802 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 8, NO. 7, NOVEMBER 1998

Image Sequence Analysis for Emerging
Interactive Multimedia Services—The
European COST 211 Framework

A. Aydin Alatan, Member, IEEE Levent Onural,Senior Member, IEEEMichael Wollborn,
Roland Mech, Ertem Tuncel, and Thomas Sikdsanior Member, IEEE

(Invited Paper)

Abstract—Flexibility and efficiency of coding, content ex- I. INTRODUCTION

traction, and content-based search are key research topics in . . . . .
the field of interactive multimedia. Ongoing ISO MPEG-4 and NTERACTIVE multimedia services will strongly influence

MPEG-7 activities are targeting standardization to facilitate such and even dominate the future of telecommunications. The
services. European COST Telecommunications activities provide flexibility and efficiency of the used coding systems, as well as

a framework for research collaboration. COST 211" and COST  the ability to efficiently access and search particular content of
211" activities have been instrumental in the definition and jhiarest in distributed databases, are essential for the success
development of the ITU-T H.261 and H.263 standards for video- . . -

conferencing over ISDN and videophony over regular phone of these emerging services. In th's_ regard the 1SO MPEG'4
lines, respectively. The group has also contributed significantly Standard has attracted much attention recently for providing a
to the 1ISO MPEG-4 activities. At present a significant effort technical standardized solution for content-based access and
of the COST 211" group activities is dedicated toward image manipulation for these applications. The standard is targeted
and video sequence analysis and segmentation—an important{ flaxible interactive multimedia applications with provisions
technological aspect for the success of emerging object-base4 d ioulati 11 [171. 148h

MPEG-4 and MPEG-7 multimedia applications. The current or content aC(_:e_s_s gn manlpualon (11, [ _]’ [ 8]_e ne_W
work of COST 211 is centered around the test modeL called ISO MPEG'? initiative W|” further Standard'ze Mult'med'a

the Analysis Model (AM). The essential feature of the AM is Content Description Interfacevith the aim to ease content
its ability to fuse information from different sources to achieve search and user-controlled content streaming for a variety of
a high-quality object segmentation. The current information database and broadcasting environments [19].

sources are the intermediate results from frame-based (still) color Anticipating the rapid converaence of telecommunications
segmentation, motion vector based segmentation, and change- pating P g '

