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Abstract—Occlusion/disocclusion is one of the fundamental of the problem, several researchers have proposed the use of
problems for semantic video object (SVO) extraction, where semiautomatic methods to fulfill such impositions [4]-[6], [11],
pixel-wise accuracy is required. This issue is critical because [12], [15], [17], [20], [25]. However, even though some ways of
the degradation in tracking due to object occlusion/disocclusion ' ' e i ’ ; o
significantly increases the amount of user interaction required in human-machine mtgracnon appear FO be eyldent (speC|.f|cat|0n
off-line video editing applications. In this paper, we present an Of the SVOs at the first frame of a video clip, or restarting of
approach based on the application of an extensive operator on a the system when the extraction quality becomes poor) [11], the
lattice of partitions, which exploits information from various views  devising of more efficient mechanisms of interaction still con-
of the scene, based on a probabilistic formulation. Our multiview stitutes an open question.

operator builds on the regional application of the Maximum a Pos- | ibed in th lete latti f K d
teriori principle, by integrating a single-view region classification nscribed In the complete latticeé iramework propose

stage with a multiview stage that improves classification for those in mathematical morphology, we have recently presented
disoccluded regions labeled as uncertain. Results on several reala methodology for SVO extraction based on a 2-D region
Sequenczs ShﬁW t.hatl our approach lc;ﬂrr)]foves the SVIO tracking representation that consists of the generation of accurate spatial
compared to the single-view case and that, as a result, increase - Pt ; ;
the quality of the extracted SVOs and reduces the total amount of Spartltlons fOHO\NeS‘ by t.h .e appgcatlf;'n 0”f eXtenSIVe deXtrzctlon
user interaction. operators on such partitions. Specifically, we introduced a re-
_ o N gional maximum likelihood operator to implement single-view
Index Terms—Mathematical morphology, multiview partition gy tracking [9]. The extraction results generated by this
operators, object tracking, semantic video object extraction. . =,
approach have good quality, as the partition operators can
handle shape deformations, partial disocclusion, change of
I. INTRODUCTION illumination, and the presence of multiple objects, in moderate

HE UNDERSTANDING and characterization of theclutter. However, we believe that in order to deal with large

dynamics of the objects in a scene constitute two of o ject disocclusions and sudden appearance changes (including

most useful tasks in video analysis. Real-world video objec? ject reappearance in th_e scenc_a), richer in_formatio_n of vyhat
often experience motion transformations, illumination changeesf"f‘cr1 SVO repreient%atbdlﬁerer?;lndst?nges, I.€., Tﬁmﬁle vlfws
scene disappearance and reappearance, and deformatl%né. € scene, shou € provided to improve fthe tracking
As time evolves, they usually do not remain invariant with"OCcess, 9”0' subsequently, to ncrease _the_qua_llty O.f the ex-
respect to any low-level vision feature. Furthermore, objectl@Ctecj OblteCtS' AS a reiug of t(;us m;;]est(ljgat]on, '? this ﬁ?per
can change their appearance either partly or completely withfi§ Present an approach based on the design of a multiview
a few frames (for example, when opening a book of dark Covgﬁ(tenswe operator ona Iatt_lce of partitions for SVO tracking
or taking one’s sweater off). Some of the latter situations b rgosest..t'lt usefsthlnformatlon frq(rjn da ‘:’?; 01;) us'er-genefra:';led
the result of large object (self) occlusion and disocclusion ar§ partitions ot the scene, provided at the beginning ot the
are fundamental problems in object tracking [3]. extraction process. The formulation of operators on lattices of

In particular, extraction of semantic video objects (SVOSs) garr]tltlons rg\turally a{lovys :;Or .th% ?eﬂnmon qf mlflt'pli Vk';.al\.N i
a necessary step for the wide applicability of the next genet= emes. Lur operalor 1S derived from a regionaf probabiiistic

ation of multimedia standard (MPEG-4) [19], and it poses rmulatiqn gnd the applicqtion of th.e. M"?‘Xim“m a Posteriori
demanding requirements: 1) SVOs should be allowed to be ar -_AP) principle to two region classification cases: one that
trary (objects represent human abstractions) and 2) the accurre?é
in extraction should be pixel-wise. Because of the complexi

s on short-term (single-view) tracking information, and

ther one that uses information from multiple instances to
olve for disoccluded regions when the single-view mechanism

detects uncertain regions. We show that the multiview operator

_ _ _ improves the SVO tracking compared to the single-view case,
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Fig. 1. Squareest sequence. TigguareSVO has two very different appearances: (a) front (frame 0) and (b) back (frame 68). The user defines the SVO partitions
for these frames (c) and (d).

tained with typical test sequences when the operator is int-different time instances, i.e., object partitions that correspond
grated in an SVO extraction system and discusses its perftrvarious scene views

mance. Section V provides some conclusions and future re- .

