purpose set of video documerts sharing similar intention;

The next two levels de ne segmelts basedon consistert appearanceof layout or
content elemens. We de ne:

e Genre: set of video documerts sharing similar style;

e Sub-gene: a subsetof a genrewhere the video documerts share similar con-
tent;

The next level of our semartic index hierarchy is related to parts of the content, and
is de ned as:

e Logical units: a continuous part of a video documert's content consisting of a
set of named everts or other logical units which together have a meaning;

Where named event is de ned as:

e Named events short segmems which can be assigneda meaningthat doesn't
changein time;

Note that named events must have a non-zerotemporal duration. A single image
extracted from the video can have meaning, but this meaningwill never be perceived
by the viewer when this meaningis not consistert over a set of images.

At the rst level of the semartic index hierarchy we de ned purpose. According
to [38], the purposefor which the video documert is made is either entertainment,
information, communication, or data analysis. Recall that we only consider video
documerts that are made within a production ervironment. Therefore, the pur-
poseof data analysisis excluded. Genre examplesrange from feature Ims, news
broadcasts,to commercials. This forms the secondlevel. On the third level are the
di erent sub-genreswhich can be e.g. horror movie or ice hockey match. Examples
of logical units, at the fourth level, are a dialogue in a drama movie, a rst quarter
in a basketball game, or a weather report in a newsbroadcast. Finally, at the low-
est level, consisting of named everts, examplescan range from explosionsin action
movies, goalsin soccer games,to a visualization of stock quotesin a nancial news
broadcast.

2.2 Content

The content perspective relates segmers to elemens that an author usesto create
a video documert. The following elemens can be distinguished [9]:

e Setting: time and place in which the video's story takes place, can also em-
phasizeatmosphereor mood;

e Objects: noticeable static or dynamic ertities in the video document;
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e People: human beingsappearing in the video documen;

Typically, setting is related to logical units. Objects and people are the main ele-
merts in named events. The appearanceof the dierent content elemens can be
in uenced by an author of the video documert by using modality specic style el-
emerns. For the visual modality an author can usespeci c colors, lighting, camera
angles, camera distance, and camera movemert. Auditory style elemeris are the
loudness,rhythmic, and musical properties. The textual appearanceis determined
by the style of writing and the phraseology All these style elemens contribute to
expressingan author's intention.

2.3 Layout

The layout perspective considersthe syntactic structure an author usesfor the video
documert. In essencethe syntactic structure for ead modality is a temporal se-
guenceof fundamental units, which in itself do not have a temporal dimension. The
nature of theseunits is the main factor discriminating the di erent modalities. The
visual modality of a video documert is a set of ordered images, or frames. So the
fundamertal units are the single image frames. Similarly, the auditory modality is
a set of samplestaken within a certain time span, resulting in audio samplesas
fundamertal units. Individual characters form the fundamental units for the tex-
tual modality. Upon the fundamertal units an aggregation is imposed, which is
an artifact from creation. We refer to this aggregatedfundamenal units as sen-
sor shots de ned as a cortinuous sequenceof fundamertal units resulting from an
uninterrupted sensorrecording. For the visual and auditory modality this leadsto:

e Camera shots. result of an uninterrupted recording of a camera,;
e Microphoneshots. result of an uninterrupted recording of a microphone;

For text, sensorrecordingsdo not exist. In writing, uninterrupted textual expres-
sionscan be exposedon di erent granularity levels, e.g. word level or sertencelevel,
therefore we de ne:

e Text shots an uninterrupted textual expression;

Note that sensorshots are not necessarilyaligned. Speedt for example can cortinue
while the camera switches to show the reaction of one of the actors. There are
however situations where cameraand microphone shots are recordedsimultaneously,
for examplein live newsbroadcasts.

An author of the video documert is alsoresponsible for concatenatingthe di er-
ent sensorshotsinto a coheren structured document by using transition edits. \He
or sheaimsto guide our thoughts and emotional responsesfrom oneshot to another,
sothat the interrelationships of separateshotsare clear, and the transitions between
sensorshots are smooth" [9]. For the visual modality abrupt cuts, or gradual tran-
sitions!, like wipes, fades, or dissolves can be selected. This is important for visual

LA gradual transition actually contains piecesof two camera shots, for simplicity we regard it as
a separate ertit y.
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continuity, but soundis also a valuable transitional devicein video documerts. Not
only to relate shots, but alsoto make changesmore uid or natural. For the audi-
tory transitions an author can have a smooth transition using music, or an abrupt
change by using silence[9]. To indicate a transition in the textual modality, e.g.
closedcaptions, an author typically uses\>>>", or dierent colors. They can be
viewed as corresponding to abrupt cuts astheir useis only to separateshots, not to
connectthem smoothly.

The nal componert of the layout are the optional visual or auditory special
e ects, usedto enhancethe impact of the modality, or to add meaning. Overlayed
text, which is text that is added to video frames at production time, is also con-
sidered a special e ect. It provides the viewer of the document with descriptive
information about the content. Moreover, the sizeand spatial position of the text in
the video frame indicate its importance to the viewer. \Whereas visual e ects add
descriptive information or stretch the viewer's imagination, audio e ects add level of
meaning and provide sensualand emotional stimuli that increasethe range, depth,
and intensity of our experience far beyond what can be adcieved through visual
meansalone" [9]. Note that we don't considerarti cially created cortent elemerns
as special e ects, astheseare meart to mimic true settings, objects, or people.

Basedon the discussionin this section we cometo a unifying multimo dal video
indexing framework basedon the perspective of an author. This framework is visu-
alized in gure 1. It forms the basisfor our discussionof state-of-the-art indexing
techniques.

3 Video document segmentation

For analysispurposesthe processof authoring should be reversed. To that end, rst
a segmemation should be madethat decomposesa video documernt in its layout and
content elemerns. Results canbe usedfor indexing speci ¢ segmets. In many cases
segmetmation can be viewed asa classi cation problem. In video indexing literature
many heuristic methods are proposed. The more advancedtechniques make explicit
useof pattern recognition. Therefore, we will rst discussthe di erent classi cation
methods that are usedin video indexing. Then, we will discussreconstruction of
the layout for ead of the modalities. Finally, we will focus on segmemation of the
content. The data ow necessaryfor analysisis visualized in gure 2.