detection-based segmentation. Motion vectors, which form the computer, and TV/film industries, the MPEG group officially
basis for the motion vector based intermediate segmentation, are initiated the MPEG-4 standardization phase in 1994—uwith the
estimated from consecutive frames. A recursive shortest spanning mandate to standardize algorithms for audio—visual coding
tree (RSST) algorithm is used to obtain intermediate color and i timedia applications, allowing for interactivity, high
motion vector based segmentation results. A rule-based region . . - .
processor fuses the intermediate results; a postprocessor further compression and/or universal a_c_cessmlllty,_ Qnd portabl_llt_y of
refines the final segmentation output. The results of the current @udio and video content. In addition to provisions for efficient
AM are satisfactory; it is expected that there will be further coding of conventional image sequences, MPEG-4, which will
improvements of the AM within the COST 211 project. be standardized in 1998, will provide a representation of the
Index Terms—Camera motion estimation, change detection, audio and video data that can be accessed and manipulated on
content-based search, COST 211, data fusion, image segmenan audio—visual object basis, even in the compressed domain
tation, interactive multimedia, motion analysis, motion-based at the coded data level with the aim to use and present
segmentation, MPEG-4, MPEG-7, object tracking, video process- {he gpjects in a highly flexible way. In particular, future
ing, video segmentation. multimedia applications as well as computer games and related
applications are seen to benefit from the increased interactivity
with the audio—visual content.
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object layers. In general, this provides to the user an extended Il. CONTENT ANALYSIS FOR EMERGING INTERACTIVE
content-based functionality (the ability to separately access anMULTIMEDIA SERVICES—THE COST 211°* FRAMEWORK
manipulate video content) and it is also possible to achieve
increased image quality for a number of applications. This will .
require the segmentation of video sequences into the objefts!he COST Framework in General
of interest prior to coding. The segmentation of images andThe European COST (Cooperation Europeenne dans le
video into these separate objects (arbitrarily shaped regiongéeherche scientifique et technique) Telecommunications ac-
images) is not specified by the MPEG-4 standard; howevéikities—initiated by the European Community (EU)—provide
this can be an extremely difficult task for many applicationan open and flexible framework for R&D cooperation in
If video was originally shot in a studio environment usindeurope. COST actions involve precompetitive basic research
the chroma-key technology, image segmentation can be easilyactivities of public utility—in particular research topics
performed—e.g., for news sequences and scenes generataslhich are of strategic importance for the development of the
a more elaborate virtual studio. If no chroma-key segmentatiorformation society.
is available—as for most scenes under investigation—theln contrast to other EU research programs, collaboration
segmentation of the objects of interest needs to be performgithin COST allows utmost freedom to the participant to
using automatic or semiautomatic segmentation algorithms. glsoose and conduct their research. All COST 211 actions have
of this writing, the authors were not aware of the existendeen and are following a flexible framework which is open
of a universal algorithm that could potentially solve the sed¢e a large number of members and allows long periods of
mentation problem. The video segmentation task still remaingoperation. Each COST action focuses on specific topics for
to a large extent an unsolved problem, resulting in a varietyhich there is interest in particular COST countries, with the
of tools and algorithms described in literature—each of theptimary aim to raise intellectual property rights. Any COST
specialized and optimized for a specific segmentation taskaountry can join any action by signing the Memorandum of
be performed [2]-[16]. Even then, in many applications, dnderstanding (MoU) which is the legal basis of the action
considerable amount of user interference with the segmergyen though it in fact resembles an expression of good faith
tion process is required to indicate to the algorithm wheréther than a legally binding document. Each MoU governs
the objects of interest are, and to ensure stable and predk®joint aims, the type of activity to be pursued, the terms of
results. participation, and compliance with intellectual property rights.
The purpose of this paper is to provide an overview of
the segmentation algorithms developed in the framework of =
the European COST 2¥1 activity. The COST 21'F* group E. History of COST 211
is a research collaboration of partners from European coun-The present COST 21t action is a follow-up project to
tries. The main focus in the group is to develop tools fd¢OST 211 and 21’F, all dealing with redundancy reduction
the segmentation of image sequences—both automatic &@ehniques applied to video signals. The two preceding COST
semiautomatic allowing user interaction—to assist MPEG2L1 projects paved the way to the creation and maintenance
applications. The group has a so-callest Modelapproach of a high level of expertise in the field of video coding in
adopted—similar to the Test Model approach in MPEG—tBurope and resulted in a strong European contribution to
develop and optimize analysis tools and algorithms in a cdhe standardization process in this field. The digital video
laborative manner in a common environment under controllééfndards adopted and widely deployed today are strongly

conditions. influenced by the results of the COST 211 actions and the
The service and application profiles envisioned by the cogabel COST 211 is well known and respected worldwide in
211 group include: the field of video coding.

Action COST 211 started in 1976 when the development
digital video was in its infancy. The result of this phase
. : : vas a video coding algorithm allowing the first digital video-
' ret_rleval services (€.g., access (o MPEG'A' video or auaévgnference system at 2 Mbit/s, and this in turn led to the
_objects_storgd on a remot(_a data base_), I first ITU standard in this field (H.120). The follow-up action,
. m_teract_lve dlstrlbut_lon services (e.g., distribution of News.~gt 21} improved to a large extent the efficiency of the
clips with user-defined content). coding algorithm allowing videophone and videoconferencing
The paper is organized as follows. The general framewosk ISDN rates and further ITU standards emerged (in particular
of the European COST activity is described in Section Il with.261). COST 21% has been a major contributor to the
particular emphasis on the scope and objectives of the CO§&#&ndardization activity in MPEG (MPEG 1, 2 and 4) and ITU.
211 initiative. Section IlI outlines th&est (Analysis) Model The COST projects cover more than 20 years of cooperation
approach used in COST 211, the algorithms defined by and strengthened considerably the European position and
COST 211 for automatic and semiautomatic segmentationfluence in the field of video coding. COST 214 action
of image sequences are described in that section, too. Rél be the follow-up platform for cooperation in this field for
sults obtained from standard image test sequences are alsother five years, starting in 1998. The COST 211 actions
presented in Section lll. Finally, Section IV concludes thare considered to be complementary to other EU projects in
paper. this field.

