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ABSTRACT

In this paper, we propose a general framework for real
time video data mining to be applied to the raw videos
(traffic videos, surveillance videos, etc.). We investigate
whether the existing techniqueswould be applicableto this
type of videos. Then, we introduce new techniques which
are essential to process them in real time. The first step
of our frame work for mining raw video data is group-
ing input frames to a set of basic units which are relevant
to the structure of the video. We call this unit as seg-
ment Thisis one of the most important tasks since it is
the step to construct the building blocksfor video database
and video data mining. The second step is characterizing
each segment to cluster into similar groups, to discover un-
known knowledge, and to detect interesting patterns. To
do this, we extract some features (motion, object, colors,
etc.) from each segment. In our framework, we focus on
motionas a feature, and study how to compute and repre-
sent it for further processes. The third step of our frame-
work is to cluster the decomposed segments into similar
groups. In our clustering, we employ a multi-level hier-
archical clustering approach to group segments using cat-
egory and motion. Our preliminary experimental studies
indicate that the proposed framework is promising.

KEYWORDS: Multimedia Data Mining, Video Segmen-
tation, Motion Extraction, Video Data Clustering

1. INTRODUCTION

Data mining, which is defined the process of extracting
previously unknown knowledge, and detecting interesting
patterns from a massive set of data, has been a very active
research. Asresults, several commercial products and re-
search prototypes are even available nowadays. However,
most of these have focused on corporate data typically in
apha-numeric database. Even though relatively less re-
search has been performed, very interesting and important
studies and systems have been published in the areas of
multimedia data mining.

Multimedia data mining has been performed for the
different types of multimediadata; image, audio and video.

An example of image dataminingis CONQUEST 1] sys-
tem that combines satellite data with geophysical data to
discover patterns in global climate change. The SKICAT
system [2] integrates techniques for image processing and
data classification in order to identify 'sky objects’ cap-
tured in a very large satellite picture set. The MultiMe-
diaMiner[3] project have constructed many image under-
standing, indexing and mining techniquesin digital media.
An example of video and audio data mining can be
found in Mining Cinematic Knowledgproject [4] which
creates a movie mining system by examining the suitabil-
ity of existing conceptsin datamining to multimedia, where
the semantic content is time sensitive and constructed by
fusing data obtained from component streams. A project
[5, 6] analyzing the broadcast news programs has been re-
ported. They have developed the techniques and tools to
provide news video annotation, indexing and relevant in-
formation retrieval along with domain knowledge in the
news programs. A data mining framework in audio-visual
interaction has been presented [ 7] to learn the synchronous
pattern between two channels, and apply it to speech driven
lip motion facial animation system. The other exampleis
a system [8] focusing on the echocardiogram video data
management to exploit semantic querying through object
state transition data modeling and indexing scheme. We
can find some multimedia data mining frameworks|[9, 10,
11] for traffic monitoring system. EasyLiving [12, 13] and
HAL [14] projects are developing smart spaces that can
monitor, predict and assist the activities of its occupants by
using ubiquitous tools that facilitate everyday activities.
As mentioned in the above, there have been some ef-
forts about video data mining for movies, medical videos,
andtraffic videos. Generally, there arethreetypes of videos;
the produced, the raw, and the medical video. The exam-
ples of produced video are movies, news videos, dramas,
etc. And, those of raw video are traffic videos, surveil-
lance videos, etc. Ultra sound videos including echocar-
diogram can be an example of the medical videos. In fact,
the developments of complex video surveillance systems
[15] and traffic monitoring systems [10, 11, 16, 17, 18]
have captured the interest of both research and industrial
worlds recently due to the growing interest availability of



cheap sensors and processors at reasonable costs, and the
increasing safety and security concerns. As mentioned in
the literature [9], the common approach in these works is
that the objects (i.e., person, car, airplane, etc.) are ex-
tracted from video sequences, and modeled by the specific
domain knowledge, then, the behavior of those objects are
monitored (tracked) to find any abnormal situations. What
aremissing in these efforts arefirst, how to index and clus-
ter these unstructured and enormous video data for real-
time processing, and second, how to mine them, in other
words, how to extract previously unknown knowledge and
detect interesting patterns.