search directions. TR={P\o, ke{l,...,K}} 1)

such that

t _ t
Il. FORMULATION OF THE PROBLEM Pivo = Yrr(P"). 2

Asd ivedin 9 lete |atti f vartiti fitut This framework formalizes the concept of region-based SVO
s described in [9], a complete lattice of partitions constitu E‘e§<traction, allows for the definition of operators, discloses some

an algebraic structure in which the S\./O extraction prob_lem AR their properties, and integrates the user information into the
be analyzed [22] (refer to the Appendix, where the notations a cedure [9]. In (1), whedk = 1 and¢yx = ¢ — 1, the par
. ’ —  — - 4, -

definitions used in this paper are provided). Our methodolo ion reference set is given KR = {P§§é}, which means

contintutet; al Spec'?}' (l:ase (;Ethelgorr;\p]lete Iatt'lfe rf]approbacrmgt the generation of the current SVO partition will use only
mathematical morphology [22], [13]. A few works have bee e previous object partition as a reference. The SVO extrac-

pre_wously developed using th'fs framework, fqr simple Seamefly, process reduces to the single-view extraction case described
tation problems [22], and to point out connections between co

: ) ; |H'[9]. This approach naturally supports the design of multiple
nected operators and region merging algorithms [10]. We ha\‘/i%w extractor operators, wheid > 1. In particular, for video

focuseq Its usage fqr SVO extrgctlon. ) ) composition and editing applications in which the entire video
A lattice both defines the notion of partial order relation beélips are available in advance .

erties of the operators that can be defined on it [13]. A complefe\ey frameshat reflect the different appearances of the SVOs
lattice of partitionsI (Appendix, Definition 2) of the domaify and 2) generation of the corresponding SVO patrtitions to con-

of a_r_nultivalued image sequenfb_consists of all _the p_ossible struct the sef’'R. Fig. 1(a) and (b) show Squaresequence
partitions of£', spanning from the finest partition, in which eachy, o6 an object with two different facets is rotated in front of

pixel of an image constitutes a region, to the coarsest one, tgaéamera. When a user—who naturally knows that his/her ob-
includes all the image pixels in one single region (Appendix,qt of interest has more than one appearance—defines the ref-
Def|n|t|on_ 5). A lattice of partltlo_ns establishes the basis to COlance SVO partition set as shown in Fig. 1(c) and (d), the in-
struct a hierarchy of segmentations [10]. We have proposed thaly,ction of semantics in the system makes it much richer than
SVO extraction can be addressed with a two-step methodology,, single-view scheme. The initial SVO partitions are defined
iterated at each timein the video sequence. through the specification of the objects’ outline, following an
1) Generation of accurate, fine spatial partitidfls= {Rf, efficient procedure proposed in [11].
i € {1, ..., N*'}}, whereR! denotes théth region, and  Multiview approaches have been used in the past for object
N' indicates their total number at tintethat do not de- recognition (eigenfaces [23] and 3-D objects in uncluttered
pend on noisy motion information, and hence preserve thackground [18]) and tracking purposes (deformable shape
real object contours. models or eigenshapes [1], and eigentracking [2]). The common
2) Design of operator$y(-)} on a lattice of partitiondI idea of all of these methods consists in generating a compact
(Appendix, Definition 8), based on statistical informatiorrepresentation of the target data, by using a number of training
such that, once applied on the partitidis they generate examples. Several variations of principal component analysis
a partition of SVOs Py, = {SVO:, j € {1,...M}}, (PCA) are performed to obtain such representation, which
where SVQ denotes thgth SVO, andM is the number is then used to perform the matching/tracking tasks in the
of SVOs in the scene (Appendix, Definition 7), withouteigen-domain. There exist some important differences between
introducing any new spatial contours. Operators with thitiese techniques. The method in [2] uses a rectangular region
property are calleéxtensivéAppendix, Definition 11). as the representation of the object support, while the one in
In our schemesemanticss introduced by the user, who spec{1l] employs a parameterized object contour. Additionally,
ifies areference SVO partition s¢Appendix, Definiton 8) de- the method in [1] uses different objects with the sashape
noted byT'R, and composed ok’ SVO partitions of the scene variations (walking people) to learn the shape models, while
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gray-level appearancef objects of a same class (soda cansjo; denote the set of all classes except ftie one, which

are used for training in [2]. Finally, one work that deservesieplies thatPr(svo;) = 1 — Pr(svo;). Assume that the two
special mention is the one reported in [3], which constitutd®yframes, selected at the beginning of the extraction process,
a long-term study on probabilistic modeling of objects viaorrespond to instances zero and Additionally, for all sub-
active contours. For all the described techniques, the results sequent frame§& > 1), we define the reference SVO partition
encouraging for several real situations, e.g., shading, pose vast to be composed of the SVO partitions at the previous frame,
ations, and cluttered background. However, these methodsatal at the keyframe attintg, i.e., TR = {PLys, Pivo}- Fur-

not explicitly deal with the pixel-wise precision that is requirethermore, two spatio-temporal features are extracted for every
for extraction of arbitrary, deformable SVOs. Furthermore, faegion and for each of the views: tmrmalized overlapped
personal video editing applications, users can define anythiaga nanJk: (Appendix, Definition 9), and the corresponding
thatis present in the scene as an SVO of interest (a human bagymalized matching error;* (Appendix, Definition 10). Both

an arm, a hand, or a finger). This represents limitations fégatures are computed based on the motion vector estimated
the applicability of some of these techniques because trainifag each region, using the current frame and the corresponding
samples of arbitrary objects might not be easily availableeyframe, and assuming a translational model. More complex
Therefore, we believe that the described constraints point enbtion models could be used at an increased computational ex-
to a matching strategy in the image domain. In this line gfense.

