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Abstract. Content-based video retrieval requires an e�ectiv e sceneseg-
mentation technique to divide a long video �le into meaningful high-level
aggregatesof shots called scenes. Each sceneis part of a story. Brows-
ing these scenesunfolds the entire story of a �lm. In this paper, we
�rst investigate recent scenesegmentation techniques that belong to the
visual-audio alignment approach. This approach segments a video stream
into visual scenesand an audio stream into audio scenesseparately and
later aligns these boundaries to create the �nal scene boundaries. In
contrast, we proposea novel audio-assistedscenesegmentation technique
that utilizes audio information to remove falseboundariesgeneratedfrom
segmentation by visual information alone. The crux of our technique is
the new dissimilarit y measurebasedon analysis of statistical properties
of audio features and a concept in information theory. The experimen-
tal results on two full-length �lms with a wide range of camera motion
and a complex composition of shots demonstrate the e�ectiv enessof our
technique compared with that of the visual-audio alignment techniques.

1 In tro duction

Recent years have seenthe proliferation of digital videos in many important
applications such asdistancelearning, digital libraries, and electronic commerce.
Searching for a desired video segment from a large video database becomes
increasingly more di�cult as more digital videos are easily created. Content-
basedvideo browsingand retrieval is a promising paradigm that lets usersbrowse
and retrieve desired video segments quickly. This paradigm requires e�ectiv e
automatic video segmentation techniques.Video segmentation divides a video �le
into shotsde�ned asa contiguous sequenceof video framesrecordedfrom a single
cameraoperation. High-level aggregatesof relevant shots termed scenesare then
generatedfor browsing and retrieval. Scenesare important as (i) usersare more
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likely to recall important events rather than a particular shot or frame [1]; and
(ii) the number of shots may be too large for e�ectiv e browsing (e.g., about
600-1500shots for a typical �lm).

In this paper, we investigate audio-assistedscenesegmentation techniques
for a narrativ e �lm that tells a story [2]. In these �lms, viewers understand
a complex story through the identi�cation of important events and the asso-
ciation of these events by causeand e�ect, time, and locale. Most movies are
narrativ e. The majorit y of audio-assistedscenesegmentation techniques utilize
audio information as follows. Audio and visual streams in a media �le are �rst
separated.The visual stream is segmented into visual scenesusing only visual
featureswhereasthe audio stream is divided into audio scenesusing only audio
features. Finally, both visual and audio sceneboundaries are aligned to cre-
ate the �nal sceneboundaries. Hence, we categorize these techniques into the
visual-audio alignment (VAA) approach. In this paper, we investigatea di�eren t
approach. That is, sceneboundariesare �rst detectedusing only visual features.
Audio analysis is then applied to remove falsesceneboundariesthat do not cor-
respond to the sceneboundariesdetermined by humans.This new audio assisted
scenesegmentation technique is called Segmentation using Divergence Distance
(SDD) . The crux of SDD is the new dissimilarit y measurebasedon analysis of
statistical properties of audio features and the concept of \div ergence"in infor-
mation theory. Our experimental results on two full-length �lms show that SDD
o�ers better segmentation accuracy than two VAA techniques.

The reminder of the paper is organizedasfollows. In Section2, we summarize
the use of audio information by two recent VAA techniques. We present SDD
and the results of the performanceevaluation in Sections3 and 4, respectively.
Lastly, we provide our conclusionin Section 5.

2 Visual-Audio Alignmen t Scene Segmentation

Sinceour focus is on the useof audio information, we only summarizehow audio
information is utilized by two recent VAA techniques [3,4]. Interested readers
in segmentation using visual properties are referred to the original papers. We
refer to the useof audio in reference[3] as Audio Memory Model (AMM) and in
reference[4] as Segmentation by Classi�cation (SC).

2.1 Audio Memory Mo del

The audio memory model is used to segment a media �le into \computable
scenes",each de�ned as \a chunk of audio-visual data that exhibits long-term
consistencywith regard to three properties: (a) chromaticit y (b) lighting and (c)
ambient sound". Oneor more computablescenesforms an actual sceneperceived
by humans. Ten di�eren t audio features are utilized as follows.

