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Abstract

In this paper, we present the ap-
plication of the general scheme of
Knowledge Discovery to Multimedia
data. In particular, we discuss the
extraction of structures from video
news. Concrete results are pre-
sented for the extraction of knowl-
edge based on color properties (of
characteristic video images) using a
fuzzy decision tree based method.

Keywords: Multimedia mining,
Video, Fuzzy decision trees.

1 Introduction

On the one hand, the growth of video data
has caudsed a corresponding need to analyze
and exploit them. Perfect examples of this
increase are the availability of video news on
the web, or the selling of video tape recorders
that saves video data directly on a hard drive.
Traditionally, it appears that the user tends
to interact with this kind of objects in order
to obtain what he wants or even to personal-
ize it. Unfortunately, today, this can be only
done by using elementary text queries. Fur-
thermore, the general approach is an informa-
tion retrieval context, where the aim is to find
specific and previously indexed informations
and not a new kind of knowledge [14].

On the other hand, in the recent years, fuzzy
data mining introduces new methodologies to
extract and discover fuzzy knowledge from ei-
ther classical or fuzzy data repositories. It
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leads to the improvement of the knowledge
discovery process that enables us to offer more
comprehensive discovered knowledge, and to
enhance its capabilities to handle numerical or
fuzzy data [16]. Thus, it appears natural and
promising to link fuzzy data mining with mul-
timedia data that leads to fuzzy multimedia
mining, an extension of the recent multime-
dia data mining [17]. For instance, an appli-
cation resides in mining video news to extract
meaningful and useful information (topic of
a sequence, persons involved in a video,...),
and providing the user with either personal-
ized or browsable (structured) news. Here,
a new problematic arises since a lot of infor-
mations can be extracted from video: texts,
images, sounds, temporal data, metadata,...

A solution lies in providing a flexible and au-
tomated data-mining tool which will induce
knowledge from all kinds of data. A particu-
lar instance of such tools is the fuzzy decision
tree based algorithm [16].

It can be noted that video data indexing is a
kind of extraction process already known in
multimedia. Existing literature on video in-
dexing implicitly defines video indexing as the
process of extracting the temporal location of
a feature and its value from video data [6].
However, indexing is generally done manually,
and the growth of video data and the demand
for new applications with finer grain access to
video, highlight the fact, that an automation
of the indexing process becomes essential.

In this paper, we first present in Section 2
the general framework of knowledge discov-
ery in the case of multimedia systems. We



present the adapted scheme going from mul-
timedia data to knowledge. We also present
tools available to fulfill this goal. In Section
3, we focus on the particular case where the
knowledge to be extracted is the structure of
a video news. Section 4 illustrates practically
the versatility of our approach by mining color
features from key-frames.

2 Multimedia data mining

Knowledge Discovery from Data (KDD) was
introduced by Fayyad, Piatetsky-Shapiro and
Smyth at the beginning of the nineties [9].
Taking into account the polymorphism of
multimedia data, Multimedia Data Mining
(MDM) was recently proposed as a new topic
of research [13, 17, 26, 22].

Since mining is completely linked to the kind
of data, a basic approach is to separate the
different media channels (Figure 1). By do-
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Figure 1: Multimedia data mining: an ap-
proach

Yarious Media:

- Viisual spatial content

- Visual temporal content
- Audio

- Text

ing this, the classical knowledge discovery
scheme is modified by introducing two ad-

ditional steps: the extraction of the various
media (spatial, temporal, audio...) [2] at the
beginning of the process in order to highlight
various streams of data, and eventually the
aggregation of the specialized knowledge ob-
tained from each stream.

Visual spatial content. A representative
image can be easily extracted from the video
stream. From this image, several features can -
be extracted.

The color feature of an image is typically rep-
resented by histograms. The tezture feature
describes the contrast, the uniformity, the
coarseness, the roughness, the frequency, the
directionality, in the image. The sketch fea-
ture gives a representation of the image con-
taining only outlines of objects. The shape
feature describes global features in the image
as the circularity, eccentricity and major axis
orientation, but also local ones such as for
instance point of curvature, corner location,
turning angles and algebraic moments.

Visual temporal content. Another im-
portant characteristic of a video is its tem-
poral aspect.

The camera motion describes the real and fac-
tual movement of the camera. It is usually ob-
tained either by studying the optical flow by
dividing the video in several regions [24] or
by studying the motion vector [18]. The ob-
Jject motion describes the trajectory obtained
by tracking one object on the screen [15, 21].

