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Abstract—Perceptual organization refers to the ability to 
impose organization on sensory data, so as to group 
sensory primitives arising from a common underlying 
cause. The existence of this sort of organization in human 
perception, including vision, was emphasized by Gestalt 
psychologists. Since then, perceptual organization ideas 
have been found to be extremely useful in computer vision, 
impacting object recognition at a fundamental level by 
significantly reducing the complexity. In this paper, we 
provide a short introduction to perceptual organization, 
outlining its genesis in human vision, followed by a 
Bayesian interpretation of the organization process. This 
Bayesian framework lets us systematically design 
organizational processes suitable for each application. We 
also provide a unifying framework for the various spectral 
partitioning frameworks, such as average cut and 
normalized cut, which has been found to be very effective in 
computer vision. The impact of perceptual organization is 
showcased using examples of target segmentation for ATR 
and motion segmentation. 
 
 1. INTRODUCTION 
The ability to impose structural organization on sensory 
data, which is central to perceptual organization, helps in 
pruning the set of possible interpretations of the sensory 
data by emphasizing hypotheses that exhibit structure and 
organization. Information processing based on perceptual 
organization relies on minimal assumptions about the world, 
beyond the fact that our world is not visually chaotic.  
Perceptual organization imparts robustness to vision by 
making it more resistant to minor changes in the input and 
also brings computational efficiency to the recognition 
process[4][6][7]. The importance of finding organization in 
sensory data has long been recognized by researchers in 
human visual perception, especially the Gestalt 
psychologists .  
 
Gestalt is a German word that roughly translates to 
``organized structure'', with stress on the concept of 
organization of the whole that is orderly, rule-governed, 
and nonrandom. Gestalt psychology proposes that the 
``properties of the whole are not the result of a summation 
of those of the parts.'' Thus, a part has properties that 
depend on the whole in which it is included. The 
dependence of parts on the whole can have a varying 
nature; complete dependence of parts upon each other is not 
being proposed. 
                                                           
   
 
 

The Gestalt school of psychology, founded by Koffka, 
Kohler, and Wertheimer in the early 20th century and 
expanded upon in recent times by Rock, Palmer[5], and 
Kubovy[15], observed and emphasized the importance of 
organization in vision. They demonstrated, using a number 
of self evident examples, that shapes have some collective 
properties that emerges from the relative spatial placement 
of constituent parts. One of the basic principles of Gestalt 
psychology is that perceived organization tends towards 
Pragnanz, i.e., the tendency of a process to realize the most 
regular, ordered, stable, and balanced state possible in a 
given situation. It is not just symmetric regularity; stability, 
simplicity, and cohesion also play a role. 
 
Gestalt theory is a very general psychological theory that 
can be used to study and understand aspects of human 
behavior and experience. The theory has been applied to 
productive thinking, problem solving, memory and learning. 
The Gestalt theory is a very general system of psychological 
concepts that can be used to understand virtually any aspect 
of experience and behavior. Thus, these principles should 
prove useful, in multiple ways, in building an autonomous 
systems exhibiting intelligent behavior. It also important to 
point out that Gestaltists did not just advocate a bottom-up 
organization process, entirely driven by sensory inputs. 
Rather, they did acknowledge the importance of attention, 
intention, interest, attitude, and organizational factors in our 
perceptual experience. The use of convincing examples, 
accompanied by their lucid writing style, popularized their 
work. However, they also spurred several debates because 
while that clearly showed what was perceived, they did not 
convincingly answer why it is calculated or how.  
 

2. GESTALT PRINCIPLES OF GROUPING 
 
The Gestalt psychologists have found a set of properties that 
are important in the perceptual organization of images in 
our real world. They are symmetry, similarity, proximity, 
closure, smoothness or continuity, and common region. 
Image primitives or parts that exhibited these relationships 
among them tended to group together. The importance of 
these types of organized relationships was demonstrated 
using examples. Patterns exhibiting any of the Gestalt 
principles are also significant. Of all the Gestalt principles, 
those considered by the computer vision community are 
mainly proximity, similarity, and continuity followed by 
some uses of closure and forms of symmetry such as 
parallelism, rectangularity, and orthogonality[8].  
 