AMM usesthe bu�er window of size Tm secondsand the analysis window
of size Tas seconds.For each feature, these windows are slid over the feature
values. For each position of the analysis window starting from the end of the



bu�er window, the envelope �t for the feature values in the analysis window is
computed using a curve �tting function. Each position of the analysiswindow is
Ts secondsapart. As an illustrating example,Fig. 1 shows �v e envelopesfor the
entire bu�er window. Next, the correlation among the �rst envelope and each of
the rest of the envelopes in the bu�er window is computed. The sameexample
shows �v ecorrelation valuesin the bu�er window of feature 1 (C1(t); t 2 [0 : : : 4])
and �v e correlation valuesin the bu�er window of feature 2 (C2(t); t 2 [0 : : : 4]).
The change in the correlation values is modeled using an exponential decay
function to obtain a decaying parameter bi for each feature i . For each position
of the analysiswindow, the aggregatedecay value of the decaying parametersof
all features are used to determine audio scenebreaks. An audio scenebreak is
detectedby shifting another window of sizeTw secondsacrossthe bu�er window
to the right, starting from the beginning of the bu�er window. Each position of
the window is Ts apart. If the local minimum of the aggregatedecay values in
the window is at the center of the window, an audio scenebreak is detected.
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Fig. 1. Audio Memory Model.

Visual sceneand audio sceneboundaries are aligned as follows. For visual
sceneand audio sceneboundariesthat occur within an ambiguit y window of each
other, only the visual sceneboundary is treated as the actual sceneboundary.
Otherwise, both boundariesare treated as actual sceneboundaries.

2.2 Segmentation by Classi�cation

In this technique, an audio sceneboundary is detected when a changein speak-
ers or a change in types of audio segments (e.g., speech type to music type,
music type to silencetype, etc.) occurs. To detect audio sceneboundaries, the
audio stream is divided into a number of onesecondnon-overlapping audio seg-
ments. A K-Nearest Neighbor (KNN) audio classi�er basedon zerocrossingrate,
short time energy, and spectrum 
ux is used to determine whether each of the
audio segments is a speech or a non-speech segment. To ensure good classi�-
cation accuracy, the segment consideredas a speech segment is reexaminedby
computing the distance betweenthe Linear Spectral Pair (LSP) of the segment
and each LSP of four pre-determined speech codebooks. The smallest distance
is comparedwith a threshold to decidewhether the segment is indeed a speech
segment. A changein the speakers of speech is detected if the distance between



the LSP covariance matrices of two consecutive speech segments is a local peak
and exceedsa threshold.

Each of the audio segments indicated as a \non-speech" segment is further
analyzedto identify its types:silence,music, or environmental sound, according
to a set of rules. Only audio boundaries that are exactly aligned with shot
boundaries are consideredfor the alignment with the visual sceneboundaries.
The actual sceneboundary is where the exact alignment betweena visual scene
boundary and an audio sceneboundary occurs.

3 Audio-Assisted Scene Segmentation Scheme

We propose an audio-assistedscenesegmentation scheme called Segmentation
using Divergence Distance (SDD) . Unlike existing techniques that align visual
sceneboundariesand audio sceneboundaries to locate the actual scenebound-
aries, our scheme is based on the assumption that most sceneboundaries are
determined by visual properties. This assumption is obtained from �lm litera-
ture [2] that audio is secondary to visual information in maintaining viewers'
thought in presenceof shot breaks3. Hence,we utilize audio information only to
remove falsevisual sceneboundaries.The remaining visual boundariesafter the
removal of falseboundariesare the �nal sceneboundaries.We utilize ShotWeave
for visual scenesegmentation sinceit has beenshown to perform well for narra-
tiv e �lms [5]. Sinceour focus is the useof audio in this paper, we do not present
ShotWeave here. The important elements of SDD are (i) the accurate identi�-
cation of false sceneboundaries, (ii) feature selectionand analysis of statistical
properties of audio features, (iii) the divergencedissimilarit y measurebetween
shots, and (iv) the shot clustering algorithm. We assumethat shot boundaries
and visual sceneboundariesare known in the following discussion.

