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Abstract

Keywords:

This chapter describes di erent approaches that use audio features for
determination of scenes in edited video. It focuses on analying the
sound track of videos for extraction of higher-level video structure. We

de ne a scene in a video as a temporal interval which is semantically
coherent. The semantic coherence of a scene is often constreted dur-
ing cinematic editing of a video. An example is the use of music for
concatenation of several shots into a scene which describesa lengthy
passage of time such as the journey of a character. Some semdit co-
herence is also inherent to the unedited video material such as the sound
ambience at a speci c setting, or the change pattern of speakers in a
dialogue. Another kind of semantic coherence is constructed from the
textual content of the sound track revealing for example the dierent

stories contained in a news broadcast or documentary. This chapter ex-
plains the types of scenes that can be constructed via audio aies from
a Im art perspective. It continues on a discussion of the fea sibility of

automatic extraction of these scene types and nally presents existing
approaches.

scene determination, audio content analysis, sound classs, shot cluster-
ing, scene types
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Introduction

Video structure extraction is essential for e ective seardt, retrieval
and browsing of video. The segmentation of a video into its shts and
scenes provides a better semantic access to video structutiean the pure
frame-level access.

Example applications that may make use of the higher-level sgmen-
tation of a Im into scenes are:

= navigation and browsing applications: shots and scenes mape
used to create a table of contents for a Im and for direct accss.

m search and retrieval applications: annotations such as kayords,
full transcripts or meta-data like MPEG-7 may be used to perform
a content-based search on Ims; in this context, the retrieved entity
may be a scene giving a semantically richer access to the Imhan
a shot.

= summarisation applications: scenes may be used as semarily
richer basic entities in the creation of a Im abstract or summary.

In this chapter we explore only auditive techniques for uni cation of
several shots into a coherent scene. The rst section desdres our meta-
model framework that represents video semantics at varioudevels of
abstraction taking automatic analysis results from low lewel features to
high level semantics. In the second section, we adapt the mad to the
subject of the chapter. We analyse current audio editing pratices and
cinematic techniques which create perceivable scene striwges and thus
explain from a production viewpoint how scenes are construed using
audio e ects. In the third section, we discuss the feasibiliy of automatic
extraction for the previously identi ed scene types. This creates the link
between the high-level cinematic scene structure and sighaanalysis.
The fourth section presents existing approaches toward awimatic scene
determination using audio features. We conclude the chaptewith a
summary.

1. The Meta-model Framework

Most research to date on video content analysis is based ontréeving
low level perceptual features in both the audio and visual dmain. These
features can be useful only if they are represented in the ceext of higher
level semantics that are meaningful to viewers. In order to mderstand
and represent the sophisticated semantics of Ims, we need model that
represents audio-visual (av) objects, meanings associatewith these av
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objects and other associated objects, actions, and eventsegicted within
these objects.

In this section, we rst describe a meta-model that helps to nodel
video semantics at di erent levels of abstraction. The metamodel pre-
sented here draws from semiotics and Im theory [1], and allavs users to
develop and specify their own semantics while simultaneousg exploiting
the results of video analysis techniques. The term \Im sembtics" in
this context describes the analysis of Im on a level of audievisual signs
that communicate meaning to the viewers.

The video meta-model represents the spatio-temporal dimesions of a
video on the horizontal axis and the semantics on the vertichaxis (see
Figure 1.1). The third dimension shows the multiple levels & cinematic
codi cation that cover audio-visual features, objects, adions, and events
depicted in the images together with semiotic aspects of theneaning of
images. We believe that modeling video semantics requiresedcribing a
video object at any semantic level at any of these levels of terpretation.
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Figure 1.1. Video meta-model.

Using the meta-model framework, video semantics can be inemen-
tally developed by establishing relationships across av glects in any
or all of the layers shown in Figure 1.1. The bottom layer shovwg the
standard way in which video content is organised into tempoal levels of
granularity. The terms used in the diagram are de ned as folbws:



Object: Represents a single av object within a frame. The object
here is not necessarily region-based. It could be featuredsed, for
example colour, loudness, etc.

Frame: A single image of a video sequence.

Shot: \A series of frames produced by the camera in an uninter-
rupted operation” ([2], p. 10).

Scene: A scene is a series of consecutive shots constituting a unit
from the narrative point of view [3]. This happens when they ae
shot in the same location or they share some thematic content

Clip (video):  An arbitrary excerpt of a video used for a specic
purpose.

