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ABSTRACT in shots’ and for each shot assigning a represen-
The organization of video databases according tative frame, ete.
to the semantic content of data, is a key point in Video shots, however, are usually inefficient to

multimedia technologies. In fact, this would allow convey semantic information. Depending on the
algorithms such as indexing and retrieval to work type of video material, shots can last 3-4 seconds

more efficiently. or less. For advertisements, usually, a shot lasts |
The segmentation of a video sequence into roughly 2 seconds; in the case of movies, it de-
scenes and the characterization of each scene has pends on the director, but rarely it lasts longer

been suggested as a technique for organizing video than a minute, and on the average about 10 sec.
information. Typically, this is performed by an- Further, a shot does not always coincide with a fi-
alyzing the video signal only. Human beings, on nite action of the movie; usually consecutive shots
the other hand, use hoth their visual and anditory are sermantically correlated to each other. Based
systems to perceive the semantics of a film. The on these considerations, it is clear that shots can-
associated audio signal can thus be useful to ex- not be used alone as a successful base for extract-
tract information which cannot be simply derived ing semantic features from a video sequence. For
from the sole analysis of the video signal or at least this reason, efforts have been recently devoted

to make the video processing more robust. in trying to segment video through a more ac-
In this work a technique which uses andio to- curate analysis and characterization of the im-
gether with video information is proposed in or- age sequence. In Yeung and Yeo [7], for exam-

der to improve the performance of existing scene ple, three major models of temporal events were
change detection algorithms. Tests are performed defined: dialogues, action and story units. A

on material coming from advertisernent and movie time-constrazned clustering was performed for au-
sequences. tomatic labeling of shots. Based on this clustering
1 INTRODUCTION the video sequence is analyzed for the extraction

g £ vid ts which fit one of the thr d-
In order to generate indices that can describe gsﬂ e el one Bl

a video sequence in terms of objects and their in-
teraction, attempts to characterize a sequence ac-
cording to the video content of data have been
proposed in the literature [6]. It is well known in
the image processing society how difficult is the
identification and the characterization of objects
in a video sequence as well as their tracking over
time. This is mainly due to the fact that no ro-
bust algorithm has been found for this purpose.
Therefore, a simpler way to operate has been to
determine the editing features such as cuts, fades
and dissolves that have been used in the compo-
sition process of the video material. Attempts to
extract these characteristics have been performed
n the past on compressed [3] or uncompressed (4]
material and using only video information. Ef
forts have heen devoted in segmenting the video

Only recently, the idea of jointly combine andio
and visual information for indexing and retrieval
purposes has become subject of research. In other
words, audio is used to retrieve information that
cannot be cbtainaed by the video processing, such
as presence of musie, number of speakers, ... Au-
dio can also be used to confirm the results of a
classification obtained by a previous video analy-
sis. For example, Patel and Sethi [8] have exam-
ined the potential of speaker identification tech-
niques for characterizing video clips in terms of
actors present in the scene. In other words, ase
suming to know the major actors present in the
video, the goal is to label all video clips with de-
seriptors indicating for each one the presence of
the different actors.

In our work, a possible general scheme for
“This work was partially funded by the Iralian Ministry
of the University, and of the Scientific and Technological A shot is define as the interval between the beginning

th. and the end of a camera record.
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Figure 1: General scheme for audio-visual scene
change detection.

AFE : Audio Feature Extractor

SCD : Shot Cut Detector

VFE : Video Feature Extractor

SDC : Scene Detection and Characterization.

jointly using audio and video information for scene
change detection and characterization is proposed.
An audio classification is suggested and scene
change detection is performed using the aundio
classification together with a shot cut detection
module. The number of audio classes has been
kept small for simplicity and applicability. Simu-
lation regults are very promising especially consid-
ering the wide range of multimedia material that
has been tested.

In the next section, the general scheme to com-
bine audic and video information is explained,
This section introduces also the simple audio
model being considered. Section 2 starts by ex-
plaining the proposed audio classification proce-
dure; it ends demonstrating its performance on
various type of simulation material. In section
3, the algorithm to identify coherent audio-visual
scenes using jointly video and audio processing
units is described. Finally, the performance of the
proposed “semantic” characterization of audie-
visual material are shown in section 4.