3.1 Iden ti�cation of False Scene Boundaries

We observe that a detected visual scenethat has a very short scenelength is
highly likely to be a false scene.By observation from the results of ShotWeave,
the false sceneoften has a single shot acting as an establishment of the next
sceneor a re-establishment of the previous scene.The establishment is used
to indicate where the scenetakes place or who participates in the scene.The
re-establishment appears at the end of a sceneto con�rm the location or the
characters of the scene.Shots in the establishment and re-establishment are
typically visually di�eren t from the other shots in the samescene.Shots in a
scenerepresenting a journey are often visually di�eren t from each other. Given
scenesdetected by ShotWeave, we compute the averagescenelength (in terms
of the number of frames) of the sceneswith more than one shot. The single
shot scenewith its length shorter than the averagescenelength is marked as

3 \ : : :, and so in ordinary life sound is often simply a background for our visual atten-
tion. . . . We are strongly inclined to think of sound as simply an accompaniment to
the real basis of cinema, the moving images" [2], Page 315.



a possible false scene.If a di�eren t segmentation technique for visual scenesis
used instead of ShotWeave, di�eren t methods for detecting false scenescan be
employed instead.

3.2 Distribution of Audio Features

We often hear several concurrent soundssuch asspeech, environmental sound,or
music altogether in a �lm. Sinceshort-time energy, zero-crossingrate, spectrum

ux , and linear spectral pairs were shown e�ectiv e for discriminating di�eren t
typesof audio signals[6{8], we usethesefeaturesand investigatethe distribution
of the audio featuresin a shot to designan appropriate measurefor dissimilarit y
of audio information of di�eren t shots.

Normalized Short-Time Energy (NSTE) is adapted from Short-Time Energy
(STE)|a widely used audio feature for silencedetection and discrimination of
speech and music signals.Zero-Crossing Rate (ZCR) is a very useful feature to
characterize speech signals. ZCR is de�ned as the number of times the audio
waveform crossesthe zero axis within a time unit. Spectrum Flux (SF) can be
seenas the averagevariation of spectrum betweentwo adjacent audio frames in
an analysis window. Linear Spectral Pairs (LSP) is basedon Linear Predictive
(LP) model. Due to limited space,the readersinterested in the exact calculation
of ZCR, SF, and LSP are referred to [7,8].

Each audio frame is represented by a feature vector. Since shots typically
have a di�eren t number of audio frames, we represent shot i using a m i � k
matrix where m i is the number of audio frames in shot i , and k is the number
of features in the feature vector. For each video, we have as many matrices as
the number of shots in a video. To proposethe e�ectiv e dissimilarit y measureof
the audio features of any two shots, we analyze the distribution of each of the
audio features using S-PLUS statistical software.
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(a) Density plot for Z CR (b) Normal Q-Q plot for Z CR
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(c) Density plot for SF (d) Normal Q-Q plot for SF

Fig. 2. Density plots and normal Q-Q Plots for Z CR and SF .



Fig. 2 depicts the density plot and the normal Q-Q plot for ZCR and SF
values extracted from one sample shot that contains 338 frames. The x-axis of
the density plots represents the valuesof the features,and the y-axis represents
the number of the audio frames.The normal Q-Q plot graphically comparesthe
distribution of the given feature values to the normal distribution (represented
by a straight line). Since most of our points fall on the straight line, this is
a good indicator that our feature values are normally distributed. The other
featureshave a similar distribution. For the vector feature such asLSP, we treat
each value in the feature vector independently .

3.3 W eigh ted K-L Div ergence Dissimilarit y Measure

The above results allow us to usea k-variate normal distribution to approximate
the distribution of k features for each shot. That is, for shot i , we have a corre-
sponding k-variate normal distribution N (� i ; � i ) where � i = (� i 1; � i 2; : : : ; � ik )
is the vector of the mean values for all the k features, and � i = [� r s ] is the co-
variance matrix of shot i , where � r s r; s = 1; 2; : : : ; k is the correlation between
features r and s.

Instead of �nding the exact mean and covariance for the audio features of
each shot, we use a recursive computation method to estimate the mean and
covariance [7] since a shot typically has a large number of audio frames. Let n
be the frame index starting from 1 to the number of audio frames in this shot,
and yn is the feature vector of frame n. For each shot, werecursively compute the
estimate of the mean vector (b� n +1 ) and the estimate of the covariance matrix
( b� n +1 ) taking the �rst n audio frames into account as follows.

b� n +1 = b� n +
1

n + 1
(yn +1 � b� n )

b� n +1 =
n � 1

n
b� n +

1
n + 1

(yn +1 � b� n )(yn +1 � b� n )T

Giventhe k-variate normal distribution, weapply the \div ergence"conceptin
information theory for our dissimilarit y (distance) measure.To compute the dis-
tance betweentwo shots, say shot i and shot j represented by pi (x) � N (� i ; � i )
and pj (x) � N (� j ; � j ), respectively. The average discrimination information
for shot i against shot j over all observations, also known as Kul lback-Leibler
Number [9], is

