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Abstract

We propose a computational model for generating an in-
terpretation of a video shot based on our proposed principle
of perceptual prominence. We also provide a formulation of
the perceptual grouping problem in the spatio-temporal do-
main to identify the perceptual clusters. We illustrate our
approach with experimental results.

1 Introduction

For any kind of visualization, may it be a still image or a
video shot, our attention gets focused to the most overriding
or prominent component(s). A filmmaker or a painter uses
the arrangement of the mise-en-scene [2] to direct our at-
tention across the visualization space (a scene in space and
time). Our vision is attuned to changes of several kinds,
eg, movement, color differences, balance of distinct com-
ponents, variations in size, depth cues etc. In this work, we
address the task of shot interpretation based on the proposed
principle of perceptual prominence.

A scene or a shot can be subject-centric if it has got one
or few prominent subjects, or it can be frame-centric (ie the
entire frame is a subject of interest) if it has no prominent
subject in it. The subjects in the scene are identified using
perceptual grouping principles in the spatio-temporal do-
main. This involves use of Gestalt’s principles like similar-
ity, proximity, adjacency, parallelism etc over the low level
visual patterns in the 2D space, and the principle of com-
mon fate that influences the strengthening of the groups in
the temporal domain. There has been prior work [4],[5] on
perceptual grouping in spatio-temporal domain using mo-
tion cues. [5] have formulated the problem as that of an-
alyzing a 3-D volume of features where one of the axes is
time. The feature trajectories are approximated as piece-
wise planar surfaces that are then grouped using properties
of parallelism, proximity etc. However, their assumption
was that a trajectory in the 3D space will arise because of
the same pattern. Even when the feature trajectories showed

discontinuities in the temporal domain, it was assumed that
the different segments in the trajectory belonged to the same
pattern. Hence they could avoid tracking of the patterns. We
relax this assumption and assert that time is not an added di-
mension to the data to be grouped, but it’s an added dimen-
sion to the grouping such that the grouping should maintain
coherence (“common fate”) in time. We give some generic
definitions for the concepts followed by concrete illustra-
tions in terms of our methodologies for video shot analysis.

2 Perceptual Prominence

Let � � ���� ��� ��� ��� ��� be a set of elementary
patterns. Let � � ���� ��� ��� ��� ���, such that �� �
���� ������� � �, where �� �� �� , � �� �, is a set of
perceptual clusters or groups identified using some cluster-
ing algorithm. Then all members of �� share some set of
common characteristics ��

� . This set of common character-
istics may be defined distinctly for different clusters. Let �
denote a vector of perceptual attributes of a perceptual clus-
ter. These attributes are common to all clusters. Denoting
�
�

as the value of � for ��, let � � ��
�
� �

�
� �

�
� ���� �

�
� be

the set of perceptual attribute vectors of all elements in �.

Definition 1 The Perceptual Prominence ����� for a clus-
ter �� is defined as its contextual perceptibility under some
interpretation I. The interpretation I specifies a vector of
perceptual attributes � and a function � � � � ��� �� that
gives the prominence of cluster �� in the context �.

A possible way to model the function� is to use a belief
network, shown in Fig 1, by translating � to a set of context
attributes �, and treating each attribute �� as a virtual evi-
dence node [3]. The conditional probabilities corresponding
to a virtual evidence can be obtained using some function or
provided a priori. We can also model the perceptual promi-
nence as a vector ����� where each component ������
gives the computed prominence owing to a some ��� 	 ��.
This provides multiple solutions where, for each case, the
computed prominence can be attributed to some specific set
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of criteria. Context is important for evaluating the promi-
nence, since, though a perceptual cluster may be prominent
as a stand-alone cluster, the presence of other clusters may
inhibit its prominence below acceptable levels. This may be
due to the presence of other more prominent clusters or due
to presence of several clusters of almost equal prominence
(leading to a clutter). Hence it may happen that within a
context and an interpretation �, one, few, or none of the
clusters come out as prominent.

i
A

cluster Ci
Prominence for

ψ . . . .

