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ABSTRACT

A region merging technique for spatio-temporal segmenta-
tion of scenes is presented here. The proposed technique is
a bottom-up method and expects an initial set of regions.
These regions are compared on the basis of a similarity
measure that integrates both spatial and temporal infor-
mation. The unsupervised merging procedure is based on a
weighted, directed graph that is updated dynamically. Two
graph based clustering rules are presented. These rules are
used to cluster regions into ensembles that represent me-
aningful objects present in the scene. Experimental results
demonstrate the e�ciency of the proposed method.

1. INTRODUCTION

This paper addresses the problem of extracting semantically
meaningful objects within the framework of spatio-temporal
segmentation. Spatio-temporal segmentation attempts to
describe a dynamic scene in terms of moving objects. Ap-
plications like object tracking [1] and structure from motion
can bene�t from such a visually meaningful segmentation.

The techniques for spatio-temporal segmentation can
be grouped into two broad classes: the top-down approach
and the bottom-up approach. Top-down approaches itera-
tively estimate the parameters of dominant motions in the
scene. Regions complying with the current dominant mo-
tion are assumed to belong to the same object, and are not
considered in the next iteration [2]. In contrast, region mer-
ging (bottom-up) approaches start with a set of regions and
merge them into moving objects according to some spatio-
temporal criteria. Several criteria for region-merging have
been proposed in the relevant literature. However, in gene-
ral, these methods fail to exploit the available information
in its entirety. In this paper, we propose a region merging
algorithm for spatio-temporal segmentation that attempts
to overcome the drawbacks of other previously proposed
algorithms.

The paper is structured as follows. In Sec. 2 we present
a brief review of previous relevant works. The proposed
technique for spatio-temporal segmentation is presented in
Sec. 3. Section 4 provides experimental results to demon-
strate the robustness of the proposed approach. Finally,
conclusions are drawn in Sec. 5.

2. BACKGROUND

Bottom-up spatio-temporal segmentation methods assume
that the frame of interest in the image sequence has already
been segmented into a set of regions. The manner in which
these regions are obtained may vary. They may be chosen
arbitrarily (e.g., blocks) or they may be the result of some
segmentation based on spatial/temporal information. For
instance, the techniques proposed by Adiv [3] and Wang
and Adelson [4] rely only on motion information. They
de�ne regions based on their consistency with a speci�ed
motion model. Dufaux et al. [5] use both spatial and tem-
poral information. In the limiting case, each pixel can be
considered as a separate region.

The region merging process has two important compo-
nents: the de�nition of the region-similarity measure, and
its usage. Several similarity measures have been proposed
for spatio-temporal region merging. They di�er in the way
they use (or do not use) the spatial information and the
temporal information given by the motion parameters. The
second issue is the way in which the similarity measure is
used to determine whether regions should be merged.

Some region merging techniques for spatio-temporal seg-
mentation use temporal information available only on the
motion parameter space. The methods of Dufaux et al. [5],
and Wang and Adelson [4] de�ne the region-similarity mea-
sures to be the distances in the motion parameter space.
The merging decision is based on a clustering procedure
and regions assigned to the same cluster are merged into
a single moving object. This method is obviously sensitive
to error in motion estimation and to the distance measure
used in the clustering process. Also, the number of clus-
ters (i.e., objects) has to be predetermined by the user or
computed by some ad hoc method. A more severe problem
is the following. Depending on the scene and the motion
model chosen, similar optical 
ows may be represented by
very di�erent sets of motion parameters [6]. In other words,
the parameterization of the motion need not have a unique
solution and the hypothesis that the motion parameters rep-
resent the entire motion information may indeed be wrong.
This implies that two regions which are moving in a similar
way may turn out to have very di�erent motion parameters
and, thus, will not be merged by the clustering procedure.