 real-time communications (e.g., MPEG-4 conversationg]f
services such as surveillance or video conferencing);
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TABLE |
MAIN RESEARCH ITEMS CoVERED BY THE COST 211°T Group
Functionality Possible Applications
Audio-Visual Content e.g. the automatic detection of content of
Identification interest in video scenes, such as a person, etc.
Content and/or Feature e.g. the automatic extraction of content of
Extraction interest in complex videc or audio scenes
Tracking of Content e.g. the tfézkiﬁg of content or features of
and/or Features interest over time in an audio or video scene

allowing user interaction with the tracking

process
Selective Coding of for the separate compression of content data Lo
Objects allow separate access and query to the content
in a data-base
Improved Coding for the reconstruction of content with sufficient
Efficiency quality by means of sophisticated compression
technology
Selective Error for a robust storage or transmission of the most
Protection important content in error prone environments
Content-Based Visual e.g. the visual query for content of interest

Database Query &Indexing

Kernel of Analysis for New multimedia Technologies

KANT
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Fig. 1. The European COST 2T1 AM model: KANT—broad overview.
C. Current Objectives: Image Analysis for blocks and their interconnections, together with algorithms for
Emerging Multimedia Applications each of those blocks and their full software implementation.

The main objective of the current COST 2%1action Thus, AM provides a particular solution to the outlined KANT.
group is to improve the efficiency of redundancy reduction Thg participants in the project simultaneously .undertak'e and
and to develop content analysis techniques for video sign§RPrdinate research and development work with the aim of
to assist future multimedia applications. In particular th@PPlying analysis and coding techniques to video and audio
group focuses on content-oriented processing for emergi®l nals to ass_lst emerging interactive multimedia applications.
interactive multimedia services based on the ongoing 1SO The focus items are researched by means of:

MPEG-4 standardization phase [1Z&s well as the new ISO * investigation through nonreal-time computer simulation
MPEG-7 initiative [19]. The current research items covered of algorithms and tools based on a Test Model approach
by COST 211 group are outlined in Table I. The aimisto  (see below);

define and develop a set of tools assisting these new services implementation and optimization by software;

in the analysis, characterization and processing of their videce trials together with selected applications and users in
and audio signals. order to evaluate the efficiency of the developed tools.

The basics of the current COST scenario, which is calledThe action primarily focuses on studies applied to video
KANT (Kernel of Analysis for New Multimedia Technolo- signals, but in the future will associate as much as possible
gies), is outlined in Fig. 1. KANT provides the desperatelyith equivalent studies applied to audio signals.
needed segmentation tools which would then give life to the
MPEG-4 operation. The KANT is also the basis of the curre®. The COST 219 Test Model Approach
Analysis Model (AM). The AM consists of a set of functional The cooperation within the COST 211 group is centered

around a test model, called thenalysis Modelfor the pur-
23ee also http://wwwam.hhi.de/mpeg-video. poses of COST 211. This approach is adopted to investigate,
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Fig. 2. The European COST 2f1 AM model.