2 COMBINING AUDIO-VISUAL IN-
FORMATION

The goal is to segment video sequences accord-
ing to the semantic content of data. The segmen-
tation can be performed in two stages by identi-
fying first the shot cuts and then trying to merge
successive correlated shots.

For this purpose, we define a “scene” as a set of
one or more consecutive shots which are “seman-
tically” correlated. According to this definition of
a “scene”, the goal is to show that better scene
change detection can be obtained by jointly using
audio and video information.

A possible general scheme for jointly using au-
dio and video information for scene change detec-
tion and characterization is proposed in Fig. 1
On one side the video signal is first analyzed to
detect shot cut (SCD), then different characteris-
tic features of the shot (such as number of moving
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objects present in the shot, representative frames
of the shot, etc., ) are extracted (VFE),

On the other side, the audio file is processed
in order to extract acoustic or meaningful fea-
tures for interpretation purposes such as presence
of speech or music, number of speaker etc. (AFE).
Both audio and video processing unit outputs are
passed to a unique module (SDC) which tries to
combine the corresponding information in order
to merge shots having similar characteristics. For
example, a decision rule could be: when objects
identified in one shot are also present in the con-
secutive shot and the two shots exhibit the same
type of music, these will most likely belong to the
same scene; thus they can be grouped together,

In what follows, the focus is placed in the char-
acterization of the audio component. The liter-
ature has been placing a lot of attention on the
segmentation of video material into shots but little
research has been carried out so far in separated
audio signals into different classes.

An easy way to extract relatively abstract fea-
tures from an audio file is to simply group first
consecutive audio frames of 27 samples (typically
p ranges from 9 to 11) in segments that are of a
given class. That is consecutive frames are merged
into one segment as long as they are all recognized
as belonging to the same class, e.g. speech. Then
each segment is analyzed in order to extract other
features which are specific to that particular andio
class. For example, when speech segments have
been identified, = subsequent process can try to
recognize a specific speaker.

For the first type of audio processing that al-
lows to separate an audio file into a series of con-
secutive segments of one class, we assume the au-
dio signal be represented as a linear combination
of 4 types of fundamental signals: Silence (s[n]),
Speech (v[n]), Music (m[n]) and Noise (g[n]),
Le.

a[n] = a,s[n] + a,vn] + ammn] + aggin] (1)

Further, the assumptions for each signal category
are the following:

» Silence segments define those audio frames
which only contain a quasi-stationary background
noise, with a low energy content with respect to
surrounding signals belonging to other classes.

» Speech segments contain voiced, unvoiced and
plosive sounds [1].

= Music segments contain a combination of
sounds with peculiar characteristics of periodic-
ity.

= Noise segments correspond to all other cate-
gories, i.e. evervthing which was not classified as
one of the previous classes.

For simplicity, a segment will be classified in only
one of the previous categories, regardless if more
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Figure 2: Finite State Machine

than one class is simultaneously present in the
original signal. This choice is not as restrictive as
it appears as we are interested on extracting mean-
ingful semantic information for audio-visual scene
change detection (as it will be explained later).
This allows to place a certain prioritization in the
classification process. This may seem restrictive,
but in many cases it may turn out sufficient for a
high level analysis of andio-visual data. For exam-
ple, we believe that it is more relevant to recognize
talking people rather than if they are talking on
a silent or noisy environment. We thus simply
establish a priority in the classification process,
so that more relevant attributes are considered
first. For example, we do not want to classify as
“Noise” segments containing also speech. Accord-
ingly, Voice will have the highest priority, followed
by Music, then Noise and finally Silence.

3 AUDIO CLASSIFICATION PROCE-
DURE

Briefly, the audio classification is performed as
follows: first, the algorithm processes the audio
file in order to detect silence segments. Frames
which are not classified as silence are further pro-
cessed in order to discriminate voice from music.
Those frames which correspond neither to silence
nor to volee or music are finally labeled as noise,

