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Abstract—In this paper, a novel audio-visual scene change
detection algorithm is presented and evaluated experimentally.
An enhanced set of eigen-audioframes is created that is related
to an audio signal subspace, where audio background changes
are easily discovered. An analysis is presented that justifies why
this subspace favors scene change detection. Additionally, a novel
process is developed in order to detect audio scene change candi-
dates in this subspace. Visual information is used to align audio
scene change indications with neighboring video shot changes
and, accordingly, to reduce the false alarm rate of the audio-only
scene change detection. Moreover, video fade effects are identified
and used independently in order to track scene changes. The false
alarm rate is reduced further by extracting acoustic features in
order to verify that the scene change indications are valid. The
detection methodology was tested on newscast videos provided
by the TRECVID2003 video test set. The experimental results
demonstrate that the proposed method achieves an
exceeding 0.85. Accordingly, it effectively tackles the scene change
detection problem.

Index Terms—Audio-visual video segmentation, eigen-au-
dioframes, scene change detection, TRECVID2003.

I. INTRODUCTION

THE ever-growing volume of audio-visual data has revealed
the need for developing proper algorithms, typically

aiming to group audio-visual data into meaningful categories,
index these categories, and provide fast browsing and retrieval.
The integration of information provided by various media
sources in order to handle multimodal queries on large and
diverse audio-visual databases is the ultimate goal. The integra-
tion efficiency depends heavily on the proper categorization of
the audio-visual information into semantic classes.

Video shot and scene detection is essential to automatic con-
tent-based video segmentation. A video shot is a collection of
video frames obtained through a continuous camera recording.
Similar background and motion patterns typify the set of frames
within a shot. Whereas shots can be thought of as the basic units
of video grouping, they usually lead to a far too fine segmenta-
tion in terms of the semantic audio-visual data representation.
In order to acquire an effective non-linear access to video in-
formation, the data are grouped into scenes, where scenes are
defined as sequences of related shots chosen according to cer-
tain semantic rules.
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However, the aforementioned definition of scenes is quite
vague, as different people can use different criteria to determine
the scene borders. To make matters worse, different principles
are used to define scenes for TV news programs, talk shows,
documentaries, or movies. Several papers try to define models
for scene detection, mainly in the field of TV news, where simple
and effective models can be defined [1]. The definite structure
of news videos and their suitability for content analysis was one
reason that explains why they have attracted the attention of the
research community. The interest of broadcasters in building
large digital archives of their assets has provided additional
motivation [2]. News archives are consistently used in news, talk
shows, documentaries, or, sometimes, even in movies.

Typically, TV news programs have a very rigid structure.
The algorithms in this paper were evaluated on the news model
that the U.S. channel ‘ABC’ uses, which contains the following
basic news elements.

• Headings accompanied by anchorperson speech along with
video and audio special effects.

• Station news logo animation accompanied by music.
• Anchorperson close-up and speeches; sometimes news-

story related video is displayed.
• Pre-recorded journalist reports, interviews, and commen-

tary shot at various locations. During these audio-visual
segments background noise (e.g., crowd or car noise) is
usually quite evident. In some cases, music is inserted.

• Remote interviews, where the anchorperson converses
with a reporter or a key-figure to a story that is not present
in the studio. Frequently, the second person is shown using
a digital ‘window’ or a large screen inside the news-studio.

• Commercials that are customarily separated from one an-
other and from the rest of the audio-visual material using
video fade effects and silence.

So far, most of the developed video segmentation algorithms
merely exploit visual information. However, it has been ob-
served that the visual information alone does not satisfactorily
detect semantically meaningful scenes [3]. The use of multiple
camera angles or special effects further complicates this task. As
a result, shot changes are misclassified as scene changes in many
cases. Typically, an efficient method to separate a video scene
change from a shot change is by employing the audio informa-
tion. A scene change is most often accompanied by a signifi-
cant change in the audio characteristics, whereas a shot change
is not. A notable example is a typical TV commercial, which
constitutes a single scene with similar audio characteristics, but
consists of numerous shots. At this point, the definition of an
audio scene semantic unit is essential. An audio scene is a se-
mantically consistent audio segment that can be distinguished
by the basic characteristics of the dominant sound. It can be de-
tected when the majority of dominant sources changes [4].
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It is well known that audio-visual program and movie direc-
tors use audio not only to convey critical information to the au-
dience, such as dialogues, but also to stimulate and maintain
audience’s interest. To do so, different scenes are intentionally
accompanied by characteristically dissimilar sounds. Moreover,
highly dissimilar audio characteristics among the scenes are nat-
urally found in news broadcasts, where the background noise in
the news studio almost always differs characteristically from the
background noise of the pre-recorded news story clips. Whereas
audio information is critical for the detection of scene changes,
the joint processing of visual and audio information could im-
prove scene change detection. The actual integration of the two
information sources, in order to acquire a final scene change
detection decision, can be a challenging problem due to the ver-
satile nature of video content. Unsynchronized visual and audio
content streams further complicate the fusion at the data level.

This paper introduces and evaluates experimentally a novel
audio-visual method for video scene change detection that
heavily depends on the use of the audio information. The suc-
cess of the audio-based scene change detection approach can
largely be attributed to the frequent presence of similar back-
ground noise such as car, crowd, or room noise, throughout each
individual scene and the limited presence of foreground audio
signal components during scene changes. Video information
is exploited to extract video shot change information, which is
employed to synchronize audio scene change indications with
relevant video shot changes. Moreover, by considering a time
span in which both an audio scene and a video shot change
should co-occur, the false alarm rate of the proposed audio-only
scene change detection algorithm is reduced. Additionally,
video information is used to track scene change indications,
simply by identifying video fade effects that are commonly
employed during scene changes. A video fade is a transition
of gradual diminishing content to a blank frame (fade out) or
the opposite (fade in). The false alarm rate is reduced further
by extracting acoustic features before and after the scene
change indications in order to verify that they are valid. In the
following, state-of-the-art scene change detection techniques
are reviewed.