compare, and optimize algorithms for image and video analysistimation. They separate moving objects from background
in an experimental approach. In contrast to research conduatedions, but cannot distinguish between different moving ob-
on an individual basis, this approach enables the comparigeats [21]-[24]. The algorithms in the second class use the
of competing technology based ortest-bedand under agreed motion information which may be explicitly provided as an
experimental conditions and performance measures. input, or may be estimated by further processing from the
The purpose of a test model in COST—very similar to thatvailable intensity data. Given the motion data, each image
in MPEG—is to describe completely defined “Common Core% segmented into a number of regions with similar motion,
algorithms, such that collaborative experiments performed bging an algorithm like thé-means algorithm [25], modified
multiple independent parties can produce identical resulfough transform [26], Bayesian segmentation [27] or merging
and will allow the conduction of “Core Experiments” undef28]. Although multiple objects can be located successfully
controlled conditions in a common environment. A test modbly such methods, due to occlusions and the “chicken-egg”
specifies the formats for the input and the output. It fullproblem between motion estimation and segmentation, the
specifies the algorithm for image analysis and the criteria tdject boundaries may not be determined accurately. The
judge the results. methods in the third class simultaneously update the motion
The COST 21%" meeting in Ankara, Turkey, in Octoberestimates and the segmentation; therefore, they are accepted
1996 witnessed the definition of the 1st AM—which consist® be the most powerful approaches among all [29], [30].
of a full description of tools and algorithms for automatic antlowever, such methods are unattractive due to their high
semiautomatic image sequence segmentation (object detectammputational complexity.
extraction, and tracking). The AM was then refined in further ) _
meetings and progressed to its third version. In additidhy Basic Structure of the Analysis Model
to the full description of the AM algorithm, a software The main idea behind the approach taken by the current
implementation was developed by the group to allow partneGOST 211 Analysis Model is the fusion of various interme-
a convenient way to perform experimentation and to integrad@te results by a set of rules for a better segmentation result
provisions for improvement. [31], [32]. Currently, motion information, color information,
The defined AM will be further refined and improved imand intensity changes are the main sources of clues used to get
a collaborative way by developing, exchanging, and testitige intermediate results which are then fused. Furthermore, the
algorithms and software. temporally accumulated segmentation information is also used
during the fusion to provide temporal continuity for a better
final result and tracking. The block diagram of the current
Il. THE COST ANALYSIS MODEL version (version 3.0) is shown in Fig. 2. The AM version 3.0
Current approaches for segmentation of video sequengesvides two modes of operations. In the first mode, the result
in order to detect moving objects can be subdivided infs a binary mask which distinguishes the moving objects from
three classesintensity parameter basednotion parameter the static/moving background. In the second mode, the moving
based and simultaneous motion estimation and segmentatiabjects are further segmented into multiple objects.
methods. (See, for example [20].) The intensity-based methods$n order to cope with possible camera motion and changing
use spatio-temporal intensity information without explicitlimage content, a camera motion compensation and a scene cut
segmenting the motion parameters. These methods are usuddtiection are applied within a preprocessing unit. Intermediate
based on achange detectiorapproach followed by motion segmentation results are fused by the rule processor, leading
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to the final segmentation results which are then refined by ésee, for example, [36]), which requires segments consisting of
appropriate postprocessing step, if necessary. nodes of a quadtree, can produce artificial region boundaries.
The output of the AM are the segmentation masks; somr@rthermore, RSST segmentation permits simple control over
internal parameters which are found during the computatiotiee number of regions, and therefore amount of detail, in the
can also be taken as byproduct outputs. The AM strusegmentation image. The simulation results on still images
ture is completely independent of applied input sequence, sarpport the superior image segmentation performance of this
variations in an input sequence. Therefore, it provides fullpethod [37].
automated segmentation. The functions of the AM blocks are2) Motion Analysis, Segmentation, and Compensatithe
described in the following subsections. motion between two consecutive frames is estimated. Among
many available motion estimation algorithms (see, for exam-
B. Global Motion Compensation and Scene-Cut Detection ple [20]), a three-level Hierarchical Block Matching (HBM)
Given two successive framels and I;_; of a video se- algorithm [38] is used due to its acceptable results with
guence captured by a static or moving camera, an appareuite low computational demand. The estimated block motion
camera motion is estimated and compensated [23]. A singiectors are interpolated in order to obtain a dense motion field.
rigid planar scene is assumed to move in the three-dimensioBekter motion estimation methods may be employed at the
(3-D) space; the eight parameters-as, which can reflect any expense of increased computational complexity.
kind of such rigid motion including zooming and panning, are Using the RSST algorithm, the estimated motion vector field
estimated [21]. For each pixéK;_1,Y;_1) in framel,_; the issegmented in a similar manner to color segmentation. During
corresponding pixe{X,,Y;) in frame I, is given by this process, the two components of the motion vectors at
a1 X1 + ayYs_1 + as each pixel are used_instead of the three color components of
Xy = = the color segmentation stage. The resultant output is denoted
arXi—1 +as¥—1 +1 RM in Fig. 2. Since the motion estimation step might
asXe—1 +azYi_1 + ag as g2 S - p mign
. contain some matching errors and occlusions, the resulting
arXi-1 +as¥e—1 +1 segmentation field is expected to be coarse. The locations of
The camera motion is estimated by regression considerithg objects, however, are usually found correctly.
only the pixels within the background regions of the previous For the continuity of the extracted objects, the previous
image. segmentation results should be included in the rule-based
Then, a following step finds those areas which do not fitata fusion process. Tracked object information is inserted
into the “single rigid plane” assumption. In these areas thieto the current segmentation process. Using the available
estimated displacement is pelwise refined by performing a fglfevious segmentation resultfat 1 and the estimated motion
search within a squared area of limited size. The estimatiedormation, a temporal prediction of the current segmentation
displacement vector for the background is further improvedask is obtained a®“. By the help of RM¢, not only
by excluding these “failure” areas. The camera motion & better segmentation, but also the tracking of the individual
compensated only if a moving camera has been detected. objects in the scene, can be achieved. Moreover, the status of
In case of a scene cut between two consecutive fram#®e objects (i.e., halted, newly exposed) can be determined
the motion compensation is meaningless. Therefore, detectmn including the information in this mask to the current
of scene cuts improves the performance. The proposed scsegmentation process.
cut detector [23] evaluates whether the difference between the) Change Detection:The change detection mask between
current original imagd; and the camera motion compensatetivo successive frames is estimated. In this mask, pixels for
previous image exceeds a given threshold; the evaluatiorwiBich the image luminance has changed due to a moving
performed only within the background region of the previousbject are labeled as “changed.” The algorithm for the esti-