3.1 Silence detection

Silence detection is performed with an algo-
rithm based on energy information [2] which uses
a Finite State Machine (FSM) (see Fig. 2). The
algorithm does not require any a priori informa-
tlon on noise characteristics. An initial training
must gccur in order to evaluate the statisties of
the background noise (local energpy mean and its
standard deviation). This is initially performed on
the first few seconds of the audio signal (typically
0.4 sec.) assuming that the audio signal starts
with silence and with audio frames of 512 samples
(44.1kHz sampling rate, 16 bit uniform quantiza-
tion). After the initialization procedure, the FEM
15 used to discriminate between silence and non
silence. The FSM has N+1 states (typically NV is
equal to &). State 0 corresponds to silence, state
N corresponds to non silence while states between
1to W =1 are intermediary states. The initial
state is by hypothesis set to 0 (i.e., the audio sig-
nal starts in silence). Every time the enerpy value
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of a frame falls below m + K = o, where m is the
background noise enerpy mean, o its standard de-
viation and K a constant (set to 0.4), there is a
transition from state 4 to state ¢ — 1 till state 0 is
reached. If the energy value is above the aforemen-
tioned threshold, there is a transition from state
i to state 1 + 1, till state N is reached. Frames
which belong to intermediate states are not classi-
fied until one of the two states (0 or V') has been
reached. These are then classified according to the
reached state. In other words, the FSM uses past
and future information, to reduce the possibility of
wrong classifications. In fact, due to the stochas-
tic nature of noise, there may be silence segments
with high energy values (In this case, noise is not
the surrounding non speech/music audio (gfn] in "
equation (1)), rather it corresponds to the elec-
tronic or quantization noise level). On the other
hand, voice or music segments may have low en-
ergy value. All this would result in a misclassifi-
cation if the energy information was uged without
the FSM, and its statistics were not locally esti-
mated. The more the states of the FSM, the less
sensitive the classification results to transient en-
ergy fluctuation.

3.2 Speech and music characteristies

Everything which has not been classified as si-
lence is further analyzed to identify speech and
music segments,

Speech segments present the characteristics
of being usually limited in frequency to about
& to 10kHz and they usually aliemate tonal
{~periodic) to noise-like segments and high to
low energies. On the other hand music segments
present the characteristics of covering a broader
range of frequencies with respect to speech: they
can go up to 20kHz or more. However, their en-
ergy is usually concentrated at low frequencies.
Further, they also present periodicity character-
istics over short intervals of time, but their pe-
riod can be larger than the period present on
voiced segments [3]. Besides, music segments do
not present as much tonal noise-like alternation as
speech segments do.

3.3 Speech and music detectors

Based on these considerations, our classifica-
tion procedure will use energy information, the
zero crossing rate (ZCR), a short-time autocorre-
lation measure and a contextual majorty based
decision key. The music/speech discrimination al-
gorithm is summarized in the block diagram of
Fig.3. The autocorrelation is used to detect the
periodicity of the signal over a short interval of
time [1], the short-time average ZCR is used to
measure the frequency content of the signal. The
contextual majority based decision is used to re-
duce the probability of misclassification.



Figure 3: Block diagram of music/speech discrim-
inator

Audio samples which do not belong to silence
segments are grouped, when consecutive, into
frames of M samples each (typically M = 1024,
i.e. ~ 23 msec) and for each frame a short-time
autocorrelation function is evaluated as follows:

R[] = Z afi]wli = nlafi + kjwfi —n + k]
N @
where win] is a rectangular window of length M
1 0<snE<M-1
vint= { 0 otherwise (3

The short-time antocorrelation has been used to
evaluate what we define as the periodicity content
of an audio frame. For each function the second
major peak Rn[k] with

k = argmaXicy o +1...a0—1 Rnli] (4)

is detected (ip is typically set to the position
of the first local minimum of Ra.[i]). The ratio
Ap = Rn[k]/Ra[0] is then calculated. A, provides
a measure of the periodicity content of the pro-
cessed frame. The higher the ratio A., the higher
the periodicity content of the frame. Frames hav-
ing A, > 0.5 are considered periodic. Speech
frames having periodicity characteristics usually
lead to high 4, values. Unfortunately also music
frames can have high A, values. To discriminate
between music and speech segments, a short-time
average ZCR is used at this point. The short-time
average ZCR function is defined as:

ZCRln) = 55; 3 lson(afi)=sgn(ali~1}wfi-n]

