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Abstract [4] and [13]. Many CBIR systems have been built, either
academic or in the first stage of commercial exploitation,
including the QBIC [8], Virage [10], and VisualSeek [14]
prototypes. However, most of these prototypes are mainly
restricted to still images and cannot be easily extended to
video databases since, due to the strong temporal
correlation of video frames, performing queries on each
video frame is very inefficient.

This paper presents an integrated framework for
interactive content-based retrieval in video databases by
means of visual queries. The proposed system
incorporates algorithms for video shot detection, key-
frame and shot selection, automated video object
segmentation and tracking, and construction of
multidimensional feature vectors using fuzzy classification
of color, motion or texture segment properties. Retrieval is N the context of this paper, we propose an interactive
then performed in an interactive way by employing a framework for content-based indexing and retrieval in
parametric distance between feature vectors and updatingv/ideo databases. This work has been motivated by
distance parameters according to user requirements usind)reViOUS results on video analySiS and content deSCfiption
relevance feedback. Experimental results demonstratelsing key-frames[6]. This description has later been
increased performance and flexibility according to user €xtended in [7] by introducingey-shotsand applying

information needs. optimization techniques for determining the “best”
combination of key-frames/shots. An efficient video
1. Introduction content representation has thus been derived in [3] using

) ) L ) feature vectors based diuzzy classificationof frame
The increasing amount of digital image and video datagegment properties for all key-frames/shots. This
has stimulated new technologies for efficient searching, rgpresentation has been utilized for content-based retrieval

indexing, ~ content-based  retrieving and managingi, [1]. This paper combines the above video content
multimedia databases. The traditional keyword a””Otat'onrepresentation with therelevance feedbackapproach

approach to accessing image or video information has thebresented in [13] for still image databases in order to

drawback that, apart from the large amount of effort for ,.qyide interactive content-based retrieval for video
developing annotations, it is not efficient to characterize yatapases.

the rich content of an image or video using only text [8]. . .
For this reason, the MPEG group has recently begun a new In thg f|rstd gtage of t?e. p;opﬁsgd method, Vll'dzot
standardization phase (MPEG-7) for a multimedia contentpro(;]es.sc'jng ?n |mfage a;na 3,[/.5'5 E(I: nlquetg are r?pp € do
description interface. This standard will specify a set of €ach video Trame for extracting color, motion, shape an

content descriptors that can be used to descaig fce?ture i mformz;\]tlon. tthIolr ?nd ?Ot'on jegme”t.
multimedia information. information such as their location, shape and size is

_ . gathered in order to form a multidimensional feature
Several tools and algorithms have been proposed in thgacior using fuzzy classification, and a small set of key-
recent literature for image and video analysis, frames/shots is extracted. At this point the problem of

segmentation or representation, which can be used for thegnient-based retrieval from a video database has actually
purposes ofcontent-based image retriev@CBIR). For — yaqyced to still image retrieval [1]. Inquery by example

example, object modeling and segmentation for indexingenyironment a user can thus provide queries in the form of
in video databases has been reported in [9] while &gt jmages and aparametric similarity measures
progressive resolution motion indexing ha.s. been pre;ente%mp|oyed to find a set of frames that best match a given
in [12] using 3-D wavelet decomposition of video ,ser query. A relevance feedback approach [13] is then
sequences as well as rigid polygonal shapes. A visuahyonied, where the retrieval procesiisractivebetween

image retrieval approach by means of user sketches hagyman and computer. This way the user is relieved from
been reported in [5], while user interaction for still image he task of expressing his query in terms of low level

retrieval using relevance feedback has been proposed i'ﬂeatures, and the computer is provided with a means of



mapping low level features to high level queries and Figure 2 for a target number of segments equal to 5. It is

coping with the subjectivity of user requirements. shown that it the exact segment contours can be obtained at
_ the highest resolution level even without knowledge of the
2. Feature-Based Content Representation image at that level, making it possible to segment frames in

MPEG video streams with minimal decoding of a very

A block diagram of the proposed architecture for video small percentage of blocks.

content representation is illustrated in Figure 1, consisting
of four modules; shot cut detection, video sequence
analysis, fuzzy classification and key frame extraction.
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Figure 2. Color segmentation: (a) initial image,
(b) final result.
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architecture for video content representation. Figure 3. Motion segmentation results (a)
without, and (b) with smoothing.

