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Abstract

This contribution presents a new class of MRF, that
is inspired by methods of statistical physics. The
new energy function assumes full-connectivity in
the neighborhood system and thus solves the mod-
eling problems of MRF in the case of irregular sites.
Moreover, it is defined independently from the con-
sidered application; this makes it possible to avoid
the use of a search algorithm for the energy min-
ima, since those and their analytical properties are
provided by theory. Experiments were performed
on a database of 12 Objects using multidimensional
receptive field histograms. We achieved a recogni-
tion rate of 98.33%.

1 Introduction

Object recognition is one of the most researched
area of computer vision; many papers have pro-
posed to tackle this problem using several frame-
works for the statistical representation of the object
(see for instance [15], [10]). This contribution de-
scribes a new model that allows the use of Spin-
-Glass Theory (SGT, [12]) results in a Maximum
A Posteriori-Markov Random Field (MAP-MRF,
[10]) framework for 3-D object recognition. Many
vision problems can be posed as labeling problems;
labeling is also a natural representation for the study
of MRFs [10]. Two major tasks when modeling
MRFs are how to define the neighborhood system
for irregular sites, and how to choose the energy
function for a proper encoding of constraints. The
neighbor relations between sites is related to their
regularity; in the irregular case [10], the neighbor-
hood system is mostly defined by means of a heuris-

tic distance that is feature-dependent. If the appli-
cation problem is object recognition, we have ad-
ditional problems: if the chosen features are not
invariant to pose, we should incorporate the pose
parameters into the energy formulation and in the
neighbor relations definition, possibly with a dra-
matic increase in complexity; moreover, due to mu-
tual occlusion, neighborhoods change with pose pa-
rameters. The energy function is a quantitative cost
measure of the quality of a solution, where the best
solution is the minimum. In the case of irregular
sites, the energy function’s formulation can become
something of an art, as it is generally done manu-
ally. The problem of the neighborhood definition
can be avoided in a fully connected MRF: full con-
nectivity eliminates the need to define distances be-
tween sites, but it does not solve the problem of in-
creased complexity; on the contrary, it increases it.

SGT provides sophisticated techniques and
knowledge which can be used to deal with MRFs
modeling problems in an elegant manner: full con-
nectivity makes the neighborhood definition irrel-
evant, and the energy function is defined indepen-
dently of the considered application; this makes it
possible to find the analytical properties of the min-
ima and may make it unnecessary to construct fast
algorithms for searching for absolute minima, thus
avoiding the explosion of the search space. A ba-
sic assumption in SGT is the infinite dimension of
the configuration space where the energy lives [12].
This condition cannot be satisfied for a generic pat-
tern recognition problem, due to the curse of di-
mensionality [2]. The choice of a particular energy,
which is a function of the scalar product between
configurations [7, 1], allows us to use a kernel func-
tion [16] in the energy formulation; this solves the
problem of the high dimensionality and makes it

VMV 2001 Stuttgart, Germany, November 21–23, 2001



possible to use SGT results for MRF modeling pur-
poses: we call this new model Spin Glass-Markov
Random Field (SG-MRF). SG-MRF are indepen-
dent from the neighborhood system definition, due
to the full connectivity of the sites; this property al-
lows us to use this new model for probabilistic ob-
ject recognition. To the best of our knowledge, this
model is the first attempt to connect SGT results in
a MRF framework.

The paper is organized as follows: Section 2 dis-
cusses related work, Section 3 and 4 review MRF
and SGT; the new model is presented in Section 5.
Experiments are reported in Section 6; the paper
concludes with a summary discussion of the pre-
sented model.

2 Related Work

Statistical approaches and especially Markov Ran-
dom Fields are widely used and extensively stud-
ied in image processing and computer vision. A
detailed discussion of MRF applications, for in-
stance, can be found in the monographs [20, 10].
It is important to note that approaches which use
MRF based modeling solve mostly low level image
processing problems [21, 20]. Only a few authors
consider the high level vision task of object recog-
nition using MRF [19, 11, 13]. And there is still
the open question of defining an appropriate neigh-
borhood system and energy function automatically;
also the issue of self occlusion is not solved yet.
The first approach to generate probabilistic mod-
els based on MRF automatically from observations
was published in [21]. The proposed MRF model
and the resulting recognition system allows the ro-
bust recognition of 3D objects in 2D images; the
novelty of our contribution is that many problems
which usually appear in the context of MRF based
image processing and computer vision are avoided
by using SGT.