= —00
(5)
where sgn(.) is the regular sign function.
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In fact, ZCR values of music segments exhibits
a smaller variation when compared to speech seg-
ments [3]. The ZCR is therefore evaluated on con-
secutive periodic frames and on frames which are
not considered periodic (A, < 0.5) but which are
surrounded by periodic ones (in order to allow for
a context majority based decision as indicated pre-
viously). The mean and the standard deviation of
the ZCR is estimated over a period of 50 such con-
secutive frames or less (if the number of consecu-
tive periodic frames is less than 50). If at least one
of those frames has a ZCR value greater than its
mean plus L times the standard dewviation (with
L typically equal to 2}, the entire group of frames
is labeled as a speech segment. It is labeled as
music otherwise. Finally, all frames which have
not been labeled so far are resized so as to con-
tain 2048 samples each. The corresponding A,'s
are then calculated and those with A, > 0.5 are
considered periodic and labeled as music again.
Frames which are not periodic but which are sur-
rounded by periodic frames are also labeled as mu-
sic frames, to allow again for the context major-
ity based decision. This new computation of A,
has been performed for those music frames which
have a larger period than previously (a pecular
characteristics of musie, as indicated in the previ-
ous paragraph), and which could not be detected
when using a rectangular window of 1024 sam-
ples for computing the short-time autocorrelation
function defined in equation (2).

All frames which have not been labeled 50 far
are finally classified as noise.

3.4 Performance of the audio classification
Simulations were carried out on:

Al 15 min. of audio containing silence and
speech recorded in a silence environment;

A2 15 min. of audio containing classical music;

A3 10 min. of audio extracted from the “Pulp
fiction” movie. All of them had a CD andio
quality (44.1kHz sampling rate and 16 bits).

Results are shown in Tables 1 to 3. Performance of
the proposed classification process are quite satis-
factory. It should be noted that misclassifications
in Al and A2 mainly occurred at the boundary
of different audio segments. Further, the singing
segments of the A3 audio fles were mostly recog-
nized as speech. Further studies could lead to a
more specific decision by explicitly trying to iden-
tify such peculiar mixture of music and voice.

4 INTEGRATION OF VIDEO AND AU-
DIO

On one hand, the audio signal is segmented us-

ing the procedure explained in the previous sec-



{ [ Silence | Music | Speech | Noise
[32% silence | 95.5% | 0% | 4.5% | O%
[~ 0% music | 0% ﬂ_‘i'?’n:]"_ Uéj"_q_ﬂ?‘f_
68% speech | 6% | 0% | 94% | 0% |
=R ar Az
Table I: Al audio classification results

['_ = Silence | Music | Speech | Noise |
(107 silence | 98% | 2% | 0% | u%"1
T-EUEML music [ 10% | 89% 0% i% |
| 0% speech 0% 0% 0% 0% |
| O%moise | 0% | 0% | 0% | 0% |

Table 2: A2 audio classification results

tion, on the other hand, the video signal can be
segmented in shots using one of the techniques
proposed in the literature [4, 5, 6]. In our work,
shot cuts were identified by hand. This choice
was dictated by the idea of having a 100% reli-
able shot cut detector. Possible errors of the shot
cut detector might have affected the overall evalu-
ation of our scene characterization procedure per-
formance. The idea was to estimate the effective
improvement that audio analysis and classification
was bringing for scene identification.

Now, let us see how the audio classification to-
gether with the shot cut detection can be used
to help detecting scene changes. We have noticed
that the strategy and performance largely depends
on the type video material, because of the specific
composition strategies that are used for each type
of audio-visual material.

In the case of video advertisements, it may be
reasonable to consider each advertisement as a sin-
gle scene. A scene change corresponds therefore
simply to a change of advertisement. It was sta-
tistically noted that this one occurred in presence
of a joint occurrence of a shot cut (video) and of a
silence segment (audio). Therefore, a joint occur-
rence of silence and shot cut was used to recognize
different scenes (i.e. different advertisement) with
a high probability of being correct. In Fig. 4, a
scene (advertisement) change occurs while in Fig,
5, there is only a shot cut: both audio signal and
iconized video frames are shown to demonstrate
the consideration made previously.