work, one recent study based on a deformable contour SVOOn one hand, the normalized overlapped area is a measure of
representation is reported in [15], in which starting from twehe matching of eacli! with the jth SVO at timet,.. In real
initial, user-provided object contours, any contour in interm&cenes, with objects experimenting nonrigid motion and illumi-
diate frames can be interpolated. The interpolation is basestion changes, a single motion vector that describes the cor-
on: 1) two-directional (forward, backward) contour trackingespondence of a region of arbitrary shape is likely to include
procedures that generate a pair of candidate contours and 2)yrars. However, the computation of the normalized overlapped
merging phase to produce one single contour per frame. Quea filters out much of the uncertainty present in motion infor-
methodology only coincides with the previous approaches fation because it indicates whether most of the region is over-
the use of multiple information for the SVO definition. Aslapped with a certain object, rather than indicating where the
opposed to [15], we have adopted a 2-D region-based S\¥Ract match occurs. On the other hand, the normalized matching
structure representation, and formulated the problem of S\épror is a measure of the matching of each region in the cur-
extraction as an issue of designing morphological extensiuent partition with the scene at tintg. Both quantities can take
operators on lattice of partitions. As we mentioned before, botalues between zero and one. Fig. 2 illustrates the feature ex-
single-view and multiple view operators can be inscribed in theaction process.

same framework. Let noa’~! andnoa’* be the continuous random variables
that represent the normalized overlapped area bet&#emd
[ll. MULTIVIEW EXTENSIVE PARTITION OPERATORS the SVO partitions at timefs— 1 andt,,. Lete!~! andet> be the
A. Formulation corresponding normalized matching errors. In a regional MAP

formulation, we would like to maximize the conditional prob-

In our methodology, once an accurate partitiBhis gen- apijity of assigning each region to the correct SVO [21], [8] as
erated, the problem becomes the construction of the partitigggos:

of SVOs, P, based onP?, the reference SVO partition set
TR, and statistical criteria. As the definition of accurate object svo* = argmax Pr(svo;|noa’™t, noa', '™, ¢**)  (4)
borders has been assigned to the partition generation step, the
SVO extraction operator)(-)} are thought of as a classifica-0r equivalently minimize the probability of misclassification.
tion mechanism which assigns each region in the current spafar the single-view case, in which we only rely on information
partition R € P! to the appropriate SVO, without creating newirom the previous frame, the above equation can be simplified
contours. It is well known that the performance of any classifio
cation algorithm highly relies on a wise feature selection [8].
The design of the operators can be formulated in terms of

optimality criteria. In this section, we first present the eXtraCtiovr\‘/hich represents the original formulation proposed in [9]. In-
operator for the two-view cadg{ = 2) '

more views is straightforward - The generalization to deed, we showed that the operator obtained from the maximiza-
: . tion of (5) is regionally optimal, assuming that for each region
Let; denote the operator that extracts jleSVO, i.e., that ©) g y op 9 g

o he i d — he ith SVO and th R! there exists a corresponding region in the previous frame,
partitions the image ?ma nto tte‘]t and the rest o, that a valid normalized overlapped area can be computed.
of the scene, such th#k,, = v;(F*). At each instant, each

) . . . In fact, this assumption is reasonable and works adequately for
region i} € P* belongs either to such SVO or to any othef,,ny scenarios (including deformable motion, multiple objects,
SVO. In standard binary hypothesis testing notation and global motion in moderate clutter), with exception of those

sv0* = arg max Pr(svo,|noa’ ') (®)

Hy: R C SVOZ; Hy: HE. (3) cases in which su_dden _dis_occluded regions are quite diff_erent
from the surrounding existing SVOs. However, the normalized
Let svo;, 5 = 1,..., M represent thgth possible class matching error can be used as a measure of the likelihood of

(i.e., the jth SVO), with prior probabilityPr(svo;), and let each region to be present in a given view. Most of the regions in
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Fig. 2. Feature extraction process. The normalized overlapped area and the normalized matching error are computed for every region at easkdinoe, and u
classification.
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Fig. 3. The infimum of a set of partitions corresponds to the partition made of the intersections of all the regions in the origindtisgb)X#), ; (c) infimum
of P, and P,; (d) extracted SVOs.

a partition have small matching error values (see Fig. 3), witpproach is optimal for all those regions whose matching error
exception of highly textured and disoccluded regions that aigereliable. We can express this model as
significantly different from the surrounding SVOs (callad-
certain regionsin the following). Situations like object reap- Pr(svojlnoa’™!, noa', ¢!t < ef ! |
pearance in the scene, or sudden change of appearance fit in this (6)
category. In those cases, the single-view formulation may intro-
duce region misclassifications. Nevertheless, these are exa¥#ffjich assumes that the classification is independent of multi-
the cases for which multiple views of the scene can offer richeiew information as long as the matching error in the previous
information for classification. frame remains in the probability interval. In this case, the model