These different types of videos need to be treated dif-
ferently to achieve these missing parts due to their differ-
ent characteristics. In this paper, we propose a general
framework for video data mining to be applied to the raw
videosin real time We investigate whether the existing
multimedia data mining techniques would be applicable
to this type of videos. Then, we introduce new techniques
which are essential to processthem in real time. Figure 1
is showing the proposed framework which can be summa-

rized as follow.
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Fig. 1. Proposed Framework for Video Data Mining

e The first stage (Stage 1 in Figure 1) of our frame

work for mining raw video data is grouping input
frames to a set of basic units which are relevant to
the structure of the video. This is one of the most
important tasks since it is the first step to construct
the building blocks of the video database, and to
convert videos from raw materials to datawith se-
mantic information. In general, the most widely
used basic unit in produced videos (i.e., movies, news
videos) is a shotwhich is defined as collections of
framesrecorded from asingle cameraoperation. Raw
videos are usualy recorded from asinglefixed cam-
era or multiple cameras with very limited camera
motion without any camera on-off. Therefore, the
concept of the shot is not relevant since whole video
would be a shot by the above definition. In this
paper, we investigate how to group the incoming
frames into meaningful piecesin real time process-
ing in which the traditional concept of shot is not
applicable. Thispieceiscaled as segmento distin-
guish from shot. In addition to this linear decompo-
sition, we build ahierarchical structure of segments.
Therefore, we call our segmentation as hierarchical
segmentatioyand each segment is classified into the
different category. Another advantage of this hier-
archical segmentation is that it can give us various
lengths of summaries for incoming videos automat-
icaly. More detail will be discussed in the next sec-
tion.

The second stage (Stage 2 in Figure 1) is charac-
terizing each segment to cluster into similar groups,
to discover unknown knowledge, and to detect in-
teresting patterns. We need to extract the features
such asmotions, objects, colors, etc., to characterize
these segments. Not only the features themselves
but also how to represent them in comparableforms
is very important because we need to compare the
decomposed segments to characterize them as men-
tioned in the above. For our framework, we consider
three features (motions, objects, colors) extracted
from each segment. Among these features, motion
is investigated in this time, and the other features
will be studied in near future. To extract motions,
we use an accumulation of quantized pixel differ-
ences among al frames in a segment [19]. As a
result, accumulated motions of segment are repre-
sented as atwo dimensional matrixThe technique
to compute motions is very cost-effective because
an expensive computation (i.e., optical flow) is not
necessary. Because the motions are represented as
a matrix, comparison among segments is very effi-
cient and scalable.

The third stage (Stage 3 in Figure 1) of our frame-
work is to cluster the decomposed segments into



similar groups. In our clustering, we employ amulti-
level hierarchical clustering approach to group seg-
ments with similar categories in the top level, and
similar motionsin the bottom level. We use K-Mean
algorithm and cluster validity method [20] duetoits
simplicity and efficiency. This clustering is a fun-
damental step for future knowledge discovery and
pattern detection.

e Thenext stages (Stage4 and 5in Figure 1) are actual
mining of raw video sequences processed through-
out the above three stages, and video data compres-
sion for storage of these raw videos. The Meta Data
& Knowledge Basein the figureisamoduleto store
the results from each stage and provide the neces-
sary informationto the stages. The example of knowl-
edge and patterns that we can discover and detect
are object identification, object movement pattern
recognition, spatio-temporal relations of objects, mod-
eling and detection of normal and abnormal (inter-
esting) events, event pattern recognition. We plan
to develop techniques to perform the above mining
tasksin near future. Also, asuitability and availabil-
ity of various video compression techniques includ-
ing MPEG will be investigated to store these video
datain database physically.

The remainder of this paper is organized as follows.
In Section 2, we describe a technique to group incoming
frames into segments. A motion feature extraction tech-
niqueisdiscussed in Section 3. In section 4, we propose a
multi-level hierarchical clustering approach to group seg-
ments based on the categories, and the motions. The ex-
perimental results are discussed in Section 5. Findly, we
give our concluding remarksin Section 6.

2. VIDEO SEGMENTATION

In this section, we discuss the detail of the technique to
group theincoming framesinto semantically homogeneous
pieces by real time processing (we called these pieces as
‘segments’ as mentioned in the previous section). Wefirst,
look at the existing video partitioning techniques based
on the concept of "shot’ to figure out what the limitations
and the problems they have when they are applied to raw
videos in which the definition of shot cannot be applica-
ble. Then we introduce a novel technique to decompose
this type of videos.