Audio content. From the audio stream, we
can extract the following basic characteristics.

The loudness is the strength of the sound, de-
termined by the amplitude of the sound wave.
The frequency translates what we perceive as
pitch. The timbre is the characteristic distin-
guishing sounds from different sources.

More sophisticated characteristics can be ob-
tained as for instance speaker,tracking and
noise, silence and speech segmentation.

Another interesting feature is to recognize
when noise, music, speech, or silence is pre-
dominant. Various approaches exist such as
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the use of expert systems [5] or hidden Markov
chains [1].

Text content. The text can bring out very
useful knowledge. A lot of research has been
done in order to extract (or synchronize) some
text when it is not available. Another inter-
esting challenge is to extract the written in-
formation appearing on the screen. The idea
is to locate the text on the screen and then
to recognize it. It is to notice that very often
the synchronized text is available and can be
exploited (for instance subtitles on a special
channel).

3 Discovering structures in video
news

In order to extract structures from video

news, we instantiate the multimedia knowl-
edge discovery scheme (Figure 2). Here the
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Figure 2: Finding structures in video

multimedia input is the video containing the
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news. The extracted contents are the text,
the audio, the camera movements and repre-
sentative frames (images).

By analogy with existing methods in dis-
tributed data mining [12, 23], we proposed
here an approach to mine each of these me-
dia separately. The main idea is to extract
knowledge from the whole kind of available
data and to bring up a collaborative process
where each kind of data will help to extract a
global structure (see Figure 2).

For instance, in video news, changes of sub-
ject (and sometimes the subject itself) of re-
ports can be extracted from the spoken text.
Using the audio file, significant silence (music
or/and voice) periods should be highlighted,
that may indicate wanted pauses of the news
host (or editor) underlining the news struc-
ture. The type of camera motion may also
be useful to confirm or recognize the type
of shot!: host talking, violent movement of
crowds, war scenes,...

Finally, representative images of each shot (ie.
key-frames) can be used to discover if the
host, a map or a correspondent appears on
the screen. Such information enables us to
understand the structure of the news. We can
also detect the key-frames containing inlayed
texts that have some important information
(that could be extracted) and that announce
the beginning or the end of a semantic unit.

Fuzzy decision trees. In a multimedia
framework, a versatile data-mining tool is
necessary. In our application, we use a fuzzy
decision tree learning algorithm in order to
obtain rules that summarize and explain the
data: the software Salammbé is able to han-
dle numerical input, and constructs fuzzy de-
cision trees [3, 16]. The advantage of using
fuzzy decision trees resides in the fact that
they represent a natural and understandable
knowledge: a fuzzy decision tree is equivalent
to a set of fuzzy IF...THEN rules.

'We recall that a shot is a sequence of images on
which there is no change of camera.



4 Mining color features

To illustrate one of the branches of the mul-
timedia mining scheme (Figure 2), we focus
here on the mining of knowledge from video-
news key-frames.

4.1 Extraction of key-frames

In this application, we start from a set of key-
frames extracted per shot.
the set contains characteristic features (col-
ors) from the sequence of video frames in one
shot. The advantage of working with key-
frames is to reduce the image processing to
one image per shot (against 25 times length
in seconds of the shot).

Classical techniques used to find shots are in
the uncompressed domain based on pixel-wise
or histogram comparison [10]. In the com-
pressed domain [27] they are based either on
coefficient manipulations as inner product or
absolute difference or on the motion vectors.
Then the key-frames are usually extracted
with the simple heuristic that consists in tak-
ing the first or the tenth frame [27]. More
sophisticated methods look for local minima
of motion or significant pauses [25].

In our application, we use previous works re-
alized by the multimedia group of the LIP6 to
work on the uncompressed domain (7, 8, 19,
20].

4.2 Vectorization of key-frame colors

In a second step, the set of colors from a key-
frame is vectorized in order to obtain a global
set of vectors to compare key-frames.

Given a reference palette of colors (for in-
stance a palette of 64 or 256 colors obtained
by discretizing equally the RGB space), an
histogram of the frequencies of each color is
computed for each key-frame (here, a key-
frame is an image in gif format with its 256
specific colors). It enables us to obtain a vec-
tor in a reference space (defined by the colors
of the reference palette) for each key-frame.
To compute this vector, each original color in
the palette of a key-frame is projected (using

Each image of

a euclidean distance) in the HSV color-space
to the reference palette of colors (Figure 3).
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Figure 3: Color palette transformation

4.3 Experimentations

Fach key-frame enables us to construct a vec-
tor which can be considered as a training ex-
ample. Thus, from an original set of key-
frames, a training set can be composed to
feed the Salammbé software and give rise to
a fuzzy decision tree.