A. State-of-the-Art Review

In recent years, video scene boundary detection and video
structure parsing have received a lot of attention from the
research community. Various multimodal approaches have
been developed in order to solve this problem. Of course, in
all multimodal scene change detection algorithms, a non-trivial
issue is how the audio information is integrated with the visual
information. Quite often, discordances between the visual and
the audio data are met. For example, the visual data may suggest
the insertion of a scene break, whereas the audio data may not
and vice-versa. Due to the diversity in the video structure, the
integration of information from both the visual and the audio
channels remains very challenging. In [5], fuzzy c-means clus-
tering is employed to detect boundaries between two different
kinds of the audio signal called audio-cuts. After the audio-cut
detection, the semantic correlation between adjacent audio
shots is measured and the semantically correlated audio shots

are merged into the same audio segment. Five audio classes
are considered: silence, speech, music, speech with music
background, and speech with noise background. The following
five features are employed in order to classify each audio
segment into one of the aforementioned five audio classes: the
mean and variance of the audio signal power, the mean and
the variance of the center of the gravity of the 0th sub-band,
and the zero-crossing rate. Since a large number of audio scene
changes correspond to silence segments and many pauses can
be found in speech audio segments, numerous false detections
can occur, if only the audio information is exploited. As a result,
video shot changes are detected and a scene change is set, if
a video shot change and an audio-cut c-occur within a small
time interval. In [6], semantically meaningful movie events
are extracted such as two-speaker dialogues, multiple-speaker
dialogues, and hybrid events that accommodate less speech
and more visual action. Initially, video shots are identified by
employing a color histogram-based approach and each set of
grouped shots is clustered and classified into one of the three
categories: periodic, partly-periodic, and non-periodic. Then,
every shot is classified into one of the following four audio
classes: silence, speech, music, and environmental sounds. The
ratio of the speech content in each shot is used to indicate if
the event is a dialogue or a hybrid event, whereas face de-
tection is employed to discriminate between two-speaker and
multiple-speaker dialogues. In [7], the authors present a scene
change detection method based on audio and visual features,
which analyzes both the auditory and the visual sources and
accounts for their inter-relation and synergy to semantically
identify video scenes. The audio stream is classified into speech,
music, environmental sound, or silence. Speech data are further
decomposed into different subclasses representing the different
speakers. Meanwhile, the visual analysis partitions the video
stream into shots. By combining visual and audio features
using certain temporal expectations, the scene change detection
performance is enhanced and more semantic segmentations
are developed. In [3], speech and non-speech segments are
detected and the non-speech segments are further classified into
music and environmental sound. The classification is based on
the audio periodicity and audio features such as zero-crossing
rate, short-time energy, spectral flux, and line spectral pairs.
Audio scene changes are detected using 1 s long audioframes.
Then, all the shot boundaries within a 1 s interval from an audio
scene change are set as scene candidates. Subsequently, a color
correlation algorithm is used for video shot clustering. In [8], a
scene classification scheme is presented, which uses a Hidden
Markov Model (HMM)-based classifier in order to classify
pre-segmented clips into predefined scene classes such as com-
mercials, basketball games, football games, news, and weather
forecasts. Three approaches are proposed for joint audio-visual
scene segmentation and classification. The first two approaches
search for an optimal scene class transition based on the like-
lihoods computed for every short video segment belonging
to a particular class. The third approach searches for the op-
timal path in a super HMM built by concatenating HMMs
for different scene classes. All these approaches process the
audio and the visual information simultaneously. Specifically,
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fourteen audio features as well as color and motion features
are employed. In [9], low and midlevel audio-visual features
are statistically analyzed according to genre characteristics.
These features are directly obtained in the MPEG compressed
domain. Then a linear machine decision tree classifier is built
to classify each shot into predetermined genre sets. In [10], the
audio feature extraction is related to the detected video shots.
Unlike most audio feature-based segmentation algorithms, the
nature of the audio content (music, conversation, etc.) is no
longer relevant. A scene change is indicated simply based on
the differences of the audio features from the corresponding
adjacent shots.

Several methods are summarized next that have been pro-
posed particularly for segmenting TV-news programs. A two-
stage scene classification scheme is usually employed for con-
text-based indexing and retrieval in news videos. In the first
stage, the video stream is segmented into video shots, whereas
in the second stage, each shot is assigned to various content
classes, e.g., anchorperson, report, or weather forecast. Inter-
ested readers may consult [2], [11] for studying several method-
ologies used to build the two-stage classifier. The two-stage
methodology was applied not only to visual, but also to text,
motion, and audio information. Shot classification is often as-
sisted by methods such as ‘anchorperson-spotting’, since news
stories are often separated by an anchorperson visual appear-
ance [12]. Of course, news story segmentation is a different and
more specific task than news video scene segmentation. The
criteria of what constitutes a news story are defined in [13].
In [14], audio and video feature information is employed to
automatically segment news items. Silence segments are de-
tected in the accompanying audio and this information is in-
tegrated with shot segmentation results as well as anchor shot
detection ones to determine the boundaries between the news
items. In [15], the spectral properties of the audio types are ana-
lyzed and audio features based on them as well as on harmonic
enhancement are employed to classify audio. A multi-model
HMM is used to capture the spectral variations for each audio
type. A hierarchical classification method is used to segment the
audio streams into speech, commercials, environment sound,
physical violence, and silence in multiple steps. To do so, the
merits of a particular audio feature in detecting a specific audio
type are exploited and primitive spectral features present in an
audio type are modeled for audio segmentation. A hybrid ap-
proach to classify news videos is proposed in [16]. A deci-
sion strategy is built that relies on evidence stemming from text
classifiers and audio-visual cues. Ten different categories are
defined that cover the most species of news videos. Support
Vector Machines (SVM) are exploited to compute text confi-
dence scores from low-level textual features and Gaussian Mix-
ture Models (GMM) are employed to compute audio-visual con-
fidence scores from low-level audio-visual features. The hy-
brid decision strategies perform the classification in a text-bi-
ased way. In one of the most popular applications for news
shows segmentation, namely the News-on-Demand [17], news
from TV and radio sources are indexed, thus enabling users
to retrieve and browse news by content. The system creates a
time-aligned transcript from speech recognition and audio clas-

sification. Specifically, speech recognition creates a text stream
that is segmented in correspondence with acoustic condition
changes and long pauses. The different acoustic conditions are
related to six generic audio classes in which the audio segments
are classified to by employing GMMs.

