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Abstract. We conceive the problem of multiple semantic video object (SVO) extraction
as an issue of designing operators on a complete lattice of partitions. In this paper, we
propose a framework based on accurate spatial partition generation and application of opti-
mal extraction operators on the generated partitions. Under the framework, we introduce a
spatio-temporal regional maximum likelihood operator for extraction purposes. Some theo-
retical properties of the operators are established. Experimental results show that our scheme
is capable of successfully handling multiple SVOs in a variety of scenarios.
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1. Introduction

SVO extraction can be considered as a process of segmenting and tracking
arbitrary collections of image regions (that correspond to objects in the real
world) with pizel-wise accuracy. The task, crucial for the next generation
of multimedia standards MPEG-4 and MPEG-7 [12], is formidable because
SVOs are human abstractions that are not invariant, either in spatial features
or in motion. Several approaches, based on different object representations
(contours, regions, active meshes) have been recently proposed [2], [7], [11],
[10].

When 2D regions are selected to represent an object, two factors define the
quality of the extraction result: the precision of the spatial partition, and the se-
lected tracking technique. On one hand, a good segmentation technique should
preserve the contours of the scene objects, as human perception is sensitive to
artifacts in borders. On the other hand, the tracking process is responsible for
keeping an accurate SVO representation along time. Several methods consist of
the computation of an initial object partition and its tracking by a prediction-
adjustment process, in which the original partition is updated to generate the
partitions at each time [3], [6], [10]. However, this process is not trivial if pixel-
wise accuracy is required: noisy motion information, which constitutes the key
factor of the procedure, often introduces inaccuracy and ambiguity in defin-
ing the boundaries of the video objects [7], [11]. Furthermore, some of these
techniques unfortunately rely on heuristics, and/or cannot handle the case of
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several objects.

This paper presents a different approach. We propose a general framework
for 2D region-based SVO extraction based on spatial partition generation and
the application of one or more extensive operators in the lattice of partitions.
We are interested in developing a systematic approach in which such opera-
tors can be defined, their properties can be analyzed, and that allows for the
extraction of multiple SVOs from natural video sequences.

The rest of the paper is organized as follows. Section 2 presents an overview
of our methodology. Section 3 introduces the partition lattice operators for
SVO extraction. Section 4 shows results for several MPEG-4 test sequences.
Section 5 provides some concluding remarks.

2. Proposed Approach

A complete lattice of partitions is an appropriate morphological framework to
analyze segmentation problems [15], [14]. We start by reviewing such a notion.
Given a space £ and its power set P (&), a partition of £ is a mapping P : £ —
P(€) such that Vz,y € &, (i) € P(z), and (2) P(z) = P(y) or P(x)NP(y) = 0.
P(z) is called the zone or region of P that contains z. It can be proved that the
set of all partitions of £ constitutes a complete lattice, denoted by II, where the
partial ordering relationship is defined as P; < P; <= P;(z) C Pj(z),Vz €
E,P;, P; € II. In this case, P; is said to be finer than P;. The infimum of a
set of partitions {P;,i € 7} is defined as (\; P;)(z) = N;Pi(z) Yz € £, i.e., it
corresponds to the partition made of the intersections of all the regions in the
original set of partitions. Additionally, the supremum of a set {P;} is given by
(V; P)(x) =n{B : B =U;Uyecp P;(y),x € B,B € P(€)} which is the finest
partition that is larger than each of the individual P;. For the two-partition
case, (P; V Py)(x) = (P V Py)(y) if P(x) = P,(y) or Py(z) = P;(y). Finally,
the least and greatest elements of II correspond to the finest partition Po and
the coarsest partition Py, such that Po(z) = z and P;(z) =& for all z € £.

For purposes of indexing of the zones of a partition, it is convenient to use the
following notation: P = {R;,i € T}, where R; = U z € £ such that P(z) = R;.

The extraction of the SVOs of a scene corresponds to one special case of
partition of the image support. This can be defined as follows.!