It is to be noted that the Gestalt principles are essentially 
qualitative. Unfortunately, to apply these principles to 



artificial vision systems, all of them have to be quantified. It 
necessary to have quantitative answers to questions like: 
when do we declare two lines to be “parallel”? The 
guidance from human vision is meager. It is only very 
recently that human vision researchers are trying to quantify 
the relationship between image attributes, such as distance 
between points, motion, orientation, and the perceived 
grouping strength [15].  Another important aspect that is 
lacking is that the relative importance of the Gestalt 
principles is not known. It is also not known how to 
combine them. In computer vision systems, they have been 
typically combined as weighted sums or a combination of 
multiplication and summation. But, the choices of weight 
have been mostly ad hoc. To fill this gap Sarkar and 
Soundararajan [13] have recently proposed a learning 
automated based framework to learn these weights from a 
training set of images. This kind of adaptive framework 
allows for the possibility that for some domains closure 
might be weight more than parallelism since it helps more 
towards recognition.  In fact, one of the conclusions of that 
study was that the relative importance of the elemental 
grouping forms differs for different image domains. 
 

3. BAYESIAN INTERPRETATION 
The silence of the Gestaltists to the question of why the 
Gestalt principles are salient is a hindrance to the 
construction of artificial systems, which requires all rules 
and constraints be quantified. An answer to the why 
question offer a mechanism to quantify and to compute the 
importance of a Gestalt relation. In the 1980’s Witkin and 
Tenanbaum[3], Lowe [4], and Rock [5], all postulated the 
idea non-accidentalness, also known as the principle of 
common-cause, or coincidence explanation. The low 
probability of the chance occurrence of a particular 
organization imparts a very high significance to it if found. 
The Gestalt organizations are important because they are 
highly unlikely to occur by chance in a random arrangement 
of parts. The existence of such a Gestalt relations suggests 
that they come from the same object. This non-accidental 
viewpoint was nice since it afforded a mechanism for 
computing the saliency of a relation, such as a parallelism, 
in terms of its probability of chance occurrence in a random 
arrangement of image primitives, such as straight lines. This 
probability could also be expressed in term of relational 
parameters such as orientation and distance between the 
lines. However, one of the problems of using this argument 
is that by merely increasing the order of any arbitrary 
relational form one can decrease its probability of random 
occurrence, irrespective of the type of the relation. For 
instance, probability of random occurrence of three lines in 
any random spatial arrangement might be lower, hence 
more significant, than two parallel lines. This flaw can be 
rectified by adopting a Bayesian interpretation [9][8]. 
 
Let F denote the event that a set of features are part of the 
same object and let O denote the relation among the 
features. Then, one way to quantify the saliency of a 

relational type would be using the probability that the 
features come from the same underlying object, given that 
we have, found that relation among them: P(F | O). This 
way of quantifying saliency explicitly couples the saliency 
with the underlying task, namely figure ground 
segmentation. Using Bayes rule we can write: 
 

)()()|()|( OPFPFOPOFP =               (1) 
 
Each of the three terms on the right hand side of the 
equation denotes an important concept.  
 

• P(F) is the prior probability that a set of features 
come from a common cause. This in some way 
captures the meaningfulness of a scene. In an 
entirely random world this would be very low. In 
actual life this is quite high.  

• P(O) is the prior probability of the relational form 
being present among a set of features. The value of 
this decreases as the complexity of the organization 
increases. This captures the probability of 
accidental occurrence of the organization.  

• P(O | F) is the probability that we will observe an 
organization among a set of features given that 
they come from the same object. This captures the 
fact that matter is coherent and behaves according 
to some fixed law. This value is high.  

 
Thus we see that we can safely infer object from only those 
organizations that have a very low prior probability of 
accidental occurrence and a very high probability of being 
exhibited in the objects. Both terms must be considered. 
Considering one alone will not suffice. For example, a given 
organization may have a very low probability of occurrence 
owing to sheer complexity. However, if the probability of 
that structure being a part of an object it also low, it will still 
be less than useful.  Similarly, there might be relations or 
organizations that occur frequently in real objects. But if 
their random occurrence probability is also high, then their 
significance is diminished. 
 