The multiview approach could be formulated as a glob&duces to the single-view case. On the other hand, all those re-
matching problem between all the regions in each partiti®ions whose matching error is outside the interval are consid-
and all the scene views. However, this is both computationa®yed as uncertain regions and should be processed using mul-
expensive and intuitively unnecessary because the trackiiiye views in order to further reduce the possibility of misclas-
procedure that relies in short-term (previous frame) infogification. By defining
mation already represents a valid solution for many cases.

noamin {

t 1 t

') =Pr(svo;|noa’ )

noat~t, if ¢!7 < ete %)

Therefore, the multiview formulation conceptually decomposes s _
noa'r,  otherwise

the problem into three tasks: 1) partition processing using
short-term information; 2) detection of uncertain I’egions; artﬁe Corresponding a posteriori probabmty can be modeled as
3) processing of the uncertain regions using multiple views.

Consider an interval of highest posterior probability 6T'  Pr(svo;|noa’ *noa’, et > ef ! | e'*)=Pr(svo;|noa
with parametefl,,,s. Such an interval containg0 x 7.,,:% 8)
of the area under the probability density function (ge®:—1).
Let eEjﬂr denote the value of normalized matching error fasuch that the uncertain regions will be assigned to eithejtthe
which Pr(ef=t < etTjolnr) = T,..nt- We can use this parameterSVO or to its complement using a similar Bayesian framework

as a way of modeling the transition between the single-view afid], [8], but in which information from multiple frames is used
the multiview extraction schemes. On one hand, the short-tetoifind the minimum normalized matching error.

min)
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Fig. 4. Approximated pdfs of the normalized matching ergde) for
Foreman Bream and Squaretest sequences. 100 frames were used in each
case to compute the pdf.

e e

The application of the MAP criterion to both (6) and (8) is
identical: chooseH, (assign the regior! to the jth SVO)
when its probability of belonging to such object so indicates,
and choosdd; otherwise

Hy

>
Pr(svo;|noa®) < Pr(svo}|noa”). 9)
1

where the variable takes the values — 1 andmin in (6) and
(8), respectively. By applying Bayes’ rule and rearranging terms

Ho
p(noa”|svo;) > Pr(svof)

p(noa®|svo§) Hy Pr(svo;)

where the two terms on the left side of the equation represe
the two class-conditional pdfs. As shown in [9], these pdfs cal
be modeled by exponential distributions

@) (b) (©

p(noa”|svo}) = Ae” Mm% g (noa®)
] Fig.5. SVO extractionSquaresequence, frames 0, 40, 48, 54, 62, 66, 74, and
p(noa®|svo;) = )\QG—AQ(I—mal)u(l — noa®) 82. (a) All regions in the 10% tail of the approximated pdf of the normalized

matching error (computed between framesdt — 1) are labeled as uncertain.
Noisy and disoccluded regions are correctly labeled. (b) SVO extraction using

where u(-) designates the step function. If we I€the single-view partition operator. The object is lost when it flips. (c) SVO

A J— Pr(gvo;%)/ Pr(svoj), the decision problem can beextraction using the multiview partition operator, for two user-defined views
reduced to the computation of an optimal threshold at frames 0 and 68. The object is correctly tracked during the whole sequence.
H .
~ Az — In( Az /K" Ap) whereA\ B denotes set difference, and each SVO has two com-
noa & SR = Taoa- (10)  ponents
The threshold can be either computed from the parameters svoz. = svo;.singlc U svoz.m“lti

of the model (which in turn can be estimated from data using

the last estimated SVO patrtition), or approximated by 0.5, aghere
suming symmetry between the exponential likelihood functions
and); > k*. Such an approximation has been justified in [9]SVO§SmgIQ = U R, noal; *
A closed expression for the partition operator that extracts the i

jth SVO from the scene can be written down as and

svo. = R, noa?}in > Thons Tl > ettt
Plvo, = ¢,;(P') = {SVO}, E\SVO,} (11) S U ’ T = oot

t—1
Teonr

2 Tnoa7 et_l < c
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Fig. 7. Spatial distortion for thBreamsequence with the single-view (dashed
line) and multiview (continuous line) partition operators. The time interval in
which the multiview case outperforms the single-view case occurs when the tail
of the fish is lost. In the rest of the sequence, the performance is of the same

quality.

the partition that is generated by intersecting all the regions in
the set{ P, .} (Appendix, Definition 4). Fig. 3 illustrates this
operation. ’

Several theoretical properties of this operator can now be ob-
tained. In fact, it can be shown that it is not order-preserving,
and not invertible, and therefore it does not constitute a mor-
phological filter [13].