Definition 1 Let I = {I' | t € Z} be a multivalued image sequence, with
domain & = D(I') C Z2. Let P* = {R!,i € {1,...N}} denote a partition of £ at
time t. The j-th Semantic Video Object of the scene depicted in I (consisting
of M objects) is defined by SVO; = {SVO;}, where

N;
SVol =R} (1)
=1

In MPEG-4 terminology, SVO;- represents the j-th Video Object Plane
(VOP) at time t, each composed of N} regions of P* (30, N} = N). Eq.

1 Multivalued images and random variables are both denoted by bold letters. The meaning
should be clear from the context.
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1 naturally allows for the definition of multiple SVOs. The associated partition
of SVOs at time ¢, denoted by P&, is the collection

Péyo ={SVO5,je{l,.M}} (2)

We propose to achieve SVO extraction by (1) generating, at each time in-
stant, spatial partitions P! that do not depend on inaccurate motion informa-
tion and that preserve the true object contours, so that the frontiers between
objects can be discerned even though they are of similar color, and (2) finding
optimal homomorphisms between the generated partitions and the set of SVOs
in the scene. Therefore, we claim that SVO tracking can be formalized as a
process of applying operators {¢*()} in the lattice of partitions [14], [15]. These
operators can be designed by specifying spatio-temporal statistical criteria.

In addition, we consider the interactive introduction of semantics as essen-
tial, such that one or more of the following functions can be implemented by
a user: initial definition of the SVOs, creation of a multiview representation,
correction of the automatic results, or specification of context. Some typical
works in this area include [2] and [7].

SVO extraction is then defined as a combined process of spatial partition
generation and subsequent application of partition lattice operators, with user
intervention at (possibly) different instants.

For the partition generation stage, we have previously developed a four-
band (color+intensity edges) morphological multivalued spatial segmentation
method that improves the contour localization properties of the traditional
watershed techniques [5]. The following section concentrates on the formulation
of the partition operators.

3. Partition Lattice Operators for Semantic Video Object Extraction

Some basic partition operators for segmentation were originally proposed in
[14]. More recently, a work that pointed out the connection between region
merging algorithms and connected operators was presented in [4].

In our approach, once a partition P! is generated at each time ¢, the problem
becomes the construction of P, from P! by introducing temporal informa-
tion that allows the implementation of the tracking function. This informa-
tion is represented by a temporal reference SVO partition set, denoted by TR,
composed of the SVO partitions of the scene at different time instants, i.e.,
partitions that correspond to different scene views. The partition reference set
is then expressed as TR = {P&,,, k € {1,..,K}}. For example, if K = 1,
and tx =t — 1, then TR = {PL,}, which means that the generation of the
current SVO partition will depend on information provided by the previous
one. If K > 1, the decision for the construction of the current SVO partition
will include information from multiple instances. Note that the partitions in
TR can be computed either by off-line user interaction or automatically as part
of the extraction process. We now define a SVO extraction operator.

Definition 2 Let IT be the complete lattice of partitions of & = D(I'). Let
Ptecll, and TR = {Pé‘l\/07 - Pél‘(/o}- An SVO extractor operator is a mapping
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Yhp o I — 10, so that
PSyo = ¢rp(P") (3)

The explicit dependence on T'R will be usually omitted as this set is used as
a reference. With this formulation, several tracking schemes can be formulated:
monoview (k = 1) or multiview (k > 1); causal (t; < t) or non-causal (t; >
t). The superscript in the operators notation means that they can be time-
dependent.

As we mentioned, we have assigned the accurate extraction of region bound-
aries to the partition generation phase. As a result, the extraction operators
{1t} can be thought of as a classification mechanism, that assigns each region
Rt € P! to the appropriate SVO, so that no new spatial contours are intro-
duced in the partition P% . This concept is illustrated in Fig.1. In fact,
all possible operators that can be designed with this idea in mind satisfy the
following property.

Property 1 The operators {{*} are extensive.

Proof. Tt directly follows from Egs. 1 and 2.