B. Novelty and Outline of Paper

During news story reports, the use of the video information
only rarely helps to find a scene change, since various sequential
shots that belong to the same scene are often completely uncor-
related in terms of the visual content. This problem aggravates
when pre-recorded news stories are shown, where each news
video sequence contains several video shots that can be quite
dissimilar to one another with respect to their visual character-
istics. Therefore, a novel method is proposed that uses primarily
audio information in order to detect scene changes in an audio
subspace using Principal Component Analysis (PCA) that fa-
vors the detection of background noise and background audio
changes during scene transitions in the audio track. In regards
to the temporal correspondence between audio and video, it has
been estimated that the audio and video do not match with re-
spect to who is speaking in broadcast news in approximately
85% of the time, whereas in the remaining 15% the voice and
face match [18]. Therefore, we do not depend on the simulta-
neous detection of an audio and a video scene change (i.e., a
perfect match), in order to set a boundary. Rather than using
video scene information, video shots are employed to reduce
the false alarm rate of the audio-only scene change algorithm.
The false alarm rate is further reduced by comparing acoustic
features near a scene change point.

Contrary to most video news analysis approaches, the pro-
posed method tracks audio scene changes in a single stage.
There is no need to partition the audioframes into a predefined
number of classes, as in [5]–[9], [11], [15]–[17]. The algorithm
does not use any news-specific a-priori knowledge such as
anchorperson spotting as in [12]. Instead, it detects certain
scene transition types, as is described in the next section, that
are often found in news videos as well as in other types of TV
programming and films. Accordingly, it qualifies as a poten-
tially effective tool for scene change detection in other types of
audio-visual content besides news videos.

The outline of the paper is as follows. Section II shows
how PCA can be used for detecting scene changes by using
the audio-eigenframes. A process that is used to detect can-
didate audio scene changes is presented. In Section III, it is
justified why different subspaces can be used to decompose
the audio signal into its different semantic components and an
experimental procedure is carried out in order to determine one
particular subspace that can aptly be used to solve the scene
change detection problem. Section IV describes the integration
of the proposed audio scene change detection with the video
shot boundary detection that uses the mutual information and
the joint entropy. In Section V, experimental results are demon-
strated and discussed in order to evaluate the performance of
the proposed overall algorithm and comparisons are made with
relevant state-of-the-art scene change detection techniques.
Finally, conclusions are drawn and guidelines for future work
are laid out in Section VI.
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II. EIGEN-AUDIOFRAMES FOR SCENE CHANGE DETECTION

In order to gather information on how the audio content be-
haves during and around scene changes a number of films, docu-
mentaries, and news videos have been collected from TV broad-
casting and the internet and studied. To train the scene change
detection algorithm presented in Sections II and III that exploits
only the audio information, the news videos found in [19] were
used. In particular, 6 “CBC News Online: Canada Now” videos
of daily news programming having a duration of half an hour
were collected over a period of 2 weeks. The audio background
noise was extracted from 2 out of the 6 “CBC News Online:
Canada Now” news videos in order to create a proper template.
These 2 videos are not used in any other part of the subsequent
training process. Therefore, we will refer only to the 4 remaining
“CBC News Online: Canada Now” news videos as the training
videos onwards. In addition, the 6 “CBC News Online: Canada
Now” videos are excluded from the set of news videos used
in Section V to evaluate the algorithm. The audio information
that accompanies the videos was encoded at 34 kHz and then
down-sampled to a sampling rate of 11.25 kHz.

Having studied the aforementioned video sequences, it is con-
cluded that scene changes can efficiently be detected by consid-
ering theaudiobackgroundinformationorbackgroundnoise.For
example, we can distinguish a scene that represents a report of a
soccer game from a scene where a journalist is reporting from a
busy street by comparing the characteristic differences between
crowd and car traffic background noise. If the variations between
the various types of background noise are sufficiently large, as
is the case during scene transitions, then such variations can be
exploited efficiently for scene change detection.

To model the audio content let us consider the decomposi-
tion of the audio signal into the background audio , the
transmission noise , and the foreground signal .
Moreover, the scene transition region is specified as the tem-
poral neighborhood around a scene change from the point when
the foreground signal disappears (or begins to disappear) until
it fully re-emerges after the occurrence of the scene change.
During the transition from scene to scene , two different
sequences are found to describe consistently the majority of
audio content changes

(1)

(2)

In certain cases, an audio fade-out effect is applied at the begin-
ning of a scene transition so that the intensity of the background
noise and any foreground signal present in the first scene grad-
ually diminishes. In addition, an audio fade-in effect is some-
times used after the scene change. The foreground signal transi-
tion from one type of audio content to the next one is carried out
in either an abrupt or gradual fashion, whereas the transition of
background noise from one scene to the next is always abrupt.

Let the audio signal be split into non-overlapping audio seg-
ments of equal size (i.e., duration measured in samples or ms),

called audioframes. To maintain simplicity, let us first consider
only a single feature extracted from an audioframe, namely the
short-term energy of an audioframe. As is suggested by (1) and
(2), only background audio and transmission noise are present
at some point during a scene transition. Outside the scene tran-
sition region, the audio signal is dominated by the foreground
signal (e.g., speech or music), because the variance of the short-
term energy is much larger there than in the background noise
region. Therefore, we can expect that the scene transition re-
gions are located at relatively low levels of audio signal vari-
ance. In some cases, as (2) indicates, the scene change point can
be detected at the location where the characteristics of back-
ground noise change rapidly, from one scene to the next. Thus,
finding the point of the largest variation in the short-term en-
ergy in the background noise region can help detecting the scene
change point. The proposed method anticipates detecting scene
change points in sequences (1) and (2) and in cases where fade
in or fade out effects are applied to either sequence.

Let us argue on the use of the subspace spanned by the eigen-
vectors associated to the moderate eigenvalues of the covariance
matrix of the audioframes for audio scene change detection. For
simplicity reasons, let us assume that two different audio classes

, , 2 are present. Let and be their a priori probabil-
ities. Each class is modeled by its class mean vector and the
class covariance matrix , , 2. To detect if the audioframe

using subspace analysis, we are seeking a column or-
thogonal matrix (i.e., , where is the identity
matrix) such that

(3)

(4)

where is the transposition operator, denotes the norm,
and is the expectation operator. Equivalently, should
simultaneously satisfy

(5)

(6)

where tr() stands for the trace operator and
. The solution of the optimization problem (5)

is to choose the columns of matrix as the eigenvectors that
are associated to the largest eigenvalues of , while the solu-
tion of the optimization problem (6) is to choose the columns of
matrix as the eigenvectors that are associated to the smallest
eigenvalues of . To accommodate both requirements, we con-
strain the solution to subspaces spanned by the eigenvectors of
the total covariance matrix that is related to the class covari-
ance matrices , , 2 through

(7)