3 Markov Random Fields

Markov Random Field (MRF) [20, 10] is a branch
of probability theory which provides a foundation
for modeling spatial interactions on lattice systems
or, more generally, of interacting features. Labeling
is a natural representation for the study of MRFs;
furthermore, many vision problems can be posed as

labeling problems in which the solution to is a set
of labels assigned to image pixels or features.

Let S = {1, . . . ,m} index a discrete set of m sites,
and let L be a set of continuous (Lc = ℜa×b×...,
(a,b, . . .) dimensions) or discrete (Ld = {1, . . . ,M},
M number of labels) labels; the labeling problem is
to assign a label from the label set L to each of the
sites in S . The set f = { f1, . . . , fm} is called a label-
ing of the sites in S in terms of the labels in L . In the
terminology of random fields, a labeling is called a
configuration. The sites in S are related to one an-
other via a neighborhood system. A neighborhood
system for S is defined as

N = {Ni|∀i ∈ S} : i /∈ Ni, i ∈ Nt ⇐⇒ t ∈ Ni (1)

where Ni is the set of sites neighboring i. Let
FFF = {F1, . . . ,Fm} be a family of random variables
defined on the set S . For a discrete label set L , the
probability that random variable Fi takes the value
fi is denoted P(Fi = fi), and the joint probability is
denoted P(FFF = fff ) = P(F1 = f1, . . . ,Fm = fm). FFF is
defined as a MRF on S with respect to a neighbor-
hood system N if

P( fi| fS−{i}) = P( fi| fNi
),

where S −{i} is the set difference, fS−{i} denotes
the set of labels at the sites in S −{i} and fNi

=
{ fi′ |i′ ∈ Ni}stands for the set of labels at the sites
neighboring i. Note that every random field is a
MRF when all different sites are neighbors.

A set of random variables FFF is said to be a Gibbs
Random Field (GRF) on S with respect to N if its
configurations obeys a Gibbs distribution:

P(fff ) =
1
Z

exp − 1
T

E(fff ) , (2)

Z = ∑
{fff }

exp − 1
T

E(fff ) .

The normalizing constant Z is called partition func-
tion, T is a constant called temperature, and E(fff )
is the energy function. The Hammersley-Clifford
theorem establishes the equivalence between MRF
and the Gibbs distribution ([20, 10]): for a given Ni,
P(fff ) is a MRF distribution if and only if P(fff ) is a
Gibbs distribution.
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4 Spin Glass Theory and Beyond

As already mentioned in Section 1, SGT was born
to describe magnetic materials in which the inter-
actions between the spins are random and conflict-
ing [12]. The attempt to understand the cooperative
physics of such systems has led to the development
of concepts and techniques which have been find-
ing applications and extensions in many areas such
as attractor neural networks [1], combinatorial op-
timization problems, prebiotic evolution, and so on
[12]. Two basic properties of SG are quenched dis-
order and frustration: these features are readily vi-
sualized in the following energy function:

E = − ∑
(i, j)

Ji j si s j i, j = 1, . . .N, (3)

where the si are random variables taking values
in {±1}, sss = (s1, . . . , sN) is a configuration and JJJ
= [Ji j ],(i, j) = 1, . . . ,N is the connection matrix,
Ji j ∈ {±1}. The problem of finding, for a given
JJJ, the set si that minimizes (3) is an NP complete
problem [9]. SGT approach makes use of the tools
of equilibrium statistical mechanics, finding out the
analytical properties of the energy’s absolute min-
ima; it is obvious that such knowledge may makes
the algorithm unnecessary. The results of these in-
vestigations are that frustrated interactions lead to
a low temperature energy surface with many val-
leys [12]. This suggests that similar energy func-
tions can be used for pattern recognition purposes:
the valleys will be configuration states related to
the classes to be recognized; these valleys should
have reasonably large basins of attraction, subject
to the constraints imposed by having many classes.
In addition, these properties should be extended to
configuration spaces of finite dimension in order to
avoid the curse of dimensionality problem.

The simplest model in which many different at-
tractors do exist has been proposed by Hopfield [7].
Assuming that the system is fully connected, and
that the effect of the interactions from the N−1 sites
on the i-th is given by

hi =
N

∑
j=1

Ji js j, (4)

and that Ji j = Jji, the stable states of the system will
be those configurations which are the minima of the

energy function (3) [1]. Following Hopfield’s pro-
posal [7], we choose Ji j to be given by

Ji j =
1
N

p

∑
µ=1

ξ(µ)
i ξ(µ)

j , (5)

where the p sets of {ξξξ(µ) }p
µ=1 are certain particu-

lar configurations of the system (that we call proto-
types) having the following properties:

• a) ξξξ(µ) ⊥ ξξξ(ν) ∀µ �= ν;
• aa) p = αN, α ≤ 0.14, N → ∞.