This property implies a relation between this class of operators and con-
nected operators [4], [9]. In addition, we would like the operators {¢'} not
to be injective. From the practical point of view, this would represent some
robustness in the extraction operation, by allowing several partitions { P!}, all
comparable by the ordering relation, to be mapped to the same object partition
Pty . Finally, idempotence represents another desired property, as it would
imply that the extraction would be done in one single step.

a b

Fig. 1.  SVO extraction operator. Hand sequence. (a) Original image I'. (b) Partition
P! (segmentation model superimposed); (c) SVO partition PL,,, = 9(P!) (original image
superimposed).

In the following section, we present one operator for the case in which the
reference set is given by TR = {Pg;,lo}, and ¢ is non-time-adaptive.

3.1. PARTITION OPERATOR BASED ON REGIONAL MAXIMUM LIKELIHOOD.

The design of the partition operators can be formulated in terms of an opti-
mality criterion to be satisfied. Note that, from the statistical point of view,
SVO extraction (as has been formulated here) represents a process of assigning
the regions of P? to a given class, namely the objects in the scene; from the
algebraic point of view, it corresponds to the design of extensive partition oper-
ators. We initially propose a partition operator ¢;(P*) to construct each SV O

from the partition P* using the previous SVO partition (PL,) as reference,
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Plyo, = (')
SVO; — %)

where ngoj is the partition that divides the image support into the j-th SVO
and the rest of the scene. The generation of P&y, is then straightforward.

Let Vit pi-1 : P(E) — Z? be the mapping that computes a region motion
vector, assuming a pure translational model, using the image sequence I at
times ¢ and ¢—1, so that V;! = Vi 1.-1(RY!) denotes the motion vector computed
for the region R! € P!. Additionally, let [X];, represent the translated version
of X C Z2 by h € Z% [X], = {z + h| 2 € X}. The region attribute that
will be used to construct the SVO partition at each time ¢, using the temporal
reference Pg, o, = {SVO5 !, j € {1,..M}} is defined as follows.

Definition 3 Given a partition P, and the SVO partition Pét{,lo, the normal-
ized overlapped area between the i-th region R € P and the j-th SVO is given
by:

. card([R]y. N SVO™)

— 4
1otij card(R?!) @

This measure takes values between zero (no overlapping) and one (R! C
SVO;fl), and will decide for the assignment of each region in P! to the cor-
responding SVO. Obviously, each R} € P! belongs either to the j-th SVO or
to any other SVO in the scene depicted in the image sequence. In hypothesis
testing terms,

Ho:R; CSVO: ; H :H§ (5)

The normalized overlapped area can be modeled as a continuous random vari-
able noa, taking values noa in [0,1] (we drop the index ¢ in what follows to
simplify the notation). Let svoj,j = 1,.., M represent the j-th possible class
(i.e. the j-th SVO), with prior probabilities Pr(svo;), and let svoj denote the
set of all classes except the j-th one, which implies Pr(svof) = 1 — Pr(svo;).
With this setting, Pr(svoj|noa) and Pr(svo§|noa) represent the a posteriori
conditional probabilities that correspond to Hy and H;, respectively. We use

the Maximum a Posteriori (MAP) criterion to map each region to an SVO [13]:

Hy
Pr(svojlnoa) S Pr(svoj|noa) (6)
Hop

such that the hypothesis H, that is chosen is the one that has a larger a
posteriori probability. Applying Bayes theorem on both sides of the expression
and rearranging terms,

p(noalsvo;) 1t Pr(svof)

<

p(noalsvof) i, Pr(svo;)

(7)

where p(noa|svo;) represents the class-conditional probability density function.
For the two-object case, we can assume equal priors (Pr(svo;) = Pr(svof)), as
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foreground and background video objects may have any size and shape, and
the expression reduces to the maximum likelihood criterion

H,
s 1 (8)

p(noalsvof) 1?0

L(noa) p(noa|svo;)