Virtual Nodes

Figure 1. Belief Network for computing Per-
ceptual Prominence.

For our context of video, we have chosen the perceptual
attributes � for a perceptual cluster, say �� , as its spatial
extents, temporal extents, consistency of its over-all group-
ing (this is explained in section 5.1 ) amount of motion and
its consistency (captured by the average and the variance
of its motion in time). The prominence computed for clus-
ter �� without taking the context into account (ie assuming
that only �� is present), is called its self prominence mea-
sure ���. The contribution of any of the attributes in � for
computing ��� can be changed by altering a weighing term
to each of these attributes. We have chosen the context at-
tributes � as ��� � ���, of all other clusters (��� � �� �)
in the shot. A cluster �� of higher or almost equal promi-
nence provides a penalty that is proportional to the differ-
ence in their prominence ��� � ���, inversely proportional
to its own prominence ��� and proportional to the temporal
overlap between �� and �� . A cluster �� of lesser promi-
nence (ie ��� � ���) doesn’t cast any penalty. Hence in the
case of a clutter, when the clusters gather almost equal self
prominence (which is low), they cast a high penalty on ��

and each �� gets suppressed. Hence no cluster comes out as
prominent. However, multiple clusters of high prominence
can coexist, unless their number gets very large. The con-
ditional probability tables that we have used to model the
function � reflect the above considerations.

3 Perceptual Grouping in Spatio-Temporal
Domain

Let � � ���� ��� ��� ��� ��� be a set of elementary pat-
terns. Let �� represent a vector of attributes that represent
the pattern ��. Since the patterns exist in the temporal do-
main, let ��

� denote the value of the attributes of �� at time

instant 	. Let the function
 � ����� �, where� denotes
the power set, define the Grouping Measure for any subset
of S. Let 
���� denote the value of grouping measure for a
set of patterns � 	 � at time instant 	.

Definition 2 Let �� 	 � and let �� � �� � 
 �� � ���.
The set �� is a perceptual cluster in the spatio-temporal
domain if ���

�� 
���
��� obey a model �� of temporal

consistency.

Consider a graph  where the nodes represent the pat-
terns �� and a link ��� between two nodes �� and �� rep-
resent their association. The associations can be inspired
by Gestalt principles like adjacency, similarity of features
etc. The association can be a vector��� of a set of attributes
and let ��

�� be the value at time instant 	. The graph  is
a spatio-temporal graph where the nodes (pattern attributes
� �) and the links ( association attributes ���) have a tempo-
ral behaviour.

We have formulated the grouping problem as that of
clique identification in a spatio-temporal graph. Depend-
ing on the grouping measure 
 and the types of associa-
tion attributes used, the grouping between a node and an
existing clique will depend on the emergent cliques in the
graph. This is accomplished using an iterative process (like
relaxation labeling), which involves computing the group-
ing probabilities of the nodes with the existing cliques as
the relaxation step and a subsequent labeling based on the
computed grouping probabilities. The process terminates
when the clique labels have stabilized.

4. Grouping Primitives in Video

We identify the foreground using the motion informa-
tion (optical flow), after accounting for the global motion.
To model these regions the most elementary visual pattern
for grouping in a video shot can be a pixel. However this
will lead to a large number of nodes and the clique iden-
tification process in the graph can become unwieldy. We
can define our patterns to be the different homogeneous (in
color or texture) regions in the foreground. However, this
were possible only if the regions could be tracked consis-
tently over the frames. Given these considerations, we have
chosen to model the pixel data using mixture of Gaussians.
A pixel data is 5 dimensional (2 for x, y, coordinates and
3 for RGB color values). Modeling this kind of data re-
quires 5 dimensional Gaussians. This high dimensional-
ity makes EM(expectation maximization) convergence for
training Gaussians quite costly. To obviate this, we model
the pixel data using 3D color Gaussians. Each such color
Gaussian has 2D spatial Gaussians as its supports. It is de-
sirable that the 2D spatial Gaussians required to model the
data points belonging to a 3D color Gaussian be compact
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and close to one another. To ensure this, we instantiate the
color Gaussians using pixel data from homogeneous color
regions obtained from color segmentation. The color Gaus-
sians along with their spatial support are the basic visual
primitive considered in this work.