By doing so, we circumvent dealing with the null space of
that should somehow be approximated. Of course the con-

strained solution is a suboptimal one. To avoid any feature ex-
traction, we rely on the raw audio signal intensities within an
audioframe and we apply PCA to the matrix whose
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columns are the zero-mean non-overlapping audioframes to
which an audio stream is segmented to:

(8)

In (8), each , , has samples ob-
tained by sampling an audioframe (i.e., audio recording) of du-
ration 1/3 s at a sampling rate of 11.25 kHz. is equal to
5400, since in our case, a half-hour-long news audio signal is
processed. To obtain the zero-mean audioframes, the mean au-
dioframe is subtracted from each raw audio frame. The mean
audioframe is estimated by averaging the audioframes from all
the training audio recordings. The PCA of the covariance matrix
of the audioframes can truly help in detecting a scene change
point. Indeed, the audioframes that belong to a single back-
ground noise class are located in the subspace defined by the
eigenvectors that correspond to a portion of the smallest eigen-
values of the covariance matrix of the audioframes. However,
as it was shown above, when several background noise classes
are present (as in news sequences where several audio back-
ground noise sources are found), the variations of background
noise from one scene/class to the other yield audioframes that
are located in a subspace defined by eigenvectors that are asso-
ciated to small eigenvalues of the covariance matrix of the au-
dioframes, but not the smallest ones. In the following, we shall
assume that a subspace defined by a set of eigenvectors of
the covariance matrix of the audioframes associated to appro-
priately chosen eigenvalues is used. Let us call the eigenvectors
associated to the eigenvalues of this covariance matrix eigen-au-
dioframes. The eigen-audioframes define a subspace where the
original audioframes are projected onto.

Let , then the non-zero eigenvalues
of the covariance matrix of and their corresponding
eigenvectors can be found by solving a symmetric eigenvalue
problem that employs a matrix and taking the linear com-
binations of the resulting vectors, as is described in [20]. This
is particular useful when short audio recordings are processed,
such that . Let be the matrix, whose
columns are the distinct eigen-audioframes. In most recogni-
tion, detection, or compression applications, a much smaller
number of eigen-audioframes is retained. Let denote the

matrix whose columns are the retained eigen-audioframes,
with . In order to project onto the eigenspace of rank

, a single matrix operation is needed:

(9)

where is the matrix that contains
all the projected audio frames. Each projected audio frame, ,
can be treated as a point in the eigen-audiospace.

Let be the sample average of several background noise
frames picked up during various scene transition periods when
no foreground signals were present. The audio background
noise frames were extracted from 2 out of the 6 “CBC News
Online: Canada Now” news videos that were not used in any
other part of the training process. Let be the zero-mean
reference background noise frame obtained by subtracting
the mean audioframe of from . By projecting onto the
eigen-audiospace we get

(10)

which is used as a reference frame in the eigen-audiospace that
is associated with the background noise. In order to follow the
audio channel trends, the distance between and any projected
audioframe is measured. Several distance measures can be
used, e.g., the L2-norm. Hereafter, we shall rely on the -norm:

(11)

where the subscript refers to audioframe time index. Under
the condition that no two consecutive scene changes can occur
close to one another in the temporal domain, the time instants of
the local minima of the function are set as potential scene
changes. To determine the local minima, a temporal window of
12 s duration is applied to . The duration of the temporal
window was selected based on experimental evidence about the
minimum duration of a scene. To be more precise, the duration
of the shortest commercial was found to be 12 s. The minimum
value of the distance function within the 12 s-long window,
is found at each time instant

(12)

where is the number of audioframes per second (i.e.,
frames per second in our case). Subsequently, a dis-

tance boundary signal, , is created by assigning to
the temporal location of the most recent point that enters the
window’s coverage area. This value is updated on the fly once
a lower value is found. Thus, the distance boundary signal is
determined by

(13)

Next, the points of the distance function that lay on the
generated distance boundary signal are set as potential
scene change points. If more than one point exists within any
12 s interval, only the point with the minimum value is retained
in the set of local minima points. Fig. 1 depicts a portion of
that corresponds to a ‘commercial break’ segment from 1 out of
the 4 training “CBC News Online: Canada Now” news videos
and shows the distance boundary signal that is created as well
as the potential scene change points. Moreover, the true scene
change points and a false alarm point are indicated with arrows.
Finally, a global scalar is used for thresholding to reduce
false alarms. The latter are usually found to be further away from
the reference noise frame in the eigenspace than the true scene
changes are. In order to cancel the false alarm incident that oc-
curs at , by means of thresholding, we would have
to miss the true scene change at . For the example
shown in Fig. 1, the retained eigen-audioframes correspond
to the eigenvalues that capture the 50–75% range of the covari-
ance matrix trace, as is explained in Section III.

An important parameter for scene change transitions to be
effectively mapped to as local minima of the distance function

is the length of the audio frames. During scene transitions,
the audio signal characteristics experience large variations over
rather large time windows. An example that illustrates the afore-
mentioned observation is the audio fade-out effect that is often
used during a scene end. The beginning of the new scene is
accompanied by normal levels of audio intensity or audio in-
tensity gradually climbs to such levels by either using an audio
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Fig. 1. Local minima of the distance function D(i).

fade-in effect or by the gradual appearance of foreground sig-
nals. These transition periods are typically longer than speech
pauses or other pauses in the foreground signal. With a suffi-
ciently large audio frame size only the scene change transition
regions will be mapped as local minima of since the shorter
pauses that are found in the foreground signal will combine with
a significant amount of non-silence data in order to produce an
audio frame, thus reducing the false alarm rate. On the other
hand, the size of the audio frames should not be too large since
the same could occur for the scene change transition regions,
thus reducing the detection rate. One way to ensure that the size
of the audio frame would not have to be too large and still be
able to reduce the false alarm rate is to suppress the foreground
signal. Therefore, in order to improve the scene change detec-
tion ability a subspace is created that reduces the representation
of the foreground signal and transmission noise. This process is
described next.

III. OPTIMUM AUDIO SIGNAL SUBSPACE SELECTION

FOR SCENE CHANGE DETECTION

Section II illustrated how scene changes can be detected by
tracking the variations of background noise. Motivated by the
expectation that the changes of the background noise can be suf-
ficiently captured, a PCA-based scene change detection process
is defined. This section describes which subspace should
be used in order to capture the background noise changes as
much as possible. In addition, it explains how the remaining
foreground and transmission noise signal components are sup-
pressed and cannot degrade the detection performance by using
PCA.