3.1 Pattern recognition

In video indexing, patterns of interest needto be distinguished to make decisions
about layout and content categories. Thesepatterns canbe, for example,subimages,
samples,or features derived from layout and content elemens. According to [37]
the four best approacesfor pattern recognition are:

e Template matching: the pattern to be recognizedis comparedwith a learned
template, allowing changesin scaleand pose;

e Statistical classi cation: the pattern to be recognizedis classi ed basedon the
distribution of patterns in the spacespannedby pattern features;
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Figure 1: A unifying frameworkfor multimodal video indexing baseal on an author's
perspective. The letters S, O, P stand for setting, objects, and people. An example
layout of the auditory maodality is highlighted, the sameholds for the others.

e Syntactic or structural matching: the pattern to berecognizedis comparedto a
small set of learned primitiv esand grammatical rules for combining primitiv es;

e Neural networks: the pattern to be recognizedis input to a network which has
learned nonlinear input-output relationships;

Examples of those methods are found throughout our paper. The statistical ap-

proach is most frequertly encourtered in video indexing literature, especially the
following four speci c techniques:

e BayesClassi er : assignsa pattern to the classwhich hasthe maximum esti-
mated posterior probability [37];

e Decision Tree: assignsa pattern to a classbasedon a hierarchical division of
feature space[37];
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Figure 2: Data ow in unimodal video document segmentation.

e k-Nearest Neightor : assignsa pattern to the majority classamongthe k pat-
terns with smallest distance in feature space[37];

e Hidden Markov Model (HMM) : assignsa pattern to a classbasedon a sequen-
tial model of state and transition probabilities [46, 69];

Statistical classi ers are also well suited for multimo dal classi cation. This aspect
of pattern recognition will be highlighted in section 4.2. We will now rst discuss
the reconstruction of layout and content elemers.

3.2 Layout reconstruction

Layout reconstruction is the task of detecting the sensorshotsand transition edits in
the video data. For analysis purposeslayout reconstruction is indispensable. Since
the layout guidesthe spectator in experiencing the video documert, it should also
steer analysis.

For reconstruction of the visual layout, seweral techniques already exist to seg-
ment a video documert on the camerashot level, known asshot boundary detection 2.
Various algorithms are proposedin video indexing literature to detect cuts in video
documerts, all of which rely on comparisonof successie frameswith some xed or
dynamic threshold on either pixel, edge,block, or frame level. Block level features
can be derived from motion vectors, which can be computed directly from the vi-
sual channel, when coded in MPEG, saving decompressiontime. For an extensive
overview of di erent cut detection methods we refer to the survey of Brunelli in [13]
and the referencegherein.

Detection of transition edits in the visual modality can be donein seeral ways.
Sincethe transition is gradual, comparison of successie framesis insu cien t. The
rst researtersexploiting this obsenation where Zhang et al [97]. They introduced
the twin-comparison approad, using a dual threshold that accurrulates signi cant

2As an ironic legacy from early researc on video parsing, this is also referred to as scene-tiange
detection.
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di erences to detect gradual transitions. For an extensive coverageof other methods
we again refer to [13], we just summarize the methods mentioned. First, so called
plateau detection usesevery k-th frame. Another approadc is basedon e ect mod-
eling, where video production-based mathematical models are usedto spot di erent
edit e ects using statistical classi cation. Finally, athird approac modelsthe e ect
of a transition on intensity edgesin subsequeh frames.

Detection of abrupt cuts in the auditory layout can be achieved by detection of
silencesand transition points, i.e. locations where the category of the underlying
signal changes. In literature di erent methods are proposedfor their detection.

In [60]it is shovn that averageenergy Ep, is a su cien t measurefor detecting
silence segmems. FE, is computed for a window, i.e. a set of n samples. If the
averagefor all the windows in a segmem are found lower than a threshold, a silence
is marked. Another approad is taken in [99]. Here E,, is combined with the zero-
crossingrate (ZCR), wherea zero-crossings said to occur if successie sampleshave
dierent signs. A segmen is classi ed as silenceif E, is consisterly lower than a
set of thresholds, or if most ZCRs are below a threshold. This method alsoincludes
unnoticeable noise.

Li et al [43] use silence detection for separating the input audio segmen into
silencesegmerts and sighal segmets. For the detection of silenceperiods they usea
three-step procedure. First, raw boundaries between silenceand signal are marked
in the auditory data. In the succeedingtwo stepsa Il-in processand a throwaway
processare applied to the results. In the Il-in processshort silencesegmets are re-
labeledsignaland in the throwaway processlow energysignal segmeits are relabeled
silence.

Besidessilencedetection [43] alsodetectstransition points in the signal segmeis
by using break detection and break merging. They compute an onset and o set
break to indicate a potential changein category of the underlying signal, by moving
a window over the signal segmem and compare £, of di erent halvesof the window
at ead sliding position. In the secondstep, adjacert breaks of the sametype are
mergedinto a single break.

In [99] music is distinguished from speed, silence, and ervironmental sounds
basedon features of the ZCR and the fundamental frequency To assignthe proba-
bilit y of being music to an audio segmem, four featuresare used: the degreeof being
harmonic (based on fundamertal frequency), the degreeto which the fundamenal
frequency concerrates on certain valuesduring a period of time, the variance of the
ZCR, and the range of the amplitude of the ZCR.

The rst stepin reconstructing the textual layout is referredto astokenization, in
this phasethe input text is divided into units called tokensor characters. Detection
of text shotscanbe adchievedin di erent ways, depending on the granularity used. If
we are only interestedin singlewords we can usethe occurrenceof white spaceasthe
main clue. However, this signal is not necessarilyreliable, becauseof the occurrence
of periods, single apostrophesand hyphenation [46]. When more context is taken
into accourt one can reconstruct serntencesfrom the textual layout. Detection of
periods is a basic heuristic for the reconstruction of sertences,about 90% of periods
are sertence boundary indicators [46]. Transitions are typically found by searding
for prede ned patterns.
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Since layout is very modality dependert, a multimo dal approadc for its recon-
struction won't be very e ective. The task of layout reconstruction can currently
be performed quite reliably. Howewer, results might improve even further when
more advanced techniques are used, for example methods exploiting the learning
capabilities of statistical classi ers.

3.3 Content segmentation

In subsection2.2 we introduced the elemers of content. Here we will discusshow
to detect them automatically, using di erent detection algorithms exploiting visual,
auditory, and textual information sources.

3.3.1 People detection

Detection of peoplein video documerts can be donein seweral ways. They can be
detected in the visual modality by meansof their facesor other body parts, in the
auditory modality by the presenceof speed, and in the textual modality by the
appearanceof names. In the following, those modality specic techniques will be
discussedin more detail. For an in-depth coverage of the di erent techniques we
refer to the cited references.

Most approadies using the visual modality simplify the problem of people de-
tection to detection of a human face. Face detection techniques aim to identify
all image regionswhich contain a face, regardlessof its three-dimensional position,
orientation, and lighting conditions used, and if presen return their image location
and extents [95]. This detection is by no meanstrivial becauseof variability in
location, orientation, scale,and pose. Furthermore, facial expressions,facial hair,
glassesmake-up, occlusion, and lightning conditions are known to make detection
error prone.

Over the yearsvarious methods for the detection of facesin imagesand image
sequencesare reported, see[95] for a comprehensiw and critical survey of current
face detection methods. From all methods currently available the one proposedby
Rowley in [70] performs the best [67]. The neural network-basedsystemis able to
detect about 90% of all upright and frontal faces,and more important the system
only sporadically mistakesnon-faceareasfor faces.

When a faceis detectedin a video, face recognition techniques aim to identify
the person. A common used method for face recognition is matching by means of
Eigenfaes[64]. Herethe matching is performedusing singleimages,and the method
is capableto recognizefacesunder varying pose. In [6] the authors demonstratethat
by using Fisherfaces the error rates are lower for tests on certain face databases.
Moreover the Fisherfacemethod achieves better results when variations in lighting
and expressionare presert simultaneously. A drawbadk of applying facerecognition
for video indexing, isits limited genericapplicability [74]. Reported results [6, 64, 74]
show that facerecognition works in constrained environments, preferably showing a
frontal facecloseto the camera. When using face recognition techniquesin a video
indexing context one should accourt for this limited applicability.

