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1. Introduction

The term “field” occurs in the languages of empirical sciences, where it may take
on various meanings. One notable meaning is the following: a freld is a system
of entities that are separately located in a definite space and are subject to local
interactions, in such a way that extensive properties shown by the system may be
predicted and explained in terms of those local interactions. The adjective “local”
in this statement signifies that the interactions in question only involve entities
that are close or adjacent to one another in the topology of the presumed space.
In turn, the adjective “extensive” signifies that the properties to be explained are
attributes of more or less extended regions of the given space, that is, they may
be collective properties possessed by more or less large sets of component entities,
possibly collective properties revealed by the system of entities in its entirety.

In psychology it is a generally known fact that the concept of field thus
characterized played a substantial role in the emergence and development of the
Gestalt theory of visual perception. The well-known statement that “a theory
of perception must be a field theory” by Kéhler (1940, p. 55) is a spotlight on
this theoretical and historical fact. For the very nature of the subject matter, any
theory of visual perception is a multilevel conceptual construction, as it involves
entities belonging to distinct onzological levels, such as the levels of distal stimuli,
proximal stimuli, excitation patterns on the retinas, signals along the neural
pathways, consequent projections on the visual cortex, and, especially important,
the level of events subjectively experienced by an observer, that is, the level of
phenomenal data or visual awareness. Within the Gestalt theory, the concept of
field has been separately applied to more than one of these ontological levels; also,
correspondences between fields inherent in distinct ontological levels have been
considered.

In this regard, a distinction may be made between the concept of “physiological
field” as termed by Koftka (1935, pp. 52-53) and the concept of “psychophy-
sical field” as I call it in the present study. As referred to an act of vision, the
former is a system of entities and interactions presumed to take place in the
brain of an observer during that act; the latter is instead a system of entities
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and interactions that occur in the perceptual experience of the observer, and
also includes relationships between those entities and the optical stimulation,
whether this is described in terms of proximal or of distal stimuli'. The current
statuses of these two specimens of the field concept of Gestalt theory are quite
different. On the one side, it is a generally shared view in perceptual psychology
that the concept of physiological field as featured by Gestalt theory had long
ago lost its scientific credibility because it failed to pass relevant empirical tests
and is not consistent with the acquisitions of contemporary visual neuroscience.
This judgement especially concerns the so-called “electrical field theory” of cor-
tical integration, which had been advanced on presuming similarities between
the cortical processes in an act of vision and the dynamics of electrical charges
applied to a homogeneous conducting system (Wagemans, 2014). On the other
side, what I call psychophysical field theory turns out to be a paradigm of full
present-day relevance and vitality for considering the kinds of problems that
are currently and effectively addressed in the experimental research on visu-
al perception. These may be problems concerning how the perceptual aspect
of a part of a scene may depend on properties residing in separate places of
the stimulus array, how certain perceptual characteristics may be influenced by
other perceptual characteristics, or how variations caused in a certain region of
a perceptual scene may induce variations in other regions of the same scene. All
such research questions are linked to the general concept of field dynamics as
defined in Gestalt theory and fall under the heading of “psychophysical field” as
meant in this study. This is the only aspect of the Gestalt-theoretic concept of
field that will be considered in our discussion. No further mention will be made

of physiological fields.

By looking in another direction within vision science, a reader can see that in the
area of computer vision a rich repertoire of models have been developed that are
classified as Markov random fields (MRFs). These belong to the general class of
probabilistic graphical models, that is, models in whose construction and analysis
the mathematical theories of graphs and of probabilities come into close colla-
boration (Koller & Friedman, 2009). In particular, the probabilistic character of
such models qualifies them as suitable guides for tasks of artificial vision when
these tasks are interpreted and carried out as processes of inference under uncer-
tainty conditions. The term “field” in the title “Markov random field” is endowed
with the same general meaning described above. In other words, an MRF is itself
a system of entities that are separately located in a suitable space and are subject

! The term “psychophysical” in the expression “psychophysical field” is in line with the concept of “outer

psychophysics” as characterized by Fechner (1966, p. 9), as far as dependences between stimulus and percept
properties are concerned. The meaning here assigned to “psychophysical field” is wider, however, because it
includes interdependences between perceptual properties.
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to local interactions or constraints in such a way that the configuration taken
on by any extensive portion of the system can be predicted (with some residual
uncertainty) by the aid of such local interactions or constraints.

The major aim of this article is to highlight how basic choices in the construc-
tion of MRFs in computer vision are consistent with the guidelines followed in
the psychological study of human visual perception, in particular the guidelines
implied by Gestalt theory with its focus on field dynamics and the psychophysical
field paradigm as we termed it. Thus, my basic claim is that the occurrence of the
term “field” in both contexts is not a mere verbal coincidence, as this term signals
the existence of substantial correspondences between the two theoretical views.
Conversely, the existence of such correspondences suggests that definite formal
developments in the theory of MRFs may provide useful cues for formal model-
ling in the psychology of visual perception, thus moving back from the area of
computer vision to this branch of psychological science. My analysis will include
some specific suggestions in this respect.

From a historical point of view, I note that a direct evolutionary connection
between the two paradigms looks improbable. Indeed, references to Gestalt theory
in the computer vision literature dealing with MRFs are quite rare and concern
aspects only indirectly related to field dynamics (e.g., Zhu, 1999; Zhu & W,
1999; Ren, Fowlkes, & Malik, 2008). Rather, the stated correspondences between
the two paradigms may be valued as the evidence of a family resemblance due
to the existence of common ancestors. Indeed, it is well known that in the rise
of Gestalt theory (in the 1910s), especially in the theoretical investigations by
Wolfgang Kohler, a significant part was played by analogies suggested by the field
theory developed in the previous decades within physical science, in particular the
field theory of electromagnetic phenomena as formalized by James Clerk Maxwell
(1873). Now, precisely this field theory within physical science is also at the origin
of probabilistic models in statistical mechanics, of which the MRFs constitute
notable exemplars (Spitzer, 1971; Richey, 2010, pp. 387-389). In this sense we
may state that the two paradigms under question have common ancestors. The
evolutionary line that led from the field theory of late 19-th century physics to the
MREFs of today’s computer vision did 7oz pass through the field theoretic views of
Gestalt theory. Rather, it passed through the views of statistical mechanics and the
definition of MRFs as a notable type of probabilistic graphical model, and then
the application of such models in spatial statistics and the restoration of images
corrupted by random noise. The emergence of those models as theoretical and
computational tools of computer vision may reliably be dated to the mid-1980s
(Cross & Jain, 1983; Geman & Geman, 1984; Besag, 19806).

This article is organized as a sequence of four waves on a fixed set of concepts.
These are the concepts of graphical structure of an MRE network of potentials
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constructed on that structure, probabilistic structure implied by this network,
and inferences guided by this probabilistic structure. In Section 2, these concepts
are defined with reference to MRFs in their generality, so that their mathematical
names and meanings are made explicit. In Section 3, the special forms are defined
that these concepts take on when MRFs are constructed for inference tasks in
computer vision. The section ends with a table in which a representative sample
of studies from the computer vision literature are listed and the inference tasks
addressed in them are specified. These tasks include image segmentation, object
detection, visual transparency, stereo vision, depth map construction, lightness
effects, gesture recognition, and others. In Section 4, significant correspondences
between MRF concepts of computer vision and salient tenets of perceptual
psychology are highlighted, with special reference to the field theoretic views
of Gestalt theory. In Section 5, I discuss how the flexibility of the components
of MRFs may produce meaningful suggestions concerning formal modelling in
perceptual psychology. Lastly, in Section 6 some remarks are added concerning
concepts that lie outside the mainstream of my discussion but are significantly
related to it.

2. Markov random fields in general

An MREF is a mathematical construct. Its components are termed by names
and indicated by symbols whose precise meanings are to be found in the formal
definition of the construct and in the mathematical disciplines that are relevant to
it. The task I address in this section is the description of the basic organization of
MRFs and the specification of the names and symbols by which its components
are indicated. For the sake of generality and simplicity, here I refer to generic
MREFs, that is, MRFs not necessarily associated with tasks of visual inference, as
instead happens in their use within computer vision. The additional components
and distinctions that become apparent within the MRF concept when this is
associated with vision inference tasks constitute the topic of the next section.