The next layer in the semantic dimension helps to model seméits
based on di erent types of relationships in the spatio-temporal domain.

m Object relationships: Relationship among objects represented

in a frame, shot, or scene. The relationship could be spatialtem-
poral, visual, aural, or semantic in nature.

Structure of features: Pattern of features that represents a
semantic construct. For example, a group of regions conneet
through some spatial relationships may lead to the shape of
object. (Basically it represents knowledge about the featues).

Events: Specic events that occur over a temporal interval. For
example, camera pan is a cinematic event; a sudden burst of snd
is a perceptual auditory event.

The next level of conceptualization occurs when certain paerns can
be perceived over the spatio-temporal space, which is mosften the case
in narrative forms in Ims. Bordwell and Thompson [2] de ne n arrative
to be a chain of events in cause-e ect relationship occurrig in time
and space. Film theorists realised that many of these cause-ect rela-
tionships can be achieved through cinematic e ects introdwced through
powerful Im editing techniques. Viewers' experiences areshaped using
editing techniques that control shot lengths and relationships between
shots.

Pattern of shots:  This represents di erent types of relationships
between shots planned during the process of continuity edihg.
An editor uses four basic ways of arranging patterns of shotso
produce a desired e ect on the viewer [2]. These arrangemest
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are based on graphic relationships, rhythmic relationshif, spatial
relationships and temporal relationships. For example, Aams et
al. [4] measure tempo of a movie using temporal relationshigp on
shot lengths and motion characteristics.

m Order of events: This represents the order of cinematic and
perceptual events arranged in a certain predetermined seance.
For example, a close-up followed by a loud sound could be used
produce a dramatic e ect. In the case of narrative structure, the
order of events occurring in succession is seen as a kind ofrface
structure that conceals deeper logic of the narrative story

= Plot structure: This describes a systematic ordering of plot
events for narrative progress and development.

m Semantic messages: The message refers to the meaningful se-
quences generated by the process of communicative utteraes.
Semantic messages deals with the relation of signs and meges
produced by the narrative to the larger cultural system, which
gives it meaning.

The third dimension in the meta-model shows the di erent seniotic
levels at which a video is interpreted. Based on Im semiotic pioneered
by the Im theorist Christian Metz [1], we identify ve level s of cinematic
codi cation that must be represented in the meta-model [5]. These are:

1 Perceptual level:  This is the level at which visual phenomena
become perceptually meaningful, the level at which distintions
are perceived by the viewer. This is the level that is concerad
with features such as colour, loudness and texture.

2 Cinematic level:  This level is concerned with formal Im and
video editing techniques that are incorporated to produce &pres-
sive artifacts. For example, arranging a certain rhythmic pattern
of shots to produce a climax, or introducing voice-over to sift the
gaze.

3 Diegetic level: This refers to the four-dimensional spatio-tempo-
ral world posited by a video image or a sequence of video im-
ages, including spatio-temporal descriptions of objectsactions,
and events that occur within that world.

4 Connotative level:  This level of video semantics is the level of
metaphorical, analogical and associative meanings that th objects
and events in a video may have. An example of connotative sig-
ni cance is the use of facial expression to denote some emota.



5 Sub-textual level:  This is the level of more specialized, hidden
and suppressed meanings of symbols and signi ers that are sgial
to cultural and social groups.

Increasingly the generation of cinematic and perceptual leel descrip-
tions is being automated in current video analysis techniges. Subtex-
tual and connotative descriptions must still be created mamally. The
diegetic level represents an interface between what may beetected au-
tomatically and what must be de ned manually [6].

The main idea of this meta-model framework is to allow users® de-
velop their own application models, based on their semantinotion, by
specifying objects and relationships of interest at any leel of granular-
ity. A given application may use any subset of the model. In [], we
have shown how this meta-model is used to develop an applican for
the sports domain.

Our focus in this chapter is to show how sound contributes to ¥deo
semantics represented in the meta-model. It is well understod by Im
makers that sounds complete the Im and video experience beause they
bring reality to the illusion of image. Sounds in Ims induce the audience
to respond at any or all the interpretation levels shown in the meta-
model.

The tripartite division of sound track into speech (or dialogue), music
and noise drawn from the vocabulary of Im making practice is based
only on the perceptual level and is hardly adequate to the anbysis of
the audio-visual logic of the represented world of the Im [§.