2.1. Existing Techniques for Video Segmentation

In many literatures, the process for video segmentation is
referred to as shot boundary detectio(GBD) in genera
since they dealing with shot as a unit for segmentation.
This SBD has been an area of active research. Many tech-
niques have been developed to automatically detect tran-
sitions from one shot to the next. These schemes differ

mainly in the way that the inter-frame difference is com-
puted. The main idea of these techniques is that if the
difference between the two consecutive frames (see Fig-
ure 2(a)) is larger than a certain threshold value, then a
shot boundary is considered between two corresponding
frames. The difference can be determined by compar-
ing the corresponding pixels of two images [21]. Color
or grayscale histograms can also be used [22]. Alterna
tively, a technique based on changes in edges has aso
been developed [23]. Other schemes use domain knowl-
edge [24] such as predefined models, objects, regions, etc.
Hybrids of the above techniques have also been investi-
gated [25, 26, 27, 28, 29].
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Fig. 2: Frame Comparison Strategies

However, this technique is not working for the raw
videos in which there is little camera motions in most se-
quences. Thedotted curvein the bottom of Figure 3 shows
the color histogram differences between two consecutive
frames in a raw video sequence. Note that this sequence
was taken from a crowded hallway in abuilding, and digi-
tized as 5 frames per second. Asshown by thiscurve, there
is not much difference between two consecutiveframes. In
fact, most of them are less than 10 %. In other words, if
we use the differences between consecutive frames, most
framesareto be considered asvery similar. Therefore, itis
difficult to find clear boundaries for segments. To address
this drawback, we propose a new technique for raw video
segmentation in the following subsection.
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2.2. New Technique for Raw Video Segmentation

Theidea of new techniqueisvery smple. Instead of com-
paring two consecutive frames, we compare each frame
with abackgroundrameas shownin Figure 2(b). A back-
ground frame is defined as a frame with only non-moving
components. Since we can assume that the camera re-
mains stationary for our application, a background frame
can be aframe of the stationary componentsin the image.
In this work, we manually select a background frame us-
ing similar approach in [9]. The solid curve in the top of
Figure 3 shows the color histogram differences between a
background with each frames in the sequence. The dif-
ferences are magnified so that segment boundaries can be
found more clearly. The algorithm to decompose a raw
video sequence into meaningful pieces (segments) is sum-
marized as follows. The Step.1 is a preprocessing by off-
line processing, and the Step.2 through 6 are performed
by on-line real time processing. Note that since this seg-
mentation algorithm is generic, the frame comparison can
be done by any technique using color histogram, pixel-
matching or edge change ratio. We chose a simple color
histogram matching technique for illustration purpose.

e Step.1: A backgroundframeisextracted fromagiven
seguence as preprocessing, and its color histogram
is computed. In other words, this frame is repre-
sented as a bin with a certain number (bin size) of
quantized colors from the original. Usually the bin
size is 128, 64 or 32 if the RGB value of a pixel
in the origina frame is 256. As a result, a back-
ground frame (F B) is represented as follows using
a bin with the size n. Note that Py is representing
the total number of pixels in a background or any

frame.
FB =bin®
= (vf,vf,v?,...,vf) Q)
wherezl 1Y B — p;.

e Step.2: Each frame (F'*) arrived to system is rep-
resented using the same way to represent the back-
ground in the previous step as follows.

F* = bink

= (vf,v5, 05, .., 03) (2

rvn

where Y7 = Pr.

zlz

e Step.3: Compute the difference (D*) between the
background (FB) and each frame (F'*) as follows.
Note that the value of D is always between zero
and one.

FB _Fk
Pr
bin®B — bin*

Pr

_ Z?:l(viBa _/Uzlg)
Pr

D* =

©)

e Step.4: Classify D* into 10 different categories as
follows based on its value. Assign a corresponding
category number (C',) to the frame k.

— Category 0: D*¥ < 0.1

— Category 1: 0.1 < D¥ < 0.2
— Category 2: 0.2 < D¥ < 0.3
— Category 3: 0.3 < D¥ <04
— Category 4: 0.4 < D¥ < 0.5
— Category 5: 0.5 < D¥ < 0.6
— Category 6: 0.6 < D¥ < 0.7
— Category 7: 0.7 < D¥ < 0.8
— Category 8: 0.8 < DF < 0.9
— Category 9: D¥ > 0.9

e Step.5: For real time on-line processing, a tempo-

rary table such as Table 1isbeing filled in and main-
tained. To do these and build ahierarchical structure
from a sequence as mention in section 1, compare
Cy with C_. In other words, compare the cate-
gory number of current frame with the one of pre-
vious frame. We can build a hierarchical structure
from a sequence based on these categories which
are not independent from each other. We consider
the lower categories contain the higher categories as
shown in Figure 4.