Other regions merging methods for spatio-temporal seg-
mentation attempt to use all available information. Both
spatial and temporal information are exploited. For in-



stance, the similarity measure proposed by Adiv [3] relies
on the distribution of the residuals obtained after motion
compensation. In this approach, spatial information is in-
corporated by restricting region merging to adjacent regions
only. The merging decision is performed based on the vari-
ance of the residual distributions. Two regions are merged if
the variance of the newly formed region is similar to those of
the individual regions before merging. However, the use of
a single statistic is too drastic a reduction of dimensionality.
It may induce wrong merging decisions, since all the infor-
mation present in the distribution is not examined. Further-
more, no use is made of the motion information available
in parametric form.

Moscheni and Dufaux have also proposed an appro-
ach to spatio-temporal segmentation based on region mer-
ging where the region-similarity measure utilizes both spa-
tial and temporal information[7]. Temporal information is
exploited in both its residual-distribution form and its para-
metric representation. Spatial information is used to ensure
that only adjacent regions are merged. The spatio-temporal
similarities among the various regions are represented in a
weighted, directed graph. The algorithm clusters the ver-
tices of the graph, by applying two clustering rules sequen-
tially. However, the similarity measure used in this algo-
rithm exploits the available spatial information poorly. It
simply imposes that only adjacent regions may be merged
based on temporal information. The clustering procedure
also su�ers from some drawbacks. First, the weights for
the edges in the graph are binary-valued. A better use of
the similarity measure would be to use it in its continuous-
valued form. Secondly, as the vertices of the graph get
merged to form new vertices, the edges in the graph are not
updated dynamically.

3. PROPOSED SPATIO-TEMPORAL REGION
MERGING

In this paper we propose an algorithm for spatio-temporal
region merging. This unsupervised procedure is robust in
the presence of outliers. Both spatial and temporal informa-
tion are used to guide the merging process which is carried
out based on a dynamic clustering of regions. The algo-
rithm assumes that an initial segmentation of the scene, and
the motion parameters for each region, are available. Any
method may be used to generate the initial segmentation.
The patio-temporal similarity measure and the dynamic
graph clustering strategy are discussed in this section.

3.1. Spatio-temporal Similarity Measure

The region-similarity measure proposed here exploits both
spatial and temporal information. However, we place more
emphasis on temporal information as we are looking for
coherently moving objects. The spatio-temporal similarity
FAB, between two regions, A and B, is de�ned as a combi-
nation of the result, TAB , of a test statistic on the temporal
information and the result, SAB , of a test statistic on the
spatial information. These are discussed below.

Test Statistic for Temporal Information: The de-
termination of the temporal information is based on a spe-
ci�c motion model. We use a fully parametric a�ne model
in this work. The test statistic on the temporal information

determines the level of coherence between the motions of the
two regions A and B. We use the Modi�ed Kolmogoro�-
Smirnov test (MKS test) [7] for this purpose. This non-
parametric test statistic exploits motion information avail-
able in the motion parameters as well as that present in the
residual obtained after compensating region A using the
motion parameters of region B. Using the MKS test, we
de�ne the signi�cance level, TAB, that region A moves in
the same way as region B. Spatial information is also used
at this stage as TAB is computed only for adjacent regions,
and is set to 0 otherwise.

Test Statistic for Spatial Information: In the con-
text of spatio-temporal region merging, the spatial informa-
tion is used to determine the probability that two regions
share spatial characteristics. Spatial information may range
from shape information to texture information. In this pa-
per, the spatial similarity of two adjacent regions A and
B is computed based on the respective medians, LAB and
LBA, of their luminance values along their common bor-
der. The hypothesis that the regions A and B are spatially
similar is given by the signi�cance level SAB de�ned by:

SAB = Prob(jqj � jLAB � LBAj) ; (1)

where q is the maximum likelihood estimator of the hy-
pothesis that LAB and LBA are equal. Assuming the set of
luminance medians to be trials of a Gaussian variable with
variance �, it can be shown that q is a random variable with
q � N(0;

p
2�). In practice the variance � is estimated over

the ensemble of luminance medians of all the regions. If the
regions A and B are not adjacent, SAB is set to 0.