Under these assumptions it has been proved that

([1], chapter 4-6) the {ξξξ(µ) }p
µ=1 are the absolute

minima of E; for α > 0.14 there is a phase tran-

sition [1], the {ξξξ(µ) }p
µ=1 are no more the absolute

minima and the system looses its capability to store
certain particular configurations. These results can
be extended from the discrete to the continuous case
(i.e. sss ∈ [−1,+1]N , see [8, 6]).

5 Spin-Glass Markov Random Fields

The same analogies which led to use SGT for mod-
eling brain functions make attractive the idea to use
SG-like energy functions in a MRF framework for
pattern recognition purposes; this time the valleys
would be interpreted as configuration states related
to the different classes to be recognized. Moreover,
the use of eq. (3)-(5) would solve the modeling
problem for MRF illustrated in Section 3 for irregu-
lar sites and energy choice: full connectivity would
make the neighborhood definition irrelevant, and
the energy function would be defined independently
of the considered application. The detailed analyt-
ical knowledge of the energy function should also
make it possible to avoid the NP complete problem
(see Section 4). Consider a given pattern recogni-
tion problem: let S = {1, . . . ,m} be a set of m sites,
and Lx = [xl ,xh] ⊂ ℜ a continuous label set; then
fff = { f1, . . . , fm} will be a labeling configuration in
the configuration space G; let there also be K dif-
ferent classes Ωκ,κ = {1, . . . ,K}. Given a configu-
ration f̂ff , our goal is to classify f̂ff as a sample from
Ωκ∗ , one of the Ωκ classes. For example, S could
be viewed as the pixels in an image, Lx the gray-
intensity value, and the considered problem could
be that of classifying n classes of objects from sin-
gle views: in such an example, a particular config-
uration will be one of the possible images. Using a
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Maximum A Posteriori (MAP) criteria we have

κ∗ = argmax
κ

P(Ωκ|f̂ff ),

and using Bayes rule, the MAP classifier can be
rewritten as

κ∗ = argmax
κ

{P(f̂ff |Ωκ)p(Ωκ)}.

If we assume that all classes are equiprobable, the a
priori probability will become P(Ωκ) = 1/K; the
likelihood P(f̂ff |Ωκ) can be evaluated using MRF
modeling:

P(f̂ff |Ωκ) ∝ exp{−E(f̂ff |Ωκ)}
Thus, the MAP classifier becomes a ML classifier

κ∗ = argmin
κ

{E(f̂ff |Ωκ)}. (6)

If we want to model E(f̂ff |Ωκ) with eq. (3)-(5) in
the configuration space G, we must first be able to
determine, for each class Ωκ, a set of prototypes
{φφφ(µ)}µκ

µ=1,∑
K
κ=1 µκ = p; then, it must hold :

• i) φφφ(µ) ⊥ φφφ(ν), ∀µ,ν = 1, . . . , p, µ �= ν ;
• ii) fff ∈ [−1,+1]N ,N → ∞.

The orthogonality condition can be relaxed to lin-
ear independence between the prototypes; orthog-
onality will be then obtained with a change of ba-
sis. This implies that the relevant information is not
contained in the norm, but in the normalized config-
uration vectors; this would also satisfy the second
condition, although with severe limitations on the
kind of features and of pattern recognition problems
that could be solved with such an approach. The
third condition implies that we should have a large
number of features (approaching infinity); however,
due to the curse of dimensionality [2], this condi-
tion cannot be satisfied. These considerations sug-
gest that it is generally not possible to use the energy
function (3)-(5) in the configuration space G. Thus
we find ourselves in a sort of dichotomic situation:
if we want to work on real-life applications we need
a finite dimension data space; if we want to use SG-
-like energy function we need an infinite dimension
space. The solution to this dilemma is to actually
take two different spaces, one for the data and one
for the energy, and to go from one space to another
with a non-linear mapping. The data space G will
be determined by the chosen features for the par-
ticular application under consideration; without any

loss of generality we can assume G ≡ ℜm. The en-
ergy space is determined by SGT requirements and
is given by H ≡ [−1,+1]N ,N → ∞.