Seven experiments were carried out in order to discover
which subset of eigenvalues is more suitable for solving the
scene change detection problem. In each experiment, the
eigenvectors are associated to various percentages of the trace
of the covariance matrix of the audioframes starting with the
eigenvector associated to the largest eigenvalue and proceeding

toward the eigenvector that corresponds to the smallest eigen-
value. Specifically, tests were carried out using the following
percentile ranges of the trace of the covariance matrix of the au-
dioframes: full trace (0–100%); first half (0–50%), second half
(50–100%); first quartile (0–25%), second quartile (25–50%),
third quartile (50–75%), and fourth quartile (75–100%). These
numbers were selected so as to provide a two-level decomposi-
tion of the audio signal variance. The seven experiments, one for
each subspace, were repeated on 4 half-hour-long-each “CBC
News Online: Canada Now” training news audio streams.

The goal of this analysis is to determine the appropriate
set of eigenvectors that defines a subspace where improved
audio-based scene change detection rates can be obtained.
Let the ordered audio signal eigenvalues be represented by

. Then, the
most useful eigenvalues are expected to belong to the subset

, where estimates for and
are to be found. In order to compare the scene change

detection ability for each one of the aforementioned seven
subspaces, the following procedure was realized: the principal
components from each subspace were calculated and used to
project the audio frames as well as the reference noise frame
onto each eigenspace. Then, the Euclidean distance between
the projected audioframes and the projected reference noise
frame was calculated.

In order to evaluate the detection performance of each sub-
space, the Recall and Precision rates (probabilities) were used
[21]. Let denote the ground truth set and the set of de-
tected (both correct and false) scene changes. Let define the
cardinality of set A. Then we can define the following.

• The rate, that is also known as the true positive
function or sensitivity, as

(14)

• The rate, that corresponds to the accuracy of
the method considering the false detections, as

(15)

It is difficult to select a common threshold on the values ad-
mitted by the distance function in each subspace due to the
different range of values, whereas a threshold on the number of
local minima of , as defined in Section II, can be set more
easily. The local minima of corresponding to the lowest
values of were measured and the and
rates for the set of points were registered.

Each of the 4 “CBC News Online: Canada Now” training
news videos contained on average 41 scene changes. We note
that the training news videos are exclusively used to determine
an approximation of the best subspace and the optimum value
of for the problem of scene change detection. The afore-
mentioned training videos are not included in the evaluation
experiments described in Section V. A detection performance
analysis was carried out by collecting and
rates, while varies. By doing so, the tradeoff between the
correct detections and false alarm incidents was observed and
compared in all the 7 subspaces. Fig. 2(a) and (b) show how

and vary as increases, respectively. These
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Fig. 2. Precision and Recall rates as the number of selected minima of the
distance function, J , increases for several portions of the trace of the covariance
matrix of the audioframes.

results were drawn from an experiment that processed only a
single training news video sequence. and
curves, like the ones shown in Fig. 2(a) and (b), were collected
for the 4 half-hour-long training news videos. In each experi-
ment, was assigned values from 1 to 120 with step-size 1.
The results were then averaged, for fixed values of , over all
news-videos and are shown in the versus
curves in Fig. 3(a) and (b). Each of these curves demonstrates
detection results obtained in various subspaces. In order to de-
termine which subspace is more suitable for scene change de-
tection, certain criteria should be met by both the and
the rates to guarantee acceptable results. Intuitively,
we require that both and exceed 50%. This
criterion is roughly met for for all subspaces.
Note that exact but unique values of in each subspace can be
found that satisfy this condition, as can be seen in Fig. 2. The
preferred operating region is marked by a solid-line rectangle
in Fig. 3(a) and (b). Table I shows the area under the
versus curve for the preferred operating region for
the 7 subspaces that were evaluated. The largest area under the

versus curve was obtained in the subspace
associated to the 50–75% percentile range of the covariance ma-
trix trace.

Fig. 3(a) illustrates that the subspace which captures the
second half of the trace of the covariance matrix accommodates
better a solution for scene change detection than the subspace
that captures the first half of the trace of the covariance ma-
trix. An important remark coming from Fig. 3(a) is that in
certain cases, (e.g., for a rate between 0.5 and 0.55),
the decision taken in the complete audio eigenspace is not

Fig. 3. Precision versus Recall curves in the various subspaces. (a)
Precision versus Recall when the audio signal variance is decomposed into
two subspaces. The first subspace is defined by the eigenvectors associated
to the eigenvalues in the first half of the trace of the covariance matrix of the
audioframes and the second one is defined by the remaining eigenvectors. (b)
Precision versus Recall when the audio signal variance is decomposed into
four subspaces, where each subspace is defined by the eigenvectors associated
to the eigenvalues in successive quartiles of the trace of the covariance matrix
of the audioframes.

TABLE I
AREA UNDER THE RECALL VERSUS PRECISION

CURVE WHEN BOTH RATES EXCEED 50%

as efficient as the decision taken in the subspace associated
with 50–100% of the covariance matrix trace. This fortifies
our decision to use subspace selection in order to improve the
detection performance.

Fig. 3(b) shows the versus curves obtained
in subspaces at the second decomposition level. It is clear that
the two subspaces that capture the second half of the trace of the
covariance matrix of the audioframes (50–75% and 75–100%)
promise a better detection performance than the remaining two
subspaces. Moreover, the eigen-audioframes that capture the
first and second quartiles of the trace (0–25% and 25–50%) al-
most always offer lower and rates than those
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obtained from the subset that retains the first half of the trace.
The subspace that retains the fourth quartile of the trace rarely
outperforms either the subspace that contains the complete set of
eigen-audioframes or the subspace that retains the second half of
the trace in terms of and . On the other hand,
the subspace defined by the eigen-audioframes corresponding
to the eigenvalues in the third quartile (50–75%) of the trace of
the covariance matrix provides the best performance in many
occasions.

It has been observed that most false alarm incidents that dete-
riorate the performance of the proposed algorithm are related to
speech pauses. Speech segments contribute highly to the overall
variance of the audio signal. Thus, large-eigenvalue subspaces
such as those corresponding to the first half or the first and
second quartile of the trace of the covariance matrix should not
be used for detecting scene changes. This is verified by the re-
sults of Table I, where these eigenspaces are shown to be the
least effective. Conversely, a small eigenvalue subspace such as
the one associated with the fourth quartile of the trace, models
properly only the background audio and the transmission noise.
Additional tests have shown that this subspace could not be used
to detect efficiently scene changes, since by not having any in-
dication on the presence/absence of the foreground signal it is
difficult to identify the scene change transition regions in (1) and
(2). Moreover, in the subspace under discussion, scene change
detection becomes susceptible to false alarms that are caused by
the random transmission noise variations. Accordingly, it is ev-
ident by the measurements in Table I, that the subspace associ-
ated with the fourth quartile of the trace should not be used for
detecting scene changes. On the other hand, the subspace that
captures 50–75% of the trace of the covariance matrix of the
audioframes provides the best compromise for efficient scene
change detection. As Table I illustrates, this particular subspace
yields the largest area under the versus curve
for the selected operating region.