I (i; j ) =
Z

x
pi (x) ln

pi (x)
pj (x)

dx:

Similarly, the averagediscrimination information for shot j against shot i over
all observations is

I (j; i ) =
Z

x
pj (x) ln

pj (x)
pi (x)

dx:



Divergence (D ij ) is de�ned asthe total averageinformation for discriminating
shot i from shot j . Based on Tou's derivation [10], the divergenceof the two
normally distributed shots is

D ij = I (i; j ) + I (j; i ):

=
1
2

tr
�

(� i � � j )( � � 1
j � � � 1

i )
�

+
1
2

tr
�

(� � 1
i + � � 1

j )� � T
�

;

where � = � i � � j :
To combine a shot with its neighboring scene,the frame distance between

shots must also be consideredin addition to the dissimilarit y in the audio prop-
erties. Hence,weproposea weighted K-L Divergence Distance to re
ect this idea.
Supposethat scenei is composedof one shot si 1 and scenej is the neighboring
scenewith K shots:sj 1; sj 2; : : : ; sj K . Let di 1;j k be the K-L number betweenshot
si 1 and shot sj k (1 � k � K ). L i 1;j k denotes the number of frames from the
center of shot si 1 to the center of shot sj k . The weighted K-L divergencebetween
shot i and scenej is as follows.

D is(i; j ) =
P K

k=1
(T L ( i;j ) � L i 1 ;j k )

T L ( i;j ) di 1;j k , where TL(i; j ) =
P K

k=1 L i 1;j k .

3.4 Clustering Algorithm

Our clustering algorithm consists of two passes.Initially , a merge variable is
associated with each of the scenesdetected by ShotWeave and is initialized to
zero.Note that the scenenumber starts from one.In the �rst pass,the algorithm
identi�es the false scenesand sets the mergevariable of the false scenesto the
scenenumber of the neighboring sceneto mergethe falsesceneinto. Each scene
is checked whether it is a possible false sceneusing the method discussedin
Section 3.1. For the scenemarked as the possiblefalse scene,the weighted K-L
divergencebetweenthe sceneand its immediate precedingsceneis computed. If
the divergencedistance is lessthan a pre-de�ned threshold, the mergevariable
of the possible false sceneis set to the scenenumber of the preceding scene.
This is to indicate that this false sceneis to be removed by combining it with
the preceding scene.Otherwise, the possible false sceneis determined whether
it can be combined with its immediate succeedingscenein a similar manner.
This processis repeated until all sceneshave been considered. In the second
pass, each scenewith the positive merge variable is combined with the scene
identi�ed by the mergevariable. Hence,the remaining scenesafter this step are
the �nal scenes.

4 Performance Study

We evaluate our SDD using the modi�ed SC (MSC) and the modi�ed AMM
(MAMM) asthe referencetechniques.We alsodetermine the e�ectiv enessof our
technique when using the weighted Euclidean distance instead of the weighted
divergencedistance. We call this technique SED. In all the techniques, we only



usefeatures that can be derived from STE, ZCR, SF, and LSP. Our objective is
to investigatehow best to utilize audio information given the sameset of features
since e�ectiv enessof scenesegmentation depends on the distance function and
the useof the featuresbesidesthe feature set itself. ShotWeaveis usedto segment
the test videos into visual scenes.Note that our results should not be taken as
the comparative performanceevaluation with the original work of SC and AMM
sincedi�eren t scenede�nition, features,and techniquesto generatevisual scenes
are used.

The following performancemetrics are used.Recall indicates the abilit y of a
scenesegmentation technique to uncover most scenesjudged by humans. Pre-
cision is the ratio of the number of the correctly detected scenesto the total
number of the detected scenes.High recall and precision are desirable.Utility is
the weighted sum of recall and precision. We use it to measurethe overall ac-
curacy, taking both recall and precision into account. Di�eren t weights of recall
and precision can be set, depending on which measureis more important to the
user. In general,techniqueso�ering high utilit y are more e�ectiv e. In this study,
an equal weight of one is assignedto recall and precision. Finally, we intro duce
Scene Boundary Deviation (SBD) de�ned as the averagedistance (in terms of
shots) of the falseboundariesto the closestcorrect sceneboundaries.Low SBD
value indicates that the falseboundariesare not far away from the actual scene
boundaries.