For example, one segment A of Cat. # 1 starts with
Frame # a and ends with Frame # b, and the other
segment B of Cat. # 2 startswith Frame# ¢ and ends
with Frame#d, thenitispossiblethat a < ¢ < d <
b. Inour hierarchical segmentation, therefore, find-
ing segment boundariesbecomefinding category bound-
aries in which we find a starting frame (S;) and an
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Fig. 4: Relationships (Containments) among Categories

ending frame (E;) for each category i. The follow-
ing algorithm is showing how to find these bound-
aries.

— If Cy—1 = C}, then no segment boundary oc-
curs, and continue to the next frame.

— Elseif Cp—1 < C, then S¢, =k, Sc,.—1 =
k, .. Scu_,+1 = k. The starting frames of
category C, through C_1 + 1 are k.

— Else, inotherwords, if Cy,_1 > C, thenE¢, |, =

k—1,Ec, ,.-1=k—-1,...,Ec,4y1=k—-1
The ending frames of category C'y,_; through
Cp+laek—1.

— If thelength of a segment isless than acertain
threshold value (), we ignore this segment
since it is too short to carry to any semantic
contents. In general, this value j is one sec-
ond. In other words, we assume that the mini-
mum length of a segment is one second.

e Step.6: As mentioned in the previous section, with-
out any extra computation, we can have several dif-
ferent versions of summariesfor the incoming video
which have different lengths, in other words, differ-
ent levels of abstraction. The simple method is to
pick all frames which category valueis greater than
or equal to C, wherel < C' < 9. Asresults, we can
have up to 9 different versions of summaries.

3. MOTION FEATURE EXTRACTION

In this section, we describe how to extract and represent
motions from each segment decomposed from araw video
seguence as discussed in the previous section. We devel-
oped atechniquefor automatic measurement of the overall
motion in not only two consecutive frames but also whole

shot which is a collection of framesin our previous works
[19]. We extend thistechniqueto extract the motionfroma
segment, and represent it in acomparableform in this sec-
tion. We compute Total Motion Matrix (TMM)which is
considered as the overall motion of a segment, and repre-
sented as a two dimensional matrixFor comparison pur-
pose among segments with different lengths (in terms of
number of frames), we aso compute an AverageMotion
Matrix (AMM), and its corresponding Total Motion (TM)
and AverageMotion (AM)

TheT MM, AMM,TM and AM for asegment with
n framesis computed using the following algorithm (Step
1through5). We assumethat the framesizeisc x r pixels.

e Step.1: The color space of each frame is quantized
(i.e, from 256 to 64 or 32 colors) to reduce unex-
pected noises (fal se detection of motionwhichis not
actually motion but detected as motion).

e Step.2: An empty two dimensional matrix 1M M
(itssize (¢ x r) is same as that of frame) for a seg-
ment S is created as follows. It's all items are ini-
tialized with zeros.

t11 t12 t13 tie
TMMs = ta1 t22 t23 ... fac (4)
trl tr2 tr3 trc

And AM Mg which is amatrix of which items are
average as computed as follows.

1 tio tiz tic

n—1 n—1 n—1 n—1
21 ta2z tas _tae
AMMS — n—1 n—1 n—1 tton—1
tr1 tro tr3 tre
n—1 n—1 n—1 n—1

©®)

e Step.3: Compare all the corresponding quantized
pixelsinthe same position of two consecutiveframes.
If they havedifferent colors, increase the matrix value
(t:7) inthe corresponding position by one (thisvalue
may be larger according to the other conditions).
Otherwise, it remains without any increasing or de-
creasing.

e Step.4: Step.3isrepeated until all consecutive pairs
of frames are compared.

e Step.5: Using the above TM Mg and AM Mg, we
compute a motion feature, T M g, AMg asfollows.

TMs=Y Y tyj AMs :ZZ% (6)

i=0 j=0 i=0 j=0

Asseenintheseformulas, 7'M isasum of all items
in TM M and we consider this as total motion in



a segment. In other words, T'M can indicate an
amount of motion in a segment. However, T M is
dependent on not only the amount of motions but
also the length of a segment. A T'M of long seg-
ment with little motions can be equivalent to a 7'M
of short segment with a lot of motions. To distin-
guish these, simply we use AM which isan average
of TM.