This Bayesian interpretation is not in conflict with the 
traditional Gestalt theory, which does not deny the influence 
of past experience on perception. However, it does deny the 
empiricist view that past experience, which can be modeled 
by P(O | F), is a universal explanatory principle. 
Wertheimer explicitly states that past experience helps in 
building the dependencies among various parts. For three 
events A, B, and C, if AB and C, but not BC, have become 
habitual (or ``associated''), there is then a tendency for ABC 
to be perceived as AB and C.  
 
This Bayesian interpretation has been used in the past to 
ground some Gestalt principles. For example, the 
importance of proximity was demonstrated empirically by 
Brunswick and Kamiya [1] using several stills from a 
motion picture. The number of adjacent straight and parallel 



lines was counted along with their separation. The pairs of 
lines were then classified according what they represented 
in the scene. A correlational analysis on the separation gap 
between features on objects and the gap between objects 
yielded a significantly high correlation coefficient. This 
means that P(O = Proximity | F ) is very high. 
 
The other studies are that of Zhu [12], who looked at the 
statistics of natural shapes, and that of Fowlkes et al. [16], 
who studied empirical distributions of region sizes in 
natural scenes. However, a comprehensive study of salient 
relations over straight line segments, taking into account 
different domain and the presence of objects has not been 
done. 
 
4. ROLE OF PO IN CV 
 

 
Figure 1 - Role of Perceptual Organization in Object 
Recognition 
 
The role of perceptual organization or grouping as an 
essential intermediate level module in computer vision is 
well recognized. As in shown in Figure 1, the PO can 
impact two different aspects of high level object 
recognition: model indexing and model matching. The 
model indexing process helps in pruning the set of possible 
object hypotheses and the model matching process performs 
matching of the image with a particular object hypothesis. 
The uniqueness of the organized groups of features can be 
used to rule out objects in which they do not occur. As it 
turns out, the Gestalt relations are also invariant or quasi-
invariant to viewpoint, which makes them salient features 
for indexing based on just 2D views. For example, the 
property of closure and continuity are invariant with respect 
to viewpoint. And the properties of symmetry and proximity 
are invariant for a large range of viewpoints, i.e. are quasi-
invariant. This importance of the grouping in the context of 
indexing process has been theoretically established by 
Clemens and Jacobs [6]. In the context of constrained 
search-based model matching, Grimson [7] has shown that 
the combinatorics reduce from an exponential to a low order 
polynomial if we use an intermediate grouping process. 

5. A COMPUTATIONAL MODEL FOR PO IN CV 

 

 
Figure 2 – Components of a Typical PO Module in CV 
 
The components of a perceptual organization (PO) module 
in computer vision (CV) ideally consist of a feature 
detector, a grouping engine, and a mechanism to learn or 
adapt the parameters of the grouping engine.  The flow of 
information among the components is shown in Figure 2.  
Not every component is present in every implementation of 
a PO module. For systems where the role of PO is small, 
only a few of these components will exist. And, for large 
systems that need to be adaptive, all components need to be 
present, maybe connected in some other manner. 
 
Typical solutions for a grouping engine are built around the 
idea of first searching for organized structures over small 
number of primitives such as similarity in intensity or 
parallel lines or continuous lines, which are then aggregated 
into larger groups. So, in general, the design of grouping 
modules involves three decisions. The first decision is the 
choice of the primitives or features to group. Second is the 
choice of the affinity relations over small number, typically 
two, of primitives and their parameterization. Third is the 
selection of the grouping engine to aggregate and integrate 
these local relations into large groups. For instance, one 
might decide to group straight line segments, which are the 
primitives. The affinity relations might be built around 
parallel, continuous, or proximal properties over two lines. 
These relations and primitives might then be represented as 
a graph and larger groups of pixels or regions might be 
formed by partitioning this graph. Thus, the graph 
partitioning strategy is the grouping engine. This idea to 
detect large groups from relations over small number of 
primitives, mostly 2-ary ones, runs through all types of 
grouping engines. Even non graph based methods, such as 
those based on energy minimization or voting methods use 
mostly 2-ary relations. For straight line primitives, these 2-
ary relations have been mostly parallelism, continuity, 
proximity, or similarity. 
 