Figure 1. Block diagram of the proposed

2.1.Shot Detection Motion segmentation is performed by applying the

Since a video sequence is a collection of different shots/€cursive RSST algorithm at the MPEG block resolution,
each of which corresponds to a continuous action of awhile motion vector differences are used instead of color
single camera operation, a shot detection algorithm isdifferences. We have chosen to exploit the motion vector

applied first. The algorithm proposed in [32] has been information that is directly available in MPEG streams,
adopted for shot detection since it is based on informationNus €eliminating the need for motion analysis altogether.
directly available in the case of intracoded frames of Although an extremely fast implementation is achieved in
MPEG video sequences, while for the intercoded ones, ithis way, a post-processing median filtering step for
requires a minimal decoding effort, resulting in significant Motion field smoothing is indispensable [6]. It is clear

reduction of the required computations. from Figure 3 that without motion vector smoothing,
wrong segmentation results are produced, even in a
2.2.Video Sequence Analysis uniform and almost stationary background. On the

. . . contrary, only the actually moving objects are extracted in
The next step is segmentation of each shot intOha case of smoothed motion vectors.

semantically meaningful objects and extraction of essential

information describing those objects. Color and motion 2 3 Fuzzy Feature Vector Formulation

segmentation is applied for this purpose, while color and . .
motion information is kept distinct in order to provide a  All features extracted by the video sequence analysis

flexible video content representation where each piece ofnodule (i.e., size, location, color or motion of each
information can be handled separately. segment) can be used to describe the visual content of each

. . video frame. However, since there can be absolutely no
al E?ifhr?wei(; u(rjsul\r/ebassri]so:‘:)erstzo?c?raggmrger-:—tgiéc?ns-r[ge[sllit]e itScorres:pondence between such features of two different
re?ative computational complexit ?[ is consid;ered gs Oneframes, making comparisons unfeasible, we classify color

P piextty, as well as motion segments into pre-determined classes,

of the mpst poweriul tOOI.S for image segmentatlon. n forming a multidimensional histogram. In this framework,
order to yield faster execution, a new approach is proposed

. : . ; . each feature vector element corresponds to a specific
n [2], Wh'(.:h recu'rswely applles the RSST algorlthm ON teature class (equivalent to a histogram bin) and contains
images of increasing resolution. The results are depicted N e number of segments that belong to this class. In order



to eliminate the possibility of classifying two similar 2.4 Extraction of Key Frames / Shots
segments to different classes, causing erroneous o ‘ based . f hf .
comparisons, a degree of membership is allocated to each nce a leature-based representation of each irame Is

class, resulting in a fuzzy classification formulation [2]. ~ @vailable, ‘ashot feature vectorcan be constructed,
) i characterizing a whole shot. This information can be
For each color segmen§, i=1,...K, in a frame

o ) exploited for extracting a set of representative shidy (
consisting oK segments, abx1 vectors is formed: shot§ using a shot clustering algorithm. The generalized
s, =[a(S)c"(S)IT(S)]" (1) Lloyd or K-meansalgorithm is employed for clustering
similar shot feature vectors and selecting a limited number
of cluster representatives. The optimization algorithm used

was proposed in [7Key-framesan then be selected from
the key shots, so that the final video content representation
consists of the set of feature vectors of the selected key-
frames and shots. The key-frame selection algorithm is
based on an optimization method for locating a set of
The domain of each elemeaf) ,i=1,2,...L of vectors minimally correlated feature vectors. genetic algorithm
approach, proposed in [2], is employed here since it is
. more efficient for the particular optimization problem,
of Q membership functiongs,, (s )n=01,...Q-1. For given the size and dimensionality of the search space and
the multimodal nature of the objective function.

where a denotes the size of the color or motion
segment, theBx1 vectorc includes the average values of
the color components of the color segment, laad 2x1
vector indicating the horizontal and vertical location of the
segment center (so that=6). A similar 51 vector is
formed for each motion segment.

s, 1=1,2,...K is then partitioned int® regions by means

a given real value 0§, Hn, (s{) denotes the degree of

membership of the elemesst to the class with indes, ~ 3- Content-Based Retrieval

Gathering class indices for all elementg=1,2,...L, an At this point, the problem of content-based retrieval
L-dimensional class =[n,,--,n, ] is defined. Then, the from a video database has actually reduced to still image

. retrieval [1]. Once the video content representation has
degree of membership of each vedoto classn can be [4] P

. . __been generated (off-line) for all sequences in a video
performed through a product of the membership funCtIonSdatabagse, content(—based)retrieval is ?)ossible by means of

Hn, (s”) of all individual elementss’of s to the  gueries in the form of frames (images) or shots.