Any MREF is built on a graph-theoretic platform, which is an undirected graph
(V,E). The component V'is called the set of nodes and amounts to a finite set of 7
symbols. Lower-case letters such as # and » are here used to denote individual ele-
ments of set V. The component £ is called the adjacency relation and amounts to
a set of unordered pairs of distinct nodes — formally, £ is a subset of the set V%!
of n(n-1)/2 possible unordered pairs of distinct elements of V. In any application,
each node v in V'is associated as a symbol with some entity located in a definite
real space, and for any two distinct nodes ##v in V, the pair {x,2} is accepted
as a member of the relation £ if the entities symbolized by # and v are neigh-
bours to each other (according to a suitable criterion) in the presumed real space.
Thus, the relation £ describes a spatial aspect of the entities in question that is
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of a qualitative (topological) rather than of a quantitative (geometrical) kind. A
graph (V,E), being formed of two sets, is a set-theoretic structure. However, that
structure may be given a pictorial representation as a diagram on the plane, by
depicting the nodes in V as points and the pairs in £ as undirected lines (also
called edges) between points. In Figure 1, the diagrams are shown of two graphs:
on the left a graph formed of 16 nodes and 24 edges, and on the right a graph
formed of 16 nodes and 42 edges. Note that such a diagram is itself a spatial
structure, its reference space being the pictorial surface on which points and lines
are signed. Of course, such a spatial structure must be kept conceptually apart
from the structure formed of real entities located in a real space, which is presu-
med to be (partially) described by a graph.

In the construction of an MRE to each node ve Vin the graph a definite variable
T is associated. Typically, this is a composite variable, that is, a set Ty:(Ty’l,. . Ty p)
of elemental variables, with each representing some (known or unknown) property
of the real entity symbolized by the node v. To each elemental variable 7, , there
corresponds a range of possible values. Here, the symbol 7, ° is used to denote the
range of the variable 7' , and the corresponding lower case letter t,, will denote a
generic element of that range, that is, a generic possible value or state of the vari-
able. Thus, to the composite variable 7 there corresponds the Cartesian product
T x...xT ° as its range 7,°. For example, if 7= (T »T ), where Ty and
T are bmary variables with range {0,1}, while 7" isa ternary varlable with range
{1 2 ,3}, then the range 7"° will be the product {0, 1}><{1 2,31x{0,1}, which is a set of
12 triples. On the whole, we then have that, in constructing an MRE a full system
of variables is hypothesized:

T=(Tv: vel)

which contains a component 7’ residing in any node v of the graph. The system 7"
is called the total variable of the model. Its range 7° will be the Cartesian product
of the ranges of its components, that is:

v1 V2 v3 V4

Fig. 1. Dictorial representations of two undirected graphs.
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Note that, in dlscussmg MRFs, the term “variable” is subject to multiple uses.
The term applies not only to the total variable 7"and to each main component 7

veV v

of it, but also to each elemental component T, of T, to any set of such elemental
components, and, more generally, to any selection of components that may be

highlighted within the total variable 7.

The building blocks of an MRF are called potentials. Any single potential has a
scope W, which is a selected variable in the sense now described. The potential
itself is a non-negative valued function ¢(W) whose domain is the range W* of
its scope variable. Concerning the meaning, we have that a potential ¢«(W) is
meant to evaluate how much each possible configuration of W (i.e., each element
of the range W) differs from a definite desired condition. Therefore, for arbit-
rary w,w'€ W°, the event c(w)<c(w') would mean that the configuration w dif-
fers less than the configuration w' from the desirable condition represented by
(W), so that (in that specific regard) the assignment W=w would be preferable
to the assignment W=w'". In particular, if ¢(w)=0, then we would have that the
configuration w fully satisfies the desirable condition expressed by the potential.
For example, suppose that the scope of a potential «(W) is a pair W=(7' .7, )
of elemental real-valued variables that are similar in meaning but reside in two
distinct and adjacent nodes # and v of the graph, and that the desired condition
is that those variables take on equal values — this would be a “smoothness”
requirement. Then the potential could be the function «(W)=|7, -7 | whose
value increases for increasing diversity between the two quantities. For another
example, suppose that the scope of a potential «(W) is a triple W=(7, ,7’ ,T, )
of elemental real-valued variables residing in the same node v and that the desired
condition is that the third of them equals the product of the first two. Then the
potential could be the function (W)=(T, xT - TM)Z, whose domain is the range
W°=T, °xT °xT .° of the scope variable.

Relative to a potential ¢(W) thus defined, we may consider the set V,, of the
nodes in the graph in which the elemental variables constituting the scope W are
residing. For example, in the first of the two potentials now described, we have
V,~{u,v} (a pair of nodes, because the variables T, and T ,in that potential reside
in two distinct nodes # and v), whereas in the second we have V| ={2} (one single
node, because the variables T T - and T ,in that other potential are distinct
in meaning but reside in the same node v of the graph). Any potential ¢(W) is said
to be compatible with the graph (V,E) underlying an MRF if the corresponding
set V,, is a clique according to the adjacency E, that is, for any two distinct nodes
v#v' in the set V,, the pair {»,+'} is an edge in the graph (V) (in other words, all
nodes in V| are mutually neighbouring according to the adjacency relation in the
graph). For example, a potential ¢(7; ,7;, .7, ) acting on three variables located in
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nodes v, v,, and v, would be incompatible with the graph in the left-hand part of
Figure 1 because the nodes v, and v, are not adjacent in that graph (so, the triple
of nodes {v,,v,,v.} is not a clique in that graph). Instead, the same potential is
compatible with the graph in the right-hand part of the figure, because the triple
of nodes {1/1,1/2,1/5} is indeed a clique in this other graph.

For the construction of an MRE a collection of potentials C={c,(W)),...,c (W )}
is designed. Such a collection is here called a nerwork of potentials, and the coll-
ection {W,,...,W } of the scopes of the potentials is called the scheme of the net-
work. The network is said to be compatible with the hypothesized graph (V,E) if
each of its potentials is compatible with the graph, that is, each scope W in the
scheme corresponds to a clique in the graph. On the one side, the individual po-
tentials in a network are soft local constraints, and each acts on a small (possibly
singleton) set of elemental variables which are topologically close to each other
according to the adjacency relation E. On the other side, the scheme {W,...Ww}
of the network typically covers the whole set of elemental variables, that is, the
total variable 7" of the model. In fact, this is the way in which the MRF theory
addresses the peculiar task of a field theory, which is to account for the emergence
of complex and topologically extensive (possibly global) properties in terms of an
organized plurality of formally simple and topologically local constraints.

The construction of an MRF comes to its end by applying two operations on
potentials and their sum. First, the potentials in the network C are combined by
summation, thus producing a function acting on the total variable 7. This global
function is called the energy function of the model and is here denoted by (7)),
so that

(T)=c(W)+...+4¢, (W ). (1)

On considering that each single potential ¢ (W) evaluates how much the possible
configurations of the local variable W, differ from a specific desired condition,
we will have that the energy function e(7) evaluates how much the possible
configurations of the total variable 7" differ from the system of desired conditions
that have been taken into account in designing the network C, so that the energy
¢e(7) may be interpreted as an overall cost function®. The other operation is a
transformation that changes the energy function ¢(7') into a probability function
(1), according to this rule:

P(D=expl—e(D)IK )

As a rule, the potentials constituting a network involve parameters which contribute to the flexibility and
generality of the model and enter in the construction of the energy function ¢(7) (e.g., Geiger & Girosi, 1991,
p- 406; Kohli, Ladicky, & Torr, 2011, p. 314). For the sake of simplicity, here I do not make explicit the possible
involvement of parameters and presume that the energy is the simple (non-weighted) sum of the potentials in a
network. This does not impair the substance of our arguments.
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where exp(-¢(7))=2.718? (an exponential transformation involving the Neper
constant 2.718...) and K=3, __.exp(-e(#) (so that X _,.p(#)=1, as generally requi-
red for a probability function). The most important detail in Equation (2) is the
minus sign applied to the exponent -¢(7). It implies that the probability p(7) is
a decreasing monotone transform of the energy (7)), so that searching for a con-
figuration of 7" that maximizes the probability is tantamount to searching for a
configuration of 7 that minimizes the energy. The probability function p(7") thus
constructed is called the Gibbs distribution (or also the Boltzmann distribution)
implied by the hypothesized network of potentials (Gibbs, 1902; Kindermann &
Snell, 1980; Richey, 2010).

For an example, let us consider a graph (V,E) of 9 nodes and 12 edges as repre-
sented in the lower part of Figure 2. Suppose that in each node », a pair (X,Y) of
elemental variables is located, with ranges X°={-2,-1,1,2} and Y?={-1,1}. Hence,
7=((X,Y)),....(X,Y) is the total variable available, whose range may be specified
as 7°=({-2,-1,1,2}x{-1,1}). Further suppose that, relative to each node »,€ V'and
each edge {Z/l,,l/j}EE, definite potentials ¢,(X,Y) and cij( YZ,Y;) are introduced thus
specified:

¢(%,9)=0 or |x| depending on whether sign(x)= or #sign(y),

for all (x,y) €{-2,-1,1,2}x{-1,1}

¢, (97)=0 or 1 depending on whether sign(y)= or #sign(y’),

for all (y,5') e{-1,1}x{-1,1}.