In order to determine the optimum value for , the well-
known [5] is employed

(16)

The largest value that the acquired is 0.625 and
is achieved when in the 50–75% subspace. When is
set to 39, the slightly exceeds 64% and is
found to be 61%. The optimum point (for ) is overlaid
in Fig. 3(b). Both rates outperform the previously reported rates
in [22]. In particular, the rate has improved by 7%
and the rate by 8%.

IV. INTEGRATING AUDIO AND VIDEO CUES AND VERIFYING

SCENE CHANGE INDICATIONS

In this section, a method for scene change detection that inte-
grates audio and video cues is presented. In addition, a method
that employs commonly used audio features to verify that the
audiovisual scene change indications are valid is described. It is
well-known that abrupt cuts and fade effects indicate video shot
changes. Video abrupt cuts and video fades can be detected by
means of the mutual information and the joint entropy between

two video frames. Mutual information is a measure of informa-
tion conveyed from one frame to another and is used for de-
tecting abrupt video cuts, where the image intensity or color is
abruptly changed. In the case of a video fade-out, where the vi-
sual intensity usually decreases to a black image, the inter-frame
joint entropy decreases, whereas for a fade-in the joint entropy
increases. A detailed description of this method used to detect
video shot boundaries can be found in [23]. We used a simpli-
fied version of the method described in [23] for video fade de-
tection, since, for our purpose, it is sufficient to detect the start
or the end of a fade effect. If both a fade-out and a fade-in ef-
fect occur within 5 s, then only a single shot change is set at
the midpoint between the corresponding time instants. Thus, a
smaller number of fade effects is detected than that determined
by the method in [23]. Video fade effects are used to detect scene
changes as well.

After processing the audio track in order to locate the poten-
tial scene change points and the video track to find the possible
shot changes and fade effects, a process is described that inte-
grates all the aforementioned information in order to enhance
scene change detection. Let be a vector of length that
contains all the potential scene change points collected by ap-
plying the process described in Sections II, III to the audio in-
formation. Let be a vector of length that contains
the shot change points collected by detecting video abrupt cuts
and video fades. Finally, we define a temporal window with
duration of s (typically 3 s) within which the audio and the
video convey information about semantically correlated events.
For example, when a shot change is indicated by processing the
visual data, we expect the corresponding scene change derived
by processing the audio information to occur within s. The
following algorithm integrates the visual and audio information
clues

for

if

end

end,

where is the minimum time mismatch between a video shot
change point and the th audio scene change point and is the
corresponding index in . holds
the time instants of the audio-based scene change candidate
points that neighbor with a video shot change within . When-
ever the scene change indications from the audio information do
not match with a shot change indication from the video informa-
tion within a time window of duration , then the scene change
is rejected as a false alarm. Otherwise, the audio scene change
point is time-aligned to the location of the nearest video shot
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change point, thus time-aligned candidate scene change points
are now created. Furthermore, let be a vector that contains
only the points that correspond to the detected fade effects. In
addition to the time-aligned candidate scene changes stored in

, each point for which a video fade
effect was detected (i.e., a point in ) is also classified as a
candidate scene change point.

This idea of requiring for audio scene change candidate
points and video shot cut points to be temporally aligned in
order to set a scene change has been shown to be quite effective
in [5] and [24]. However, whereas this condition gives a high
probability that the candidate scene change point will in fact
correspond to a true scene change, it does not guarantee it.
In addition, there is no guarantee that a video fade effect is
always used to separate two scenes. As a result, further pro-
cessing is required in order to validate if the candidate scene
change points that correspond to the temporal locations in

and are true scene changes.
More specifically, two 6-s long audio segments are collected,
equally split before and after each candidate scene change
point. We do not extract acoustic features from the entire
scene because the foreground signals can vary significantly
throughout the scene, especially when its duration is long. For
the task at hand, the average of these variations may not be as
meaningful as the average of the features near the candidate
scene change point. Since the scene change transition region
usually presents a general lack of foreground signals, which
are now important for our analysis, the 6-s long audio segments
are selected 3 s before and 3 s after the candidate scene change
point. This 3-s-long temporal distance also ensures that the
selected audio segment contains audio from a single scene only
since the candidate scene change points are time-aligned to
video shot change points within . Overlapping audio
frames are extracted for each audio segment, where each frame
consists of 512 samples and the overlap is set to 128 samples.
Subsequently, the following set of acoustic features are ex-
tracted from each audio segment [10]: volume , energy ,
frequency centroid , and frequency bandwidth , as
they are defined in [25]; low shot-time energy ratio
and spectral flux , as they are defined in [26]; cepstral
flux , as it is defined in [4]; sub-band energy
for the 0-to-1/16 fs and 1/8 fs-to-1/4 fs bands, where fs is the
sampling rate. In addition, we calculate the low shot-time ratio
of the sub-band energy . Then, these features
are normalized based on their maximum value and for each th
audio segment the following three values, that are introduced
in [10] are calculated:

where mean() is the mean of a feature, std() is the standard de-
viation of a feature, vdr() is the volume dynamic range of a fea-
ture, and stdif() is the standard deviation of the frame-to-frame
difference of a feature in the th segment.

Let be the number of audio segments extracted from a
video sequence, each being 6-s long, and let , 2, 3 cor-

respond to the three groups of features for volume, power, and
spectrum. Then, for each pair of audio segments, i.e., the th and

th segments, before and after a candidate scene change
point, the following three statements, corresponding to ,
2, 3, are examined:

(17)

where

The left side of (17) represents the Euclidean distances between
the features of the two neighboring audio segments for which
we try to determine if they are separated by a valid scene change
point. The first and second numerator terms on the right-hand-
side of (17) represent the mean and the standard deviation of the
Euclidean distances between the features of the pairs of
neighboring audio segments in the video sequence.