Of all the three aspects, the design of the grouping engine 
has been the most studied one, they include graph based 
methods [10], tensor voting methods, and energy 
minimization methods [12]. The choice of the feature type 
to group has ranged from image pixels to higher level 
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primitives, such as straight lines, arc, or region fragments. 
Most works still use image pixels as the token to group, 
with the resultant output being a segmentation of the image 
plane. Due to extremely local nature of image pixels, it is 
not possible to employ the whole spectrum of Gestalt 
grouping principles; rather the grouping of pixels has been 
restricted to the use of just similarity and proximity. High 
level primitives, of course, afford a richer set of grouping 
relations. The choice of the grouping relations is the least 
studied of the three components. 
 
One can make computational justifications for the use of 
low-order relations in the grouping process. However, to 
date the choice of the form of the low-order relation has 
mostly been based on either on arguments from Gestalt 
psychology or from invariance point of view or from non-
accidental arguments. Thus, the parallelism relation is 
important because of its symmetry, which has been found to 
be important in human vision. Or the continuity relation is 
important because it is invariant to perspective 
transformation. Or the parallelism relation is important 
because it is highly unlikely to be found accidentally in 
random arrangements of lines, hence its presence suggest an 
underlying figure. Apart from the forms of the low-order 
relations, the expressions used to quantify the strength or 
saliency of these relations have been based on either ad-hoc 
forms that appeal to the intuition or on non-accidental 
arguments. For instance, to decide on the strength of affinity 
between two nearly parallel lines, one might choose a 
triangular or an exponential function defined over the angle 
between the two lines.  The Bayesian interpretation outlined 
in a previous section possibly offers the most rigorous 
method to date for inferring salient relationships. 
 

6. GRAPH SPECTRAL GROUPING ENGINE 
One way to represent organized forms in images is using 
saliency maps that associate saliency values to low-level 
image features, )( ii fsf → . If the low-level image 
features are image pixels, then the saliency map would be 
an array of saliency values of the same size as the image. 
Following the basic idea behind the Gestalt principles, we 
assert that the saliency of an image feature is a function of 
the relationships it has with other features. Thus, the 
saliency is high for a feature that participates in a lot of 
salient relationships with other features and vice versa. We 
denote a relationship over k features by ),...,(

ki ii ffr , and 

quantify the saliency, S, of the relationship by the posterior 
given by Eq. 1, which we proposed for the Bayesian 
interpretation of the Gestalt relationships. We cast the 
problem of find the saliencies as a maximization problem 
over the domain of feature saliencies. Specifically, we have 
to find },...,1|)({ Nifs i =  so as to 
 

)(),...,()),...,((
11 1,..., kkk

iiiii i fsfsffrSMax∑    (2) 

 
subject to the normalization constraint, 
  

1)(2 =∑i ifs                                 (3) 

 
This maximization process will tend to assign high 
saliencies to features that are strongly coupled by highly 
salient relations. Using Lagrange multiplier, we can express 
the necessary conditions for the above maximization 
process  
 

)(),...,(),...,,(()1()(
22 2,..., kk k iiii iiii fsfsfffrSkfs ∑−=λ       (4) 

for Ni ,...,1= . Notice that these conditions essentially 
imply that the saliency of a feature is proportional to the 
sum of the saliencies of the relations in which the feature 
participates, weighted by the saliencies of the other 
participating features. Features participating in highly 
salient relations with other features would reinforce each 
other and the resultant saliencies of the feature would tend 
to be high. This is in consonant with the Gestalt 
psychologists’ observation that the importance of a part is 
dependent on the whole, which in our case is mediate 
through the k-ary relationships among the features. 
 
We can compute the saliencies by observing that the 
saliencies can be expressed as the fixed point of the 
following dynamical system. Let us denote the saliency of a 
feature at time n by )( in fs   
 

))(),...,(()( 11 Nnniin fsfsgfs =+                  (5) 
 
for Ni ,...,1=  where  
 

)(),...,()),...,,((1
22 2,..., kk k ininii iiii fsfsfffrSkg ∑−

=
λ

  (6) 

It can be shown that the dynamical system is a contraction 
mapping and we can estimate these saliencies in an iterative 
manner, assuming an initial condition of equal saliency and 
making sure that each step we normalize the saliencies over 
the features.  
 