At the diegetic level, we need to hear the sounds that match tke
images on the screen: For example an actor knocking on the doavith
no sound is not really a knock at all.

At the connotative level, a sound can subtly a ect how we respnd
to a scene emotionally. A night scene of a couple in the woodsao
be entirely di erent depending on the sound we hear. The soud of a
howling wolf as against the sound of gentle breeze gives a cqhetely
di erent sense of drama to the same visual scene.

As Bordwell and Thompson [2] point out, we must learn to 'listen’ to
Ims, as sound can achieve very strong visual e ects and yet emain quite
unnoticeable. Sound can actively shape how we perceive andterpret
the image. For example, music in Ims contributes to the interpretation
at all the levels shown in the meta-model.
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Figure 1.2. Sound Categories.

2. Audio Editing Practices for Scenes

We classify sounds in Ims into two broad categories: produdion
sounds and post-production sounds (see Figure 1.2). The sod recorded
on the set is called production sound and should be recordedna cut
with the same care as the visuals. Sound created later and udeo |l
in gaps or add to existing production sound is called post-poduction
sound. Both these categories contribute to the developmenbf coherent
scenes in Ims.

How does a scene get recorded? Bordwell and Thompson [2] debe
the production of a scene (the recording itself) in three stes:

1 The director Ims a master shot, which records the entire adion
and dialogue of a scene.

2 Portions of the scene are restaged and shot in closer views fsom
di erent angles.

3 The script supervisor ensures continuity details on the inage track.

This results in several takes of the scene out of which the ettir composes
the image track. It also creates the production sounds. Prodction

sounds may be dialogues, natural sounds associated with thecene - for
example the sound of a door bang when a person shuts the doorand

ambient sound - such as the sound of a crowd during a fair. Froman

aesthetic point of view it is important to capture as much of the ambience
and dialogues on the location. However, the recording level of sounds
captured on location may be uneven, there may be some 'deadpsts,

sound e ects may have to be replaced or enhanced, ambient sod may

not be continuous, etc. [9]



In post-production, clean dialogues, sound e ects and musi will be
created on several sound tracks for the scene. The aim of pegroduction
sounds is to lend coherence, complete the picture and enhaadhe story.
An example of good coherence between the image and the soundhtk
is the fading out of music in parallel to a fade out of a shot. Pat-
production sounds are used in a variety of ways during editiig to support
continuity in narrative Ims. As shown in Figure 1.2 there ar e di erent
categories of post production sounds that are used in Ims. E&ch of the
post-production sounds can be used individually or colledvely, for a
variety of purposes, such as creating drama in a scene, strying together
multiple shots into a coherent a scene, building a sense of &nipation for
a scene that is yet to appear, set up the emotional state of thewudience
for coming events and so on.

The sound recordist needs to nd a way to achieve the best soum
possible in the context of camera movements, lighting setugand other
visual constraints. As part of production planning, the sound prepa-
ration stage involves planning how much dialogue to use, hownany
characters, nature of locations, extra sounds that must be ecorded at
the location, other ambient sounds and live e ects such as ratling of
clothes, noise of steps, etc. An important goal of recordinglialogue is
that it should be consistent with the point of view of the camera and
from the perspective of the lens used for the shot. In order tomake
the sounds consistent with the camera, dialogue and sound ects may
be on dierent tracks giving control over loudness, and usedappropri-
ately to match the visual perspective. For example when clogg up on
a talking couple within a crowd, the crowd sound may be dominding
the conversation at rst. As soon as the camera focuses on theouple,
their conversation becomes the foreground sound and the cwd sound
recedes and becomes the background sound.

Eventually, the sound editor composes the production and pet-pro-
duction sound tracks together to create the nal mix. The main audio
editing approach that he uses to construct scenes is callesbund over-
lap and describes a certain sound (be that speech, music, sounceet,
silence, or ambience) continuing over a shot boundary. Thisndicates to
a viewer that the two shots are connected into a scene. It is m&t promi-
nently used in shot/reverse shot dialogue scenes where thaalogue and
the ambient sound continues over the shot boundaries. Anotkr exam-
ple, not drawn from feature Ims but rather from documentari es or news
storeis, is the continuation of a narrator's voice over seval shots.