In [49] people detection is taken one step further, detecting not only the head,
but the whole human body. The algorithm preseried rst locatesthe constituent
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componerts of the human body by applying detectors for head, legs, left arm, and
right arm. Each individual detector is basedon the Haar wavelet transform using
speci ¢ examples. After ensuring that these componerts are presen in the proper
geometric con guration, a secondexample-basedclassi er combines the results of
the componert detectorsto classify a pattern as either a personor a non-person.

A similar part-based approad is followed in [24] to detect naked people. First,
large skin-colored componerts are found in an image by applying a skin Iter that
conbines color and texture. Based on geometrical constraints between detected
componerts an image is labeled as containing naked people or not. Obviously this
method is suited for speci ¢ genresonly.

The auditory channel also provides strong cluesfor presenceof peoplein video
documernts through speed in the segmen. When layout segmetation has been
performed, classi cation of the di erent signal segmems as speed can be achieved
basedon the features computed. Again di erent approadcescan be chosen.

In [99] v efeaturesare chededto distinguish speet from other auditory signals.
First oneis the relation betweenamplitudes of ZCR and energycurves. The second
oneis the shape of the ZCR curve. The third and fourth features are the variance
and the range of the amplitude of the ZCR curve. The fth feature is about the
property of the short-time fundamertal frequency A decisionvalue is de ned for
ead feature. Basedon thesefeatures, classi cation is performed using the weighted
averageof thesedecisionvalues.

A more elaborated audio segmetiation algorithm is proposedin [43]. The authors
are able to segmemn not only speet but also speet together with noise, speed or
music with an accuracy of about 90%. They compareddi erent auditory feature
sets, and concludethat temporal and spectral features perform bad, as opposedto
Mel-frequency cepstral coe cien ts (MF CC) and linear prediction coe cien ts (LPC)
which achieve a much better classi cation accuracy

When a segmet is labeled as speed, speaker recognition can be usedto identify
a personbasedon his or her speet utterance. Dierent techniques are proposed,
e.g.[54, 61]. A genericspeaker identi cation system consisting of three modules is
presered in [61]. In the rst module feature extraction is performed using a set
of 14 MFCC from ead window. In the secondmodule those features are used to
classify each moving window using a nearestneighbor classi er. The classi cation is
performed using a ground truth. In the third module results of eadh moving window
are combined to generate a single decision for ead segmei. The authors report
encouragingperformanceusing speet segmers of a feature Im.

A strong textual cuefor the appearanceof peoplein a video documert are words
which are names. In [74], for example, natural languageprocessingtechniquesusing
a dictionary, thesaurus, and parser are used to locate namesin transcripts. The
system calculates a grammatical, lexical, situational, and positional scorefor eah
word in the transcripts. A net likelihood scoreis then calculated which together with
the name candidate and segmen information forms the system'soutput. Related to
this problem is the task of named ertit y recognition, which is known from the eld
of computational linguistics. Here one seeksto classify every word in a documert
into one of eight categories: person, location, organization, date, time, percertage,
monetary value, or none of the above [8]. In the referencenamerecognition is viewed
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as a classi cation problem, where every word is either part of somename, or not.
The authors use a variant of an HMM for the name recognition task basedon a
bigram languagemodel. Comparedto any other reported learning algorithm, their
name recognition results are consisterily better.

In conclusion, people detection in video can be achieved using di erent ap-
proadches, all having limitations. Variance in orientation and pose, together with
occlusion, make visual detection error prone. Speed detection and recognition is
still sensitive to noiseand environmental sounds. Also, more researt on detection of
namesin text is neededto improve results. As the errors in di erent modalities are
not necessarilycorrelated, a multimo dal approacd in detection of personsin video
documernts can be an improvemen. Besidesimproved detection, fusion of di erent
modalities is interesting with respect to recognition of speci ¢ persons.

3.3.2 Object detection

Object detection forms a generalization of the problem of peopledetection. Specic
objects can be detected by means of specialized visual detectors, motion, sounds,
and appearancein the textual modality. Object detection methods for the di erent
modalities will be highlighted here.

Approaches for object detection based on visual appearance can range from
detection of speci ¢ objects to detection approachesof more generalobjects. An ex-
ample from the former is givenin [76], wherethe presenceof passengercarsin image
framesis detected by using a product of histograms. Each histogram represens the
joint statistics of a subset of wavelet coe cien ts and their position on the object.
The authors use statistical modelling to accourt for variation, which enablesthem
to reliably detect passengercars over a wide range of points of view.

If we know what we are looking for, e.g. peopleor cars, the task is easier. If not,
grouping basedon motion is the bestin absenceof other knowledge. Moreover, since
the appearanceof objects might vary widely, rigid object motion detection is often
the most valuable feature. Thus, when consideringthe approac for general object
detection, motion is a useful feature. A typical method to detect moving objects of
interest starts with a segmemation of the image frame. Regionsin the image frame
sharing similar motion are merged in the secondstage. Result is a motion-based
segmetiation of the video. In [56] a method is presened that segmers a singlevideo
frame into independertly moving visual objects. The method follows a bottom-up
approad, starting with a color-baseddecomposition of the frame. Regionsare then
mergedbasedon their motion parametersvia a statistical test, resulting in superior
performanceover other methods, e.qg. [4, 93].

Speci ¢ objects can also be detected by analyzing the auditory layout segmena-
tion of the video documert. Typically, segmetts in the layout segmemation rst need
to be classi ed as environmental sounds. Subsequetly, the environmental sounds
are further analyzed for the presenceof speci ¢ object sound patterns. In [92, 99]
for example, speci ¢ object sound patterns e.g. dog bark, ringing telephones,and
di erent musical instruments are detected using speci ¢ auditory features.

Detecting objects in the textual modality also remains a challenging task. A
logical intermediate step in detecting objects of interest in the textual modality is
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part-of-speed tagging. The latter is the task of labeling ead word in a sertencewith
its appropriate part of speet [46]. Though limited, the information we get from
tagging is still quite useful. By extracting and analyzing the nounsin tagged text
for example, one can make someassumptionsabout objects preser. This technique
is known as chunking [1]. To our knowledge chunking has not yet been used in
conbination with detection of objects in video documerts. Its application however,
might prove to be a valuable extensionto unimodal object detection.

Successfuldetection of objects is limited to specic examples. A generic object
detector still forms the holy grail in video document analysis. Therefore, multimo dal
object detection seemsinteresting. It helps if objects of interest can be identi ed
within di erent modalities. Then the speci ¢ visual appearance,the speci ¢ sound,
and its mentioning in the accompatrying textual data can yield the evidence for
robust recognition.