Our color segmentation scheme for a frame involves an
adaptive quantization of the color values of pixels, followed
by region growing and refinement using an iterative mor-
phological closing operation. The color Gaussians are prop-
agated through the frames so as to evaluate their temporal
behaviour.

4.1 Propagation of Colour Gaussians

Let ��� denote a color Gaussian. Let the set ��� de-
note the set of support pixels (ie the pixels that have the
highest membership probability to this Gaussian). Step1:
The set ��� is propagated to the next frame using optical
flow [1]. Step2: The propagated support pixels are mod-
eled by training 2D spatial Gaussians on the set ���. Let
���� denote the �th spatial Gaussian for ���. Step3: Let
������	

���� denote the membership probability of a
pixel � with a Gaussian. For pixel �, define �� � ���� �
���������� ������ � Æ�, where Æ is a threshold on spa-
tial membership (taken as 0.2). �� is the set of color Gaus-
sians whose one of the spatial Gaussians has a high(� Æ)
membership probability with the pixel. The training set
� for updating ��� is given as the set of pixels, where
each pixel � has ��� as a member of �� and has the maxi-
mum membership probability to ��� from amongst all ��.
Step4: The parameters of each ��� are now updated using
pixels in �. The set � is also the updated support ��� for
��� and is propagated to the next frame. The strength of a
color Gaussian in a given frame (or time instant) is the num-
ber of pixels forming its support. The parameters (mean �,
covariance

�
and strength) of ��� form the attribute vec-

tor �� for the corresponding visual pattern ��. The number
of Gaussians to be used for modeling the data is decided
by evaluating the trained Gaussians against criteria of com-
pactness (for spatial) and minimal distance between Gaus-
sians (for color).

5 The temporal consistency model��

As noted in section 3, a node (or a pattern) can be mem-
ber of a clique only if it is temporally consistent with the
clique as per the model ��. This requires that the node at-
tributes � � and the association attributes ����� ��� (denot-
ing the association between node �� and clique �� ), must
obey the model ��. Let � ����� ��� be a vector of at-
tributes that define the temporal behaviour of ����� ���.
Let � �� be a set of attributes that define the temporal be-

haviour of attributes of pattern ��. Let ����� be the group-

ing measure for the clique �� that takes into account the
spatio-temporal attributes of the clique.

Definition 3 A temporal consistency model defines a set
of temporal behaviour attributes � ����� ���, � �� for

����� ��� and �� respectively, and also a function
� � �� ����� ���� � ��������� � ���� 	 ��� 	
 that gives
the grouping probability of a node �� with clique �� .

As we did in the case of perceptual prominence, we
model the function� using a belief network shown in Fig 2.
Node B corresponds to the grouping measure ����������
and denotes the clique ��’s bias towards the pattern ��. The
node A denotes the node ��’s affinity towards the clique.
The node E denotes the temporal mis-alignment measure
between �� and �� , eg, any in-harmony between their birth
and extinction instants, or any differences between their
lifespans (modeled as virtual nodes E1 and E2. Nodes C and
D represent the temporal behaviour attributes � ����� ���
and � �� respectively.

C
D E

CjPi,

B

P

Grouping Probability

A

E1 E2

Virtual Nodes 
shown in boxes

Figure 2. Belief Network for the temporal con-
sistency model.

5.1 Temporal Consistency model applied to Video

We have chosen the vector of temporal behaviour at-
tributes � �� as the mean and variance of each element in

vector ��
� computed over all � in its lifespan.