Current editing practice also uses so-callecsound bridges . A sound
bridge is a sound that either belongs to a previous scene butsikept
longer, or begins at the end of the previous scene but belong® the
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next. This e ect is used to bridge the viewer into the next scene either
by letting him ponder longer about the consequences of the mvious
scene, or by anticipating the next action.

The use of the mentioned sound classes silence, music, souaects,
voiceover, and speech for the construction of scenes is nollustrated on
an example: the movie 'Titanic’. Through discussion of this example,
we can also explain in more detail the general use of the di eent sound
classes for creation of narrative coherence.

Silence. In 'Titanic', silence is not used to link shots together into a
scene. Itis rather used to create a sense of tension in the wier before an
important decision or discovery, or to make a transistion béween scenes
of the past and the present. An example is the transition between the
scene that shows the main actor (Jack) kissing the main actres (Rose)
which is followed by a period of total silence. The next sceneshows
Rose as an old woman reminiscing about the episode. And latethere
is again silence when there is a ash back and the scene goesdk&o the
ship. Here silence is used as a punctuation to create a tempair ellipsis.

Music. Music is a dominant sound that is used throughout the
‘Titanic' movie to connect multiple shots. Music is often used to bind
the picture together, particularly over cuts and transitio ns. It connects
shots that may not have apparent connections. An example aré¢he Im
titles. They consist of shots from the start of the journey of the Titanic
in 1912 and the present in which divers are discovering the sk ship.
The music thus transports the audience to another place andime.

Another prominent example is the scene in which Jack draws akgtch
of Rose. This scene consists of a number of distinct shots tek from dif-
ferent angles as he sketches her. What binds these shots intbocoherent
scene is the continuity of the music throughout the drawing period.

When music is used to connect shots, it may also drive the shose-
guence, instilling it with energy. When Rose and Jack ee fran Rose's
room after the drawing scene, the music changes to an Irish toe, which
becomes the dominant music during the following chase. Theubsequent
shots show the workers in the engine room, where they arrive kile try-
ing to get away from their pursuers. The piece of Irish music ats as
a sound bridge that transports the viewers from the deck to the engine
room.

It is mostly post-production music which is used to connect $ots
together. However, production music can serve the same pugse. On
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the 'Titanic', for example, the shots of the Sunday sermon onthe ship
are uni ed by the choral singing of the attendants.

Sound e ects. Sound e ects are often used to direct, guide and
shift the attention of the viewer both in the temporal and spatial dimen-

sion, thus creating a sense of drama in a scene. For exampleyiihg the

conversation at the dinner scene, there is a sharp sound of dery, and

the viewer's focus is immediately turned on Jack and his spesh about

how he won a free ticket to get on board the ship.

The ways in which sound e ects can be combined to create a coimu-
ous stream of information is illustrated during the scenes hat show the
evacuation of passengers from the ship to the lifeboats. Het a variety
of sound e ects - such as sounds of breaking glass, water wavat vari-
ous loudness levels, and screaming sounds of people - arergduced to
highlight the commotion and confusion of the passengers. Tis recurring
mix of sound e ects uni es the sequence into a coherent set.

In the 'Titanic' sound e ects are however rarely used to conrect dif-
ferent shots into coherent scenes. That also stems from theocnmonly
short-timed nature of sound e ect. For example, the toot of the ship's
siren is used several times to introduce a sharp break from amdoor
scene to an outdoor scene.

\oiceover. An special category of post-production sound is the
voiceover. A voiceover is a separate voice that is not in synavith the
picture. It may represent the main character commenting or rarrating
the story. For example, the voice of Rose as the old woman seeg as a
voice over to move between two periods of time and lends poigmcy to
the romance on the Titanic.

Speech. Speech overlaps occur frequently in the Titanic'. As an
example take the scene at the ship's stern where Jack stops Re from
jumping o by talking to her. Their dialog covers several shots. Most
other dialogues in the movie function similarly. However, rot that music
is often used to Il in gaps in speech breaks or as backgroundosind to
a dialogue.

As the sounds that accompany the moving image have become in-
creasingly sophisticated, the nal sound track - which is a pdicial and
artistic combination of all categories of sounds shown in Fgure 1.2 - has
a profound impact on the audience's response to the world in&bited by
the characters.
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3. Automatic extraction

After identifying the kind of scenes that are built for narrative co-
herence using production sounds and post-production soundditing, we
now proceed to a discussion of the feasibility of automatic dtermination
of these scene types. The aim here is to illustrate how to linkigh-level
cinematic scene structures and low-level signal analysis.