3.3.3 Setting detection

For the detection of setting, motion is not sorelevant, asthe setting is usually static.
Therefore, techniques from the eld of content-based image retrieval can be used.
See[79] for a complete overview of this eld. By using for example key frames,
those techniques can easily be used for video indexing. We focus here on methods
that assigna setting label to the data, basedon analysis of the visual, auditory, or
textual modality.

In [82]imagesare classi ed aseither indoor or outdoor, usingthree typesof visual
features: one for color, texture, and frequency information. Instead of computing
features on the ertire image, the authors use a multi-stage classi cation approad.
First, sub-blocks are classi ed independertly, and afterwards another classi cation
is performed using the k-nearestneighbor classi er.

Outdoor imagesare further classi ed into city and landscape imagesin [87]. Fea-
tures usedare color histograms, color coherencevectors, Discrete Cosine Transform
(DCT) coe cien ts, edgedirection histograms, and edgedirection coherencevectors.
Classi cation is done with a weighted k-nearest neighbor classi er with leave-one
out method. Reported results indicate that the edgedirection coherencevector has
good discriminatory power for city vs. landscape. Furthermore, it was found that
color can be an important cue in classifying natural landscape imagesinto forests,
mountains, or sunset/sunrise classes. By analyzing sub-blocks, the authors detect
the presenceof sky and vegetation in outdoor image framesin another paper. Each
sub-block is independertly classi ed, using a Bayesian classi cation framework, as
sky vs. non-sky or vegetation vs. non-vegetation basedon color, texture, and posi-
tion features[86].

Detecting setting basedon auditory information, can be achieved by detecting
speci ¢ ervironmental sound patterns. In [92] the authors reduce an auditory seg-
mernt to a small set of parametersusing various auditory features, namely loudness,
pitch, brightness, bandwidth, and harmonicity. By using statistical techniques over
the parameter spacethe authors accomplish classi cation and retrieval of seweral
sound patterns including laughter, crowds, and water. In [99] classesof natural and
synthetic sound patterns are distinguished by using an HMM, basedon timbre and
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Figure 3: Role of conversion and integration in multimodal video document analysis.

rhythm. The authors are capableof classifyingdi eren t ervironmental setting sound
patterns, including applause,explosions,rain, river ow, thunder, and windstorm.

The transcript is usedin [15]to extract geographicreferenceinformation for the
video documert. The authors match named placesto their spatial coordinates. The
processbeginsby using the text metadata asthe sourcematerial to be processed.A
known set of placesalong with their spatial coordinates, i.e. a gazetteer,is created
to resolwe geographicreferences.The gazetteerused consistsof approximately 300
countries, states and administrativ e ertities, and 17000major cities worldwide. Af-
ter post processingsteps, e.g. including related terms and removing stop words, the
end result are segmetts in a video sequencandexed with latitude and longitude.

We concludethat the visual and auditory modality are well suited for recognition
of the environment in which the video document is situated. By using the textual
modality, a more precise (geographic) location can be extracted. Fusion of the
di erent modalities may provide the video documert with semariically interesting
setting terms such as: outside vegetation in Brazil near a owing river. Which can
never be derived from one of the modalities in isolation.

4 Multimo dal analysis

After reconstruction of the layout and content elemers, the next stepin the inverse
analysis processis analysis of the layout and content to extract the semaric index.
At this point the modalities should be integrated. However, beforeanalysis, it might

be usefulto apply modality corversionof someelemerts into more appropriate form.

The role of conversion and integration in multimo dal video document analysis will

be discussedin this section, and is illustrated in gure 3.
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4.1 Conversion

For analysis, corversion of elemers of visual and auditory modalities to text is most
appropriate.

A typical componert we want to corvert from the visual modality is overlayed
text. Video Optical Character Recognition (OCR) methods for detection of text
in video frames can be divided into componert-based, e.g. [78], or texture-based
methods, e.g. [44]. A method utilizing the DCT coe cien ts of compressedvideo
was proposedin [101]. By using Video OCR methods, the visual overlayed text
object can be corverted into a textual format. The quality of the results of Video
OCR vary, depending on the kind of charactersused,their color, their stability over
time, and the quality of the video itself.

From the auditory modality one typically wants to corvert the uttered speeh
into transcripts. Available speeh recognition systems are known to be mature
for applications with a single speaker and a limited vocabulary. Howewer, their
performancedegradeswhen they are usedin real world applications instead of a lab
ernvironment [13]. This is especially causedby the sensitivity of the acoustic model
to dierent microphonesand di erent environmental conditions. Since corversion
of speed into transcripts still seemsproblematic, integration with other modalities
might prove bene cial.

Note that other cornversionsare possible,e.g. computer animation can be viewed
as corverting text to video. However, these are relevant for preseration purposes
only.

4.2 Integration

The purposeof integration of multimo dal layout and content elemeris is to improve
classi cation performance. To that end the addition of modalities may serwe as a
veri cation method, a method compensating for inaccuracies,or as an additional
information source.

An important aspect, indispensablefor integration, is synchronization and align-
ment of the di erent modalities, as all modalities must have a common timeline.
Typically the time stamp is used. We obsene that in literature modalities are con-
verted to a format conforming to the researters main expertise. When audio is the
main expertise, image frames are corverted to (milli)seconds, e.g. [35]. In [3, 21]
image processingis the main expertise, and audio samplesare assignedto image
framesor camerashots. When a time stamp isn't available, a more advancedalign-
ment procedureis necessary Sud a procedureis proposedin [39]. The error prone
output of a speet recognizeris comparedand aligned with the accomparying closed
captions of news broadcasts. The method rst nds matching sequencesf words
in the transcript and closedcaption by performing a dynamic-programming based
alignment betweenthe two text strings. Segmers are then selectedwhen sequences
of three or more words are similar in both resources.

To acdhieve the goal of multimo dal integration, seweral approades can be fol-
lowed. We categorizethose approadcesby their distinctiv e properties with respect
to the processingeycle, the content segmemation, and the classi cation method used.
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Table 1: An overview of di er ent integration methals.

Content Segmen tation Classi cation Metho d Pro cessing Cycle
Symmetric ~ Asymmetric Statistical ~ Knowledge Tterated  Non-Iterated

13] X X X
[5] X X X

(14] X X X
[20] X X X
[21] X X X
(23] X X X
[35] X X X
(35] X X X
[39] X X X
[40] X X X
(53] X X X
(55] X X X

[66] X X X
(73] X X X
[74] X X X
[80] X X X

(85] X X X
[91] X X X

The processingcycle of the integration method can be iterated, allowing for incre-
mental useof cortext, or non-iterated. The content segmemation can be performed
by using the di erent modalities in a symmetric, i.e. simultaneous, or asymmetric,
i.e. ordered, fashion. Finally, for the classi cation one can choosebetweena statisti-
cal or knowledge-basedapproach. An overview of the di erent integration methods
found in literature is in table 1.

Most integration methods reported are symmetric and non-iterated. Somefollow
a knowledge-basedpproad for classi cation of the data into classesf the semartic
index hierarchy [23, 53, 66, 73, 85]. In [85] for example, the auditory and visual
modality are integrated to detect speed, silence, speaker identities, no face shot,
face shot, and talking face shot using knowledge-basedrules. First, talking people
are detectedby detecting facesin the camerashots, subsequetly a knowledge-based
measureis evaluated basedon the amount of speedt in the shot.