To visualize the computed 7'M M (or AM M), we can
convertthisT M M (or AM M) toanimagewhichiscalled

Total Motion Matrix Image (TMMI¥or T'M M, (Average

Motion Matrix Image (AMMI¥or AM M). Let us convert
a’T M M with the maximum value, m into a256 gray scale
image as an example. We can convert an AM M using the
sameway. If m isgreater than 256, m and other valuesare
scaled down to fit into 256, otherwise, they are scaled up.
But the value zero remains unchanged. An empty image
with same size of M M is created as T M M 1, and the
corresponding value of 7'M M isassigned asapixel value.
For example, assign white pixel for the matrix value zero
which means no mation, and black pixels for the matrix
value 256 which means maximum mation in a given shot.
Each pixel valuefor al M M I can be computed asfollows
after it is scaled up or down if we assumethat TM M1 is
a 256 gray scale image.

Each Pizel Value =
256 — Corresponding Matriz Value @)

4, SEGMENTS CLUSTERING

Inour clustering, we employ amulti-level hierarchical clus-
tering approach to group segments in terms of category,
and motion of segments. The algorithm isimplemented in
atop-down fashion, where the feature, category is utilized
at thetop level, in other words, we group segmentsinto &
clusters according to the categories. For convenience, we
called thisfeature as Top Feature Each cluster is clustered
again into k- groups based on the motion (A M) extracted
in the previous section accordingly, which are caled as
Bottom Feature

For this multi-level clustering, we adopted K-Mean al-
gorithm and cluster validity method studied by Ngo et. al.
[20] since the algorithm is the most frequently used clus-
tering algorithm due to its simplicity and efficiency. It is
employed to cluster segments at each level of hierarchy
independently. The K-Mean algorithm is implemented as
follows.

e Step.1: Theinitia centroids are selected in the fol-
lowing way:

1. Givenv d-dimensional featuresvectors, divide

the d dimensionsto p = 4. These subspaces

areindexedby [1, 2,3, ...,

ol o, p+1, p+2, ..., 2p),

G [(k=Dp+1,(k=1p+2,(k—1)p+
3, ..., kpl.

2. In each subspace j of [(j — 1)p + 1,..., jp]
associate avalue f; for each feature vector F;
by

. Jjp
fl= Z pFi(d)
m=(j—1)

3. Choose the initial cluster centroids 1, 2, ...,
Mk by

J
= ar, F; max f:
'LLJ & tli<v fz

e Step.2: Classify each feature F to the cluster p s with
the smallest distance

Ps = argy < j<; min D(F, ;)

. This D is a function to measure the distance be-
tween two feature vectors and defined as

D(F,F') = ff,z]f )%

where

Ell
~—

Z(F,F) = }:f +§:P

which is a normalizing function. In this function,
k=1for Ly normand & = 2 for L, norm. The L,
and L, norms are two of the most frequently used
distance metrics for comparing two feature vectors.
In practice, however, L, norm performs better than
L, norm since it is more robust to outliers [30].
Furthermore, L; norm is more computationally ef-
ficient and robust. We use L; norm for our experi-
ments.

e Step.3: Based on the classification, update cluster
centroids as
Z ]: ])
i=1

where v; is the number of shots in cluster j, and
F9) isthe ith feature vector in cluster ;.

e Step.4: If any cluster centroid changesvalue by Step.3,
goto Step.2, otherwise stop.

The above K-Mean agorithm can be used when the
number of clusters & is explicitly specified. To find op-
timal number (k) clusters, we have employed the cluster
validity analysis[31]. Theideaisto find clusters that min-
imize intra-cluster distance while maximize inter-cluster
distance. The cluster separation measure ¢ (k) is defined
as



where n; = =337 D(F, i), & = D(mi, 1) &ij
is the inter-cluster distance of cluster < and j, whilen; is
the intra-cluster distance of cluster j. The optima number
of cluster &' is selected as k' = min;<x<4 (k) In other
words, the K-Mean algorithmistested for k = 1,2, ..., ¢,
and theonewhich givesthe lowest value of (k) ischosen.

In our multi-level clustering structure, a centroid at the
top level represents the category of segments in a cluster,
and a centroid at the bottom level represents the general
motion characteristics of a sub-cluster.

5. EXPERIMENTAL RESULTS

Our experimentsin this paper were designed to assess that
the following performanceissues:

e How well doesthe proposed segmentation algorithm
to group incoming frames work?

e How well doT' M, AM and the proposed algorithm
for clustering of segments work?