Y;:

frame. mation of the change detection mask [22] can be subdivided
. . . into several steps, which are described in the following.
C. Analysis of Color, Motion, and Intensity Changes First, an initial change detection mask between the two

1) Color Segmentationin this step, the current frame issuccessive frames is generated by global thresholding the
divided into a predefined number of regions using only tHeame difference. In a second step, boundaries of changed
color information. Most of the still image segmentation toolgnage areas are smoothed by a relaxation technique using local
in the literature can be used to find the output ma&sk, which adaptive thresholds [39], [40]. Thereby, the algorithm adapts
describes the regions with coherent intensity and labels thémme-wise automatically to camera noise [22]. In order to
(see for example, [33] and [34]). The goal, however, is tinally get temporal stable object regions, a memory is used in
have regions whose boundaries coincide with the boundartbe following way: The mask after thresholding is connected
of the real (semantic) objects in the scene: each region musth the previousR¢. Specifically, the mask after thresholding
belong to only one semantic object. In our proposed algorithiis, extended by pixels which are set to foreground in Rfg
a recursive shortest spanning tree (RSST)-based segmentaticthe previous frame. This is based on the assumption that all
method is used to segment the current frame into sorpixels which belonged to the previol’ should belong to the
regions each having uniform intensity [35]. RSST has thmurrent change detection mask. In order to avoid infinite error
advantage of not imposing any external constraints on tpheopagation, however, a pixel from the previdR$’ is only
image. Some other methods, such as split-merge algoritfebeled as changed in the change detection mask, if it was also
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labeled as changed in one of the ldsframes. The valud. region already detected as background and all pixels within
denotes the depth of the memory, which adapts automaticadlycorrection range ofif pixel with respect to the boundary
to the sequence by evaluating the size and motion amplituagghe initial object mask are set to background, and the other
of the moving objects in the previous frame. By the last stepixels are set to foreground.
the mask is simplified and small regions are eliminated. 2) Extraction of Moving Objects (Mode 2)et I ; C R{
define the regions iR! whereR! = Ui=><T, ; andI, ;NI; ; =
§ for i # j. The relationships betwedR)’ andM; ,,, RM¢
D. Rule-Based Region Processing and K, z, RF? and C,. can be defined in a similar way.
The four input segmentation masks of the region processdie objects at time are also defined a®;, C R{ with
have different properties. Although the color segmentatigh€ {1 - - - ¢max,}, Wheregma.+ shows the number of objects
mask R/ is usually oversegmented, it contains the modt time¢. Let a(-) represent thearea operator which gives
reliable boundaries whereas the boundaries of B and the area (i.e., the number of pixels) of a region. Rt
RMC are blurred or not very accurate. Howeva&}™ lo- andRY be two different segmentations over the same lattice;
cates the disjoint objects with some semantic meaning in tRe® = UZ==X, andRY = U}™*Y,,. A projection operator
current frame andR< contains the previous segmentatio is defined between eacH;, and R* as
information. Finally, the change detection mak™ reliably )
labels stationary and moving areas. Thus, thgrule processg?(Y’“RX) =Xy 2 g =ag max {a(Xy N Y0}
can use the boundaries suppliedRy in order to formR? by (1)
merging the regions QR{ appropriate|y, taking into account The first step of rule-based processing for Mode 2 is finding
the information provided by the other segmentation mask&.correspondingM, ... (similarly K ;) region for eachl, ;
Moreover, it can also usBC to track the objects throughoutregion. This is accomplished by findin®(I,;, R}*) and
a sequence. P(TI;;, RMC). This mapping increases the accuracy of the
Currently, there are two modes of the AM, providing differboundaries inR}” andR;““ as shown in Fig. 3. At the end
ent functionalities. The first mode allows a reliable detection 6f this step, eacll, ; region will have a correspondinyft; .
all moving objects without being able to distinguish betweednd aK; ; regions.
objects with different motion. In the second mode, it is possible Using the projection operator of (1), we also defingraup
to further distinguish between these moving objects. Bogperator G as
modes are described in the following subsections. The module .
for postprocessing is only used if the second mode is active. G(Yn RY,9) = {Yu : P(Yn,RY) = X, }. (2)