Many methods in literature follow a statistical approadc [3, 14, 20, 21, 35, 39, 40,
55, 74, 91]. An example of a symmetric, non-iterated statistical integration method
is the Name-It system preseried in [74]. The system assaiates detected facesand
names, by calculating a co-occurrencefactor that combines the analysis results of
face detection and recognition, name extraction, and caption recognition.

Hidden Markov Models are frequertly usedas a statistical classi cation method
for multimo dal integration [3, 20, 21, 35. A clear advantage of this framework is
that it is not only capable to integrate multimo dal features, but is also capable
to include sequetial features. Moreover, an HMM can also be used as a classi er
combination method.

When modalities are independert, they can easily be included in a product
HMM. In [35 such a classier is usedto train two modalities separately which
are then combined symmetrically, by computing the product of the obsenation
probabilities. It is shown that this resultsin signi cant improvemert over a unimodal
approac.
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In contrast to the product HMM method, a neural network-based approad
doesn't assumefeatures are independert. The approac presened in [35], trains
an HMM for eadh modality and category. A three layer perceptron is then usedto
conbine the outputs from each HMM in a symmetric and non-iterated fashion.

Another advanced statistical classi er for multimo dal integration was recertly
proposedin [55]. A probabilistic framework for semaric indexing of video doc-
uments basedon so called multijects and multinets is preserned. The multijects
model content elemerts which are integrated in the multinets to model the relations
between objects, allowing for symmetric use of modalities. For the integration in
the multinet the authors propose a Bayesian belief network [62]. Signi cant im-
provemerts of detection performance is demonstrated. Moreover, the framework
supports detection basedon iteration. Viabilit y of the Bayesiannetwork asa sym-
metric integrating classi er was also demonstrated in [40], howewver that method
doesn't support iteration.

In contrast to the above symmetric methods, an asymmetric approac is pre-
serted in [35]. A two-stageHMM is proposedwhich rst separatesthe input video
documernt into three broad categoriesbasedon the auditory modality, in the second
stage another HMM is usedto split those categoriesbasedon the visual modality.
A drawbadk of this method is its application dependency which may result in less
e ectiv enessin other classi cation tasks.

An asymmetric knowledge-basedntegration method, supporting iteration, was
proposedin [5]. First, the visual and textual modality are combined to generate
semartic index results. Those form the input for a post-processingstagethat uses
those indexesto seard the visual modality for the speci ¢ time of occurrenceof the
semariic evern.

For exploration of other integration methods, we again take a look in the eld
of content-based image retrieval. From this eld methods are known to integrate
the visual and textual modality by combining imageswith assaiated captions or
HTML tags. Early reported methods useda knowledgebasefor integration, e.g. the
Piction system [80]. This system usesmodalities asymmetrically, it rst analyzes
the caption to identify the expected number of facesand their expected relative
positions. Then a face detector is applied to a restricted part of the image, if
no facesare detected an iteration step is performed that relaxesthe thresholds.
More recently, Latent Semartic Indexing (LSI) [19] has becomea popular meansfor
integration [14, 91]. LSI is symmetric and non-iterated and works by statistically
assaiating related words to the conceptual context of the given documert. In e ect
it relatesdocumerts that usesimilar terms, which for imagesare related to features
in the image. In [14] LSI is usedto capture text statistics in vector form from an
HTML documert. Words with specic HTML tags are given higher weights. In
addition, the position of the words with respect to the position of the image in the
documernt is alsoaccourted for. The imagefeatures,that is the color histogram and
the dominant orientation histogram, are also captured in vector form and combined
they form a uni ed vector that the authors usefor content-based seard of a WWW-
basedimagedatabase. Reported experiments show that maximum improvemert was
achieved when both visual and textual information are employed.

In conclusion,video indexing results improve when a multimo dal approach is fol-



Section 5 Semantic video indexes 17

lowed. Not only becauseof enhancemen of content ndings, but also becausemore
information is available. Most methods integrate in a symmetric and non-iterated
fashion. Usageof incremertal context by meansof iteration can be a valuable addi-
tion to the succes®f the integration process.Usageof combined statistical classi ers
in multimo dal video indexing literature is still scarce,though various successfubta-
tistical methods for classi er combinations are known, e.g. bagging, boosting, or
stacing [37]. So, probably results can be improved even more substartially when
advanced classi cation methods from the eld of statistical pattern recognition, or
other disciplines are used, preferably in an iterated fashion.

5 Semantic video indexes

The methodologiesdescribedin section4 have beenapplied to extract a variety of the
di erent video indexesdescribed in subsection2.1. In this sectionwe systematically
report on the dierent indexesand the information from which they are derived.
As methods for extraction of purposeare not merntioned in literature, this level is
excluded. Figure 4 preseris an overview of all indexesand the methods in literature
which can derive them.

5.1 Genre

\Editing is an important stylistic elemen becauseit a ects the overall rhythm of
the video document” [9]. Hence,layout related statistics are well suited for indexing
a video documernt into a speci ¢ genre. Most obvious elemen of this editorial style
is the averageshot length. Generally, the longer the shots, the slower the rhythm of
the video documert.

The rate of shot changestogether with the presenceof black framesis usedin [34]
to detect commercials within news broadcast. The rationale behind detection of
black frames is that they are often broadcastedfor a fraction of a secondbefore,
after, and between commercials. However, black frames can also occur for other
reasons. Therefore, the authors use the obsenation that advertisers try to make
commercials more interesting by rapidly cutting betweendi erent shots, resulting
in a higher shot changerate. A similar approadc is followed in [45], for detecting
commercialswithin broadcastedfeature Ims. Besidesthe detection of monochrome
frames and shot change rate, the authors use the edge change ratio and motion
vector length to capture high action in commercials.

Averageshot length, the percertage of di erent typesof edit transitions, and six
visual content features, are usedin [84] to classify a video documert into cartoons,
commercials,music, news and sports video genres. As a classi er the C4.5 decision
tree is used.

In [20] the obsenation is made that di erent genresexhibit di erent temporal
patterns of facelocations. They furthermore obsene that the temporal behavior of
overlaid text is genre dependert. In fact the following genre dependen functions
can be identi ed:

e News annotation of people, objects, setting, and named everts;
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e Syorts: player identi cation, gamerelated statistics;
e Movies/TV series. credits, captions, and languagetranslations;
e Commercials: product name, claims, and disclaimers;

Basedon results of face and text tracking, ead frame is assignedone of 15 labels,
describing variations on the number of appearing facesand/or text lines together
with the distance of a faceto the camera. Theselabelsform the input for an HMM,
which classi esan input video documert into news,commercials,sitcoms, and soaps
basedon maximum likelihood.

Detection of genericsport video documerts seemsalmost impossibledue to the
large variety in sports. In [42], however, a method is preseried that is capable of
identifying mainstream sports videos. Discriminating properties of sport videos are
the presenceof slov-motion replays, large amournts of overlayed text, and specic
camera/object motion. The authors proposea set of eleven featuresto capture these
properties, and obtain 93%accuracyusing a decisiontree classi er. Analysis shaved
that motion magnitude and direction of motion featuresyielded the best results.