The Spatio-Temporal Similarity Measure: The
spatio-temporal similarity, FAB, of two regions A and B is
speci�ed as a combination of the signi�cance levels TAB and
SAB . Recall, however, that spatio-temporal region merg-
ing is performed to obtain objects that are likely to be
composed of regions having di�erent spatial characteristics.
Thus, FAB must rely mainly on the temporal information
(i.e. TAB). Let �X be the ensemble of neighboring regions
for region X. The proposed spatio-temporal similarity mea-
sure FAB is written as follows:

FAB = TAB � k TAB (M � SAB) ; (2)

with

M = [max (max(SAJ );max(SRI)) j J 2 �A; I 2 �R] ;

R = (JjSAJ is maximum) and k 2 [0; 1] :

Equation 2 re
ects the fact that TAB is the most sig-
ni�cant term in the spatio-temporal similarity FAB. SAB
is just used as a corrective factor. The factor M conveys
information about the general spatial coherence of region
A with its neighboring regions. The factor k has a pre-
set value and controls the level of the correction based on
spatial coherence information.

3.2. Graph-Based Dynamic Clustering Strategy

The region merging procedure is developed in the frame-
work of graph theory [7], and uses the spatio-temporal si-
milarity measure presented in Sec. 3.1. More precisely, the
spatio-temporal similarity measure is used to construct a



graph where the vertices represent the regions and edges
represent the similarity between regions. The weights of the
edges are expressed as percentages. Clearly, this graph is
weighted as well as directed. Regions are merged according
to the information represented in this graph. The clustering
strategy employs two rules, referred to as the strong rule

and the weak rule, respectively. These rules are explained
below.

In the following, the set F is the set of indices of the
F regions Rf to be clustered. That is, F = (1; � � � ; F ).
In the same way, I is the set of indices of I clusters, Ci.
Therefore, I = f1; � � � ; Ig. The ensemble I is by de�nition
a subset of the ensemble F . The strong rule can now be
de�ned as follows:

Ci = fRm;m 2 F j 9(Rl and Rk; k; l 2 F ;Rk;Rl 2 Ci)

such as (Rm ! Rl and Rk ! Rm)g; i 2 I: (3)

Here, B! A denotes that the spatio-temporal similarity of
region A with region B is greater than the current strong
rule threshold tsr. The strong will thus merge regions A
and B only if FAB and FBA are greater than tsr.

The weak rule aims at relaxing the conditions for mer-
ging regions imposed by the strong rule. Further, when the
weak rule is applied, the graph is not updated every time
two regions are merged. This type of merging is referred
to as non-dynamic merging. For each cluster Cj , initially
containing exactly one region, the weak rule �rst determi-
nes the ensemble 
 of clusters Ci with which Cj could be
merged. The ensemble 
 is de�ned by:


 =

8<
:Ci; i 6= j

������
X

Rk2Ci

X
Rl2Cj

(Rk ! Rl) � Card(Cj)

9=
; ;

(4)

where Card(Cj) denotes the cardinality of the cluster Cj .
B! A denotes that the spatio-temporal similarity of region
A with region B is greater than the current threshold for
the weak rule.

Assuming that 
 is not empty, an important step in
the non-dynamic merging consists in selecting the cluster
Cs 2 
, with which the cluster Cj has to be merged. This
selection is performed as follows:

Cs = fCi 2 
 ; such as max
�

max
�

max
�

g ; (5)

where

� =
X

Rk2Ci

X
Rl2Cj

(Rk ! Rl) ;

� = Area(Ci) ;

� =
X

Rk2Ci

X
Rl 62Ci

(Rk ! Rl) ;

where Area(Ci) is the area of the cluster Ci. The non-
dynamic merging is carried out by iteratively applying Eq. 5
on the set of initial regions while the current weak rule
threshold decreases from 100% by steps of 1% to its lowest
allowed value. Thus, the weak rule merging permits a ro-
bust hierarchical region merging that does not require any
update of the graph.