Essentially, the right-hand-side of (17) represents three
threshold values, , , 2, 3, that are calculated based on
the statistics of all 6-s-long audio segments and not just based
on the two neighboring audio segments. If the distance of any
one of the three values is larger than its corresponding threshold
value , a true scene change point is set. The three distance
values are not combined into one distance measure because of
the following reasons [10]: each value contains different audio
semantic meanings, and simply combining them will destroy
these meanings. In addition, since different audio features may
have different levels of importance for different audio data it is
difficult to derive proper weights in order to combine them. As
a result, the three values are set to be complementary to each
other. For a valid scene change point to be set, it is expected that
the features of the audio segments before and after this point
will considerable vary. By making use of the three independent
thresholds, the inequality in (17) simply examines if any one of
the three feature group values changes considerably from the
previous audio segment to the next. In such a case, a decision
is made that the aligned candidate scene change point is indeed
a valid scene change point and its time instance is stored in

.

V. EXPERIMENTAL RESULTS AND DISCUSSION

The proposed technique was tested on eight “ABC News”
and “CNN Headlines” videos that are included in the test set
of the well-established reference video test set TRECVID2003
[13]. These news shows have a rather rigid structure, in terms
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TABLE II
RECALL AND PRECISION RATES FOR VIDEO SHOT CHANGE AND FADE DETECTION

TABLE III
DETECTION PERFORMANCE BY SCENE CATEGORY

of semantic content, which makes them attractive when having
to determine a ground truth for scene changes. For each video
sequence, a human observer determined the precise locations of
the scene changes; no official scene change ground truth data
are yet available for the TRECVID2003 database. Overall, it
was found that the 8, roughly half-hour-long each, test videos
contain 363 scene changes. The video had a frame rate of 29.97
fps and each frame was resized to half of the original resolution,
at 176 132 pixels in order to speed up calculations. The audio
track that we used was converted to an 8-bit mono channel with
a sampling rate of 11.25 kHz. Audio frames were extracted, with
each one corresponding to roughly 1/3 s, or to 10 video frames.

Let the algorithm described in Sections II and III that is used
to extract scene change information from the audio data be
termed as ‘AuEigFrame’. When projecting the audio frames
to the eigenspace we used the eigenvectors associated with
the ordered eigenvalues related to the third quartile (50–75%)
of the trace of the covariance matrix of the audioframes, as
Section III advices. ‘ViFades’ is the process that applies the
algorithm that was used in order to detect candidate scenes from
the video data by tracking video fade effects, as is described
in Section IV. ‘AuViAlign’ is defined as the method that was
used to align the audio-based scene change indications and
video shot cuts described in Section IV. The value of parameter

was set to 3 s. ‘AuViFuse’ is the process that combines the
detection results of both ViFades and AuViAlign by taking
the set union of the candidate scene change points determined
by each technique independently. Finally, ‘AuViFuseValid’ is
the approach described in Section IV that is used to validate
the candidate scene change points of AuViFuse by comparing
distances of acoustic features before and after a candidate scene
change point, as (17) indicates. The latter approach represents
the scene change detection in video sequences proposed in this
paper.

Table II provides the recall and precision rates when detecting
video shot cuts using mutual information and video fade effects
using joint entropy. It is worth mentioning that the number of

detected fade-in and fade-out effects is larger than the number
of fade effects that are used for scene change detection, as is
explained in Section IV. For more details on detecting video
shot cuts and video fades, the interested reader is referred to
[27]. Table III shows the type of scenes that are manually identi-
fied, how often they actually appeared in the test news videos as
well as how many of them have been detected by the algorithms
under discussion. This table verifies the high efficiency of the in-
tegration process for the audio and visual information. It is clear
that the audio-only scene change detection algorithm works very
well for tracking the scene changes when a news story video is
processed. This observation justifies our expectation for high
detection rates in segments where the presence of background
noise is highly evident, as is the case during the transition to a
pre-recorded news video from the newsroom. The brief silence
segments, lacking any foreground audio signals right after when
the anchorperson finishes introducing the news-story video that
follows until the beginning of the report from the journalist in
that news-story, allow the formation of a number of audio frames
that contain pure background noise. These frames are then pro-
jected to the selected subspace and their distance from the
projected reference noise frame is found at levels low enough so
as to be considered local minima point candidates. On the other
hand, it was observed that if the audio scene change transition
period or silence segment was too short, the AuEigFrame algo-
rithm cannot detect the scene change. As stated in Section II, this
is because the audio frames also contain the foreground signals
that reappear shortly after the scene change occurs. One way to
correct these failures is to use audioframes shorter than 1/3 s.
However, the number of false alarms would also increase since
speaker changes or speech pauses, which are usually quite short,
may be falsely identified as audio scene changes.

A closer look at Table III reveals that the AuViAlign and
ViFades processes independently detect 64.5% and 49.9% of the
total number of existing scene changes, respectively. A number
of scene changes is detected by both processes whereas all false
alarm incidents add up to the final decision, as Table IV indi-
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TABLE IV
FALSE ALARMS OF EACH APPROACH FOR SCENE CHANGE DETECTION

TABLE V
EVALUATION MEASURES OF EACH APPROACH FOR SCENE CHANGE DETECTION

cates. However, the reported for AuViFuse is found
to be lower than the rates achieved by the two processes sep-
arately, as can be seen in Table V. This table also shows that,
as expected, AuViFuseValid yields a significant improvement
for . From Table III it can be seen that processing
the audio only in order to detect scene changes does not per-
form very well in commercial breaks. Typically, most commer-
cials are quite ‘refined’ TV segments that are created on a very
similar formula. Usually loud or emphatic music, or various
sound effects, are inserted in order to draw the viewer’s at-
tention. Some commercials maintain the same audio intensity
from the beginning until the very end of the video segment. The
presence of foreground signals does not provide occurrences of
audio frames containing pure background noise. Also, silence
segments are used to connect one commercial to the next; thus,
some of these scene changes can not be detected by processing
the audio information.

As Table IV indicates there is a significant improvement in
the false alarm rate of the AuEigFrame process by exploiting
the corresponding video data. The temporal window of 3 s used
by the AuViAlign process in order to guarantee that audio scene
change indications roughly coincided with video shot changes
significantly reduced the number of false alarms. Table V il-
lustrates the overall performance of the AuViFuse algorithm
which combines both audio and visual data in order to deter-
mine scene changes. The benefits of the AuViFuse approach
are clearly demonstrated. AuViAlign improves the
rate of the audio-based process, AuEigFrame, by roughly 23%
while maintaining the same rate. Moreover, the pro-
posed AuViFuse algorithm sacrifices a modest drop of 3.8%
in with respect to ViFades (and 5.1% with respect
to AuViAlign) due to the scene changes that were simultane-
ously detected by both algorithms. Furthermore, an improve-
ment of 32.2% and 17.6% is obtained in with respect
to the corresponding rates of the ViFades and the AuViAlign
processes. Finally, the proposed AuViFuseValid scene change
detection scheme, which in addition compares acoustic signals

TABLE VI
EVALUATION MEASURES OF VARIOUS SCENE

CHANGE DETECTION ALGORITHMS

around the candidate scene change points, offers the best solu-
tion since the rate increases by 10% for a modest
drop of 1.9% in the rate, with respect to AuViFuse.