We rst enumerate the assumptions on which our discussion isased:

1 Material: only the nal edited and mixed Im is available - t here
is no access to the di erent video and sound tracks out of whik
the Im was composed.

2 Format: digitised sound and video tracks are available, pesibly in
a compressed format such as MPEG-2.

3 Shot segmentation: a (highly reliable) set of shot boundaes is
available, which might have been determined via video analgis or
manual extraction.

Based on these preconditions, we will now examine how we caruto-
matically determine scenes by analysing the sound track.

3.1 Scenes created by narration

Wang et al state that \the clustering of 'shots' into 'scenes’ depends on
subjective judgement of semantic correlation." ([10], p.®). This seman-
tic correlation is built by the narration. For example, in a d ocumentary
a topic may correlate shots semantically, while in a news bradcast this
is done by the news stories. In feature Ims it may be a certainaction
or event that produces the semantic correlation.

On the sound track, the narration of a video is presented maity
via the spoken words. Therefore, the textual transcription of a video
may be used for an analysis of the semantic relationship betaen shots
and a grouping of shots into scenes. In this case, automaticpgech
recognition (ASR) and a linguistic analysis of the resulting transcription
are required to link shots through the context of the narration. ASR may
be used successfully on clean studio speech recordings ag @ommon
for documentaries or studio news broadcasts. Unfortunatel, current
ASR results are not very reliable on general Im sound tracksbecause
of the large amount of other sounds present at the same time. fierefore
this approach is bound to be not very successful on most typesf Im
material nowadays.
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3.2 Scenes created by editing

Instead of performing a linguistic analysis, Wang et al [10]propose
another approach: \(..) sometimes it is possible to recogrde shots that
are related in locations or events, without actually invoking high-level
analysis of semantic meanings.” ([10], p. 20). Our analysesf Im
production practices con rm this statement: sound editing is often used
to convey the narrative structure to the viewer. It is therefore possi-
ble to attempt identi cation of scenes which are created through sound
overlaps.

There are two fundamentally di erent approaches to the automatic
determination of such scenes: the rst is a top-down approak which
starts from the art of Im making, and uses signal analysis onthe sound
track for identi cation of sound overlaps in a way similar to a human
analyser. The second approach is a data-driven bottom-up agproach
and starts from the kinds of audio features that are availabk. It investi-
gates change patterns of the features that help in determimig relations
between consecutive shots and clustering them into scenes.

3.21 Top-down approach. We describe ve basic sound
classes which are distinguished during Im production:

= speech,

= music,

= sound e ects,
= sound ambience, and

= silence.

A human analyser who tries to identify sound overlaps will sart by
identifying these sound classes in the Im and determining he temporal
segments during which they occur. Some algorithms have beedevel-
oped to perform that task automatically. Implementations of sound
segmentation approaches usually extract features on shorime frames
(10-50 ms) and classify them into one of their considered soul classes.
This often results in a highly segmented sound track; so som@ubli-
cations propose that a more accurate segmentation can be deed by
integrating sequential frames into longer segments accoidg to some
heuristics (such as an n-gram approach where rows of n segntsrof the
same class are detected). This approach determines non-ol&pping
segments with one speci ed sound class only. So, at interval during
which some of these classes occur simultaneously, it can gniletermine
the dominating class.
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Unfortunately, no current publication on sound segmentation and
classi cation distinguishes between the same sound classes the ones
listed above. Zhang and Kuo [11] get the closest by distingshing be-
tween silence, speech, music, environmental sound with spial features,
and other environmental sound. Most regard music and speechnly, see
for example [12, 13, 14, 15, 16, 17, 18, 19]. Some also incluslkence and
other sounds, as in [20, 21, 22, 23, 24, 25].

Let us presume that automatic identi cation of the above listed sound
classes is feasible. The most straight-forward approach teard identi -
cation of sound overlaps is then based on the segmentation ¢ifie sound
track into intervals classi ed as one of these sound classdsy identi ca-
tion of the dominant sound. Integration of sequential shotsinto scenes
is performed where a determined segment of one class overka@a shot
boundary. Figure 1.3 illustrates this approach.

Figure 1.3. Simple top-down sound overlap identi cation.