In order to show the versatility of the ap-
proach, three different mining problems have
been considered (all related to the extraction
of the structure). In the following we present

1004



these problems and the obtained results.

4.3.1 Discovering the presence of
inlays in a key-frame

Inlays that appear on the TV screen are very
often hints for the structure of the video news.
They often appear when a new person is pre-
sented or when a report related to a sub-
ject will end (names of the correspondents).
They usually consist in a square or a rectangle
that frames some text. We assume that one
color (or color proportions) usually remains
the same over the journals of one channel.

We have conducted several mining experi-
ments in order to determine if colors are dis-
criminant for the detection of inlays. A train-
ing set has been composed with 176 vectorized
key-frames, each vector has been assigned to
the class (with or without inlays) of the key-
frame.

A first experiment was conducted with the
whole training set and the reference palette
composed by 64 colors. The root of the fuzzy
decision tree constructed is the white color at-
tribute (the major background color of inlay
key-frames). The first part of this tree is given
in Figure 4. This result points out that only a

Fuzzy decision tree by Salammbd (Inlay recognition)

(Each test is associated with a fazzy velue. The numerical value is the mean velue of the slope of
the fuzzy value).

€+ Q2 PercenOrWhite loss thom 18.98
B W PercentOS eagreen less than 0.08
B PercentOfWhite less then 275
3] Key-frame without inlays
£} Nl PercentOfWhite greater than 2.75
& 2 percentOtLightpink Less tan 0.40
@ Key-frame without inlays
& U PercentOfLightpink greater than 0.40
Rey-frarae with inlays
=@ PezcentOfSeagreen greater than 0.08
B PeroentOfWhite less then 986
' PercentOfWhite greater than 9.85
B (2 PercemOrWhite greater thom 18.98
= PercentOfGrey less than .62
2 PercentOfSkyblue less than 0.46
B PercentOSkybine greater than 0.46
EHR percentOfOrey greater than 162
@e PercentOfBlack less than 0.05
B PercentOBlack grester then 0.05

Figure 4: Part of the fuzzy decision tree for
the recognition of inlays

few number of colors is needed to discriminate
inlay key-frames.

Taking into account this result, a second ex-

periment was conducted to evaluate the im-
portance of the number of colors of the refer-
ence palette. A training set was constructed
with the 176 vectorized key-frames for each
size of reference palette (16, 64, 256 or 512
colors). A cross-validation was conducted by
splitting the training set into 4 subsets, each
one with 22 examples of each class. A train-
ing was done using simultaneously 3 of these
4 sets, the fourth one was used as a test set,
and so on. Results are presented in Table 1.

Table 1: Inlay recognition with various
palette sizes.

Palette size | Accuracy
16 colors 64.2%
64 colors 81.25%
256 colors 79.55%
512 colors 79.55%

They highlight the fact that only a minimal
set of colors is required. It can be explained
by the fact that an inlay is often a big pat-
tern with a predominant color, thus there is
no need in increasing the colors of the palette
to obtain better results in accuracy. However,
there is a minimum size for this palette: a few
number of colors will lead to wrong projection
to the reference palette.

Finally, a third experiment was conducted to
position the Salammbo algorithm with regard
to other learning algorithms? for the detec-
tion of inlays. In Table 2, the accuracy
to recognize inlay key-frames or normal key-
frames of each tested algorithm is indicated.
We present also their precision and recall val-
ues for each kind of key-frames, and the build-
ing time® of the learning model. In this kind
of applications, the recall and precision val-
ues of the model are often as important as
the accuracy of the model: it is important to
perfectly recognize at least one kind of key-
frames. We can observe that the fuzzy de-

*These tests have been done thanks to the free
software Weka from the University of Waikato (NZ)
(http://www.cs.waikato.ac.nz/ ml/weka/).

3Building times are given in seconds and are valued
with a Sun Ultra 5 station.
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Table 2: Results for inlays recognition (64-colors palette).