Our test video clips were originaly digitized in AVI for-
mat at 30 frames/second. Their resolution is 160 x 120
pixels. We used the rates of 5 and 2 frames/second as the
incoming frame rates. Our test set has 111 minutes and 51
seconds of raw video taken from a hallway in a building
which consist of total 17,635 frames.

5.1. Performance of Video Segmentation

A simple segmentation example can be found in Figure 5
and Table 2. Thefourth andfifth columns of the table show
the length (number of frames) of each segment and its cat-
egory. The next two columns (Total Motion and Average
Motion) will be discussed in thefollowing subsection. The
proposed segmentation algorithm discussed in section 2
was applied to our test video sequence mentioned above.
As results, four different hierarchical segments are parti-
tioned in Figure 5. The most common content of this type
of video is that the objects (i.e., people, vehicles, etc.) are
appearing and disappearing with various directions. The
segment # 4 ( Category # 2) representsthis type of content
which apersonis appearing and disappearing in this case.

Segment | Stating | Ending | Segment Cat (C Total Motion | Avg. Motion
No.  |FrameNo. [FrameNo. [ Length &) (TM) (AM)
1 206 219 14 2 63 45
2 206 214 9 3 2 31
3 206 21 6 4 15 25
4 207 209 3 5 3 10

Table 2: Segmentation Table for Figure 5

Table 3 shows the overall segmentation results for our
test set. The second and the third columns of the table rep-
resent the number of frames per each category, and the
accumulated number of frames up to the corresponding
category. For example, the number, 3,871 in the row of
cat. #3 indicates the sum of the number of frames (the
second column) from the category # 9 to the category # 3.
As seenin thistable, the higher category segments can be
hierarchical summaries for the lower category segments.

Category No. of Frames No. of Frames No. of Avg. No. of
Accumulated Segments Frames / Segment
Cat. #0 2877 17,635
Cat. #1 6533 14,758 309 47.8
Cat. # 2 4354 8,225 216 38.1
Cat. #3 3580 3,871 183 21.2
Cat. #4 244 291 36 8.1
Cat. #5 32 a7 10 4.7
Cat. #6 12 15 4 3.8
Cat. #7 3 3 1 3
Cat. #8 0 0 0 0
Cat. #9 0 0 0 0

Table 3: Overall Segmentation Results for Test Set

5.2. Performanceof TM, AM and Clustering

Before we discuss the performance of the proposed algo-
rithm for clustering, we show some examplesof 7'M, and
AM inTable 2. Figure 7 shows T M M I and AM M1 for
the segments (#1, #2, #3 and #4) in Figure 5. Throughout
this figure, we can see that the 7'M s and the AM s repre-
sented by T M M Isand AM M I's are able to measure the
exact amounts(degrees) of the motions in each segment
accurately.

As mentioned in the previous section, first, the seg-
ments are clustered by the categories assigned to segments.
In the next level, each cluster is partitioned into smaller
sub-clustersusing AM . Figure 6 shows a very simple ex-
ample of clustering segments. As seen in this figure, the
segments are clustered by category, and further partitioned
using a motion feature, AM. The different sizes of ob-
ject(s) are distinguished by the category, in other words,
the segments in the higher categories have relatively lager
or more objects. On the other hand, the average motions,
represented by AM can distinguish the amounts (degrees)
of motionsin different segments.

6. CONCLUDING REMARKS

The example of knowledge and patterns that we can dis-
cover and detect from the raw video sequences are ob-
ject identification, object movement pattern recognition,
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Fig. 7: (@) and (b) : TMMI and AMMI of Segment #1, (c) and (d) : TMMI and AMMI of Segment #2, (e) and (f) : TMMI
and AMMI of Segment #3, and (g) and (h) : TMMI and AMMI of Segment #4

spatio-temporal relations of objects, modeling and detec-
tion of normal and abnormal (interesting) events, event
pattern recognition. For thisraw video datamining, inthis
paper, we propose ageneral framework to performthefun-
damental tasks which are temporal segmentation of video
sequences, feature (motion in our case) extraction, and
clustering of segments. Although our experimental data
set are limited, the results are showing that the proposed
framework is performing the fundamental tasks effective
and efficiently. In the future study, we will consider the
other features (objects, colors) extracted from segments
for more sophisticated clustering and indexing. Also, a
suitability and availability of various video compression
techniques including MPEG will be investigated to store
these video datain database physically.
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