For the cases of larger number of objects, however, the exact expression is
Eq. 7. Let k' denote the ratio Pr(svo§)/ Pr(svo;). We propose to model the
class-conditional probability density functions by exponential distributions:

p(noalsvof) = Ae” M™% (noa) ;  p(noalsvo;) = Age™ 21700y (1 — noq)

where u(z) designates the step function. These distributions approximately
model the real data: due to segmentation errors, p(noa|svo;) should be highly
concentrated around noa = 1, and rapidly decay as noa — 0. The dual situa-
tion holds for p(noa|svof). In addition, the parameter values \; should make
the conditional probabilities outside the interval [0, 1] negligible. The problem
has been reduced to finding an optimal threshold for noa,

H )\2 — ln(>\2/kt>\1)

<
noa S

i M+

= Thoa (9)

We can now write an expression for the proposed partition operator:
PSyo, = ¢;(P') = {SVO}, E\SVOS} (10)
where A\B denotes set difference and

SVO; = U Rf such that TLOG% > Thoa (11)
i

The parameters )\; and k! can be estimated from the actual data. However,
if we assume symmetry between the exponential distributions (A\; = A2), and
Ai > k!, the expression for the optimal threshold can be further simplified and
approximated as:

A2 — 11’1()\2/)\1) In k?t - 1
AL+ Ao M4+ 2

This analysis shows that ¢;, under the described assumptions, is equivalent to
a tracking algorithm recently reported in [7] for the two-SVO case.

To extract the M SVOs present in the scene, ¢; should be applied M — 1
times (the M — th SVO is always selected as the scene background). Finally,
Ply o can be directly generated from the set of partitions {;(P*)}}2;", by
defining a partition operator ¥ rarr () for regional maximum likelihood:

Thoa = (12)

M—-1 M-1
Plyo =t¢rur(P) = J\ ¢;(P)= ) Phvo, (13)
j=1 j=1

Some properties of this operator can be established (the same applies to 9;,
as it is equivalent to ¥ rpp for M = 2 in Eq. 13).
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Property 2 vgpr has the following properties: (i) neither increasing nor de-
creasing, (ii) idempotent, (iii) not injective, (iv) not invertible, (v) not a mor-
phological filter.

Proof (i). (Counterexample). Let P} be a partition of £ that consists of three
regions, labeled B (background), H (head), and S (shoulders), respectively.
Let P} be another partition that consists of two regions, H and E = B U
S (erroneously merged regions). By construction, P} < P}. Additionally,
assume that there is no motion and that Pé{,lo is correctly composed of the
background B and the object O = HUS. Applying ¢gasr, to the two partitions,

Yrur(PY) = PLyo, and  ¢ryp(PE) = P, but obviously Plyod P,
SO Yrpp 1S not increasing. Similarly, it can be proved that g is not
decreasing.

(ii) Yeymr (WrymL (PY) = Yrun(Phy o). But Pk, is already the partition
of SVOs. A further classification process simply assigns every SV O; to itself,
ie. YruL(PSvo) = Pyo-

(iii) Using the counterexample in (i), Yrar (PY) = Yrmr(Piye) = Pivb,
so P! and Pé;lo map to the same partition under ¥ g, which shows that the
operator is not injective. In general, for a set of partitions {P{ < ... < Pt}, the
equality 'QZJRML(Plt) =..= T/JRML(PfL) will hold.

(iv) Follows from (iii).

(v) Remember that a lattice operator is called a morphological filter iff it is
idempotent and increasing. The result immediately follows from (i).