The strong and weak rules are applied successively in
the context of a dynamic graph updating strategy. First,
the regions represented in the graph iteratively clustered
using only the strong rule. After each iteration, the graph
representing the relationships among regions is updated by
recomputing the temporal and spatial characteristics of the
newly created regions, and then recomputing the similari-
ties among the current set of regions. Initially set of 100%,
the threshold value for the strong rule, tsr, is recomputed
after each iteration. The maximum value Es that would
still allow the strong rule to carry out a merging, is deter-
mined from the graph. The threshold tsr is thus de�ned
as:

tsr = 100 � Qsr (1 + (Int)((100�Es)=Qsr)); (6)

where Qsr is a pre-de�ned step-size for lowering tsr. The
iteration stops when tsr is less than the pre-de�ned lowest
threshold threshold tlsr. The weak rule is now applied ite-
ratively to the remaining regions. Again, the graph is upda-
ted after each iteration step, while the non-dynamic mer-
ging described above occurs within each iteration. Similar
to tsr, the threshold twr is lowered at every iteration as
follows:

twr = 100 � Qwr (1 + (Int)((100�Ew)=Qwr)); (7)

where Qwr is a pre-de�ned step-size for lowering twr, and
Ew is the maximum value in the graph that would still
allow the weak rule to carry out a merging. The merging
process stops when twr is lower than the pre-de�ned lowest
threshold tlwr.

4. EXPERIMENTAL RESULTS

Two sets of results are presented for the proposed region
merging technique. In the �rst set, the region merging is
based on an initial set of regions obtained using a method
similar to the one used by Dufaux et al. [5]. We also pre-
sent region merging results for the case when the initial
set of regions is obtained using a quadtree based segmenta-
tion. This demonstrates that the proposed region merging
method can be used with di�erent methods of generating
the initial set of regions. Experiments have been carried
out on successive frames of sequences in QCIF format.

Figure 1(a) shows one frame of the `Table Tennis' sequ-
ence. As mentioned before, the proposed algorithm expe-
cts an initial set of regions as input. Figure 1(b) shows
the initial set of regions of the image in Fig. 1(a). This
set of regions is obtained by clustering pixels in the three-
dimensional color space in combination with a motion based
re�nement as proposed in [5]. The proposed method mer-
ges these regions to form meaningful objects. Figure 1(c)
shows the segmentation produced by applying the strong
rule only. This segmentation is further improved by apply-
ing the weak rule. The �nal segmentation result is shown in
Fig. 1(d). Five objects, namely, the ball, the table, the arm,
the racquet and the hand holding it, and the background,
are obtained. Note that the cu� of the shirt and part of the
forearm have been clustered together with the hand and
racquet. This is explained by the fact that in this section
of the sequence, these regions have very coherent motion.



Figure 2 shows the spatio-temporal segmentation results
when the initial set of regions for Fig. 1(a) is obtained using
a quadtree based segmentation approach. Initially the in-
put frame is divided into arbitrary blocks, and their motion
parameters are estimated. Blocks that show a displaced

frame di�erence (DFD) higher than a preset threshold are
split into four equal sized blocks. This process is repeated
until a lower limit on the size of blocks is reached. Fig-
ure 2(a) shows the obtained initial set of regions. The re-
sult of merging these regions after applying the strong rule
only is shown in Fig. 2(b). We note that the �nal result,
shown in Fig. 2(c), is quite similar to the result shown in
Fig. 1(d). The ball, and the arm and racquet (as one re-
gion) are identi�ed quite well. Of course, the regions appear
blocky, because the region merging algorithm starts with an
initial set of blocky regions. Note that, in this experiment,
the region merging process fails to identify the table.

(a) (b)

(c) (d)

Figure 1: \Table Tennis": (a) one frame, (b) initial set
of regions (20 regions); (c) spatio-temporal segmentation
obtained after applying the strong rule (7 regions); (d) �nal
spatio-temporal segmentation (5 regions).

5. CONCLUSION

We have presented an unsupervised region-merging techni-
que for spatio-temporal segmentation. The proposed me-
asure of region-similarity e�ciently exploits both temporal
and spatial information. The merging process is based on
a graph which is used to represent the spatio-temporal co-
herence of regions. Two clustering rules are successively
applied to this graph, in order to merge regions. The graph
is dynamically updated during the region merging process.

Experimental results demonstrate the e�ectiveness of
the proposed method, and show that the region merging
process works well with di�erent sets of regions.
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