Connection to Graph Spectral Grouping 
There is an interesting connection of our formulation of the 
feature saliencies with graph spectral methods that have 
become extremely popular as engines for the grouping 
process [10][11][13]. The essential difference is that ours is 
a general formulation for grouping using k-ary relations 
instead of using just 2-ary relations, as in most graph 
spectral grouping. Our formulation with k=2 reduces to 
finding the positive eigenvector of a N by N matrix whose 
entries are given by the pair wise relational saliencies. 
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Thus, the feature saliencies are the positive eigenvector of 
the 2D matrix on the RHS, which can also be interpreted as 
the adjacency matrix of a graph of the image features as the 
nodes and the links quantified by the corresponding matrix 
entries. The iterative scheme, outlined before, reduces to the 
power method for finding the dominant eigenvector.  This 
form of graph spectral based grouping was first proposed by 
Sarkar and Boyer [10]. Later, Shi and Malik [11] proposed 
the normalized cut criterion for graph partitioning, which 
can be solved using the second minimum eigenvector of the 
normalized Laplacian matrix, LN. The Laplacian matrix is 
related to the adjacency matrix, A, by ADL −= , where D 
is a diagonal matrix with entries equal to the sum of rows of 
the adjacency matrix. The normalized Laplacian is given 
by ADILn

1−−= . It can be shown this grouping process 
by partitioning is same as taking the second largest 
eigenvector of the normalized adjacency matrix (D-1A) to 
further partition the highly salient feature groups into 
smaller ones. From the form of the normalized Laplacian 
matrix it is easy to see that 0 is the minimum eigenvalue of 
L. The second minimum eigenvector is given by the 
solution of xLx 2λ= , which is the same as 

solving xAxD )1( 2
1 λ−=− . The solution of this last 

equation is given by the second largest eigenvector of the 
normalized adjacency matrix. 
 

7. EXAMPLES 
We show some results to demonstrate the state of art of 
what can be achieved by using perceptual organization 
principles in computer. First, we show results of the 
application of the Bayesian framework for perceptual 
organization on LWIR MICOM sequences, in the context of 
ATR. We learn the form of the relational saliencies on a set 
of 23 sequences and show results on images from difference 
sequences. Since the detection of target is critical in the 
early part of the sequences, in Figure 3 we show results on 
frames from the first 1/3 portion of the sequences. Notice 
how the saliencies of the target, shown as darker regions in 
the saliency maps on the right, are markedly different from 
the background features. Some of the images have small 
targets with significant perceptual structure. The dominant 
image structures in these frames, as perceived by lay 
persons, are due to non-target features such as roads. 
Strategies based on human vision based Gestalt principles 
would have found the road to be the most salient. However, 
our Bayesian strategy, based on 3-ary relations, find pixels 
from the target to be most salient among all image pixels. 
Second, we show perceptual organization principles can 

help motion segmentation, not by following the traditional 
frame by frame analysis, but exploiting the spatio-temporal 
coherence that is exhibited in the XYT block of video data. 
Figure 4 shows how the signature due to events such as 
illumination changes and occlusion are well separated in the 
XT dimension. These events are, however, extremely hard 
to handle in frame by frame analysis. As a result, a scheme 
built around perceptual organization principle is able to 
handle drastic illumination changes, occlusion events, and 
multiple moving objects, without the use of object models 
[17]. Some examples are shown in Figure 5. 
 

 

 
Figure 3 - Computed saliency maps (right column) for 
frames in the MICOM sequences (left column) based on the 
Bayesian interpretation of perceptual organization.  
 

 
Figure 4 – XT signatures of various events 
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Figure 5 – Examples of motion segmentation using 
perceptual organization principles applied to XYT. 
 

8. CONCLUSION 
Perceptual organization offers a unique framework for 
processing of sensory data. Expressed in another way, it 
offers a syntax and grammar for sensory interpretation that 
is valid across a wide variety of domains. It exploits the fact 
that our world is structured and is organized, hence any 
sensory data related to it ought to reflect that structure and 
organization. We presented a Bayesian framework to 
unravel and quantify this structure and organization in terms 
of local relationships. Large groups can then be inferred 
from these local relationships using graph spectral methods, 
which are shown to reflect the basic Gestaltic idea that the 
saliency of a part is dependent on the whole. We also 
presented results to show that perceptual organization is 
important not only for object recognition, but the Gestalt 
principles can be exploited to design a motion segmentation 
algorithm that is robust with respect to illumination changes 
and occlusions. 
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