Methods for indexing video documerts into a speci ¢ genreusing a multimo dal
approach are reported in [23, 35, 40]. In [35] newsreports, weather forecasts,com-
mercials, basketball, and football gamesare distinguished basedon audio and visual
information. The authors comparedi erent integration methods and classi ers and
concludethat a product HMM classi er is most suited for their task, seealso 4.2.

The samemodalities are usedin [23]. The authors presert a three-stepapproad.
In the rst phase,content featuressud ascolor statistics, motion vectors and audio
statistics are extracted. Secondly layout features are derived, e.g. shot lengths,
cameramotion, and speet vs. music. Finally, a style prole is composedand an
educational guessis made as to the genrein which a shot belongs. They report
promising results by combining di erent layout and content attributes of video for
analysis,and can nd v e (sub)genres,namely news broadcasts,car racing, tennis,
commercials,and animated cartoons.

Besidesauditory and visual information, [40] also exploits the textual modality.
The segmemation and indexing approac presened usesthree layersto processlow-,
mid-, and high-level information. At the lowest level features such as color, shape,
MFCC, ZCR, and the transcript are extracted. Those are usedin the mid-level to
detect faces, speed, keywords, etc. At the highest level the semartic index is ex-
tracted through the integration of mid-level featuresacrossthe di erent modalities,
using Bayesian networks, as noted in subsection4.2. In its current implementation
the preseried system classi es segmets as either part of a talk shav, commercial
or nancial news.

5.2 Sub-genre

Researt on indexing sub-genres,or speci ¢ instancesof a genre, has been geared
mainly towards sport videos [23, 35, 72] and commercials[16]. Obviously, future
index techniguesmay alsoextract other sub-genresfor examplewesterns,comedies,
or thrillers within the feature Im genre.
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Four sub-genresof sport video documerts are identi ed in [72]: basketball, ice
hockey, soccer, and volleyball. The full motion elds in consecutive framesare used
as a feature. To reduce the feature, Principal Componert Analysis is used. For
classi cation two dierent statistical classi ers were applied. It was found that a
contin uous obsenation density Markov model gave the best results. The sequences
analyzedwere post-edited to contain only the play of the sports, which is a drawbadk
of the presenrtied system. For instance, no crowd scenesor time outs were included.
Somesub-genresof sport video documerts are also detected in [23, 35], as noted in
section5.1.

An approach to index commercial videos basedon semiotic and semartic prop-
erties is presered in [16]. Semiotics classi es commercialsinto four di erent sub-
genresthat relate to the narrativ e of the commercial. The following four sub-genres
are distinguished: practical, critical, utopic, and playful commercials. Perceptual
features e.g. saturated colors, horizontal lines, and the presenceor absenceof re-
curring colors, are mapped onto the semiotic categories. Based on researd in the
marketing eld, the authors also formalized a link between editing, color, and mo-
tion e ects on the one hand, and feelingsthat the video arousesin the obsener
on the other. Characteristics of a commercial are related to those feelingsand have
beenorganizedin a hierarchical fashion. A main classi cation is introduced between
commercialsthat induce feelings of action and those that induce feelings of quiet-
ness The authors subdivide action further into suspenseand excitemert. Quietness
is further speci ed in relaxation and happiness.

5.3 Logical units

Detection of logical units in video documerts is extensively researtied with respect
to the detection of scenesr Logical Story Units (LSU) in feature Ims and sitcoms.
An overview and evaluation of such methodsis presened in [88]. However, detection
of LSU boundaries alone is not enough. For indexing, we are especially interested
in its accompatying label.

A method that is capable of detecting dialogue scenesn movies and sitcoms, is
presenied in [3]. Basedon audio analysis, face detection, and face location analysis
the authors generateoutput labels which form the input for an HMM. The HMM
outputs a scenelabeled as either, establishing scene transitional scene,or dialogue
scene. According to the results preseried, combined audio and face information
givesthe most consistent performanceof di erent obsenation setsand training data.
Howewer, in its current design, the method is incapable of di erentiating between
dialogue and monologuescenes.

A technique to characterize and index violent scenesin general TV drama and
movies is presented in [53]. The authors integrate cuesfrom both the visual and
auditory modality symmetrically. First, the spatio-temporal dynamic activity of
ead video shot is computed as a measureof action. This is combined with detec-
tion of ames and blood using a prede ned color table. The corresponding audio
information provides supplemenal evidencefor the identi cation of violent scenes.
The focusis on the abrupt changein energylevel of the audio signal, computed us-
ing the energy erntropy criterion. As a classi er the authors use a knowledge-based
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combination of feature valueson scenelevel.

By utilizing a symmetric and non-iterated multimo dal integration method four
dierent typesof scenesare identied in [73]. The audio signal is segmered into
silence, speet, music, and miscellaneoussounds. This is combined with a visual
similarity measure,computed within a temporal window. Dialogues are then de-
tected basedon the occurrenceof speet and an alternated pattern of visual labels,
indicating a change of speaker. When the visual pattern exhibits a repetition the
sceneis labeled as story. When the audio signal isn't labeled as speed, and the
visual information exhibits a progressiwe pattern, with contrasting visual content,
the sceneis labeled as action. Finally, scenesthat don't t in the aforemertioned
categoriesare indexed as genericscenes.

In contrast to [73], a unimodal approac basedon the visual information source
is usedin [96] to detect dialogues,actions, and story units. Shotsthat are visually
similar and temporally closeto ead other are assignedthe same (arbitrary) label.
Basedon the patterns of labelsin a scene,it is indexed as either dialogue, action,
or story unit.

A schemefor reliably identifying logical units which clusters sensorshots accord-
ing to detected dialogues,similar settings, or similar audio is presened in [66]. The
method starts by calculating speci c featuresfor ead cameraand microphone shot.
Auditory, color, and orientation features are supported as well as face detection.
Next an Euclidean metric is usedto determine the distance betweenshots with re-
spect to the features, resulting in a so called distance table. Basedon the distance
tables, shots are mergedinto logical units using absolute and adaptive thresholds.

News broadcastsare far more structured than feature Ims. Researters have
exploited this to classify logical units in newsvideo using a model-basedapproad.
Especially anchor shots are easyto model and therefore easyto detect. Sincethere
is only minor body movemen they can be detected by comparison of the average
di erence between (regionsin) successie frames. This di erence will be minimal.
This obsenation is usedin [28, 77, 98]. In [28, 77] also the restricted position and
size of detected facesis used.