1) Detection of Moving Objects and Background Regiong,is operator gives the set af;, regions whose projections
(Mode 1): In this mode, only the results from the changgnio rX give the same regioX, c RY.

detection, color segmentation, and local motion analysis arégefore stating the rules for segmentation of the objects, an
used in order to distinguish between moving objects (denotggxi"ary setB is defined as

as foreground in the following rule) and background. Thus,

the resultant segmentation mask is binary. Bioy={L;: P(L;R)Y) =K ; P(L;,R)) # M, .}

In the first step, the uncovered background areas are elimi- 3)
nated from the estimated change detection mask as in [21] amgich relates the previous and current motion with an intensity
[22], resulting in an initial object mask. Only the estimatedegionl, ;. B, ., represents the set df ; whose projection
motion information for pixels within the changed regions isnto R¢ gives regionsK: , and projection ontaR} gives
used. A pixel is set to “foreground” if both the starting andegions other thaM, .. The auxiliary setB is very useful
ending points of the corresponding displacement vector doe compact description of the decision rules given below.
in the “changed” area of the change detection mask. If not, The following rules are applied to obtain the maB, at
it belongs to uncovered background and is therefore setth® output of the rule processor [31]. The rules are applied
“background.” not for all (=, y) pairs, but for(z,y) pairs for whichG(L, ;,

Since the color segmentation has accurate boundary R, z) N G(L ;, RMC y) # 0.
formation, the object boundaries on the final mask, i.e., the Rule 1—Tracking of objectsAt time ¢, for a giveny
segmentation result, are copied from the color segmentati@hat is, for a previously segmented object),
result whenever appropriate. The decision rule is as follows.  If (B, ., = @) then the output object is given by

Rule 1—Foreground detectionf at leastt% of the pix- O:, = 6(L;;,RMC v)
els within a region of the color segmentation were detectedAn emptyB, . , corresponds to the case where a group of
as foreground in the initial object mask, all pixels of thd,; regions which belonged to past objecaire now labeled
region already detected as foreground and all pixels withés x; it is then concluded that and y actually denote the
a correction range ofV pixel with respect to the boundarysame semantic object. Therefore, it is decided that this object
of the initial object mask are set to foreground, and the othisrbeingtracked In other words, the objects from current and
pixels are set to background. previous time instants amatchec there are no new objects.
Rule 2—Background detectiorif less thant% of the These tracked regions which have the sapndabel (i.e.,
pixels within a region of color segmentation were detectdle same motion behavior) are merged in order to construct
as foreground in the initial object mask, all pixels of tha region in R?; this constructed region gets the common
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Rule 3—Articulated motion of objectdt time ¢, for a

ﬁ giveny (i.e., previously segmented object),
If (B, # 0) then

If (P(O¢-1,,, REY) = moving region then
If (P(ReP,G(L,;,RM,y)) = stationary region then
Ot,new = g(It,i7 wa,x)
else
Ot,y = g(It,i7 Riwv .’L’)

This rule is in effect if a region (part of an object), which has
been moving, is detected to change its label. This could happen
if @ moving region which was thought to be a single object
due to the uniformity of its motion is found out to be actually
consisting of multiple objects; some of these objects now
comes to a halt. Although this is an extraordinary situation,
in some cases this rule might be necessary. If this is the case,
some parts of the previously moving object now keeps the
same label, whereas the newly stopped part is now recognized
as a new object with a new label.