The former expresses the possible disagreement between the X variable and the ¥’
variable residing in one node, whereas the latter expresses the possible disagree-
ment between the Y variables residing in two distinct nodes that are adjacent in
the graph. The functions of the one and of the other type compose a network of
9+12=21 potentials:

C={e(X, ¥): ne NUle, (Y, Y): (v,0) € .
This network is compatible with the graph in Figure 2, because each potential in
the first group (node potentials) acts on variables that reside in one single node,

and each potential in the second group (edge potentials) acts on variables that re-
side in adjacent nodes. Hence, the energy function implied by the network will be

eT)=2 e (X)) + 2 rajer i (YY)

and the corresponding Gibbs distribution will be
pI) = eXP(_Z v (XY) =2 pyjes S (VY ))
with K=3._exp(-e(2).
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p(T) = SR Gibbs distribution
e(T) = Zviev ci(X:,Yi) + E{vi‘vj yer Cid (Yi, Y5) energy function
{c:(Xi,Yi) : v € V} 164,55, 25t Qo 95} € ) node a.nd edge
potentials
variables

and adjacency

Fig. 2. A graph of 9 nodes and 12 edges, with a pair of variables (X,_, YI) located in each node v,
(lower part). The formation of a network of 21 potentials and of corresponding energy function

and Gibbs distribution (upper part).

The diagram in the upper part of Figure 2 illustrates the combination and
transformation process defined by these equations. Both ¢(7") and p(7’) are non-
negative valued functions acting on the range 7° of the total variable 7. For any
possible configuration # of 7'— that is, any point # in the space 7° — the corre-
sponding energy ¢(7) is higher the stronger the divergence of that configuration
from the system of desired conditions coded in the network of potentials C. On
the contrary, the resulting probability p(#) is higher the weaker that divergence.
Note that the toy MRF thus described is alike a small fragment of the “Ising
model”, which is a kind of MREF initially devised for the study of ferromag-
netism, and then proved meaningful also for problems in other research areas,
including questions of computer vision (Ising, 1925; Newell & Montroll, 1953;
Blake & Kohli, 2011, pp. 12-13).

I conclude this preliminary section with two general comments. First, an MRE
which is constructed as a network of local potentials relative to a definite kind of
real processes, may be conceived of as a system of assumptions on dependences
that are at work in those processes and affect their outcomes. In this view, an
MRF may serve as a guide for inferences about the prevailing states of the real
processes in question. More precisely, the role of guide for inferences is played
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by the energy function e(7) implied by the model, or indifferently by the cor-
responding Gibbs distribution p(7’). For example, once an MRF has been fully
specified, so that a distribution p(7) becomes determined and known, we could
search for the (or some) point 7 in the space 7° at which that distribution reaches
its maximum value, so that?

f=argmax__.p(9).
This result 7 identifies the (or some) configuration of the total variable 7" that
proves to be maximally probable, in the light of the assumptions that concur to

justify the hypothesized MRE Because of the relationship that holds between
probability and energy in Equation (2), the same result may also be expressed as

tA=argminlE e(?)

that is, 7 is a configuration of the total variable 7" that minimizes the energy, as
this is implied by the postulates in the model. In the next section, we shall see
that other inferences of this kind are also conceivable, which concern not the total
variable 7 but selected parts of it and are supported not only by the assumptions
of the model but also by information of empirical provenance.

The other general comment is about the logical role played by the graph-theoretic
basis of an MRE We stated that, once a graph (V,E) has been chosen, a net-
work of potentials C={c,(W)),...,c (W

m m

potential ¢(W) in the network, the variables involved in this potential all reside

)} is judged compatible with it if, for each

in one clique of the graph, that is, they are mutual neighbours in the topology
described by the adjacency E. Now, the thinner (i.e., poor in lines) an adjacency,
the smaller and fewer the cliques in it tend to be. For example, the adjacency in
the left-hand part of Figure 1 is thinner than that in the right-hand part, and
correspondingly every clique in the former is also a clique in the latter, but not
vice versa. These considerations make it clear that, on account of the request that
an MRF be compatible with a preordered graph-theoretic structure, we shall have
that this structure constitutes an upper bound for the complexity of admissible
MREFs, so far as the complexity of a network is evaluated in term of the number
of elemental variables that each of its potentials may involve: The thinner an
adjacency, the smaller the cliques in it, the fewer the elemental variables that resi-
de in any single clique, and so the less complex (in terms of number of variables)
any single potential that is compatible with the given adjacency. Also this basic
observation will conveniently be mentioned again in the following, when refer-
ring to the data-driven learning of the graphical structure of a model.

*  For any real-valued function fon a domain 7° that, in this domain, has one point of absolute maximum, this

point is symbolized as argmax,_, f#). The meaning of argmin,_, f(#) is symmetrical, for a point in 7° (argument
of f) at which the function freaches its minimum value.
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3. Markov random fields for inferences in computer vision

So far, I have outlined the MRF concept in its generality, thus building up a basic
lexicon which allows us to talk about MRFs with propriety. When the concept
is related to problems of vision science, as happens in computer vision, inside
it further characteristics and distinctions become apparent. The specification of
these characteristics and distinctions constitutes the issue of the present section.
In referring to any act of (artificial) vision, I categorize this act as the performance
of an inference task, that is, the transition from a certain set of input information,
of an optical nature, to a certain set of output information, which should simu-
late the performance of a biological (human) act of vision. Consistent with the
consolidated vocabulary of computer vision, I shall call properties of the image
the items of input information, and properties of the scene the items of output
information resulting from a task of vision inference. Furthermore, I shall use
the term vision episode for any concrete trial of that task, that is, a real situation
in which a suitable apparatus receives an input optical information (image) and
produces a visual output information (scene) compatible with it.

The first question is about how a graph (V,E) should be determined so that it
constitutes the graph-theoretic support of an MRF in computer vision. For
simplicity, I will address this question only relative to vision episodes in which the
optical input is a single static image, that is, episodes of static monocular artificial
vision. Relative to such situations, from the available literature we may extract
the following two prevailing responses to the question. One response is that the
nodes in V could represent individual pixels (picture elements) in the image,
and the edges in £ could represent relationships of spatial proximity between
pixels. In other words, the input optical image for a vision inference task could
be filtered as a lattice of pixels, according to a preordered geometric scheme, each
single pixel could be symbolized by a node in the set V; and a definite proximity
relation between pixels in the image could be represented as a binary relation £
on the node set V. Another conspicuous response is that the nodes in V could
instead represent regions suitably determined within the optical image, and the
component £ could describe the relation of topological adjacency between those
regions. In the peculiar lexicon of computer vision, single regions determined
in such a way that they are optically homogeneous inside and neatly distingu-
ishable from neighbouring regions are called “superpixels’, and an exhaustive
collection of such regions is called an “oversegmentation” of the image (Zhang
& Ji, 2010, p. 1410). On the one side, the graphs in Figure 1, much enlarged in
the number of points and lines, suggest what could be the graph-theoretic sup-
port of an MRE when the input image is schematized as a pixel lattice. On the
other side, the two parts of Figure 3 suggest how an image could be subdivided
into regions (superpixels) and how the resulting subdivision could be coded as a
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Fig. 3. Set of regions resulting from the oversegmentation of an image and corresponding planar
graph, in which each node is the label of a superpixel.

planar graph. Note that, whereas a pixel lattice is determined according to a pre-
conceived geometrical scheme (an ideal regular mask of holes) which is “blind”
to the peculiar characteristics of an image, an oversegmentation into superpixels
instead takes those characteristics into account, because it is required that each
region be as homogeneous as possible inside and neatly distinguishable from the
neighbouring regions. Thus, an oversegmentation is the result of a preliminary
optical processing of a “source” image.

Regarding the variables involved in an MRE, a fundamental distinction must
be made when the MRF is a model for inferences in computer vision. On the
one side, there is a set X of variables each of which describes an optical property
of some part of the image available in a vision episode. We refer to the elemen-
tal components of X as input variables and to the whole of set X as the zotal
input variable. We use these terms because the optical (primitive or derivative)
measures recorded in X constitute the input information for the inference to be
performed in a vision episode. On the other side, there is a set of variables ¥,
each of which is an unknown to be solved in the inference process. In this sense,
we refer to each member of Y as an output variable and to the whole of set Y as
the total output variable of the MRF in question. For example, if the inference
task is to decide which parts of an image should be classified as constituents of
a “figure” and which parts as constituents of a “ground”, then the range of any
elemental variable in Y could be the pair of labels {f,¢} which represent the two
alternative local choices (figure vs. ground) (Zhang & Ji, 2010, pp. 1417-1421).
If instead the inference task is the construction of a “depth map” based on the
image, then the range of any elemental variable in ¥ could be an interval [0,d] of
possible depth values, to be assigned to any single part or particle (superpixel or
pixel) in the image (Saxena, Chung, & Ng, 2008; Hua & Tian, 2016). Thus, on
the whole, the total variable of an MRF in computer vision is a system 7=(X,Y)

132 Original Contributions - Originalbeitrige



Burigana, Field dynamics in perception and Markov fields in computer vision

that includes a total input variable X'and a total output variable Y. For simplicity,
here I suppose that the sites in which the elemental variables of the one and of
the other kind are located are the same, so that the two sets may be described as
X=(X: veV) and Y=(Y: veV), which means that to each node » in the graph
an input variable X and an output variable Y are associated. In Section 5 I shall
remark that other more complex organizations may be required, for the represen-
tation and guidance of vision inference tasks.