Another approad for the detection of anchor shotsis taken in [7, 31, 36]. Rep-
etition of visually similar anchor shots throughout the newsbroadcastis exploited.
To re ne the classi cation of the similarity measureused, [7] requires anchor shots
candidatesto have a motion quartity below a certain threshold. Each shot is clas-
si ed aseither anchor or report. Moreover, textual descriptors are added basedon
extracted captions and recognizedspeet. To classify report and anchor shots, the
authors in [36] use face and lip movemert detection. To distinguish anchor shots,
the aforemertioned classi cation is extended with the knowledgethat anchor shots
are graphically similar and occur frequertly in a newsbroadcast. The largest clus-
ter of similar shots is therefore assignedto the class of anchor shots. Moreover,
the detection of a title caption is usedto detect anchor shotsthat introduce a new
topic. In [31] anchor shots are detected together with silenceintervals to indicate
report boundaries. Basedon a topics databasethe preseried system nds the most
probable topic per report by analyzing the transcribed speed. Opposedto [7, 36],
nal descriptions are not addedto shots, but to a sequenceof shotsthat constitute
a complete report on one topic. This is achieved by merging consecutive segmers
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with the sametopic in their list of most probable topics.

Besidesthe detection of anchor personsand reports, other logical units can be
identi ed. In [21] six main logical units for TV broadcast news are distinguished,
namely, begin, end, anchor, interview, report, and weather forecast. Each logical
unit is represened by an HMM. For ead frame of the video one feature vector
is calculated consisting of 25 features, including motion and audio features. The
resulting feature vector sequences assignedto a logical unit basedon the sequence
of HMMs that maximizes the probability of having generatedthis feature vector
sequence By using this approadc parsing and indexing of the video is performed in
one passthrough the video only.

Other examplesof highly structured TV broadcastsare talk and game shows.
In [41] a method is preseried that detects guest and host shots in those video
documerts. The basic obsenation usedis that in most talk shows the sameperson
is host for the duration of the program but guestskeepon changing. Also host shots
are typically shorter since only the host asks questions. For a given show, the key
frames of the N shortest shots containing one detected face are correlated in time
to nd the shot most often repeated. The key host frame is then compared against
all key framesto detect all similar host shots, and guest shots.

In [94] a model for segmeting soccervideo into the logical units break and play
is given. A grass-colorratio is usedto classify framesinto three views according to
video shooting scale,namely global, zoom-in, and close-up. Basedon segmeration
rules, the di erent views are mapped. Global views are classi ed as play and close-
ups as breaks if they have a minimum length. Otherwise a neighborhood voting
heuristic is usedfor classi cation.

5.4 Named events

Named events are at the lowest level in the semaric index hierarchy. For their
detection di erent techniques have beenused.

A three-level event detection algorithm is presened in [29]. The rst level of
the algorithm extracts genericcolor, texture, and motion features, and detects mov-
ing object blobs. The mid-level employs a domain dependert neural network to
verify whether the moving blobs belong to objects of interest. The generatedshot
descriptors are then used by a domain-speci ¢ inference processat the third level
to detect the video segmetts that contain events of interest. To test the e ectiv e-
nessof the algorithm the authors applied it to detect animal hunt everts in wildlife
documertaries.

Violent events and car chasesin feature Ims are detectedin [50], basedon anal-
ysis of environmental sounds. First, low level soundsas engines,horns, explosions,
or gun re are detected, which constitute part of the high level sound events. Based
on the dominance of those low level soundsin a segmeh it is labeled with a high
level named evert.

Walking shots, gathering shots, and computer graphics shots in broadcast news
are the named events detected in [36]. A walking shot is classi ed by detecting
the up and down oscillation of the bottom of a facial region. When more than two
similar sizedfacial regionsare detectedin a frame, a shot is classi ed asa gathering
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Figure 4: Semantic index hierarchy with instances as found in literature. From top
to bottom instances from genre, sub-gene, logical units, and named events. The
dashel box is used to group similar nodes.

shot. Finally, computer graphics shots are classi ed by a total lack of motion in a
seriesof frames.

The obsenation that authors uselightning techniquesto intensify the drama of
certain scenesin a video documert is exploited in [83]. An algorithm is presered
that detects ashlights, which is usedas an identi er for dramatic events in feature
Ims, basedon features derived from the average frame luminance and the frame
area in uenced by the ashing light. Five typesof dramatic everts are identi ed
that are related to the appearanceof ashlights, i.e. supernatural power, crisis,
terror, excitemen, and genericevents of great importance.

Whereasa ashlight canindicate a dramatic evert in feature Ims, slow motion
replays arelik ely to indicate semartically important events in sport video documerts.
In [59] a method is preseried that localizessud everts by detecting slov motion
replays. The slow-motion segmems are modeled and detected by an HMM.

One of the most important events in a sport video documert is a score. In [5] a
link betweenthe visual and textual modalities is madeto identify events that change
the scorein American football games. The authors investigate whether a chain of
keywords, corresponding to an event, is found from the closedcaption stream or not.
In the time frames corresponding to those keywords, the visual stream is analyzed.
Key frames of camera shots in the visual stream are compared with prede ned
templates using block matching basedon the color distribution. Finally, the shot is
indexed by the most likely scoreevent, for example a touchdown.

BesidesAmerican football, methods for detecting everts in tennis [48, 81, 100],
soccer[11, 27], baseball[71, 100] and basketball [75, 102 are reported in literature.
Commonly, the methods preseried exploit domain knowledge and simple (visual)
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featuresrelated to color, edges,and camera/object motion to classify typical sport
speci ¢ events e.g. smashescorner kicks, and dunks using a knowledge-basedclas-
sier. An exceptionto this common approad is [71], which preseris an algorithm
that identi es highlights in baseballvideo by analyzing the auditory modality only.
Highlight events are identi ed by detecting excited speed of the commertators and
the occurrenceof a baseballpitch and hit.

Besidessemartic indexing, detection of named everts alsoforms a great resource
for reuse of video documerts. Speci c information can be retrieved and reusedin
dierent contexts, or reusedto automatically generate summaries of video docu-
ments. This seemsespecially interesting for, but is not limited to, video documerts
from the sport genre.

5.5 Discussion

Now that we have described the di erent semartic index techniques, asencourered
in literature, we are able to distinguish the most prominent content and layout
properties per genre. As variation in the textual modality is in generaltoo diverse
for di erentiation of genres,and more suited to attach semaric meaningto logical
units and named evens, we focus here on properties derived from the visual and
auditory modality only. Though, a large amount of genrescan be distinguished, we
limit ourselvesto the onesmentioned in the semartic index hierarchy in gure 4,
i.e. talk shaw, music, sport, feature Im, cartoon, sitcom, soap,documertary, news,
and commercial. For ead of those genreswe describe the characteristic properties.

Most prominent property of the rst genre,i.e. talk shaows, is their well-de ned
structure, uniform setting, and prominent presenceof dialogues, featuring mostly
non-moving frontal facestalking closeto the camera. Besidesclosing credits, there
is in generala limited use of overlayed text.

Whereastalk shaws have a well-de ned structure and limited setting, music clips
shaw great diversity in setting and mostly haveill-de ned structure. Moreover, mu-
sic will have many short camerashots, shaving lots of cameraand object motion,
separatedby many gradual transition edits and long microphone shots containing
music. The use of overlayed text is mostly limited to information about the per-
forming artist and the name of the songon a xed position.