The generalization of this approach to more than two views is
direct. GivenK reference SVO partitiond( > 2), a set of nor-
malized matching error&et*, k=1, ..., K}, and overlapped
areagnoa’*, k=1, ..., K} canbe computed for each region.
If we define

noa™® 2 noa' such thae! = min{e' k=1,..., K} (13)

then the expression for the conditional probability

Pr(svoj|noa’, ..., noa'®, e, ..., e'x)

can be reduced to (6) and (8), with the new definition in (13).
The only parameter that remains to be determined is the pa-

Fig. 6. SVO extractionBream sequence, frames 0, 100, 114, 122, 124 : . - _
126, 128, and 132. (a) Uncertain regions. Textured and disoccluded regi %&nete@Conf' Fig. 4 shows the approxmated prObab'“ty den

are correctly labeled. (b) SVO extraction using the single-view partitiofity function of the matching errg(e) for several video se-
operator. Some detail of the fish tail is lost between frames 123 and 130 ctq@ences with very different characteristics. It can be seen that

to disocclusion. After that, the tail is recovered. (c) SVO extraction using t etrilg i ; ;
multiview partition operator, for two user-defined views at frames 0 and 140. e distributions are concentrated in the low values. We decided

The object is correctly tracked during the whole sequence. The tail is never Id&. S€tTcon t0 @ fixed value of 0.9, which is commonly used
in statistics as parameter in posterior intervals [14]. Using this

By applying the procedure to the SVOs of the scene, the value, the value oéfgl . can be computed based on the empir-

desired SVO partitionP%,, can be generated from the set ofcal pdf estimated at each instant. That means that all the regions

traction operator by as uncertain regions and reclassified using the other views.

. . M-1 . M—1 . B. Selection of the Reference SVO Partition Set
Psvo = Yuv(l") = /_\1 vi(P") = /_\1 Psvo;  (12) 1pe creation of the reference SVO partition set is a deci-
= = sion made by the user. It is intended to reflect the different

where« v denotes the multiview operator, andrepresents appearances of the objects of the scene (including the back-
the infimum of all the single SVO partitions, which consists oground). Recognition of different appearances is a trivial task
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1) SVO structure definition by user introduction of the ref-
erence SVO partition set (specification of the contours of
the objects of interest i& different views).

2) SVO computation by spatial partition generation, based
on a four-band watershed at each instant [9].

3) SVO tracking by application of the multiview partition
operator described in the previous section.

4) SVO postprocessing for partition refinement.

To test the multiview approach, a two-view reference SVO

partition set was selected by the ugéé = 2). In Fig. 5,
we show the results that are obtained with thquare se-
guence presented in Fig. 1 (the test sequences are available
in http://www.hitl.washington.edu/people/danielgp). Fig. 5(a)
illustrates (in light-gray tones) the regions that have been
labeled as uncertain, as it was described in Section Ill. Noisy
and disoccluded regions have been correctly labeled. Fig. 5(b)
shows the extraction results that are obtained when the
single-view partition operator is applied. We observe that the
extraction is accurate as long as the object does not completely
change its appearance. However, when the other facet of the
object appears, there is no way of identifying that some of the
new regions in the current partition belong to the same object,
and the tracking fails. In comparison, in Fig. 5(c) we show
the extraction results obtained with the multiview operator, in
which the user selected the two views shown in Fig. 1 as the
reference SVO patrtition set. The extraction quality is equivalent
for the first part of the sequence, but it considerably improves
when the object flips, as the operator correctly assigned the
uncertain regions to the Square SVO, allowing for a more
accurate extraction. Note that even though a perfect (manual)
partition was available for each keyframe of the SVO reference
partition set, no partition substitution (reset) was performed
during the tracking process. In other words, after the definition
of the reference set, the tracking results reported in this section
only use automatically generated partitions. Substitution could
obviously be done and would improve the results (reducing
the spatial distortion to zero for some frames), but we were
interested in evaluating the performance of the system without
Fig. 8. SVO extractionHall sequence, frames 0, 10, 20, 40, and 50. (a) Sveuch substitution.
extra_c_tion usingthe single-view partition_operator_. _(b) SVO extraction using the Another example, for which an objective evaluation is also
multiview partition operator, for user-defined partitions at frames 0 and 60. possible, is shown in Fig. 6. Fig. 6(a) illustrates the detected un-
certain regions (in dark gray) for a series of frames oBream
for a person, provided that he/she can parse the video conteriéquence. We observe that these regions correspond to textured
an efficient way. To select the reference SVO partition set, tiegions (part of the body of the fish) and to disoccluded regions.
user can make use of a set of VCR-like capabilities that allolhe comparison of the extracted SVOs using the single-view
for fast forward and backward access to the video content. Adand multiview operators is presented in Fig. 6(b) and (c), re-
tionally, note that a single view of an SVO might be enough irspectively. On one hand, the extraction is of good quality in the
formation in many cases (for example, in a head-and-shouldgtidgle-view case, with the exception of a few frames for which
scene). Therefore, in our implementation, the user can fre@grt of the tail of the fish is temporally lost due to sudden dis-
Specify one or more partitions in the reference set, which WOLHE:CIUSion, but later recovered. On the other hand, the multiview
determine the mode of operation (single or multiple views), aifperator, for which frame numbers 0 and 140 were selected as

also switch between the two modes of operation at any time.the reference set, recovers the fish without losing track of any
part of it. The objective evaluation, based on the spatial distor-