In our formulation, we consider that every clique �� has
a generator, �����	� �, which is the pattern that originates
the formation of that clique. �����	� � has the longest lifes-
pan in the clique �� . We approximate the association mea-
sure ����� ��� to a form ����� �����	���. Hence the asso-
ciation attribute vector ����� ��� now represents the asso-
ciation ����� �����	� �� between pattern �� and the clique
generator �����	� �. The attributes chosen are adjacency,
optical flow similarity, and color similarity. Each attribute
is computed in the range ��� 	
. We actually establish adja-
cency and flow-similarity between the Gaussians using the
regions that contribute to the spatial support of the color
Gaussians. The adjacency measure is binary, giving a 1 (if
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the patterns are connected) or 0 (disconnected). We have
taken the elements of � � as the average and variance of the
corresponding attributes in����� ������� �� over the tempo-
ral lifespan of ��.

We noticed that certain Gaussians (or patterns ��) in
a video object propagated quite consistently while others
were inconsistent or had a smaller lifespan due to occlu-
sions or changes in lighting. Hence the more consistent
Gaussians cast a bias � on other patterns that have shown
associations with the clique (in terms of actually facilitating
adjacency relations between the more consistent patterns),
but had a smaller temporal lifespan. Hence, the node B pro-
duces a large clique bias towards the pattern, resulting in a
high grouping probability at node P in Fig 2. For our appli-
cation, we formulated bias simply as a temporal span which
is the overlap period of the generator node of a clique with
the most consistent pattern(s) that can be potential members
of this clique. For the remaining patterns, the bias measure
is the fraction of their lifespan that overlaps with the bias
temporal span. We chose the conditional probability tables
as hand-picked piece-wise linear functions.

A1 A1A1A1A1 B1 B1 B1 B1 B1

A2 A2
A2 A2 A2B2 B2 B2 B2 B2

B3 B3 B3 B3 B3
Fig M5Fig M1 Fig M2 Fig M3 Fig M4

A3

A1

A2

A3

A1

A2

Fig F1 Fig F2 Fig N1 Fig N2 Fig C1 (Crowd Scene)

Figure 3. Results: See text for Explanations

6 Results

We illustrate some of our experimental results with ref-
erence to frame labels M1-M5, F1, F2, N1, N2, C1 in Fig 3.
Fig M1-M5 show a few frames (white boundaries showing
segmented regions) of a shot where the camera tracks 2 men
(A & B) walking along. The most consistent color Gaus-
sians were identified as A1 (coat) and A2 (face), B1(coat),
B2(face) and B3(hat). The spatial support Gaussians cor-
responding to these color Gaussians are shown below the
frames. The man A had other small Gaussians(not shown
in Fig) for the color regions in his muffler. These Gaussians
were inconsistent but they facilitated associations between
A1 and A2 leading to a high clique bias on them. The side-

ways wobbling of these men also causes associations be-
tween A1 and B1 for a few frames. The clique identification
process did not group A1 and B1 because of poor temporal
mean of the link association strength between A1 and B1.
The temporal span of cliques for other people walking on
the road was much less. Both cliques (for A and B) had a
large spatial extent, long temporal span, and a low variance
of color Gaussians properties. This leads to an equally high
self prominence ��� and ���. Hence they do not penalize
one another and coexist as the most prominent clusters in
the shot (subject-centric scene).

Sequences containing frames Fig-F1(football) and Fig-
C1(crowd scene) got classified as frame-centric scenes with
no prominent subjects. The identified Gaussians formed
separate cliques with low self prominence because of small
spatial extents and irregular motion (clapping/waving ac-
tion in crowd) The clusters further penalized one another
and reduced the contextual prominence. However, for the
shot containing frame Fig-F2, the player was a promi-
nent subject. The sequence containing frames Fig-N1,N2
had the anchor (standing against a traffic scene) in a news
video identified as perceptually prominent subject because
of his large spatio-temporal existence, consistent appear-
ance (Gaussians A1, A2, A3), despite little motion. When
the weightage of only the motion attribute (in �) was in-
creased, the people and vehicles in background got identi-
fied as prominent.

7 Conclusions

We have formalized and demonstrated the application of
the concept of perceptual prominence for shot interpretation
in terms of its subjects. We have also developed a novel
spatio-temporal grouping strategy and demonstrated its ef-
fectiveness in perceptual grouping. Ongoing work involves
use of a learning scheme for better generalization of percep-
tual prominence models and temporal consistency models.
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