An example for the application of the proposed rul@he
proposed set of rules can be clarified by the help of a simple
example which is shown in Fig. 4. We can assume Rat
RM and RM¢ masks are obtained by the methods explained
in the previous section. When all the regions Ry are
projected ontoRM, {H,I,J} and {E, F,G} color regions
are assigned to two differently moving regions, respectively.
All the remaining color regions{ A, B, C, D}, are labeled as
stationary. The color regions iR/ are also projected onto
RM< in a similar manner.

It can be easily realized that projected color regions of the
) previously moving object-1 iR¢ and one of the moving

_ o _ e _ __regions inR} are same; i.eB, ., = 0. These color regions
Fig. 3. The projection of regions ontdR;““ and correction of boundaries. =

(a) Color segmentation. (b) Motion compensated segmentation. (c) Cofb‘?rrespond to_{E,F,_G}._Hen_ce, according to the propos_ed
segmentation projected onto motion compensated segmentation. (d) CorreBéte 1, a moving object is being tracked and the color regions,

boundaries of motion compensated segmentation. {E,F, G}, should be merged to carry object-1 to the output
segmentation mask. However, the situation is different for the

motion-based labej. This rule covers four distinct cases: arcolor regions of the previously stationary object-0 in Fig. 4.
object (e.g. background) continues its stationarity, a movifidiese previously stationary region$A.B,C,D,H.1,.J},
object continues its motion, a previously segmented stationdrgve different corresponding motion regions Ry"!. More
object begins to move (but it is still identified as the samgpecifically, while the{A, B, C, D} regions belong to a sta-
object since its label has not changed), and a moving obj¢ionary region inR}M, {H,1,J} regions are found out to be
halts (again, it is identified as the same object even if it imoving at the current time instant. Hence, a new object is said
stopped, now). The needed extra information to identify whidb exposed according to Rule 2 and it is assigned with a new
one of these four cases has occurred comes from the past @bjgct number. Following this rule{H,I,.J} color regions
current change detection mask™ andR¢1, respectively. are merged to obtain this new object in the final mask, where

Rule 2—Newly exposed objectat time ¢, for a giveny as rest of the color region§,A, B, C, D} are left to be the
(i.e., previously segmented object), background object-0.

If (B, # 0) then
If (P(O:-1,,,RED,) = stationary region then
If (P(REP, G(I,;, RM, z)) = stationary region then E. Postprocessor

0,, =61, RM 1) The postprocessor is only used if mode 2 of the rule
else processor is active, because, after the rule-based processing
Ot new = G(I;;,RM | 1) step, it is still possible to have one semantic object segmented

This rule is in effect if a region (object) in the stationarynto multiple neighboring regions iRY. Moreover, some
region is detected to change its label. This could happen ikmall unnecessary regions can appear due to motion estimation
still object (which was indistinguishable from the backgroundrrors. A postprocessing step improves the segmentation result.
has now started to move. Thus, the old background is now sfilih the contrary to splitting step in rule-based processing,
into two: one of them is the new backgrou®} ,, and the regions are merged according to two criteria during the post-
other one iSO, sew Which has a newly generated label. processing step. The first criteria is related to small regions: If
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N project

SEGMENT ™
COLOR
new Ohject 2= {H,1,J}
moving region = {H,I,)}
moving region = {E,F.G} S
y AN
B \ Object 0 = {A,B,C,D}
SEGMENT
MOTION /. -
‘ yed Object | = {E,F,G}
e
stationary region = {A,B,C,D} /
previous stationary Object 0 = { A,B,C,D,11,1,J}
MOTION

COMPENSATE >
PREVIOUS /
SEGMENTATION

previous moving Object 1 = {E,F,G}
Fig. 4. A simple example for the proposed scheme.

the area of a region iR is smaller than a predefined threshmethod, can be found in Fig. 6(c). Fig. 6(d) shows the motion
old, then this region is merged with one of its neighbors ®egmentation masR based on the motion vectors, which
form the final segmentatio®R /. If more than one neighboring are obtained using the HBM method between 40th and 45th
region exists, the one with the same label and largest aredr&nes. The previous segmentation mask is motion compen-
chosen. This leads to elimination of some small unnecessasted by the estimated motion vectors to obfi{ ¢, which
regions. The second criteria tries to merge erroneously dividisdshown in Fig. 6(e). The final segmentation resBlf in
objects: If a region inRY is moving and if it is a neighbor Fig. 6(f) is obtained after processing the four segmentation
to any other moving region with a similar motion, these twmasks using the stated rules and the postprocessing step. In
regions are merged R}". The step is necessary if an object ishese frames, the daughter begins to move and it is denoted as
erroneously split in the previous (motion segmentation) ste@snewly exposed object, whereas the mother is being tracked

as an object which continues its motion. It should be noted
F. Simulation Results that the boundaries of both objects are accurate.