__ | Silence | Music EpEefh [ Noise
10% silence 06% 1% 3% 0%
| 25% music | 6% 8% | 2% 5% |
3T% speech | 3% % | 95.5% | L.5% |
8% nose | 0% | 0% | 0% | 100% |
WK MES | 0% | 11% | 52% | %

Table 3: A3 classification - M&S, music & singing,

Figure 5: Cut inside the same advertisement

In the case of movies, TV broadcast news, TV
shows or documentaries, the joint occurrence of
shot cut and silence rarely indicates a change of
topic, allowing poor diserimination of scenes. Rea-
sonable performance to characterize movies can be
reached instead by merging successive shots ex-
hibiting the same type of audio signal, on both
sides of the shot cut. To be more specific, assum-
ing that the sequence of images (video) has been
decomposed in a sequence of shots S, identify-
ing different camera records, the following strat-
egy was used:

» when S; and 5,4+, exhibit the same type of au-
dio signal, they are merged to form a single
scene; however, it was noticed that this cor-
respondence must occur for some period of
time, When two adjacent shots contain dif-
ferent classes of audio, they are not merged if
the the same audio signal class oecours across
the shot boundary between the two shots only
for a few seconds (up to 5 seconds), and then
changes.

« when 5; and S;y, exhibit the same class of
audio signal except at the boundary across
the two shots, it is expected that they belong
to different scenes;

* when 5; and Si;; exhibit different types of
audio classes across the shot boundary, it was
expected that clearly define different scenes.

5 SIMULATION RESULTS

One hour of advertisement material was ana-
lyzed using the SDC by looking for joint occur-
rences of shot cut and silence, as described in the



previous section. 100% of the scenes (i.e. adwver-
tisements) were properly detected, with a 3% ra-
tio of false alarm (1 out of 20 scene changes did
not correspond to real advertisement changes). In
these simulations, the shot to scene ratio equal to
| B o 45

20 minutes of the “First Knight” movie were
analyzed and shots were merged whenever they
exhibited the same class of audio across video shot
boundaries according to the procedure described
in the previous section. 98% of adjacent shots ex.
hibiting different classes of audio signals across the
shot boundary belong to different scenes. 93% of
adjacent shots having different classes of audio sig-
nals across the shot boundary were detected, 97%
of which corresponded to effective scene changes
while 3% were wrongly split. 76% of adjacent
shots showing the same class of audio signal across
the shot boundary belong to different scenes. 95%
of adjacent shots having this type of andio charac-
teristic were identified. 78% of them corresponded
to effective scene changes while 22% of them were
wrongly separated. 67% of adjacent shots hav-
ing the same class of signal, even across the shot
boundary, belong to the same scene. 89% of ad-
Jjacent shots having this type of audio character-
istic were detected. 60% of them corresponded
effectively to the same scene while 40% of them
corresponded to different scenes, thus resulting in
a miss of scene change detection. This strategy
worked remarkably well in the case of music.

In the case of speech, a further analysis to iden-
tify features like change of speaker, would have
improved the overall system performance. The
identification of dialogue situations both in terms
of visual and phonetic correspondences should im-
prove the identification of semantically meaningful
scenes.

One hour of a national geographic documen-
tary was tested. 82% of adjacent shots exhibiting
different types of audio signals across shot bound-
aries belong to different scenes. 90% of such occur-
rences weare detected, 93% of which corresponded
to effective scene changes while the remaining 7%
did correspond to the same scene, thus determin-
ing false alarms. 50% of adjacent shots having
the same type of audio signal but across the shot
boundary belong to the same scene. 98% of adja-
rent shots having this type of audio characteristic
was detected, 50% of which corresponded to effec-
tive scene change while the other half should not
have been separated. TB% of adjacent shots hav-
ing the same type of audio signal, even across the
boundary, belong to the same scene, thus the other
22% resulted in false alarms. 92% of them were de-
tected, 90% of which were correctly merged, while
the other 10% were improperly grouped. The
scene to shot ratio was 1 : 6, when considering
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only regions that had been merged.

6 CONCLUSION

We have shown in this paper how scene identi-
fication and characterization can be performed us-
ing jointly audio and video information. We have
used a simple audio model and classification strat-
egy together with a shot cut detector to achieve
2 good segmentation. Improvements may be ex-
pected if a further analysis on the audio and video
signals is performed and if a deeper relationship
between audio and video is exploited. The advan-
tages of the proposed strategy lie in its simplicity
though obtaining relatively accurate results. EE
forts need to be further devoted to improve the
audio classification strategy and extensively carry
out simulations to determine its performance aver
large samples of audio material,
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