Sport broadcastscomein many di erent avors, not only becausethere exist a
tremendous amourt of sport sub-genres,but also becausethey can be broadcasted
liveor in summarizedformat. Despitethis diversity, most authored sport broadcasts
are characterized by a voice over reporting on namedevens in the game,a watching
crowd, high frequency of long camerashots, and overlayed text showving game and
player related information on a xed frame position. Usually sport broadcastscon-
tain a vast amournt of cameramotion, objects, and playerswithin a limited uniform
setting. Structure is sport-specic, but in general, a distinction betweendi erent
logical units can be made easily. Moreover, a typical property of sport broadcastsis
the use of replays showving events of interest, commonly introduced and endedby a
gradual transition edit.

Feature Im, cartoon, sitcom, and soap share similar layout and cortent prop-
erties. They are all dominated by people (or toons) talking to ead other or taking
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part in action scenes.They are structured by meansof scenes.The setting is mostly
limited to a small amount of locales, sometimesseparatedby meansof visual, e.g.
gradual, or auditory, e.g. music, transition edits. Moreover, setting in cartoons is
characterized by usageof saturated colors, alsothe audio in cartoonsis almost noise-
free due to studio recording of speed and special e ects. For all merntioned genres
the usageof overlayed text is limited to opening and/or closing credits. Feature
Im, cartoon, sitcom, and soapdier with respect to people appearance,usage of
special e ects, presenceof object and cameramotion, and shot rhythm. Appearing
peopleare usually Imed frontal in sitcoms and soaps,whereasin feature Ims and
cartoons there is more diversity in appearanceof people or toons. Special e ects
are most prominent in feature Ims and cartoons, laughter of an imaginary public
is sometimesadded to sitcoms. In sitcoms and soapsthere is limited cameraand
object motion. In generalcartoons also have limited cameramotion, though object
motion appears more frequertly. In feature Ims both cameraand object motion
are preseni. With respect to shot rhythm it seemslegitimate to state that this
has stronger variation in feature Ims and cartoons. The perceived rhythm will be
slowest for soaps,resulting in more frequert use of camerashots with relative long
duration.

Documentaries can also be characterized by their slow rhythm. Other properties
that are typical for this genre are the dominant presenceof a voice over narrating
about the content in long microphone shots. Motion of cameraand objects might
be presert in the documertary, the sameholds for overlayed text. Mostly there is
no well-de ned structure. Special e ects are seldomusedin documenaries.

Most obvious property of newsis its well-de ned structure. Dierent newsre-
ports and interviews are alternated by anchor personsintroducing, and narrating
about, the di erent newstopics. A newsbroadcastis commonly endedby a weather
forecast. Those logical units are mostly dominated by monologues.e.g. peopletalk-
ing in front of a camerashowing little motion. Overlayed text is frequertly used
on xed positions for annotation of people, objects, setting, and named events. A
report on an incident may contain cameraand object motion. Similarity of studio
setting is also a prominent property of newsbroadcasts,as is the abrupt nature of
transitions betweensensorshots.

Some prominent properties of the nal genre,i.e. commercials, are similar to
thoseof music. They have a great variety in setting, and shareno commonstructure,
although they are authored carefully, as the messageof the commercial has to be
conveyed in twenty secondsor so. Frequert usageof abrupt and gradual transition,
in both visual and auditory modality, is responsible for the fast rhythm. Usually
lots of object and camera motion, in combination with special e ects, sud as a
loud volume, is usedto attract the attention of the viewer. Dierence with music
is that black frames are usedto separatecommercials,the presenceof speed, the
super uous and non- xed useof overlayed text, a disappearing station logo, and the
fact that commercialsusually end with a static frame showing the product or brand
of interest.

Due to the large variety in broadcasting formats, which is a consequenceof
guidance by di erent authors, it is very dicult to give a general description for
the structure and characterizing properties of the di erent genres. When consid-



Section 6 Conclusion 25

ering sub-genresthis will only becomemore di cult. Is a sports program showing

highlights of today's sport matches a sub-genre of sport or news? Reducing the

prominent properties of broadcaststo instancesof layout and content elemeris, and

splitting of the broadcastsinto logical units and named events seemsa necessary
intermediate step to arrive at a more consisteri de nition of genre and sub-genre.
More researt on this topic is still necessary

6 Conclusion

Viewing a video documert from the perspective of its author, enabledus to presen
a framework for multimo dal video indexing. This framework formed the starting
point for our review on di erent state-of-the-art video indexing techniques. More-
over, it allowed us to answer the three di erent questionsthat arise when assigning
an index to a video documert. The question what to index was answered by re-
viewing di erent techniquesfor layout reconstruction. We presened a discussionon
reconstruction of content elemens and integration methods to answer the how to
index question. Finally, the which index question was answered by naming di erent
present and future index typeswithin the semartic index hierarchy of the proposed
framework.

At the end of this review we stressthat multimo dal analysisis the future. How-
ever, more attention, in the form of researt, needsto be given to the following
factors:

1. Content sggmentation

Content segmetmation forms the basis of multimo dal video analysis. In con-
trast to layout reconstruction, which is largely solved, there is still a lot to be
gained in improved segmetation for the three cortent elemerts, i.e. people,
objects, and setting. Contemporary detectorsare well suited for detection and
recognition of cortent elemens within certain constraints. Most methods for
detection of content elemerts still adhereto a unimodal approach. A mul-
timodal approad might prove to be a fruitful extension. It allows to take
additional context into accourt. Bringing the semartic index on a higher level
is the ultimate goal for multimo dal analysis. This can be achieved by the in-
tegrated useof di erent robust content detectorsor by choosing a constrained
domain that ensuresthe best detection performancefor a limited detector set.

2. Modality usage

Within the researd eld of multimo dal video indexing, focusis still too much
gearedtowards the visual and auditory modality. The semaric rich textual
modality is largely ignoredin combination with the visual or auditory modality.
Speci ¢ content segmetmation methods for the textual modality will have their
re ection onthe semartic index derived. Ultimately this will result in semartic
descriptions that make a video documen as accessibleas a text documert.

3. Multimodal integration
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The integrated use of dierent information sourcesis an emerging trend in

video indexing researd. All reported integration methods indicate an im-

provemert of performance. Most methods integrate in a symmetric and non-
iterated fashion. Usageof incremertal context by meansof iteration can be
a valuable addition to the successf the integration process. Most successful
integration methods reported are basedon the HMM and Bayesian network
framework, which can be consideredas the current state-of-the-art in multi-

modal integration. There seemsto be a positive correlation between usageof
advanced integration methods and multimo dal video indexing results. This

paves the road for the exploration of classi er combinations from the eld

of statistical pattern recognition, or other disciplines, within the context of
multimo dal video indexing.

. Technique taxonomy

We preserted a semartic index hierarchy that grouped di erent index types
asfound in literature. Moreover we characterizedthe di erent genresin terms
of their most prominent layout and content elemens, and by splitting its
structure into logical units and namedevents. What the eld of video indexing
still lacks is a taxonomy of di erent techniques that indicates why a specic
technique is suited the best, or unsuited, for a speci ¢ group of semartic index

types.

The impact of the above mentioned factors on automatic indexing of video docu-
ments will not only make the processmore e cien t and more e ectiv e than it is
now, it will alsoyield richer semartic indexes. This will form the basisfor a range
of new innovativ e applications.
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