1) Mode 1—Moving Objects and Background Detection:
Some exemplary results for the automatic segmentation of
video sequences for video object generation, obtained by fAe
described algorithm, are shown in Fig. 5. The quality of the The COST Analysis Model can be summarized as merging
segmented objects is quite good. The temporal coherency, icd.,small regions with color coherence according to their
the accuracy of the estimated objects in time, that cannot ip@tion content at previous and current time instants. Previous
shown in printed form, is also observed to be satisfactory farerge-based methods use either color or motion or two of
an automatic algorithm. them together during all stages of their merging process [26],

2) Mode 2—Detection of Differently Moving Object§he [29], [21], [27]. In the proposed scheme, while an RSST
simulation results for Mother & Daughter sequence are pralgorithm first merges regions using only the input color
sented. Some typical results are shown in Fig. 6. In Fig. 6(@formation, after some point only motion information is
and (b), the original fortieth and forty-fifth frames are shownrytilized to continue to the merging process. Such a novel
respectively. The color segmentation maB¥ of the orig- approach usually results with accurate object boundaries at
inal 45th frame for 256 regions, obtained using the RSSMe correct locations.

Discussion on COST Analysis Model
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(© (d)

@) ()

Fig. 5. Exemplary segmentation results for mode 1: (a), (b) mother & daughter, (c), (d) hall-monitor, (e), (f) coastguard, and (g), (h) table-tennis.

As long as a color region does not overlap with two differeris obviously neighboring to the moving object, corresponds
semantic objects, the boundaries of the segmentation resalia small section of a smoothly varying part of the scene,
are expected to be accurate. However, occlusions might catiie occluding region will not be included in the moving
problems in some cases. When an occluding region, whiobject. Since the majority of the points in this smoothly
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(e) ®

Fig. 6. Exemplary results for mode 2: original (a) fortieth and (b) forty-fifth frames of the mother & daughter sequen®/,(€) R}, (e)
RMC, and (f) RY.

varying region will usually belong to a stationary backgroundin time. The chosen approach for the segmentation is to
occluding points are included in a stationary object and henggeanalyze the video sequence, and then in a second step,
they are not merged with that object. However, if there is 3 evaluate the results from the preanalysis in a so-called rule
_te>_<tured area In the scene corresponding to the occlusion aFBcessor. Thus, the fusion of different kinds of information
it is possible to handle that part as a newly exposed objel the essential feature. Currently, color, motion, and intensity
Eventually, the algorithm removes SUCh erroneous Obje%tﬁanges are used; however, it is easy to extend the algorithm
from the scene, after they stay stationary more than some . . . .
. ; . by adding new sources of information. Having a structure
predetermined duration of time. S .
which is independent of the features of the analyzed input
sequence, the AM model gives fully automated segmentation
IV. CONCLUSION results. Even though the Analysis Model is pretty new, the
The described algorithms concentrate on segmentationpsésented results already show promising performance for
video sequences into objects, and tracking of these objeetsious test sequences with different complexities.
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Although the presented AM requires no user interactign3]
and thus provides automatic segmentation, the KANT scenario
allows user interaction. It is expected that user interaction will4
improve the segmentation results, for example, by pointing a
region for analysis instead of the entire frame. User interactiﬁ){%
might not be needed for rather simpler sequences. However, |l]
may be unavoidable in case of complex scenes. The effect of
user interaction and the subsequent improvements in segrr;ﬁ%—
tation quality are not examined in this paper. Rather, the goa
is to find out the performance of a fully automated approach.

The presented results are the outcome of a voluntary colldb?!
oration of many companies and institutions throughout Europg)
within COST 211. Concentration of these efforts within a
collaborative framework allows efficient transfer of knowledgglg]
during the precompetitive period of research, and thereby
increases the expertise in this area. Keeping in mind the
great success of the COST work items related to H.261 alkg!
H.263 in the past, one can conclude that the COST Analys$i3]
Model could develop into an important milestone in the long
history of video-related research. The current algorithms V\_/l'lgz]
be further improved in a collaborative way, within COS
217auat, 23]
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