There are a number of drawbacks with this approach:
1 it cannot handle changes of sound within one sound class,

2 it cannot handle sound overlaps which are interrupted at the shot
boundary by another dominating sound class, and

3 it cannot handle sound bridges.

Let us look at each one of the drawbacks.

A few examples demonstrate the rst one: assume that one shoénds
with music and the next one starts with music, though a compldely
di erent type. The simple approach would merge them into one scene
although they really belong to di erent ones. Another example is a
dialogue between two people that ends in one shot followed by dialogue
between two di erent people that starts in the next one. Grouping shots
connected by the same sound class will often associate shdtsat should
be kept separate. Therefore, there is a requirement to not dy segment
into the given sound classes but to subsegment within a soundlass.
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Music, for example, needs to be segmented in case of strongasiges,
speech in case of speaker changes (such as in [26]), and amb&as soon
as the background sound environment changes substantiallyFigure 1.4
illustrates this approach.

Figure 1.4. More detailed top-down sound overlap identi cation.

The second problem often occurs with dialogues. Pauses in dlags are
very common. Such pauses contain the sound ambience, but inms are
often lled by music. As a result, dialogues usually come in lursts with
either silence, ambience, or music segments in between. Waidialogue
overlaps are common in continuity editing, their automatic identi ca-
tion therefore may not be simple. A similar problem occurs wtere the
sound ambience might be dominated by a short sound e ect at tke shot
boundary. One approach to overcome some of these problemstis look
at each sound class separately and identify its occurrancelnstead of
creating only a single segmentation of a sound track, this wi create
ve segmentations which overlap at times. Figure 1.5 illustates this
approach. In this way, some of the original sound tracks' corposition
can be restored and exploited more indepth.

Figure 1.5. Multitrack top-down sound overlap identi cation.
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Sound bridges of course are a counterexample to the use of salifor
continuity editing. They create a problem as they connect slots which
really belong to di erent scenes. This can often be irritating to human
viewers, who overcome the situation through analysis of thenarration.
Our heuristic approach, however, will be quite helpless in his situation.
One may be tempted to think that sound bridges start (or end) doser
to a scene boundary than sound overlaps. Consequently, oneould
only need to de ne a temporal interval around a shot boundary during
which overlapping sound is taken as a sound bridge and ignode There
is however no general rule to which sound editors adhere forirhing
di erences between sound overlaps and sound bridges. Thei@e, the
best way to distinguish between a sound bridge and a sound oviap
is probably during a post-processing step where identi ed senes are
re-examined for their sound ambience consistency.

3.2.2 Bottom-up approach. Even without determination
of the ve basic sound classes, patterns in features extraetd from the
sound data may indicate the shots that belong together into ascene.

One approach is to generically segment the audio stream intdnter-
vals containing consistent feature patterns. It is expecte that a sound
overlap is covered by an audio segment such that the shots of acene
get fused by audio segments overlapping the shot boundariesA scene
is then characterised by both a video and an audio segment bawdary.

In analogy to the video segmentation approach, research hasp-
proached the problem of generic audio segmentation as a prédm of
nding signi cant changes in feature vectors. There is a large set of
possible audio features that may be used in a feature vector:

m transform-based features  such as spectral [27], cepstral [28,
29, 30, 31], linear predictive coe cients [32], or linear spectral
frequencies [33],

m physical features such as energy statistics, zero crossing statis-
tics, spectral centroid, spcetral bandwidth, or spectral peak, (see
[34, 35, 36, 37]),

= and perceptual features such as pitch, tonality, harmonicity,
pulse metric, or silence density (see [11, 28, 32, 38, 13]).

This is an open list as new audio features emerge every day.

As in the top-down approach, features are calculated on shamnalysis
windows (10-100ms). They are integrated into a compact feaire vector
on larger temporal windows (1-3s) using statistical method. Distances



16

between these feature vectors are calculated and signi cdrchanges are
characterised by large distances, which result in segmentdundaries.

This approach works amazingly well for music, silence, or amience
overlaps. The reason is that the spectral composition of thee sound
classes is relatively stable. In contrast, human speech isomposed of
speech bursts and pauses. Therefore, speech overlaps arerendi cult
to grasp with this generic approach.