To enable performance comparison between the proposed
AuViFuseValid algorithm and other methods, the
(16) is once again employed. For a valid comparison among
scene change detection methods, one should bear in mind that
the type of transition (e.g., abrupt or gradual) that is used to
connect scenes with one another can greatly affect how suc-
cessful an algorithm is [28]. In addition, the video genre that is
used can greatly influence the performance of a scene change
detection algorithm [29]. For this reason, the and

rates reported for the two algorithms in [30] were
used, since an extensive evaluation was done in this work using
ten different videos as test data for two different algorithms.
Furthermore, no two videos belonged to the same film genre,
or combination of genres. Thus, the set of test videos was quite
diverse in principle. Moreover, the authors did not pre-catego-
rize scenes before dealing with scene change detection (e.g.,
they did not simplify a news show into a stream that contains
news story, commercial, weather, and anchorperson segments)
thus avoiding generalization problems. The precision rates
for the two methods reported in [30] were 73.9% and 79.2%
whereas the corresponding recall rates were 86.3% and 78.7%.
The associated values were 0.796 and 0.789,
which are lower than the value achieved by the
AuViFuseValid algorithm as can be seen in Table VI.

Undoubtedly, since the AuViFuseValid algorithm was tested
on the TRECVID2003 database, the ultimate comparison test
should use detection results from an alternative algorithm that
has was tested on the same dataset. The recently proposed algo-
rithm in [5] and [31] was evaluated on the same TRECVID2003
test set news videos as the proposed algorithm. The only dif-
ference is that in [31] the audio track had a sampling rate of
44.1 kHz. The algorithm in [31] introduced a novel way to de-
tect audio scene changes. The same algorithm was employed in
[5], which is reviewed in Section I-A, where a methodology is
laid out that exploits the visual content in order to detect scene
changes. Since [5] does not provide any novelty in detecting
video shot changes or editing effects, such as fades, we use the
same shot and fade detection results [27] that were also used
while evaluating the performance of the proposed algorithm. In
order to integrate the results from the audio and the visual in-
formation, the process described in [5] is followed. A temporal
window of 3 s duration is again used to indicate if an audio shot
change and a video shot change co-occur in order to declare a
scene change. The parameters for the algorithm that processes
the audio are the ones in [31]. The corresponding and

rates, as well as the associated can
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be seen in Table VI. Ten additional runs of this algorithm were
carried out, in order to record various results
by tweaking the values of the parameters specified in [31]. The
largest recorded value is 0.717. Accordingly, the
AuViFuse as well as our overall solution AuViFuseValid algo-
rithm are more efficient than those in [5], [31]. It is noted, how-
ever, that for comparing the effectiveness of the audio part of
these algorithms the of AuViFuse should be used
since the remaining video-processing and audio-visual integra-
tion scheme is identical to the one used to evaluate [5], [31].

Moreover, we implement the audio-based scene change de-
tection algorithm of [4]. The optimal envelope fits for the audio
features are determined as well as the correlation amongst these
envelopes. The ‘periodicity’ and ‘randomness’ models are not
implemented since they are also not used for the experiments
described in [4]. As in [4], each audio frame has a duration
of 100 ms whereas the analysis window is shifted by 1 s at a
time. Moreover, the attention span parameter is set to 16 s and
5 different memory lengths—corresponding to 17, 19, 23, 31,
and 37 s—are used, as in [4]. Based on these parameters, the
largest value that is recorded for experiments on
the TRECVID2003 database is shown in Table VI along with its
corresponding and a rate. The
of the audio-only AuEigFrame that is presented in this paper is
larger -as Table V shows- and, obviously, the performance of
[4] is inferior with respect to the performance of AuViFuseValid
that constitutes our overall solution.

In addition, we have implemented the scene change detection
algorithm that is proposed in [10] where traditional acoustic fea-
tures are extracted. A scene change is indicated based on the
differences of 9 audio features that accompany corresponding
adjacent video shots. In order to set up a comparable processing
of the 11.25 kHz-sampled audio track to the one in [10], we
consider for 512 samples to comprise an audio frame and each
frame to be shifted by 128 samples from the previous frame.
The shot boundary information, which is a preprocessing step
to the audio-based detection of [10], is once again provided by
the algorithm in [27] that was also used when evaluating the
performance of the proposed algorithm. The 9 different audio
features of the audio signal that accompanies each shot are pro-
duced by following the audio feature extraction process in [10].
The features are divided into three groups, namely a volume,
a power, and a spectrum group and different values (such as
mean, standard deviation, volume dynamic range etc. [10]) for
each feature in each group are calculated and added. A scene
change boundary is set if the distance of any one of the three
values is larger than its corresponding threshold value, as is pro-
posed in [10]. The corresponding and rates,
as well as the associated , for the experiments on
the TRECVID2003 database are shown in Table VI. Whereas
[10] shows a higher rate than that of the AuViFuse or
the AuViFuseValid algorithm, its associated low rate
brings about a much lower than that AuViFuse or
AuViFuseValid achieves. Thus, our algorithm provides a better
overall solution.

VI. CONCLUSION

This paper has introduced an audio-visual scene change de-
tection algorithm that uses a subspace created by a set of eigen-

audioframes that enable an enhanced representation of the back-
ground audio variations. A novel method for identifying scene
change candidate points, which is well-accommodated in this
particular subspace, has been employed. Audio scene change
indications were integrated with shot and scene change infor-
mation extracted from the visual information. These indications
were further validated by comparing various acoustic features
and the overall process was evaluated on news videos taken
from the well-established TRECVID2003 database in order to
enable consistent comparisons with past as well as future tech-
niques. The results are very promising as and
rates exceeding 80% and 91%, respectively have been attained.
Future research could aim at determining which subspaces are
more suitable for detecting specific video genres or types of TV
programming in order to achieve even higher detection results.
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