In the light of the dichotomy now defined, a distinction between two general
kinds of potentials for MRFs in computer vision becomes apparent. On the
one hand, we may have a potential ¢(W) such that WnXzQ=WnY, that is, its
scope includes both input and output variables, so that ¢((W) can be presented as
(WX, WNY). A potential of this kind generally imposes (in a soft manner) that
the configuration to be chosen for the output variable WY be in agreement with
the configuration taken on by the input variable WnX in a given image, that is,
that the inference outcome be locally consistent with the available optical data.
Fidelity potentials is among the names associated with this kind of constraints in
the literature (Geman & Grafligne, 1987, p. 1505; Hochbaum, 2013, p. 170).
On the other hand, we may have a potential «(W) such that WY, that is, its
scope only contains output variables. A potential of this kind ignores the optical
information available and encourages that the values to be chosen for the output
variables in W be in agreement with one another according to some desirable
condition such as continuity, smoothness, connectedness, uniformity, and so on.
Interaction potentials is among the names for this class of potentials in the com-
puter vision literature (Wilson & Li, 2002, p. 44; Boykov & Kolmogorov, 2004,
p. 1124; Kumar & Hebert, 2006, p. 185). The simplest fidelity potentials have
the form «X,Y), that is, the input variable X and the output variable Y located
in a single node v of the graph are considered, and a function is defined whose
(non-negative) value is the larger the wider the disagreement between any value
assignable to ¥ and the value taken on by X in an image. In turn, the simplest
interaction potentials have the form o(Y,Y) where {0} €E, that is, the output
variables ¥ and Y residing in two adjacent nodes of the graph are considered,
and a criterion of compatibility between their possible values is formulated, re-
gardless of the optical data available. It may be seen that the “node potentials” and
the “edge potentials” constituting the toy MRF outlined in the preceding section
(cf. Figure 2) are examples of the two simple types of fidelity and interaction
potentials now described. Also other more complex forms are admissible, both for
fidelity and for interaction potentials, granted that the general compatibility con-
dition with the graph-theoretic basis of a network is satisfied (cf. Kohli, Ladicky,
& Torr, 2011; Wang, Komodakis, & Paragios, 2013, pp. 1614-1615, concerning
higher-order MRF models).
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On account of these distinctions, we shall have that the network of poten-
tials for an MRF in computer vision typically is the union of a sub-network

F={f,(W)),....f, (W )} of fidelity potentials and a sub-network R={r,(Z)),...,r (Z )}
of interaction potentials, so that

C=FUR={f (W), f (W), (2, (2},

where VVigXUYwith WAXzD2WNY for i=1,...,m, and ngY for j=1,...,n.
According to Equation (1), the sum of all these potentials is the energy function
e(X,Y) of the MRE so that

D=3, f(W)+ 3, r(2).

Isjsn jN 7
This is a function on the space X°xY* of the total variable (X,Y). To each point
(x,9) in this space it associates a value e(x,y), which measures how much the

1<ism

configuration (x,y) of the variable (XY) altogether diverges from the system of
requirements (of fidelity and of interaction type) that have been postulated in
designing the network AUR. Furthermore, according to Equation (2), the fol-
lowing exponential transform of the energy function is the Gibbs distribution
implied by the network of potentials

pXY)=exp(-e(X,Y))/K.

This is a probability function on the space X°xY*. Using values in the interval
[0,1], it quantifies how much any possible configuration of the total variable
(X,Y) agrees with the postulated system of requirements.

The function p(X)Y) is the global probability distribution of an MRF in the
hypothesized context. By applying basic rules of probability theory, from it
various specific functions can be derived, which are directly applicable for infe-
rences. For example, from p(X,Y), through summation, the marginal distribution
p(X) of the total input variable X can be deduced, so that

PIO=3,_, p(Xp).
After that, through division, from p(X,Y) and p(X) the family p(¥]X)={p(¥]x):

x€X} of conditional distributions of the total output variable ¥ can be deduced,
so that

PNX)=pX ) p(X)={p(x,Y)/p(x): xeX°}.

More generally, if we are interested in the portion ¥, Y of the output variable
that is located in definite part U=V of the node set and the corresponding porti-
on X, X of the input variable, then from p(X,¥) we can first derive the marginal
distributions p(X,,Y,) and p(X,) by summation, and then construct the function
2(Y,|X,) by division, so that

P(YU|XU)=]7(XU’ YU)/p(XU)'
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In the theory of MRFs, other methods are also defined for obtaining such focused
probability functions. These are methods that use selected parts of the information in
a network AUR in order to spare the ascent to the global distribution p(X,Y), which
is computationally expensive. So-called “conditional MRFs” are notable examples
of such alternative ways (Lafferty, McCallum, & Pereira, 2001; Sutton & McCal-
lum, 2012). In a conditional MRF it happens, for example, that relative to any con-
figuration x€ X of the total input variable an energy function e(¥]x) is constructed
(based on the network) only acting on the total output variable. The conditional
distribution p(¥]x) to be used in an inference is then obtained as the exponential
transform of that specific energy function, in accordance with Equation (2).

Functions of this general kind constitute natural guides for inferences in compu-
ter vision. For example, suppose that, based on a definite network of potentials,
the function p(¥]X) has been determined, which amounts to a family {p(¥]x):
x€X’} of probability distributions on the range ¥* of the total output variable.
Then suppose that the model is applied to a particular vision episode, so that
one point x' in the range X° of the input variable X is singled out, which is the
configuration of X on the image available in that episode. As a consequence, from
the family p(¥]X) the member function p(¥]x') can be extracted and, through
computation, the point j in the search space ¥° can be found that maximizes
that function, that is

}A/=argmaxy€ mv(y|x').
This would be a plausible result of the inference process. It would describe the
configuration of the output variable ¥ that is the most probable, in the light of
the optical evidence X=x" and on account of the “a priori” information recorded
in the network FUR. As noted, for a conditional MRF we have that the proba-
bility function p(¥]x') is defined as the exponential transform of a corresponding
energy function e(¥]x'). In this case, the inference result may alternatively be
reached as the point that minimizes this energy function, which is

)A/:argminy6 Yge(y|x').
These principles and formulas may easily be generalized to situations in which the
inference task concerns not the total input variable X and the total output varia-
ble ¥, but a definite part of X as the source variable and a definite part of Y as the
target variable. We shall return to these concepts in Section 5 for remarking on
their consistency with probabilistic inferences in Bayesian statistics and, through
this, with Bayesian modelling in contemporary perceptual psychology.

In Table 1, I list a sample of 30 articles in which MRF models are constructed
and tested relative to inference tasks of computer vision. They cover the 40 years
elapsed since the explicit appearance of this paradigm in vision science. The bib-
liographical details are given in the general list of references of this paper.
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Table 1. Authors, publication years, and inference tasks of 30 articles from the computer vision
literature with MRF models.

Authors Year Task

Cross & Jain 1983 texture synthesis
Geman & Geman 1984 image restoration
Geman & Grafhigne 1987 texture analysis
Geiger & Girosi 1991 surface reconstruction
Kersten 1991 visual transparency
Modestino & Zhang 1992 image interpretation
Kim & Yang 1994 image segmentation
Malfait & Roose 1997 image restoration
Zhu, Wu, & Mumford 1998 texture synthesis
Wilson & Bobick 1999 gesture recognition
Zhu 1999 visual grouping
Boykov, Veksler, & Zabih 2001 stereo vision

Dass, Jain, & Lu 2002 human face detection
Wilson & Li 2002 image segmentation
Kolmogorov & Zabih 2004 multicamera vision
Kumar & Hebert 2006 image classification
Awasthi, Gagrani, & Ravindran 2007 object detection
Saxena, Chung, & Ng 2008 depth estimation
Késter, Lindgren, & Hyvirinen 2009 model learning
Nowozin & Lampert 2009 image segmentation
Ming & Hu 2010 stereo vision
Freeman & Liu 2011 texture synthesis
Kohli, Ladicky, & Torr 2011 image segmentation
Winn & Shotton 2011 object detection
Panagopoulos et al. 2013 shape and illumination
Sun & Tappen 2013 image restoration
Zhou, Zhong, & Wang 2014 image segmentation
Hua & Tian 2016 depth estimation
Murray 2020 lightness effects
Ouali et al. 2024 image segmentation

4. Links between terms of MRF models and tenets of field-theoretic views of
perception

In this section, I will comment on meaningful correspondences that can be

recognized between the basic concepts of MRF theory as applied in computer

vision and general ideas in the psychology of visual perception, with special
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reference to Gestalt theory within this branch of psychology. The key concepts
of the MRF approach in computer vision will be considered in the same order
in which they were described in the preceding section.