One way to overcome this problem is by calculating the distarce be-
tween all audio segments of two neighbouring shots and onlylgster them
into one scene in case of a very strong similarity of at least e general
audio segment in each shot. This approach also provides a hdfe to
sound bridges because the fact that a sound overlaps a shot bodary is
less important than the fact that the neighbouring shots cortain highly
similar sound.

A completely di erent approach is to use a sequence of featue vectors
to calculate a model for specic scene tyes. A model (as in a kiden
Markov model, HMM) consists of a probabilistically trained sequence
of feature vectors which represent a typical pattern for a sgci ¢ scene
type. Thus, heuristics on patterns or training of feature vector sequences
on scene types may be used to determine which shots to groupgether.

4, Implemented approaches

This section gives an overview of publications on existing esearch
approaches using audio analysis for scene detection. It folvs the three
subsections established in the previous section. We startypexamining
systems that implement scene determination by linguistic aalysis, thus
detecting narration breaks.

4.1 Scenes determined by linguistic analysis

The Informedia Digital video library project makes use of exernally
available transcripts or ASR transcribed soundtracks for €ene segmen-
tation. Hauptmann et al. [39] rst identify shots (which the y call scenes)
via video cut detection. In a second step they identify scendoundaries
(which they call video paragraphs) via natural language pracessing and
silence analysis. With ASR, they have to cope with a word erro rate
in the range from 20% to 70% depending on the quality of the spech
recording. Results seem quite promising.

Because of the large word error rates associated with currénrASR
systems, closed captions have been used as another source detting
high-accuracy textual transcripts. One such system has beepresented
by Huang et al. [40]. They automatically segment TV news into news
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stories, story introduction, augmented news stories, and aws summary
using audio analysis only. General audio features such as ¢hnon-silence
ratio and the standard deviation of the zero crossing rate (R) are

rst used to separate out commercial breaks from the recordd news-
cast. Then, they identify anchor person shots using text-irdependent,
closed-set speaker identi cation with a trained Gaussian nixture model.

Finally, the news stories are extracted via a discourse-basl segmenta-
tion on the closed captions. The accuracy that they achieves high: on
a 2 hour test database, they determine all scene boundariesoorectly

while nding no incorrect boundaries.

Another system that uses only audio information for topic seggmen-
tation of news broadcasts has been presented by the SRI MAESRO
team [41]. To nd the topic boundaries, they extract prosodic informa-
tion from the speech waveform (pause and pitch patterns) anccalculate
word usage statistics from the ASR transcript. Both sourcesof infor-
mation are combined in a HMM to calculate the topic segmentaton.
In a query they would thus prompt the user for keywords and retrn
associated scenes.

Most systems performing scene segmentation by linguistic ralysis
have worked on news broadcasts. The last such system that weowld
like to mention here is called Rough'n'Ready [42]. It segmets radio news
by speaker gender and speaker, creates a transcript with ASRaugments
this transcript with punctuation and capitalisation, and s egments it into
paragraphs and stories via language analysis. The extractkinformation
is used as an index into a collection of news broadcasts, anaif search
and retrieval on this collection. Extracted story boundaries seem to be
highly reliable.

Before continuing on from the use of linguistic analysis to sund clas-
si cation for scene segmentation, we would like to mention hat many
publications perform speaker segmentation on TV or radio bbadcasts
also with the aim of accessing news topics more easily. Hower, as they
do not explicitly detect scene or story breaks but rather impy such a
break at a speaker change, they are not regarded here.

4.2 Scenes determined by sound classi cation

Segmentation of TV news broadcasts has also been a main targef
scene segmentation publications using sound classi catim All use shot
boundaries calculated from video track analysis.

Jiang et al. [24] rst classify sound segments on a 1 s resolign into
speech, music, environmental sounds, and silence. Speedyments are
further distinguished into di erent speakers. This results in a set of audio
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breaks determined as sound segment boundaries. Shot boundles that
coincide with an audio break are taken as scene change candigs. They
are con rmed if they coincide with color correlation breaks calculated
on the video track. With this approach they reach a recall rate of 91.9%
and a precision of 86.8% on a set of 800 shots and 100 scenes.

Nam et al. [43] also work on TV news broadcasts. They determia
silence and speaker segments and accept such shot boundaris scene
breaks where a speaker change coincides with a shot boundarResults
are promising.

Other publications that use sound classi cation for scene sgmenta-
tion focus on analysing more general Im material such as moies or
documentaries. All of these also use shot boundaries comped on the
video track.