tion measurement proposed in [24], is presented in Fig. 7. We
observe that the multiview operator improves the performance
IV. EXPERIMENTAL RESULTS AND DISCUSSION when the single-view operator fails, without degrading the per-
formance at any time.
The multiview partition operator was integrated into an SVO To further illustrate the performance of our methodology, two
extraction system that consists in four stages. experiments were performed for the diffictdall test sequence
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iment was performed. The user stops the single-view tracking
process at = 20 (frame number in which the single-view op-
erator performance starts degrading compared to the multiview
case), manually generates the corresponding SVO partition, and
restarts the single-view system for the rest of the sequence. We
can observe from Fig. 9(a) that the multiview operator performs
better once again. As opposed to the single-view case, in which
user interaction only affects the short term for tracking purposes,
the multiview operator integrates the set of views and allows for
a better decision on disoccluded regions. Finally, to provide an
idea of the degree of accuracy of the generated SVO partitions,
we compare the spatial distortion obtained with the multiview
operator and the distortion computed between the ideal partition
and a3 x 3-eroded version of itself in Fig. 9(b). The erosion op-
eration has peeled off the hand-made partition by one pixel. We
observe that both distortion figures are comparable.

We have conducted other experiments to analyze the depen-
dence of our method with respect to the required parameters. In
particular, there are two parameters that need to be set: the pa-
rameter of the interval of highest posterior probability,,; and
the search window size for the estimation of the regional mo-
tion vectors (necessary for the computation of the normalized
overlapped area for each region). On one hand, the first param-
eter determines the amount of regions for which multiple view
information will be used for region classification. As we dis-
cussed in Section Ill, for many cases, single-view information
is enough to correctly assign each region to the correct SVO.
Therefore, a high value fdf,,,; should produce good quality
results while keeping reasonable computations. On the other
hand, the search window establishes the domain on which the
motion vector can be estimated. As reported in [12], a fixed size
of w works for backward tracking (a single-view approach) in
several different scenarios. However, when the multiview op-
erator is used, it could be useful to set a larger search window
w,, for the multiview matching procedure, such that a better re-

Fig. 9. (a) Spatial distortion for théfall sequence with the single-view gional correspondence can be found for the uncertain regions.
operator (dotted line), single-view operator restarted at frame 20 (dashed line)jn Fig. 10(a), we show the curves of spatial distortion as a

and multiview operator (continuous line). The multiview case outperfor -
the other two cases. (b) Comparison between the distortion of the multivi nction of 7¢ous, for the Hall sequence. It can be seen that

operator (continuous line) compared to the distortion oba@-eroded version the distortion figures generated fét.,; = 0.7, 0.8, and 0.9
of the ideal (manually generated) partition, which peels off the hand-magge very similar to each other, which suggests that the selec-

partition by one pixel (dashed line). tion of this parameter is not so crucial. The same behavior (both
quantitatively and qualitatively) has been observed for other test
that has been partitioned into the Man SVO and the rest of thequences. In Fig. 10(b), we present the results of the spatial
scene. In the first place, the single-view operator is applied distortion as a function of the uncertain region search window
60 frames, with the system starting at frame number 0. In teze w, (while keeping the single-view window size fixed to
second place, our proposed two-view operator, with manual def-= 10). The results fors, = 10 andw, = 15 are virtu-
inition of SVO partitions at frames number 0 and 60, is alsally identical (only the latter is shown). In fact, the window size
applied. Fig. 8(a) and (b) shows some of the results obtainiedroduces a well-known tradeoff: larger searches may improve
with the two operators. Additionally, Fig. 9(a) shows the cottracking of larger motion, but if the scene is complex, the pos-
responding spatial distortion. We observe that, even though #ibility of false regional matching also increases. Hall, in
two operators behave similarly for the first frames of the sevhich the scene background is highly cluttered, the augmenta-
quence, the multiview operator produces more stable and action of the window size taw,, = 20 andw,, = 25 does notintro-
rate masks in the long term. In particular, note that the multiviesluce larger distortion in the first frames of the sequence. But as
frame can handle the case of separation of the Man SVO iribme evolves, the false matchings tend to degrade the extraction
two parts (man and suitcase) and tracks both parts with accurgmrformance. Multiscale methods might offer good solutions to
Furthermore, the use of a multiview operator reduces the amosatne of these situations.
of user interaction with respect to the number of manual SVO An example that illustrates the advantages of the multiview
partitions that are needed. To illustrate this case, a third expeperator for tracking of multiple objects can be appreciated in
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0.6 : . .
correction of the results at several frames (i.e., each time the

background is covered and then uncovered) if a single-view ap-
05 : proach were chosen, to get the quality that is obtained with the
= 'E;gr:{:(?.f multiple view technique. As this situation occurs frequently in

T el real-world sequences, a multiple-view approach offers advan-
tages in terms of amount of user interaction.