The construction of an MRF begins, we said, with the definition of a graph (V)
such that the nodes in Vare associated as symbols with basic units that are deter-
mined within an optical image (for static monocular vision). We noted that two
prevailing (but not exhaustive) methodological options in the computer vision
literature are those in which the basic units are pixels regularly distributed on the
image plane, so that the graph symbolizes a pixel lattice, or are superpixels, that
is, maximal homogeneous regions, so that the graph symbolizes an oversegmen-
tation of the image. The first option is consonant with the cases in which, within
perceptual psychology, the stimulus is described as a mosaic of optical particles
(a discrete configuration), or as an image intensity function (possibly a conti-
nuous configuration), or also as a dot lattice (e.g., in experiments on perceptual
grouping: Wertheimer, 2012; Bozzi, 2019; Kubovy & van den Berg, 2008). The
other option agrees with situations in which the stimulus array for an experiment
is constructed as a picture composed of chromatically homogeneous regions put
side by side to one another. Such pictorial compositions are used, for examp-
le, in experiments on the perception of polyhedral shapes, perceptual occlusion
and amodal completion, apparent transparency, or other “double representation”
phenomena (Adelson, 2000; Kanizsa & Gerbino, 1982; Metelli, 1974). Pictorial
compositions of this sort are here termed “map-like pictorial stimuli” due to their
structural similarity with geographical maps when these are formed of several
regions each of which is chromatically uniform inside and different from neigh-
bouring regions.

In turn, the relation £ between the nodes in the graph describes a zopological rela-
tion of proximity or adjacency between the basic units symbolized by them. This
topological relation is the only or the most important piece of spatial information
that is recorded in the construction of an MRF in computer vision. The metho-
dological prominence attributed to it corresponds to the importance possessed
by analogous relations in well-known principles of perceptual psychology, such
as the “proximity principle” as a factor of perceptual grouping, the “adjacency
principle” in the study of induction effects, and “optical contact” as a factor in the
spatial organization of three-dimensional perceptual scenes (Wertheimer, 2012,
pp- 130-135; Gogel, 1978; Gibson, 1950, p. 178; Sedgwick, 2001, p. 137). The
spatial information recorded in the relation £'is of a qualitative or non-metricized
character because for any two nodes in the graph we only consider whether the
corresponding units in the image satisfy or do not satisfy a definite criterion of
neighbourhood; we do not measure the geometric distance between the units or
between salient points in them. However, a distance function becomes implicit in
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the graph. This is the graphical metric, according to which the distance between
the units symbolized by two nodes is the length of the shortest paths in the graph
that connect these nodes.

The distinction between input variables (in the system X) and output variables (in
the system Y) corresponds to the distinction between properties of the stimulus
and properties of the percept, which occurs as a premise in any psychological
theory of visual perception. The specification of the variables both in the one and
in the other system is of a relative character, as it depends on the vision inference
task for which an MRF model is constructed. I shall return to this important
aspect in the next section, in discussing the flexibility of the MRF paradigm in
computer vision. Note the diverse epistemological statuses of the variables in the
two systems. A member (or subset) of X can properly be termed a “variable” only
if reference is presumed to a plurality of images, that is, a number of possible
vision episodes. For any single image, and a corresponding vision episode, such
a member is a specific optical datum that is available in the image, so that it is a
constant. Otherwise, a member (or subset) of Yis a variable as an “unknown” also
within any single vision episode. At the beginning of the episode, such a member
is indeterminate within a range of possible values, and the inference task is the
getting over that indeterminacy by searching for a value in the range that best
satisfies a definite set of constraints. Computer vision methods use the possible
configurations of the total output variable ¥ (or of specific parts of it) to express
the results of such inference processes. For example, if an inference asks to sub-
divide the image into blocks corresponding to 4 different kinds of objects, which
are labelled by symbols 0,,...,0,, then the set of these symbols could be adopted
as the range of each of the elemental variables in Y, and the result of an inference
could be expressed as an assignment of a symbol to each node in the graph, that
is, to the corresponding unit in the image. Such an assignment would be a con-
figuration of the total output variable ¥ (Shotton, Winn, Rother, & Criminisi,
2009). Conversely, if an inference asks to reconstruct the 3D shapes of objects,
and UcV'is a definite connected subset of nodes in the graph corresponding to a
region in the image, then the 3D shape inferred for an object could be expressed
as a configuration of the variable Y, which is the set of elemental variables resi-
ding in the nodes of U. In this case, the range of each elemental variable could be
a definite interval [0,4] of possible depth values (Geiger & Girosi, 1991).

Any psychological theory of visual perception posits that the stimulus input
in a vision episode has a role in the formation of the perceptual outcome in
that episode. In a theory, this role could be expressed in terms of psychophysical
dependences, that is, dependences between optical properties of the stimulus and
phenomenal properties of the percept. With some exceptions (e.g., the “ecological
approach” to visual perception by James J. Gibson, 1979), psychological theories
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also presume that the stimulus input could be insufficient to explain the unique-
ness and conclusiveness of the perceptual outcome in a vision episode, so that
additional factors are hypothesized for this purpose. These factors could be hard
or soft constraints of compatibility or complementarity between the phenome-
nal properties of the percept themselves, that is, relations expressible as intra-
perceptual dependences. The distinction stated in the preceding section between
“fidelity potentials” and “interaction potentials” within MRF models of compu-
ter vision corresponds to the psychological distinction now indicated. Indeed, on
considering the kinds of variables involved, a fidelity potential may be likened
to a psychophysical dependence, and an interaction potential is analogous to
an intra-perceptual dependence®. The concept of potential, as understood in the
general theory of MRFs, greatly contributes to the ductility of this approach in
designing models of computer vision. The approach has the task and merit of
determining explicit algebraic forms for the potentials accepted in a network.
Any potential is a non-negative valued function whose form depends on both
the kinds of the variables involved (e.g., binary, classificatory, numerical, vector-
valued, etc. variables) and the meaning of the constraint that the potential is
intended to formalize. In particular, on considering the “interaction potentials”
occurring in the existing MRF models, as soft constraints apt to encourage con-
tinuity, smoothness, connectedness, uniformity, etcetera, in the results of vision
inference, significant analogies can be recognized with prior requirements dis-
cussed in some theories of visual perception, in particular in Gestalt theory under
the heading of “tendency to Prignanz” (Wertheimer, 2012, pp. 144-147; Rausch,
1966, pp. 904-947; Metzger, 1975). The MRF approach also has the merit of
fixing a definite rule according to which the potentials in a network are to be
combined into a unitary function, then used as the “objective function” in the
search process by optimization. By that rule, the potentials are first combined
through addition in constructing the energy function — according to Equation
(1) — and then this function passes through an exponential transformation thus
resulting in a probability distribution — according to Equation (2).

Typically, each individual potential in an MRF is a function acting on a
small number of variables that are located in one single node or in nodes
mutually adjacent in the graph. However, an entire network of potentials
FOR={f,(W),....f, (W ), (Z),....,r (Z)} usually covers the whole set (X,Y) of
input and output variables that are relevant to a definite inference task. But
most importantly, the scopes of the potentials in the network, although they

4 Similar categories are found in other theories of visual perception. In particular, I mention the distinction

between “constraints from optical stimuli” and “perceptual interdependencies” in constructivism (Rock, 1983,
Chapter 10) and the distinction between “closeness to the optical data” and “smoothness assumption” in the
regularization theory applied to vision (Poggio, Torre, & Koch, 1985; Szeliski, 2011, pp. 154-158).
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are small in size, are not generally disjoint from one another, so that the scheme
W,...W ,Z,..2} of the network is a cover but not a partition of the total
variable (X,Y). Thus we may have, for example, that two output variables ¥,
and Y are topologically distant from each other, so that they are not involved
together in any potential, but there is a sequence of interaction potentials
7 (Zj1 ),...,rjk (ij ) in the network such that ¥, € Z Y, eZ andZ NZ, +#O for
each h=1,...,k-1. This situation is illustrated in Figure 4, by comparing, for
example, the variables ¥, and Y| in the right-hand part of the figure. The same
argument may be made regarding an input and an output variable involved in
a model. On the whole, this signifies that, although the individual potentials
express dependences that have limited spans, a network in its entirety may
also imply dependences between properties that are far from one another in
the topology of a model, because any chain of dependences may imply (by
transitivity) a dependence between the first and last terms in it. Thus, we may
have that a network is suitable to represent a dependence (of psychophysical
character) between an input variable X and an output variable Y, as well as
a dependence (of intra-perceptual character) between two output variables Y
and Y that are far from each other in the topology implied by a given image.

