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SEMIOTIC AGGREGATION IN COMPUTER
VISION

RAZVAN ANDONIE

Lo INTROILECTLON

Computer vision can be defined as perception, information-process-
ing, and understanding by a computer based on visual sensory input.
A vision system ig naturally structured as a sequence of levels of repre-
sentation. The initial levels are primarily iconie (vdges, regions, gradients),
becanse that is the nature of the information which is somght,. Intermediate
levels are constrained by the information available from preceding levels
and that required by subsequent levels. In partieular, three dimensional
surface characteristies provide a eritical transition from iconie to symhbaolie
reprezentations,

Hierarchical data struetures (sueh as quadirees and pyramids) may
turn from iconic raw image imto symholie representations in a gradual
small-step manner that throws light upon the “iconie-symbolic™ issue.
Uhr and Schmitt (1984) identified five major stepping stones in the
transition from raw data input image to completed perceptual recogni-
tion : picture, icon, sign, symhbol, and semantie understand ing. The many-
layered strueture of quadtrees and pyramids is a convenient svstem for
controlling this gradual movement. Uhr and Schmitt examined the
successive transformations from iconie-quantitative into symbolic-quoali-
tative, and only mentioned in their paper the existence of gigns belween
icons and symhols.

This paper is a semiotical approach to computer vision, emphasizing
the sign transformations which take place in order to coneentrate visual
information. The approach is rather a hybrid one, connecting results
from different fields such as cognitive fclence, information theory, formal
languages, computer vision, and semiotics.

2. SUPERIZATION AS SEMIOTIC AGGREGAT 'Y

The usual signs designate material entities which are unconeciously
perceived. These so-called first level signs may be designated by other
signs — second level supersigns. Iterating the process, we obtain more
and more abstract n-th level supersigns.

The transition from (n-1)-th level to n-th level supersigns is known
as superization (Bense, 1075 ; Frank, 1969), Frank (1969) identified two
types of superization :

a) “Durch Klassenbildung” — buildinvg equivalence classes and thus
reducing the number of gigns. The letiers of a text may be considered
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first level signs. If we build an equivalence class for all types of *a”
letters (handwritten, capital, and so on), we shall designate thiz class
by a second level supersign.

b) “Durch Komplexbildung™ — building eompound supersigns from more
simple component supersigns. Reconsidering the previous example, we
may thus obtain from letters words, from words sentences, and afterw ards
more and more complex syntactie-semanlic structures,

The superization process is a semiotic aggregation characterized at
each perception level by a specific repertory of supersigns, Buperization
is a conscious perception which is conditioned to a great extent by learning
processes (Frank, 1969).

4, HIERARCHICAL DATA STRUCTURES FOR COMPUTER VISION

Hierarchical data structures are based upon the principle of recursive
decomposition. There are two major approaches to recursive region-
oriented image decomposition : quadtrees and pyramids.

The most common quadtree is obtained by the recursive subdivision-
ing of the image array into four equal-sized quadrants until homogeneous
blocks are obtained (Samet, 1984), The quadtrees have been extended to
represent three-dimensional objects, and even moving objects, by use of
octrees (gee Samet, 1084},

An alternative to the guadtree representation is the use of an irre-
gular decomposition method (ie., rectangles of arbitrary size rather
than squares). Such a strategy was observed, within a linguistic frame-
work, by Andonie (1984).

Given a 2® by 2" image array, say A (n), a pyramid is a sequence
of arrays A (0), A(L, ..., A(n) such that A (i-1) is a version of A (1) at
half the resolution of A (i), ete. A{0) is a single pixel. For alternative
definitions of pyramids and more details, see Cantori and Levialdi (14936),
Rosenfeld (1984), and Tanimoto and Klinger (1980). A pyramid is a
multiresolution representation, whereas a quadtree is a variable resolution
representation. Another analogy is that the pyramid is a complete guad-
tree. There are interesting similarities belween pyramid processing and
processing within the human visual system, These similarities are moti-
vated by the following Perceptual Scaling Prineiple (Burt, 1984). Pereep-
tion does not change with viewing distance. The way we perveive objects
does not change as weé move towards or away from them,

A hierarchieal technigue may be segregative or aggregative depen-
ding upon whether the number of component sub-images is increasing
or not when changing the level of hierarchy. The basic idea is to treat
each component as a pixel at the given level of hierarchy. There iz an
obvious similarity between hierarchical aggregative representation and
snperization processes. There are also some differences motivated by
the fact that superizations are not just combinatorie processes, but involve
subtler syntactie-semantic perception frames.
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4. SUPERIZATION AS INFORMATION CONCENTRATION

A multiresolution image representation can be characterized at
each resolution level by an information measure. The resolution-depen-
dent Shannon entropy (as an information measure) has to be derived
from the probability distribution of gray-level events observed at that
level, An ordered set of entropy values obtained from the different levels
can be used to represent multiresolution pictorial information. Based
upon the resolution concept, the uszefulness of the entropy can be eluei-
dated.

Using the newspaper's reading analogy, we shall resume the main
results of Wong and Vogel (1977). At the magnified level, where only
white and black patches are visible, the entropy H will be low (for equal
white and black areas H = In 2). As the picture iz brought to normal
focussing distance, o great variety of gray levels become apparent, and
as g consequence the entropy inereases. As the picture is moved forther
away from the eves, the entropy decreases. Finally, it may become nearly
uniformly gray in appearance, with H = 0. By the above reasoning, the
obzervation that associates with the peak valne of the entropy is one of
the most meaningful observations of the picture. However, because of
the influence of other factors, the maximum entropy is not always asso-
ciated with the “oplimal™ resolution,

The entropy increaszes until it reaches its peak value. This phase
- may be azsocialed (in our opinion) to the informational adaptation of

the perceiver. The subsequent deereaze of the entropy is related to the
processing of the stroctural information (Wong and Vogel, 1977). The
rate of decrease is largely dependent upon the amount of structural infor-
mation in the picture. When there is little structural information, the
entropy will fall guickly, whereas there are major struetural elements,
the vector of entropies will remain high over most of its range. The man-
ner in which the entropy vector changes ean indicate the type of strue-
tural information in the picture in terms of size and relationship to de-
tailed features.

It is uzual lo consider the siens in the eontext of a communication
process. The Iollowing property may be proved. The superization tends
to concentrate information (from a subjective point of view). The proof
shall be considered for the two tvpes of superization :

a) From a supersign repertory 4 — (4, ..., Z,) with the corresponding
probabilities p,. ..., p,, \; Py, = 1, using a superization of the first type,
we may obtain :111]JE‘I':~'~5:_'.'r‘.: of the next level Z* = (Z;, ..., %y 4 1%y 15 Bp}
with the corresponding probabilities py, ..., Py_gy Pasy + Pae 'I'l'ILE- forlliyw-
ing inequality iz obvions: H(¥ T‘_I m log p= —hizpl log p,—
(Poq =+ Pe) oz (poy + pol = H (%) ; |

b) If we consider Lwo repertories of supersiens X and Y, usinge the second
type of superization, we obtain compound supersigns from the repertory
4 =X, Y). The following well-known relation completes the proof :
H (X)) HiY) = IL{Z)