If we were able to find a mapping

Φ : ℜm → [−1,+1]N ,N → ∞

we could use energy (3)-(5) for MRF modeling pur-
poses: condition ii) would be automatically satis-
fied, and condition i) would become

• i) Φ(φφφ(µ)) ⊥ Φ(φφφ(ν)),∀µ,ν = 1, . . . , p,µ �= ν ;
As a matter of fact, we don’t need to find the map-
ping Φ; things are much easier. First, notice that the
energy function (3), due to the choice of the connec-
tion matrix (5), can be rewritten as a function of the
scalar product between two configuration states:

E = − 1
N ∑

i, j
∑
µ

ξ(µ)
i ξ(µ)

j sis j =

= − 1
N ∑

µ
∑

i
(ξ(µ)

i si)∑
j
(ξ(µ)

j s j) =

E = − 1
N ∑

µ
(ξξξ(µ) · sss)2. (7)

Equation (7) depends on the data through scalar
products in the space H, that is, on functions of the
form Φ(fff 1) ·Φ(fff 2). If we can find a kernel function
K such that

K(fff 1, fff 2) = Φ(fff 1) ·Φ(fff 2), (8)

which satisfies the conditions
• j) K(fff , fff ) = 1, ∀fff ∈ G;
• jj) dim(H) = N,N → ∞,

we could substitute equation (8) in equation (7) and
use K(·, ·) instead of Φ. A theoretical result of Mer-
cer [16, 18] actually allows us to find the kernel
function K satisfying equation (8) without explic-
itly know the mapping Φ. Mercer’s condition tells
us for which kernels there exists a pair {H,Φ} with
the properties described above: there exist a map-
ping Φ and an expansion

K(x,y) = ∑
i

Φ(x)iΦ(y)i

if and only if, for any g(x) such that
�

g(x)2dx

is finite, then
�

K(x,y)g(x)g(y)dxdy ≥ 0
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The idea to substitute a kernel function, repre-
senting the scalar product in a higher dimension
space, in algorithms depending just from the scalar
products between data is the so called kernel trick
[18, 16] which was first used for Support Vector
Machines (SVM); in the last few years theoretical
and experimental results have increased the inter-
est within the machine learning and computer vi-
sion community regarding the use of kernel func-
tions in methods for classification, regression, clus-
tering, density estimation and so on [16]. This is
exactly what we do here: the kernel trick thus allow
to use SGT results in a MRF-MAP framework: the
energy function (7) becomes

Eκ = − 1
N

µκ

∑
µ=1

K(fff ,φφφ(µ)
κ )

2
, (9)

where to each class Ωκ will be associated a subset
of prototypes {φφφ(µ)

κ }µκ
µ=1,∑

K
κ=1 µκ = p. The MRF-

MAP classifier (6) will become:

κ∗ = argmin
κ

− 1
N

µκ

∑
µ=1

K(fff ,φφφ(µ)
κ )

2
. (10)

In this sense, SG-MRF can be seen as a new ker-
nel method for probability density estimation and
classification. It is important to note that, using the
kernel trick, the conditions to be satisfied are a), aa)
and not i), ii): this means that the energy is defined
in a space H rather than the space G where the data
lives. Regarding the condition of orthogonality be-
tween the {φφφ(µ)}p

µ=1, from the signal to noise anal-
ysis on the stability of the stored prototypes [1] it
turns out that, if p is fixed, the condition N → ∞
dominates the noise term (see [1]). Thus, the sta-
bility of the prototypes is guaranteed if the chosen
kernel satisfies the condition jj), as the kernel func-
tion is the scalar product in the space H. Another
way to see it is to say that with the mapping we “or-
thogonalize” the prototypes. We want to stress that
the kernelization of the energy function (3) is due
to the fact that JJJ is given by the (5); indeed it is this
choice that allows us to write the energy as a func-
tion of the scalar product. Thus SG-MRF can be
seen as a kernel associative memory.

Many algorithms which make use of the kernel
trick do not provide criteria in order to choose the
kernel type, in spite of the fact that the choice of a
certain kernel instead of another may lead to a poor
performance of the algorithm; this is the case for ex-
ample of SVM [5, 16]. On the contrary, SG-MRF

kernel’s choice must satisfy criteria (j, (jj. These
conditions are satisfied by the Gaussian Radial Ba-
sis Function kernel (G-RBF) [18, 16]:

KG−RBF (xxx,yyy) = exp{−ρ||xxx−yyy||2} (11)

which is proved to satisfy Mercer’s condition. This
kernel can be seen as a particular case of a general-
ized Gaussian kernel [5]:

Kd−RBF (xxx,yyy) = exp{−ρd(xxx,yyy)} (12)

where d(xxx,yyy) can be chosen to be any distance in
the input space. With this kernel’s formulation it
is possible to define a generalized distance measure
da,b [5]:

da,b(xxx,yyy) = ∑
i
|xa

i −ya
i |b (13)

For a = 1 and b = 1,2, equation (13) becomes an
L1 (|xi − yi|) and L2 (|xi − yi|2) distance measure,
respectively. It is demonstrated that equation (13)
satisfies Mercer’s condition if and only if 0≤ b ≤ 2
[18]; the exponentiation of xi by a does not affect
the validity of the Mercer’s condition, as it can be
seen as a remapping of the input variables. Kernel
(12), with generalized distance (13) satisfies also
conditions (j, (jj [18]. The generalized kernels (12)-
-(13) have been used for color histograms image
based classification, proving to be very effective [5].

Regarding the choice of prototypes, let us sup-
pose to be given a set of m training examples
{fff κ1, fff κ2, . . . , fff κm} relative to class Ωκ, the condi-
tion to be satisfied by the prototypes is

ξξξ(µ) ⊥ ξξξ(ν) ∀µ �= ν

in the mapped space H, that becomes

Φ(fff (µ)
κ ) ⊥ Φ(fff (ν)

κ ), ∀µ �= ν (14)

in the representation space G. The measure of the
orthogonality of the mapped patterns is the kernel
function (8) that, due to the particular properties of
Gaussian Kernels j), jj), has the effect of orthogo-
nalize the patterns in the space H. Thus, the condi-
tion (14) does not really give us any constraint as it
is satisfied by default: if we don’t want to introduce
further criteria for the choice of prototypes, the nat-
ural conclusion is to take all the training samples as
prototypes:

{fff κ1, fff κ2, . . . , fff κm} = {φφφ(µ)}µκ
µ=1,

K

∑
κ=1

µκ = p
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In this case the energy function will become

E = ∑
κ

Eκ(fff ) =
p

∑
µ=1

(K(φφφ(µ), fff ))2, (15)

Eκ(fff ) =
µκ

∑
µ=1

(K(fff (µ)
κ , fff ))2, (16)

where Eκ(fff ) represents the contribution to the en-
ergy given by the prototypes relative to class Ωκ.

The choice of taking all the training patterns as
prototypes can become a problem when a large
number of training examples is given for every
class. Indeed, it is possible that some of the train-
ing patterns are very similar to each other; in such a
case the orthogonalization of patterns made by the
kernel can be insufficient to guarantee the stability
of the solutions: in other words, if we take all the
training examples as prototypes we risk to store pro-
totypes for which hold φφφ(µi) � φφφ(µj); this risk will be
higher as the number of training samples increases.

6 Experiments

In this section we present experiments which show
the effectiveness of SG-MRF for 3D object recog-
nition applications. To this purpose we tested the
proposed approach on a subset of the DIROKOL
database [14], which is composed by 13 objects
that can be found in office or hospital environments.
In the original database each object is represented
by 3720 views, uniformly distributed over a hemi-
sphere, with a sampling rate of 3◦. Here we used a
subset of the original database, given by 12 objects
(see Figure 1), 240 views per object (correspond-
ing to a sampling rate of 12◦); each view was a gray
level image with homogeneous background and res-
olution of 256× 256. Half of them were used as
training set, the other half as test set.

Features were extracted using a Multidimen-
sional receptive Field Histogram (MFH) representa-
tion [15]1. This approach was developed by Schiele
to extend the color histogram method of Swain and
Ballard [17]. The underlying idea is to compute for
each image pixel a multidimensional vector of re-
ceptive fields and calculate the histograms of these
responses. A MFH is determined once we chose
the local property measurements (i.e., the receptive

1We gratefully thank B. Schiele which allowed us to use his
software fro the computation of MFH.

field functions), which determine the dimension of
the histogram, and the resolution of each axis. On
the basis of the results reported in [15], we chose
three local characteristics based on Gaussian deriva-
tives:

Dx = − x

σ2 G(x,y), Dy = − y

σ2 G(x,y)

Lap = Gxx(x,y)+Gyy(x,y),

where

G(x,y) = exp −x2 +y2

2σ2

is the Gaussian distribution and

Gxx(x,y) =
x2

σ4 − 1
σ2 G(x,y),

Gyy(x,y) =
y2

σ4 − 1
σ2 G(x,y)

are the second order derivatives with respect to x
and y. Each view was represented by three dif-
ferent combinations of local characteristics: Dx-Dy

with σ = 1.0, that we call 2D-histogram, Dx-Dy-
-Lap with σ = 1.0, called 3D-histogram and Dx-
-Dy-Lap with two different scales σ1 = σ,σ2 = 2σ,
called 6D-histogram. All the obtained representa-
tions are discrete histograms with a resolution of 16
bins per axis.