This point is salient in our discussion, as it indicates how the MRF approach
in computer vision resonates with the field-theoretic assumptions in perceptual
psychology, in particular with the distinctive assumptions of Gestalt theory, with
its emphases on the existence and analysis of actions at a distance, contextual
effects, inter-local and inter-qualitative dependences, primacy of the whole, and
the emergence of extensive perceptual entities by integration of stimulus data
separately located (Wagemans et al., 2012; Wagemans, 2018). Note that the

Fig. 4. Structure of an imaginary network of potentials for an MRF in computer vision, with the
graph in the centre, the input variables on the left, and the output variables on the right. Contours
on the right define the scopes of interaction potentials in the network.
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structural aspect now highlighted implies that the MRF approach is somewhat
exempt from the Gestalt-theoretic objection towards “and-summations” in ex-
plaining perceptual phenomena (Kdhler, 1950, pp. 25-26; Rausch, 1966, pp.
885-888). Indeed, although the energy function, as defined by Equation (1), is
constructed as the sum of potentials, these potentials are not generally indepen-
dent, because some of them may overlap in their scopes. Here I presume that the
Gestalt-theoretic objection is directed not so much at the use of the sum concept
in itself, but at the use of that concept as applied to addends that are supposed to
be totally independent of one another.

When an MRF model has been constructed for a definite inference task, by spe-
cifying a total variable (X,Y) and a network of potentials FUR, and then is applied
to a particular vision episode, the MRF approach formalizes the inference task as
an optimization problem to be solved by acting within a specific search space and
under the guide of a suitable objective function. We saw that the search space
could be the range Y of the total output variable ¥ (or the range Y,° of a sub-
variable ¥, Y of special interest), and the objective function could be the con-
ditional distribution p(¥]x') or the corresponding energy function ¢(Y]x"), where
x' is the configuration taken on by the input variable X in the vision episode in
question. Specifically, the inference problem is solved by finding (through com-
putation) a point J in the space ¥° that maximizes the probability p(¥]x') — or,
equivalently, minimizes the energy ¢(¥]x"). This general profile, that s, to cast and
solve an inference problem as a problem of optimization of a quantitative crite-
rion, is shared by various psychological theories of visual perception. A review of
these theories, from this particular perspective, is that performed a while back by
Hatfield and Epstein (1985). That review can consistently be updated by exami-
ning the developments of those and other theories during the forty years elapsed
since then. Of course, the theories in question generally differ in the definition
of the search space, the objective function subject to optimization, and the algo-
rithms available for carrying out the optimization. However, the strategy adopted,
that is, searching for “stationary” points of real-valued functions of several varia-
bles is abstractly the same.

In particular, it is well known that this general idea of perceptual performance as
the optimization of a quantitative criterion was a salient feature of the Gestalt the-
ory since its first settling as a paradigm in perceptual psychology. With statements
such as “any stationary state constitutes a salient case, compared with an infinite
multiplicity of other possible states” (“Jeder zeitunabhingige ... Zustand ... stellt
gegeniiber einer unendlichen Mannigfaltigkeit von anderen Zustinden einen aus-
gezeichneten Fall dar”; Kéhler, 1920, p. 248) or “in principle, for any figure the-
re are many possible three-dimensional (and two-dimensional) interpretations”
(“prinzipiell sind bei jeder Figur auch viele riumliche (und ebene) Auffassungen
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moglich”; Kopfermann, 1930, p. 338), Gestalt theorists appear to argue as if, for
a given stimulus configuration, there may exist several perceptual configurations
abstractly compatible with it. Hence, the formation of the prevailing and stable
perceptual result may be conceptualized as the search for an optimal solution, that
is, a solution that best satisfies a definite network of constraints. In comparing the
MREF approach with Gestalt theory we also encounter a lexical consonance, as in
both contexts it is said that the search process aims at “minimizing the energy”
of a system. Of course, the exact meaning of this expression depends on how the
concept of “energy” is characterized, which is quite different from the one versus
the other of the two theoretical contexts. However, that lexical consonance is a
meaningful cue of the “family resemblance” that exists between the two theories
for the reasons I specified in the Introduction.

5. Flexibility and open questions of the MRF approach to vision

An MRF model by itself — that is, as seen from the general perspective we took
in Section 2 — is a mathematical construct. It is not bounded by requirements
of consistency with definite real systems, as the visual system in human observers
might be. Therefore, it is a construct with intrinsic freedom and may give rise
to arguments on possible variations, additions, or specializations, while keeping
unchanged its peculiar logical profile. The same can be said when the MRF con-
struct is discussed as a kind of models in computer vision, which corresponds to
the perspective we took in Section 3. In this case, the boundaries to be considered
are those concerning the algorithms and computational means available for the
application of such models, and these are mobile boundaries in expansion, as
they depend on the progress of the science and technology of information. These
considerations suggest that it is formally legitimate and possibly useful to reason
about the intrinsic flexibilities of the MRF paradigm. Such reasoning may be ins-
tructive not only for the prospects of the MRF paradigm in computer vision, but
also for its possible impact on perceptual psychology, on considering the changes
that should be made in passing from the one to the other of these branches of
vision science. In this section I present some thoughts in this regard.

In Section 3, I remarked that in the standard MRF models of computer vision
it happens that one single set of basic units determined in the image (e.g., pixels
or superpixels) is the set of sites in which bozh the input and the output variab-
les of a model are presumed to be located. In symbolic terms, this assumption
corresponds to the fact that one set of nodes V'is the index set of both the total
input variable X=(X : v€ V) and the total output variable Y=(Y: v€ V) of a model.
Of course, this methodological premise is not in line with what one may expect
from a model of perceptual psychology. Indeed, a cornerstone of this discipline
is the principle that, in the perceptual processing of a stimulus array, new units
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may emerge that are larger than those considered in the description of the array.
Furthermore, such emergent units may be partially overlapping with one ano-
ther, as it happens in the various effects of “perceptual double representation”,
like figure-ground segregation, static or dynamic occlusion, transparency, scission
of surface colours and illumination, anomalous surfaces enclosed by subjective
contours, etcetera (Koftka, 1935, pp. 178-183). A way for overcoming this limi-
tation is implicit in an example mentioned in Section 3, relative to figure-ground
segregation. I suggested that, while the elemental input and output variables may
be presumed to be located in the same basic units (e.g., pixels), this assumption
does not preclude that other more extensive entities be recognized in modelling,
for example, the entity formed of all pixels that, in an application of the model,
are classified as particles of the figure, as distinct from the ground. Thus, while
preserving the characteristic aspect of an MRF model, we could enrich it by
allowing for the emergence and recognition of new units, which may be descri-
bed as aggregates of basic minimal units postulated in the model. We should also
allow that such aggregates may fail to be disjoint (in set-theoretic sense) from
one another, as required by units occurring in double representation phenomena.
Regarding the formal setup of the model, this would imply that its initial graph
(V,E) may undergo changes during an application because new nodes could be
added to the set V for symbolizing the emergent units, and new links to the
relation £ for describing topological relations involving those units.

We know that the graphical structure of a standard MRF is a simple graph (V,E)
in which the component £ is a symmetric binary relation on the node set V. As a
rule, the component £ describes a topological relation of proximity or adjacency
between the units (in the image) that are symbolized by the nodes in V. Thus, in
the definition of the graphical structure (V,£), the method that leads to an MRF
is strictly selective in the spatial information to be considered: In this structure,
only adjacencies between units are recorded, not numerical distances between
them, nor other geometrical quantities available in the image. This methodolo-
gical choice is consistent with the theoretical views in perceptual psychology that
emphasize the possible advantages of describing the optical stimuli in terms of
their topological rather than geometric properties (Kadar & Shaw, 2000; Chen,
2005). There are good reasons that support those views; the topological proper-
ties are generally simpler in descriptive form and ampler in invariance than the
geometric ones, so that the former are conducive both to the simplicity and to
the generality of a model — granted, of course, that the model be empirically
valid. However, there may be inference tasks such that the topological relation
of adjacency is a piece of spatial information insufficient to guide the inference
successfully. For example, a model concerning the perception of transparency,
surface colour, or amodal completion, besides the adjacencies between regions in
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a map-like pictorial stimulus, cannot ignore the shape of the junctions formed
by the margins of those regions (Todorovi¢, 1997; Kasrai & Kingdom, 2002;
Khang & Zaidi, 2002; Rubin, 2001). Similarly, it is well known that the topo-
logical relation of “enclosure” between parts of a pictorial stimulus plays a key
role in the phenomenon of “depth capture” (Ramachandran & Cavanagh, 1985;
Kham & Blake, 2000), the topological relation of “perceptual belongingness” is
critical for the apparent lightness of surfaces (Koftka, 1935, p. 137; Agostini &
Galmonte, 1999, 2002), and the same may be said concerning other relations
and corresponding perceptual effects. Thus, for the validity of a model, it could
be required that additional pieces of the topological information in the image be
considered and suitably recorded in the graphical structure. We could have, for
example, that besides the symmetric relation £ of adjacency, also an asymmetric
relation D is constructed for representing a relation of enclosure between parts
in the image, so that the graph-theoretic support of the model would be a mixed
graph (V,E,D). In the next section I will specify that the computer vision litera-
ture also includes probabilistic graphical models based on such hybrid graphs.