3.2. STATISTICAL VALIDATION OF THE PARTITION OPERATOR

To justify the assumptions in the previous subsection, we performed statistical
tests on several MPEG-4 video sequences. Indeed, we found that the exponen-
tial, symmetrical distribution assumption adequately represents the data. In
Table I, we show the ML estimates for the parameters \;, for the two-SVO case
(foreground object and background). Additionally, the priors Pr(svo;) at each
time ¢ are estimated from the relative sizes of the SVOs at the previous frame
of the video sequence, so that:

k= Pr(svof)/ Pr(svo;) = card(S\SVO§_1)/card(SVOj-_l)

TABLE 1
Estimated parameters for MPEG-4 sequences
Sequence A1 A2 K0 Thoa

Bream 142.21 113.89 2.44 0.45
Foreman 75.17 79.51 1.94 0.51
Hand 97.64 78.83 4.25 0.44

Table T also shows the initial values of k. Tt is observed that the assumption
that \; > Et also holds, even for small objects, and that the estimated optimum
threshold T, is actually close to the approximated value. This fact validates
the direct use of 1/2 as the value of T),,,, which reduces the computational
complexity. It is also pointed out that ¥ grarr can tolerate SVO size changes.
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Fig. 2. SVO extraction. (a) Akiyo. (b) Hand. (c) Tennis. (d) Bream.

4. Results

Our framework is integrated in an SVO extraction system whose minimum-user
interaction model was presented in [5], and consists of four steps:

1. SVO structure definition. A user-defined P2y, is generated from I°.
2. SVO computation by generation of a partition P V ¢.
3. SVO tracking by application of our partition operator, ﬁévo: (P, Piyo).

4. SVO postprocessing to refine the object partitions, ]35‘,0 = Pty o.
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Fig. 3. Generated SVO Spatial Distortion. (a) Akiyo, (b) Bream. The distortion introduced
by the erosion of the ground truth by a 3 X 3 structuring element is also shown.

Extraction results for various scenarios are shown in Fig. 22. In all cases,
we superimpose P&, on I'. Fig. 2(a) shows the result for the Akiyo sequence
for two user-defined SVOs: Akiyo and Background. Even though they have
some adjacent regions of similar color, our methodology generated precise SVO
contours. Fig. 2(b) illustrates a two-SVO gesture image sequence [1]. The
hand presents fast, articulated motion and shades, and the scene has a signifi-
cant change of illumination. As a third example, the result obtained with the
Tennis sequence, divided into three SVOs, is shown in Fig. 2(c). The sequence
has been correctly partitioned. Finally, the result obtained with the Bream
sequence, that presents object deformable motion and global camera motion,
is shown in Fig. 2(d). In summary, our methodology performs well for different
types of object and camera motion.

The computational complexity of our method is low, and adequate for semi-
automatic SVO extraction. When fast motion estimation is used, the extrac-
tion takes around three seconds/frame in QCIF color images, on an SGI Octane
computer; this figure could be significantly reduced by code optimization. Full
motion estimation provides the best SVO extraction results at the expense
of increasing the processing time, and might be required when tracking tiny
objects with large motion.

Objective evaluation of our methodology can be performed for those se-
quences for which a ground truth is available. The MPEG-4 group has pro-
posed figures for spatial distortion evaluation [16]. In Fig. 3 we present the
results obtained for the Akiyo and Bream test sequences. To provide an idea of
the degree of accuracy of the generated SVO partitions, the spatial distortion
computed between the ground truth and a 3 x 3-eroded version of itself, that
approximately peels off the ideal SVO partition by one pixel, is also presented,
and confirms the obtained quality.

The main limitations of the proposed method arise when extracting SVOs in
(1) highly cluttered scenes where the colors of different SVOs are similar, which
introduces segmentation errors, and (ii) sequences in which newly uncovered
regions have no matches in the previous frame, which produces tracking errors.

2 Test video sequences are available at http://hitl.washington.edu/people/danielgp
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We are currently extending our methodology to a multiview SVO representation
(i.e., when the partition reference set TR is composed of more than one SVO
partition) to address these problems.

5. Conclusions

We described a methodology for multiple SVO extraction based on object
contour-preserving spatial partition generation and application of extensive
spatio-temporal partitions operators. The use of the partition lattice frame-
work for SVO extraction allows for the modeling of various tracking schemes
and leads to the development of optimal algorithms. We have illustrated this
with a regional maximum likelihood operator. Experimental results for a vari-
ety of real situations in natural video sequences have verified its effectiveness.
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