For the classification task, we used SG-MRF in
the MAP-MRF framework described in Section 5.
The number of prototypes corresponds to the num-
ber of complete training set. As kernels we chose
generalized Gaussian kernels with a = 1,0.5 and
b = 2,1,0.5. We run the experiments with ρ ∈
[10−5,10−10], which can be considered as a sig-
nificant window, since it delivers stable recognition
rates. The obtained results for the six chosen Gaus-
sian kernels and the three different histogram repre-
sentations are summarized in Table 1, Table 2 and
Table 3.

10−5 ≤ ρ ≤ 10−10 b = 2 b = 1 b = 0.5
a = 1 91.59 97.84 49.65

a = 0.5 98.05 71.59 22.36

Table 1: Recognition rates for 6D histograms
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Figure 1: Objects from the DIROKOL database.

10−5 ≤ ρ ≤ 10−10 b = 2 b = 1 b = 0.5
a = 1 94.09 97.98 96.87

a = 0.5 98.33 97.43 92.29

Table 2: Recognition rates for 3D histograms

10−5 ≤ ρ ≤ 10−10 b = 2 b = 1 b = 0.5
a = 1 87.36 92.98 96.04

a = 0.5 95.55 97.36 96.04

Table 3: Recognition rates for 2D histograms

6.1 Discussion

Results reported in Tables 1, 2 and 3 show that for
all the performed experiments there is at least one
kernel with which is obtained a recognition rate
> 97%; actually, for a = 0.5 and b = 2 the ob-
tained recognition rates for 3D and 6D histograms
are > 98%. These results show the effectiveness
of the proposed method and are in agreement with
results obtained with the same approach on differ-
ent databases [3] and with appearance based repre-
sentation [4]. According to theoretical properties of
generalized Gaussian kernels [5], SG-MRF’s per-
formance is expected to improve when the product
ab → 0. This behavior can be explained as follows:
suppose that a π-pixel bin in the histogram repre-
sents a single uniform grey level region in the im-
age represented by histogram HHH1. A small varia-
tion of intensity value in that region can have the
effect to move the π-pixel in a neighboring bin; the
result will be a different histogram HHH2. Assuming
for simplicity that the neighboring bin was empty in
HHH1, we have [5, 3]:

KG−RBF (HHH1,HHH2) = exp{−2ρπ2},

KL−RBF (HHH1,HHH2) = exp{−2ρπ},
Kdab−RBF (HHH1,HHH2) = exp{−2ρπab},

where L−RBF stands for Laplacian distances. It is
clear that the exponential decay will be faster and
faster as ab → 0. This behavior is observed in Ta-
ble 3 and partially in Table 2; on the contrary, Table
1 shows, for the 6D-histogram representation, very
significant degradations of the recognition rate. We
interpret this performance as a “curse of dimension-
ality” effect [2]; this hypothesis is confirmed by re-
sults obtained for 3D- and 2D - histogram represen-
tations; as the dimension of the chosen representa-
tion decreases, performances agree more and more
with the theoretically expected behavior.

Discrepancies from this behavior presented also
in Table 2 and 3 have to be interpreted as a side ef-
fect of the background. Indeed from Figure 1 it ap-
pears that the images have a lot of background; this
“common information” between all the views of all
the objects becomes relevant when ab = 0.25, in
agreement with theoretical expectations. In the fu-
ture we plan to perform experiments on segmented
views of the DIROKOLL database, in order to con-
firm out interpretation of the experimental results.

7 Summary

In this paper we present a new class of MRF which
is inspired by models of physics of disordered sys-
tems. It uses an energy function presenting two
main advantages: it can be very easily applied to
problems modeled by irregular sites because it con-
siders the neighborhood system as fully connected;
it does not require an algorithm for searching the
absolute minima because those and their analytical
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properties are given by theory. A basic assumption
in SGT is the infinite dimension of the configuration
space; the choice of a particular energy, which de-
pends on the scalar product between configurations,
allow us to use the kernel trick and make it possible
to use SGT results in a MRFs framework. Experi-
ments on objects database show the effectiveness of
the proposed approach.
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