We emphasized that any MRF model in computer vision is constructed in rela-
tion to some specific inference task, so that its input variables in X and output
variables in Yare chosen in considering their relevance to that specific task. Thus,
an MRF model is prepared not for simulating “the” perceptual process generally
conceived — from a complete array of raw stimuli to a full perceptual scene —
but for simulating a limited segment or aspect of that process. This implies a
pronounced modular approach in the study and simulation of vision. This idea
may be illustrated with Figure 5. In the three parts of this figure, the input and
output components of imaginary models for three different inference tasks are
indicated. It deserves notice, in particular, that the three models may differ not
only in their output, that is, the visual properties chosen as target of inference,
but also in their input, that is, the portion of optical information constituting the
basis for inference, the way in which that portion is coded in the model, and its
transformational distance from a hypothetical “source optical image”. Actually,
it is often the case that the input X of an MRF model is defined not as the set of
primitive optical features of a stimulus array, but as the result of an optical trans-
formation that is applied to an alternative (more primitive) representation of the
stimuli (Zhu, Wu, & Mumford, 1998; Crouzil, Descombes, & Durou, 2003;
Szeliski, 2011, Chapter 3).

In comparison with perceptual psychology, the state of affairs suggested by
Figure 5 is related to the basic judgment that “stimulus definition is theory
dependent” (Gordon, 1989, p. 234). Indeed, a remarkable aspect of perceptual
psychology in its generality is the variety of ways in which the input infor-
mation for vision episodes is operationally defined under different theoretical
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source perceptual
image scene

Fig. 5. Dositions of input X and output ¥'in imaginary models for three different inference tasks.

paradigms. In any case, it is information optical in nature, but it could be
specified either as a mosaic of optical particles, an image intensity function,
a map-like pictorial stimulus, or else as the “ambient optic array” as defined
in the ecological approach to vision (Gibson, 1979, Chapter 5). If we adopt
the methodological view that is standard in computer vision, this situation
gains a plausible justification. In fact, what may reasonably be expected from a
psychological theory of vision is that it provides explanations of particular seg-
ments of the whole perceptual process. Hence, it may certainly happen that the
input information is specified differently depending on the segments a theory
proposes to explain, and that the input information actually hypothesized in
an explanation is a transform of a more basic description of the optical data. In
perceptual psychology there may be problems that are better addressed in “mo-
lecular” terms involving “lower order” stimulus variables, and other problems
that are instead conveniently addressed in “molar” terms and considering “hig-

her order” features of the stimulus (Koffka, 1935, pp. 55-58; Hochberg, 1957).

The flexibility of the MRF paradigm is especially due to the concept of
potentials, which are the building blocks of a model of this kind. There are no
further boundaries set in general on this concept, besides the requirements that
a potential should be a non-negative valued function acting on variables that are
topologically adjacent in the image, which ensures the local character of the con-
straint it expresses. Thus, in principle, potentials that are quite different in their
algebraic form and empirical meaning may be devised as components of MRFs.
In the models available in the computer vision literature, there is a prevalence of
potentials suitable to express conditions of continuity, smoothness, uniformity,
etcetera, in the assignment of values to the output variables of a model. As noted
above, the variety of potentials of this kind resembles the variety of attributes
that are headed by the Gestalt-theoretic term of “Prignanz”, which is itself a
multifaceted notion. Sometimes, however, a reader may encounter potentials that
are oriented otherwise. An example of this possibility is given by the “disconti-
nuity preserving potentials” (Boykov, Veklser, & Zabih, 2001). As suggested by
this expression, a potential of this kind is introduced in order to encourage the
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assignment of different values to adjacent output variables, to mirror a diversity
that exists between the values of corresponding input variables. Formally, this is a
fidelity potential AX, X ,Y,Y) in which the nodes # and v represent units that are
topologically adjacent in the image; X and X express optical properties possessed
by those unit; whereas ¥ and Y are the unknown visual properties that should
be inferred. Under the condition X #X , the value of the potential is the lower the
larger the difference between the values assignable to ¥ and Y. Examples of this
kind suggest that the concept of potential, because of its flexibility, could pro-
vide various sets of keys for the study of vision. In particular, it could formalize
principles that are alternative to the traditional view that perceptual organization
follows tendencies towards simple, regular, or uniform results (for criticism, see

Kanizsa & Luccio, 1986; Kanizsa, 1994; Luccio, 2019).

Most times, an MRF in computer vision is constructed (by a modeler) in a
deductive way, that is, by referring to general principles and plausible hypotheses
and applying them to the specific inference task in question. It is remarkable,
however, that (in principle) an MRF could alternatively be constructed in an
inductive way, that is, through a learning process based on a set of data. Specifically,
once a certain inference task has been specified and definite systems X=(X: ve V)
of input variables and Y=(Y: v€ V) of output variables relevant to it have been
selected, a researcher could make an inventory /=(/,,...,1,) of images on which
that task may properly be performed. Then, for each j=1,...,/V, the researcher
could determine (by optical measurement) the configuration xj:(xj,y: veV)of X
on the image / and also determine (from judgements by human observers) the
configuration y=(y, : v€V) of ¥ on the same image. In this way, a list of paired
configurations would be obtained:

(6,9 s ()

which is a sample of NV data on the total variable (X,Y) of a possible model.
Based on this sample, and through statistical procedures, the researcher could
infer a network of potentials AUR such that the probability function implied
by it — through Equations (1) and (2) — helps the researcher best reproduce
the pairings between configurations of X and of Y obtained in the experiment.
Such a data-driven constructive procedure would be an example of “supervised
machine learning”, as methods of this kind are termed in artificial intelligence
research (Bishop, 2006, p. 3). Studies on such methods are already available in
the theories of MRFs and of other probabilistic graphical models (Darwiche,
2009, Chapters 17, 18; Koller & Friedman, 2009, Chapter 20; Késter, Lindgren,
& Hyvirinen, 2009; Saxena, Sun, & Ng, 2009; Wang, Komodakis, & Paragios,
2013, pp. 1621-1622).

Note that in this manner the individual potentials constituting the network
FOUR would be adopted not because they are suggested by some theory of visual
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perception but because they compose a system capable of best simulating human
visual performances, specifically, the performances recorded in the experiment.
In this way, even the graphical structure of an MRF could be the result of a
data-driven learning process, if the component £ is defined as the thinnest adja-
cency on V relative to which all potentials in FUR are compatible, in the sense
specified in Section 2. Furthermore, I remark that the possibility now suggested,
when transferred from computer vision to perceptual psychology, may constitute
a significant point in the debate concerning the relationships between perception
and learning. In particular, it would constitute a regular experimental way to
verify whether the intrinsic tendencies or preferences attributed to the perceptual
system could be the marks of statistical regularities prevailing in the physical-
behavioural environment. This is a kind of hypothesis traditionally and currently
discussed in the psychological theories of visual perception (Hammond & Ste-
wart, 2001; Geisler, 2008; Murray, 2020).

The last comments I present concerning the flexibility and suggestions of the MRF
approach are about the inference procedures made possible by it, as these have
been outlined at the close of Section 3. There we saw that an inference procedure
could be organized by first selecting a part ¥, of the total output variable Y (Y,
becomes the target of inference) and a corresponding part X, of the total input
variable X (X, constitutes the basis of inference), and then deriving from the
network of potentials in the model the probability function p(Y,|X,), which is
a family of conditional probability distributions with X, and Y, as the conditio-
ning and conditioned variables, respectively. After that, when a particular image
is given, the configuration x,' taken by X, on that image is determined, and the
corresponding member p(Y, |x,) of the family p(Y,|X,) is highlighted. Hence,
the configuration 3, inferred for the target variable Y, will be the point in the
space Y, that maximizes the distribution p(Y |x,), that is

}AlU = argmaX}/UEYUo ])(.)/leU')‘

This procedure is a standard example of probabilistic inference, as by it we high-
light a property possessed by the probability function p(Y, |x,), which is known
under the presumed conditions. The procedure is in line with the Bayesian way
of organizing and interpreting statistical inferences and agrees with the procedu-
res guided by Bayesian models in present time perceptual psychology (Kersten,
Mamassian, & Yuille, 2004; Rescorla, 2015; Burigana & Vicovaro, 2016). Spe-
cifically, in the Bayesian lexicon, we have that the probability function p(Y |x,)
is the “posterior distribution” which is selected (within the model) based on the

1

%
configuration” of the unknown Y, in the light of that empirical evidence and

on the basis of the assumptions that are implicit in the network FAUR. It is these

“empirical evidence” X =x, and that Jy is the “maximum a posteriori (MAP)
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assumptions, that is, soft constraints expressed as potentials, that play the role of
“prior information” in a probabilistic inference thus organized.