Method Accuracy With inlays Without inlays | Building
Recall Precision | Recall Precision time
Salammbo 81.25% 0.875 0.778 0.75 0.857 1
Naive Bayes 54.55% 0.386 0.567 0.705 0.534 0.4
Voted Perceptron 71.59% 0.705 0.721 0.727 0.711 0.6
Weka J48 (C4.5) 78.41% 0.75 0.805 0.818 0.766 1
Decision Table 82.95% 0.864 0.809 0.795 0.854 3.3
AdaBoost (Weka J48) 85.8% 0.864 0.854 0.852 0.862 5.6
Neural Network 80.11% 0.841 0.779 0.761 0.827 322

cision tree based method is not only among
the methods with the higher accuracy, but
also, presents high recall and precision rates
for inlays recognition. Moreover, it appears
that the construction of fuzzy decision trees
by Salammbd is also among the low time con-
sumer methods, an important property for
multimedia applications. This, in addition
of the understandability of the fuzzy decision
tree model, Salammbé presents better accu-
racy and quickness ratio than other presented
numerical methods.

4.3.2 Discovering errors in the shot
detection

The shot detection algorithms are usually
very sensitive. The idea is to be sure not
to miss any shot change. The drawback of
this approach is the over-segmentation of the
video. For instance, the appearence of inlays
is often the cause of splitting a single shot into
two separate shots.

Thus, we have conducted an experiment to
discover when two successive key-frames are
part of the same shot. Here, the training set
was constructed as follows. A first group of
training examples was composed by two suc-
cessive key-frames from the same shot. A
second group was composed by two succe-
sive key-frames from different shots. Each
key-frame is vectorized in a 64 colors palette,
the two vectors are merged to obtain a single
training example with 128 features.

At this point, we expect to find rules trans-
lating the similarity. But, the built fuzzy de-

cision tree highlights that the most discrimi-
nant approach is to detect the increase of the
proportion of a particular color: the dominant
color of inlays. This rule suggests that after
a classical shot detection (based on similari-
ties), the accuracy of the shot detection can
be enhanced using the color dissimilarity be-
tween successive key-frames.

In this experiment, the mean accuracy with

cross-validation of fuzzy decision trees is
78.26%.

4.3.3 Discovering host, diagram,
correspondent

An important hint about the structure of the
news is to detect the appearence of either the
host, an explanatory diagram, or a correspon-
dent (not in the studio). Thus a last experi-
ment was conducted in order to recognize the
presence or non-presence of the host speaker
in a key-frame.

As in previous experiments, a trainirfg set was
constructed. A first group of training exam-
ples was composed by key-frames where the
host appears. A second group was composed
by key-frames without host. Each key-frame
is vectorized in a 256 colors palette which is
the best size for this experiment.

The most effective fuzzy rule to recognize if we
are in presence of the host (or not) is to detect
the color of the host’s backgrou’ﬁd (presently,
one blue color). This rule points out that the
best way to know if we are in presence of the
host is to look if the scene takes place in the
channel studio. The accuracy of the fuzzy de-

1006



cision tree here is 88%.

4.4 Discussion

For this three different problems, the ex-
tracted knowledge is in the form of three sem-
inal rules. For the first one, the system sug-
gests to detect a large proportion of a single
color, putting forward that all inlays have sim-
ilar colors.

This basic problem and its result have been
used to conduct some experiments relative to
colors and some comparisons with other learn-
ing systems have been done, which point out
that the Salammbé software, is particularly
successful taking into account time, accuracy,
recall and precision.

For the other two problems our knowledge dis-
covery system extracted two astounding rules:

e in order to detect the presence of a host,
focus on the background, which corre-
sponds to discern if the scene was taken
in the studios. So, this rule suggests not
to look at the host to detect the presence
of a host.

in order to ameliorate the shot detection
(which is naturally based on similarity) it
is recommended to look at the differences
between key-frames. More precisely, the
rule suggests that an inlay has been de-
tected, implying at the same time that
this is actually the cause of the errors.

5 Conclusion

In this paper, we presented the general scheme
of the multimedia knowledge discovery in the
case of multimedia systems. We applied it
to the extraction of knowledge in the form of
video-news structures. We used fuzzy deci-
sion trees, because of the simplicity and the
understandability of the extracted rules.

Practically we focused on key-frame color
mining in order to notice important structural
hints as for instance the appearence of impor-
tant informations on the screen, the presence
of the host, or also correcting possible mis-
takes in the shot detection.
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This is a first step in the multimedia mining
of a video. The next step is to continue the
mining of visual contents as for instance the
texture and also the mining of structural con-
tent. We will further mine the other medias
(sound, text, etc.) in order to complement the
hints in a final step.

Other future work will consider a more global
approach to mine the media jointly. Exploita-
tion and combination of information from
each tool will be done during the process of
data mining and not only at the end of each
process.
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