Saraceno and Leonardi [44] distinguish between dialoguestories, ac-
tion scenes, and generic scenes. They regard the followingund classes:
silence, speech, music, and noise. Video shots are groupeach that au-
dio and visual characteristics follow prede ned visual paterns for the
four scene types:

m dialogue scenes are determined where the audio contains nilys
speech and the shot pattern is alternating ABABABA....

= story scenes contain mostly speech and have a shot pattern &t
repeats some content ABCADEFGAH...

= action scenes contain mostly non-speech and a non-repeagjrshot
pattern ABCDEF...

m generic scenes are all the rest.

Shot patterns are identi ed via a similarity measure between shots which
are represented as a vector quantisation (VQ) codebook witldistortion.
Automatic segmentation of dialogue scenes is at the core ohe publi-
cation of Alatan et al. [21]. They detect dialogue scenes in rvies using
a multi-modal HMM-based approach. To that end, sounds are dssi ed
into speech, music, and silence. Face detection is perforrden the video
track. Shots at the same location are clustered based on calo similar-
ity. Then they set up a HMM containing di erent stages of a dialogue
scene (establishing scene, dialogue scene, transitionateme) and train
it with feature vectors containing tokens from the audio classi cation
(music / silence / speech), face detection (face / no-face)and location
change (changed / unchanged). They achieve an accuracy of alit 95%.
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4.3 Scenes determined by feature patterns

Accuracy in automatic sound classi cation is still very low. Some
publications have therefore relied less on semantic analis The struc-
ture of low-level feature sequences was used for determiriah of scenes
instead.

Pfei er, Lienhart, and E elsberg [45] compute audio clips by deter-
mining signi cant changes in the sound track. To that end, background
segments of 0.5 s minimum duration are calculated rst. Audio cuts
are then identi ed as signi cant changes. Transitions between fore- and
background and audio cuts determine the boundaries for audi clips.
Each such clip is represented via an audio feature vector calilated on
100 ms windows. Di erences of feature vectors between all # audio
clips of subsequent shots are calculated. Shots are clustst together
if di erences between them are small. The hit rate on two full feature
Ims was around 63%.

Nam and Tew k [46] propose audio segmentation by detection dsharp
changes between spectra of 80 ms windows. If a segment boumga
coincides with a shot break, a scene boundary is established’hey only
examine this approach for the detection of TV commercials ad are
successful in detecting three commercial boundaries.

Huang et al. [47] detect audio breaks by computing signi can changes
in sound using a dissimilarity index with 12 features (such & non-silence
ratio, volume dynamic range) on 1 s clips. Frames with both, sot breaks
and audio breaks, are declared scene boundaries. They exami news,
commercials, and sports Im material and achieve a 100% hit ate with
30% false detections.

Finally, we examine two feature vector based scene segmetian ap-
proaches that only use audio information for segmentation. They both
achieve promising results, but a combination with shot bourdaries from
video analysis should bring much higher accuracy.

Liu et al. [48] use feature vectors on 1 s clips. Distances beken the
current clip and several previous and following clips are cleulated. A
clip is declared a scene change point if it is similar to the si following
clips and di erent from the six preceding ones. The accuracyof their
approach is high (most scene boundaries are found), but withabout
100% false alarms.

Kemp et al. [49] examine three di erent types of generic audd seg-
mentation: model-based, metric-based, and hybrid segmeation for
story segmentation in TV news broadcasts. The model-basedegmen-
tation creates a set of models for di erent acoustic classedrains them,
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and classi es the audio stream using the model (HMM or GMM) nomi-
nating class boundaries as story boundaries. The metric-bsed segmen-
tation uses maxima in distances between feature vectors ofsall frames
as segment boundaries. Their best result is achieved with aytorid seg-
mentation, performing metric-based clustering on larger fames (chunks
of size 1 s) and use of the clusters to train models and perforrseg-
mentation. This integration increases the F-measure from Bout 60% to
78%.

5. Conclusions

This chapter described the process of constructing scenesing audi-
tive e ects introduced during Im production. It continued into a dis-
cussion on approaches for automatic determination of idented scene
types. Finally, an overview of existing implementations was presented.
Our survey shows that none of the existing implementations & capable
of identifying all scene types discussed, but that some veryjundamental
technigues have been developed to support that task.
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