In practice, the solution jj to an inference problem is reached by applying some
suitable algorithm, whose action gives rise to walks within the search space Y, °
in trying to find a point that maximizes the probability function, or equivalently
minimizes the energy function as implied by the MRF hypothesized. There are
several algorithms for this use and with these characteristics (cf. Kirkpatrick, Ge-
latt, & Vecchi, 1983; Szeliski et al., 2008; Wang, Komodakis, & Paragios, 2013,
pp- 1616-1621). The stated characteristics may suggest significant comparisons
with the hypotheses within Gestalt theory and other psychological theories of
vision, regarding the dynamic processes that would be implicit in the gradual for-
mation or discovery of “stationary” perceptual results in vision episodes (Kéhler,
1920, pp. 248-250; Hatfield & Epstein, 1985, pp. 178-183).

6. Concluding remarks

I began my analysis by characterizing the concept of a field as a system of entities
and local constraints acting on them, which is a key concept both in the theory
of MRFs and in Gestalt theory with its hypotheses concerning field dynamics
in visual perception. Now I add that the term “field” is of frequent use, both
in Gestalt theory and in other psychological theories of vision, and that in the-
se contexts it takes on various meanings, some of which have little or nothing
in common with the meaning brought into focus in this study. As examples, I
mention the concept of “field of a property”, which equals what we termed the
range of a variable, that is, the set of its possible values (Koffka, 1935, p. 255);
“outfield” of a unit in a system, as a region surrounding the body of that unit such
that any entity falling inside it is subject to the influence of the unit in question
(Kadar & Shaw, 2000, p. 147); “receptive field” of a neural component, as the
part of a sensory surface that “modulates” that component, that is, influences its
status (Hartline, 1940); “perceptive field”, as a psychophysical analogue to the
preceding physiological concept (Ehrenstein, Spillmann, & Sarris, 2003); “visual
field”, as a two-dimensional structure characterized as “the simultaneous struc-
ture of visual awareness” (Koenderink, van Doorn, & Wagemans, 2015); “vector
field”, as the assignment of vectors to distinct points in a space. Concerning this
last concept, I note that since long time it is effectively used in the psychology of
visual perception for the description and analysis of various phenomena, both of a
static and of a dynamic type (Orbison, 1939; Koenderink, 1986; Stadler, Richter,
Pfaff, & Kruse, 1991; Fantoni & Gerbino, 2003). It differs from the field concept
highlighted at the start of this study because the definition of a vector field, in its
basic form, does not include the specification of a network of constraints on the
component entities, which are vector-valued variables located in a space.

148 Original Contributions - Originalbeitrige



Burigana, Field dynamics in perception and Markov fields in computer vision

The MRFs constitute a subclass of the general class of probabilistic graphical
models, as these are defined in probability theory and multivariate statistics. Within
this general class, other subclasses have also proved to be reasonably and profita-
bly applicable in computer vision as well as other areas of artificial intelligence
research. In particular, I mention the Bayesian networks and the probabilistic mo-
dels based on chain graphs’. As specifically concerns the graph-theoretic support
of these models, we have that in a Bayesian network the support is a directed graph
(V,D) in which D is an acyclic (hence also asymmetric) binary relation in the node
set V, that is, a relation apt to represent links of precedence, inclusion, or impli-
cation between salient units in vision episodes (de Campos, Tong, & Ji, 2008). In
turn, a chain graph is a structure (V,G) in which the relation G may be depicted as
a net of lines some of which are oriented (asymmetric) and others are non-oriented
(symmetric), so that it can be used to describe topological relations that are more
complex than an adjacency or a precedence separately considered (Zhang, Zeng, &
Ji, 2011). I also remark that among combinatorial constructs devised in studying
vision there are connectionist models, which are related to neural networks and the
“parallel distributed processing” in cognitive performances (Kienker, Sejnowski,
Hinton, & Schumacher, 1986). Between these models and the MRFs of computer
vision there are both significant similarities and differences. For example, the local
dependences between variables that in an MRF are expressed as potentials in a
network, in a connectionist model are defined as “excitatory or inhibitory inter-
actions” between adjacent units in the structure. Significantly, within both para-
digms reference is made to measures of “energy” and to procedures for minimizing
it. First appearances of connectionist models relating to vision are contemporary
to those of MRFs models in computer vision (mid-1980s).

In this study I only referred to MRF models in computer vision because this is the
branch of vision science in which models of this kind so far have been designed
and experimented. My ultimate goal, however, was to highlight aspects that may
serve as cues for formal modelling in the psychology of visual perception. Some
trials in this direction are already available in the psychological literature. For
example, in Murray (2020) an MRF model is presented concerning the perception
of lightness and illumination of surfaces, and the model in Michel and Jacobs
(2007) is a Bayesian network relating to perceptual learning. Both these models
are accompanied by experiments with human observers. As a concluding note,
I remark again three problems that, in my view, are critical for a development
in the stated direction. One concerns the concept of units in a model, that is,
the entities symbolized by the nodes in the graph, which should be enlarged, so
that new units may be installed (during processing) and the units carrying the

> Somewhat related are also the pioneer models discussed by Lehmann (1981), which combine geometric and

probabilistic concepts for the analysis of optical-geometric illusions.
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input variables may be (in some part) different from those carrying the output
variables. A second problem concerns the topological relation (or relations) to
be represented by links in the graph, which could be richer in information and
more complex than the adjacency relation of a standard MRE depending on the
complexity of the vision inference task addressed. A third problem concerns the
algebraic expression (in the form of potentials) of principles firmly established in
the psychological study of vision, such as the principles of perceptual grouping,
which are an exemplary part of the lasting legacy of Gestalt theory.

Authors have suggested that currently (or in the near future) there could be a
decisive renaissance of the Gestalt-theoretic approach in perceptual psychology, a
kind of neo-Gestalt theory, especially guided by the concept of field dynamics —
in a psychophysical rather than physiological sense — which constituted a pro-
minent and distinctive character of that approach since its first appearance as a
paradigm for the explanation of perceptual performances (Epstein, 1988; Spill-
mann, 2012, p. 193; Wagemans, 2014, p. 17). Here I propose that research in
computer vision that relates to the construction and experimentation of MRFs
and other probabilistic graphical models may perhaps provide meaningful cues
and comparisons in this regard.

Summary

This is a short tutorial on the concept of the Markov random field (MRF) as
applied in computer vision and its relationships with salient terms in the
psychology of visual perception, especially connected with Gestalt theory. The
concepts discussed are those of graphical structure of an MRF model, variables
involved in the model, potentials defined as soft constraints on neighbouring
variables, energy and probability functions implied by a network of potentials,
and inference procedures aiming at the minimization of energy or, equivalently,
the maximization of probability. These concepts are first defined for MRFs in
general, then characterized in relation to MRFs associated with vision tasks, then
compared with analogous concepts in the psychology of visual perception, and
finally evaluated in their flexibility and heuristic power for formal modelling in
the psychological study of vision.

Keywords: Computer vision, Vision inference task, Markov random field, Field
dynamics, Probabilistic inference.

Zusammenfassung

Feld Dynamiken in der visuellen Wahrnehmung und Markov Random Fields
in der Computer Vision

Dies ist ein kurzes Tutorial zum Konzept des Markov Random Field (MRF), wie es in
der Computer Vision angewendet wird, und seiner Beziige zu zentralen Begriffen der
Psychologie der Visuellen Wahrnehmung, insbesondere solchen im Zusammenhang mitder
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Gestalttheorie. Diskutiert werden Konzepte der grafischen Struktur eines MRF-Modells,
im Modell involvierte Variablen, Potenzialen als weiche Randbedingungen in Bezug auf
angrenzende Variablen, Energie- und Wahrscheinlichkeitsfunktionen eines Netwerks
von Potenzialen sowie Inferenzmethoden mit dem Ziel einer Energieminimierung bzw.,
damit gleichbedeutend, einer Wahrscheinlichkeitsmaximierung. Diese Konzepte werden
zunichst fiir MRFs im Allgemeinen definiert, anschlieflend fiir MRFs im Zusammenhang
mit der visuellen Wahrnehmung niher beschrieben, dann mit analogen Konzepten der
Psychologie der visuellen Wahrnehmung verglichen und schliefSlich beziiglich ihrer
Flexibilitdt und ihres Erklirungspotentials fiir die formale Modellierung in der psycholo-
gischen Forschung zur visuellen Wahrnehmung bewertet.

Schliisselworter: Computer Vision, visuelle Inferenzleistung, Markov Random Field,
Feld Dynamiken, Wahrscheinlichkeitsaussagen.
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