respective elfmenmofn. 3.1.Video Queries
Un () = rl (s ) Each still frame or video shot that is given as an input
= qguery by a user is analyzed in the same way as video
It is now possible to construct a multi-dimensional Sequences in the database, and its feature vecter
fuzzy histogram from the segment feature sammges Calculated. A comparison is then performed betweand
i=1,...K. The value of the fuzzy histogrant(n), is feature vectorsy of the key video frames/shots of the
defined as the sum, over all segments, of the correspondingatabase, and the bedtframes/shots of the database are
degrees of membershig, (s, ) selected and provided to the usempa@ametric (weighted)
distance or similarity measureis employed for feature
1 & 1 &t 0 vector comparisons, permitting some elements of the
H(n) :EZ”n (Si):FZ rl Hn, (5]7) @) feature vectors to be taken into account to a higher or
=1 == lower degree according to the user information needs. The
H(n) thus can be viewed as a degree of membership ofjistance between the input feature vectoand feature
a whole frame to class. A frame feature vectdris then  yectorsy of the key video frames/shots of the database is

formed by gathering values &f(n) for all classes, i.e., defined as follows:

for all combinations of indices, resulting in a total @f N N

feature elements. Since the above analysis is repeated for d,, (x,y) =) w;(x; - yj)2 = ZWJ ejz (4)
both color and motion segments, the final feature vector of = =

lengthN=Q*+Q" is constructed by gathering the color and  \yherew is anNx1 weight vectorN is the feature vector
motion feature vectors. All object information is retained length,e=x-y is an error vector ang, y;, w, ande, are the
and can be separated for retrieval purposes by applyingiements of vectors, y, w ande respectively. The set of

appropriate weight combinations on the feature vectors. Iny, key frames (shots) corresponding to the feature
other words, each derived feature element has a specifi¢qciorg yi, i=1,...M with the M minimum distances

semantic meaning, so that one can look, for example, for

X d,, (x,y;) is returned as a query result to the user.
“small black” objects located “near the top”. w(0yi) query



3.2.Relevance Feedback weight adaptations are also taken into account by means of
“memory” factor 4 (0<i<1l) by which previous

Smge the end user is not atways able to express hI%ptimization results are multiplied. The above equations
query in terms of low-level featuresyelevance feedback are modified as follows:

approach [13] is adopted, so that the retrieval process is

interactive between human and computer. The user is

actually able to select a subset of the retrieved objects, that

is, them frames/shots out df1, which he considers that

best match his original query. Those frames are marked as Where

“relevant”, while the remainingM-m frames/shots are - .

marked as “irrelevant”. B (n) = Z}Al An—=1) (10)
]:

The relevance information is fed back to the system and " "
used to automatically update or refine similarity measure _ 0 2 _ _u® 2
weightsw so that the updated distance of the input feature Acn) = Zl (e () = i () l;l(xk(n) Vi ()
vector x from the “relevant” vectors decreases, while its B . 11)
distance from the “irrelevant” vectors increases. This way
the next retrieval is a better approximation to the original
information needs [4]. The user is thus relieved from the
ta_sk of selecting weigh_ts, while the computer is provided B, (n) = A (n) +lBk(n—1), k=1..., N (12)
with a means of mapping low level features to high level A
gueries and coping with the subjectivity of user  This recursive implementation of the adaptation scheme
requirements. results in a great reduction of the required time

consumption for the parameter update.

N -1/2
wk(n):Bk(n)EZB.z(n)E k=1.,N (9
=1

Furthermore, calculation of factoBg(n) reduces to the
recursive equation

3.3.Weight Update Mechanism

Let y;, i=1,..m (m<M) be the feature vectors of the
frames (shots) selected by the user as relevant to the An MPEG video database consisting of real life video
original video query. Then the distances betweamdy;, sequences has been used to test the performance of the
i=1,..m should be minimized while the distances between proposed algorithm. The database consists of video
x and y;, i=m+1,..M should be maximized for future sequences of total duration about 3.5 hours, and includes

4. Experimental Results

gueries. A cost function defined as several shots of news programs, films, commercials, sports
m M and cartoons. The shot detection, feature extraction and

Jw)="% d, (xy;) - z dy (X,Yi) (5) key-frame/shot selection algorithms have been applied off-

= i=mtl line to all sequences, so that the feature-based video

should thus be minimized with respect to w, subject to content representation is stored in the database and is
the constraint that the magnitudevois constant. Without  readily available.
loss of generality, lefw| =1:
W = argmin J(w) (6)
[Iwl=L
This  minimization is performed by setting
0J(w)/ow, =0 for k=1,...N, and the result is

N
W = A AZE , k=1...,N ) Figure 4. User input query.

An example user input query, containing a person in
m M foreground, is shown in Figure 4, while the resulting8
A =S (% _yig))2_ (%, _ykl))Z 8) wdep fra}mes corresponding to thgz gbove query are

& o depicted in Figure 5. Although the objective of the original

0 _ guery was to locate one person in the foreground, only

andy,’, k=1...,N are the elements of vectpr three of the retrieved frames (shown in black border) are

Multiple relevance feedbadk also possible, by means “relevant” to this objective. The rest are still similar to the
of multiple, consecutive queries. In this more general casejnput frame, but mainly regarding the image background,
the input and output vectoxsandy; can be considered as so they are considered ‘“irrelevant”. The relevance
discrete time sequence$n) and y;(n) respectively. Past information is fed back to the retrieval mechanism and
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