Experiments were performed on two test videos: Home Alone and Far and
Away. Each video lasts longer than 100 minutes. Sceneswere segmented man-
ually as follows. First, shot boundarieswere manually determined. Theseshots
were manually grouped into scenesaccording to the strict scenede�nition [5]
basedon continuit y editing techniquesusedin �lm-literature [2]. The strict def-
inition is more objective, but gives scenesthat are familiar by most viewers.
Home Alone and Far and Away have 62 and 58 scenes,respectively.

In the following, we �rst determine the best valuesfor important parameters
for each technique by running the techniques with varying parameter valueson
Far and Away video. The best parameter values enable the technique to o�er
high utilit y. Then, we comparethe performanceof all the techniques,each using
their bestparametervaluesto ensurethe fairnessof our performancecomparison.

4.1 Determining Imp ortan t Parameter Values

Wedetermined the important threshold valuesfor LSP, STE, NoiseFrameRatio,
and SF usedin MSC. The three important parametersfor MAMM are the bu�er
window size (Tm ), the analysis window (Tas ), and the duration by which the
analysiswindow is shifted (Ts). Table 1 shows the results when Tm and Tas were
�xed at 28 and 14, respectively, and Ts was varied. The selectedvalues for Tm

and Tas are the bestvalueson Far and Away video. The parameterTs determines
the number of correlation values.The higher the Ts is , the more the correlation
valuesare. We chose1 secondfor Ts becausethis value givesthe highest utilit y.

The most important parameter for SDD is the divergencethreshold. The
threshold value of 23 was chosensinceit givesthe highest utilit y (seeTable 2).



Table 1. MAMM performance with di�eren t thresholds.

Ts Recall Precision Utilit y
0.5 0.517 0.118 0.635
1 0.500 0.139 0.639

1.5 0.345 0.142 0.487
2 0.31 0.11 0.44
3 0.14 0.15 0.29

Table 2. SDD performance with di�eren t thresholds.

Threshold Recall Precision Utilit y
15 0.310 0.131 0.441
20 0.379 0.147 0.526
23 0.586 0.202 0.788
30 0.603 0.099 0.712

4.2 Performance Comparison

Table 3 shows the performanceof all the techniquesusing their best parameter
values. We observe that SDD o�ers the highest utilit y whereasMSC o�ers the
least utilit y. SDD always produces the highest recall. SDD is less dependent
on video content than the other techniques sincea little performancedi�erence
among the two videos is observed for SDD. This is desirable since we do not
needto determine new threshold valuesfor each video. The weighted divergence
distance o�ers better overall accuracy than the weighted Euclidean distance.
Performanceimprovement of precision of SDD over ShotWeave [5] is not quite
exciting (about 6%) with the small reduction in recall (about 0.05%). However,
Table 4 shows that the SBD value of SDD is the smallest and is lessthan half
of that of ShotWeave. This meansthe falseboundariesproduced by SDD is the
closestto the actual sceneboundaries. Someof these false boundariesmay not
be signi�can t to the viewers.

Table 3. Performance Comparison: recall, precision and utilit y.

Technique Home Alone Far and Away
Recall Precision Utilit y Recall Precision Utilit y

MSC 0.234 0.128 0.362 0.414 0.218 0.632
MAMM 0.403 0.143 0.546 0.50 0.139 0.639

SDD 0.50 0.223 0.723 0.586 0.202 0.788
SED 0.419 0.228 0.647 0.483 0.193 0.676

5 Conclusions

We have presented a new audio-assistedscenesegmentation technique developed
basedon statistical analysis of audio features and the concept of divergencein



Table 4. Performance Comparison: SceneBoundary Deviation.

Film Title ShotWeave MSC MAMM SDD SED
Home Alone 30.79 24.31 21.69 14.23 16.48

Far and Away 38.76 27.67 25.09 20.67 22.36

information theory. Our experimental results on two full-length �lms provide the
following conclusions.First, utilizing audio information to remove false scenes
provides improvement in segmentation accuracy over alignment of visual and
audio scenes.The weighted K-L divergencedistanceis shown to be more e�ectiv e
than weighted Euclidean distance. Future work includes the use of more audio
features to further improve the segmentation accuracy.
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