One important issue is the sensitiveness of the performance
with respect to the selection of the reference SVO partition set.
The performance of the method obviously depends of the views
that are selected as input by the user. However, the specific se-
lection of the keyframes is not critical as long as the chosen
frames approximately describe the same content. An example
of 1 of this point performed with thépple sequence is shown in
Fig. 12. Fig. 12(a) displays the spatial distortion introduced for
three cases of the two-view operator, where frame 0 is selected

04 A

Spatial Distorsion

0 10 B b0 5 ®  as the first view, and frames 74, 84, and 117 are selected as the
@) second view, respectively. Such frames contain similar content.
06 } ( ‘ We can observe that the spatial distortion is practically identical
in all cases before the objects split, and remains somewhat sim-
_ w_u=t5x15 ilar in the rest of the sequence. Fig. 12(b)—(d) illustrate each ex-
0sr e 1 traction process at frames 80, 90, and 110, and show that there

occurred some errors in the extraction process for two of the
three cases around frame 90. However, in all cases, the system
subsequently extracts the two objects with good quality.
Another example that illustrates tracking of multiple objects
in moderate clutter is presented if Fig. 13, for tHandshake
sequence [16]. In this case, the heads of two men who pass in
front of each other are tracked. Fig. 13(a) presents the results for
the single-view operator. We can observe that extraction errors
occur when the man on the left disoccludes parts of the back-
ground (frames 25 and subsequent), and again when the man on
the right walks by the other man and also disoccludes the back-
. o = > = = -, ground (frames 50 and subsequent). On the contrary, when two
Frame Number views are selected (frames 0 and 34), the tracking of the two
(b) heads is accurate along the whole sequence Fig. 13(b). In ad-
Fig. 10. (a) Spatial distortion produced by the multiview operator as @ition, and similarly to the previous example, the selection of
function Othﬂfeg?/ZTeesteé CLfatlflg én;e(glgtltgé zlggr?:é Irilr:gglaoby‘é»;rs-h:glllme)the second view is not critical, as long as the uncovered back-
gégl(lcec?nct?r.luous line) aré sﬁown. Aﬁ approximately similar’ sbatial distortion nd of t_he scene _'S eXpOSEd in such view. Furthermore, more
produced in all cases. (b) Spatial distortion as a function of the uncertain regié¥in two views provide a redundant but more robust SVO rep-
search window sizev,.: 15 x 15 (continuous line), 20« 20 (dotted-dashed resentation.

i) and 25 25 (dashed ne) The searchwindow fr e shortrm 12ek9 e are currently integrating our extraction algorithms in a
allow for tracking of larger displacements, but is also susceptible to motigfeneral interactive system for analysis of digital video. One ex-
estimation errors (false matchings), which increases the spatial distortion. Hiqiple of SVO extraction in consumer video materials appears
results in this paper use, = 15. . . .

in Fig. 14 for theCat sequence, which has hand-held camera

motion, zooming, and independent motion of the cat. We have
Fig. 11 for theApplesequence. In this sequence, the apple atested our algorithms with other sequences that present object
the hand originally have the same motion, but when the hand lgisocclusions including object disappearance/reappearance, ob-
the apple roll free in the table, multiple object occlusions/disotaining similar extraction results.
clusions (hand, apple and background) occur. The result of apThe computational complexity is adequate for semiautomatic
plying the single-view operator is shown in Fig. 11(a) and (bRVO extraction. The extraction takes about 3.5 s/frame in QCIF
We observe that when the objects split, the disoccluded regieslor images, on an SGI Octane computer. This figure could
is not correctly assigned to the background. The results of &)@ significantly reduced by code optimization and several sim-
plying the multiview operator, using frames 0 and 90 for the replifying operations (like computing segmentation and tracking
erence SVO partition set, is shown in Fig. 11(c) and (d). In thimly on subregions of the image).
case, when a view of the background is provided, the methodThe limitations of our approach arise when extracting SVOs
correctly detects the disocclusion regions and allows the split-cluttered scenes where the colors of different SVO are very
ting and remerging of the objects as time evolves. Note that, dgimilar, and in videos of poor quality, as spatial segmentation is
to the random motion of the apple, a user would need to malikeely to contain errors in both situations. Furthermore, in cases

Spatial Distorsion
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Fig. 11. Multiple SVO extractiompplesequence, frames 0, 10, 40, 50, 62, 72, 76, 80, 84, 88, 92, 100, 112, 120, 130, 150. (a)—(b) Tracking using the single-view
partition operator. Due to sudden background disocclusion, regions of the background are erroneously assigned to the SVOs. (c)—(d) Traekimgjtwigwvth
partition operator, in which frames 0 and 90 were used as reference partition set. The objects are correctly tracked.

like indoor material recorded with nonprofessional quality, theommon limitation to all segmentation-based SVO extraction
natural colors of the scene are usually affected by interior lightethods.
and the color camera response. This situation also hardens seg-
mentation. Additionally, the spatio-temporal features become

less reliable as clutter increases. In these cases, both segmen-
tation and classification errors will likely be introduced in the Inthis paper, we present a multiview morphological approach
SVO partitions and propagated along time. This constituteda SVO extraction. Our methodology is based on the design

V. CONCLUSION
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Fig. 12. SVO extractionApplesequence, selection of the reference partition set. (a) Spatial distortion introduced by the two-view extraction operator, where
frame 0 is fixed for all cases, and the second view is different in each case: frame 74 (continuous line), frame 84 (dashed-dotted line), and frahez lihé ) d
The quality in all cases remains approximately the same. SVO extraction at frames 80, 90, and 110 using: (b) frames 0 and 74; (c) frames 0 and&#gand (d) fr
0 and 117. Note that the error present at frame 90 (finger not extracted) is later solved by all the cases (frame 110 and subsequent).

of extensive operators on lattices of partitions that apply a fermation from multiple scenes can solve for cases in which
gional MAP principle for region classification, and addressegingle-view methods fail due to object disocclusions. The prob-
an issue of practical importance: how to reduce the trackiadpilistic approach allows for the formulation of these operators
problems related with SVO disocclusions in off-line applicaising optimality criteria, while their algorithmic complexity re-

tions. We have shown that this approach improves the SVO ewrains low. From this perspective, our system for SVO extraction
traction quality compared to single-view schemes because isnot the merging of disparate algorithms, but the application
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(b)

Fig. 13. SVO extractiondandshakesequence. The heads of the two men are tracked. (a)—(b) Single-view SVO extraction. (a) Frames 0, 10, 20, 25, and 30; (b)
Frames 35, 40, 45, 50, and 55. (c)—(d) Two-view SVO extraction (frames 0 and 34 are used as reference SVO partition set). Same frame numbers.

of a common methodology. From our investigation, we are cusmaller) than?; iff P;(z) C P;(z), Yz € E, and it is rep-
rently interested in three main lines of research: 1) the definitioasented by, < P;.

of other partition operators and the study of their algebraic prop-Definition 4: Theinfimumof a set of partitions indexed hy
erties; 2) the study of methods for better probabilistic modelinig defined by

toincrease their robustness; and 3) the development of improved
criteria for objective evaluation of SVO extraction.

</\ B) () =N;Pi(z) VzekE

APPENDIX i.e., it corresponds to the partition made of the intersections of

i . all the regions in the original set of partitions. Additionally, the
The first three definitions and the last one are adapted eréUpremunis defined by

[22] and [13]. The rest are extracted from [9].
Definition 1: Given a space’ and its collection of subsets
P(F), apartition P of E is a mappingP: £ — P(F), such ‘ _ B D
thatV , € E, the two following conditions hold: 1) € P(z) \/ R’) (@) =M{B: B =UiUyen Fiy), v € B, B P(E)}
and 2)P(z) = P(y) or P(z) N P(y) = 0, wheref) denotes the
empty setP(z) is called thezoneor regionof P that contains which is the finest partition that is larger than each of the in-
x. For purposes of indexing of the zones of a partition, it idividual partitions. For the two-partition case;; v P;)(x) =
convenient to use the following notatio® = {R;, ¢ € Z}, (P;V Py)(y)if Pi(x) = P(y) or Pj(z) = P;(y).
whereR; = Uz € F such thatP(z) = R;. Definition 5: The leastand greatestelements ofll corre-
Definition 2: A complete lattice of partition$l is a set of spond to the finest partitio®,, and the coarsest partitiafy,
partitions of £/ with a partial ordering relatiog<), for which such thatP(z) = z andPr(z) = E forallz € E.
each of its subsets has an infimm) and a supremurf\). Definition 6: LetI = {I'|t € Z} be a multivalued image
Definition 3: Partial orderingrelation between partitions. sequence, with domai&y = D(T*) C Z%. Let P* = {R!, ¢ €
Let P, and P; be two partitions ofE. P, is said to befiner {1, ..., N}} denote a partition oF at timet. Thejth semantic
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Fig. 14. SVO extractionCat Sequence. Frames 0 and 500 were used as
reference SVO partition set. (a) Frames 0, 30, 50, and 60. (b) Frames 350, 4303]

450, and 500.

video objecbf the scene depicted In(consisting of\/ objects)
is defined by SVQ = {SVO'}, where

N;
¢ t
SVo, = | J B!
=1

and where SV@ represents thgth VOP at timet, each com-
posed of N regions of P*.

Definition 7: An SVO partition P%,,, is the collection
Pt,o = {SVO,, j € {1,...,M}}, whereM is the current
number of SVOs in the scene.

Definition 8: LetIl be a complete lattice of partitions Af=
D(T*). Let P* € 11, and letTR = {Pio, k= 1,..., K}
denote aeference SVO partition setomposed o’ SVO par-
titions of the scene at time instaris i.e., partitions that corre-
spond to different scene views. 8VO extractor operatos a
mappingy: 11 — II, such thatPi,,, = ¥rr(P*). As the set

TR is used as a reference, its explicit inclusion in the notatior), 4

is usually omitted.

Definition 9: Thenormalized overlapped ardzetween a re-
gion R! of a partition at timet and thejth SVO at timet;, is
defined by

card ([Rg]v_tk N Svojﬁ)
card(RY)

t
noa;; =

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 11, NO. 7, JULY 2001

whereV'* denotes the motion vector estimated Rirbetween
frames at timesandt;, assuming a translational motion model,
[R;], represents the motion-compensated versioRjofand

card(A) denotes the cardinality of the sdt

Definition 10: Thenormalized matching errdoetween a re-
gion R! of a partition at timeg, and the image sequence at time
t, is defined by

PO O

J;E[Rﬂvtk
etf" = ‘
¢ 255 - card(RY)

Definition 11: A partition operator) is calledextensiveff
P<y(P),vPell
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