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We are considering the problem of random image modeling, key to stochastic
regularization techniques for image recovery. Our approach treats images as re-
alizations of Gibbs random fields whose energy function takes into consideration
geometric information by means of multiresolution morphological constraints.
First, morphological operators are used to provide a multiresolution image de-
composition. This allows efficient image representation by means of detail error
signals. By appropriately constraining these signals, a Gibbs energy function is
obtained whose ground states satisfy relevant geometric properties. A few ex-
amples illustrate the potential of the proposed approach in image modeling and
analysis.

1. INTRODUCTION
During the last decade, we have been witnessing a dramatic explosion in visual
information. Visual data are acquired in many scientific disciplines, like remote

1 This work was supported by the Office of Naval Research, Mathematical, Computer, and
Information Sciences Division, under ONR, Grant N00014-90-1345.
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sensing, biology, medicine, geology, and mining. To effectively handle image
data, it is important to automate their processing, analysis, and interpretation.
In an effort to build “intelligent” devices, capable of automatically performing
such tasks, it is necessary to develop algorithms for accurate image manipula-
tion and evaluation. This is the main subject of image processing and analysis
[10] which typically employs computers (or special purpose hardware) to ma-
nipulate visual data in a discrete form. Abundance of inexpensive computing
hardware is mainly responsible for rapid advancements in image processing and
analysis software and further advancements in image processing and analysis
research.

A large class of image processing and analysis problems involves recovering
information about a scene or object of interest from partial or imperfect data.
The observed image Y is typically the output of an imaging system applied
on an unobserved or hidden image X. As such, Y is a “corrupted version” of
X. Our task is to design a suitable algorithm which transforms the observed
image Y into a desired image X that is as “close” as possible to X. Data YV
may be partial due to occlusion or limitations in data collection, and imperfect
due to the effect of sensor noise and other artifacts in the imaging system. The
inverse problem of recovering X from Y is often ill-posed [8] and requires proper
regularization.

Regularization is usually done by incorporating a-priori information about
image X into the problem. A popular approach to regularization, known as
stochastic regularization [14], uses knowledge about X to mathematically rep-
resent images by an appropriately designed probability measure. In particular,
a parametric random field model is assumed for X. The success of stochastic
regularization obviously depends on available a-priori information and on how
well the random field model represents this knowledge [4]. In this framework,
statistical techniques are employed to recover X from Y. Stochastic regular-
ization frequently leads to robust and highly effective algorithms for image
recovery.

A useful random model for images is a Gibbs random field [5]. Gibbs ran-
dom fields have been extensively used in inverse image processing and analysis
problems (e.g., image smoothing, segmentation, restoration, etc.). They are
particularly suited for image modeling, since global image characteristics can
be conveniently specified by means of a few parameters that control local inter-
actions. Most Gibbs random fields proposed in the literature however do not
explicitly incorporate geometric information in image modeling. Since, success
of an image processing algorithm depends on how well an image model rep-
resents known constraints (which are most frequently available in the form of
geometric constraints), it would be beneficial to explicitly incorporate struc-
tural constraints in random image modeling.

A popular tool for image processing and analysis that considers geomet-
ric structure in images is mathematical morphology [9, 18]. In mathematical
morphology, structuring elements (i.e., small templates with given shape and
size) interact with images in order to extract shape/size information. This in-
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teraction produces geometric information typical to the shape and size of the
underlying structuring elements. Since mathematical morphology is a powerful
image analysis tool for extracting and summarizing shape/size information, it
is natural to express structural image constraints in terms of morphological
operators. This leads to the idea of designing random field models that take
into consideration geometric information using morphological constraints.

To accomplish this goal, a class of Gibbs random field models has been
proposed in the literature [1, 2, 20, 22, 23] whose most probable realizations
satisfy useful morphological constraints. In this paper, we provide a tutorial
exposition that reveals the multiresolution nature of these models. We first
provide reasons for why Gibbs random fields are good models for images. We
then review morphological operators used to provide a multiresolution image
decomposition. These operators allow efficient image representation by means
of detail error signals. By appropriately constraining these signals, we obtain
a Gibbs energy function with ground states that satisfy relevant geometric
properties. We finally illustrate the potential of the proposed models with few
examples.

2. WHY GIBBS RANDOM FIELDS?
As we mentioned in the introduction, Gibbs random fields are important sta-
tistical models for images. We now give a few reasons why this is so.

(a) Gibbs random fields are natural choices in image modeling.

Let us consider a two-dimensional discrete observation window W = {w €
Z’ | w=(mn),0<m<M-10<n<N-=-1},1 < M,N < oo, of
M x N sites in Z*. Let X(w) be a random variable assigned at site w € W
which takes values in a (discrete) state-space R = {0, 1,..., R}. The collection
X = {X(w),w € W} is a two-dimensional random field on W which assumes
realizations X = {X (w),w € W} in the Cartesian product S = RMN. X can
serve as a statistical model for discrete random images specified over a finite
observation window W (which is the case in practice). If the probability mass
function 7 (X) of X is strictly positive, i.e., if

(X)) >0, VXeS, (1)

then it is not difficult to show that

7(X) = - exp{- L U}, VX €8, 2)

where

Zo=Y exp{- 7 U(X)) 3)
Xes

(set U(X) = —T'In(ny(X)/71(X,)), where X, is the zero realization). In (2)
and (3), U is a real-valued functional on S, known as the energy function, such
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that U(X,) = 0, T is a real-valued positive constant, known as the tempera-
ture, whereas Z; is a normalizing constant, which depends on the temperature
T, known as the partition function. A probability mass function of the expo-
nential form (2) is known as a Gibbs distribution. Any random field X whose
probability mass function is of the form (2), (3) is known as a Gibbs random
field (GRF).

It is now clear that, if we are interested in a stochastic image model with
strictly positive probability distribution, then a Gibbs random field is the nat-
ural choice. The requirement that the positivity condition (1) is satisfied is
usually not restrictive. This is a natural condition satisfied by all practical
imaging systems. It simply states that any image in the state-space S may be
a candidate realization for X. However, this requirement may not be so natural
when constraints are to be incorporated as forbidden states [16].

(b) Gibbs random fields allow modeling a wide spectrum of probability distribu-
tions.

It can be shown that, in the limit as T — 0o, a GRF X becomes i.i.d.; i.e.,

lim 7. (X) = 1

X 4
7% s TrES @

where |A| denotes the area or cardinality of A. On the other hand, if
U={XIeS|UKXY) <UX), VX €S}, (5)

then
1/|U|, for X el

0, otherwise

(6)

Therefore, the probability mass function of a GRF becomes uniform, over all
global minima of its energy function (known as the ground states of X), in
the limit as the temperature decreases to zero. This demonstrates the fact
that, although a GRF is specified by means of a simple exponential probability
mass function of the form (2), (3), this function is capable of modeling a wide
spectrum of random fields, ranging from purely random to purely deterministic,
depending on the particular value of the temperature T

We should point out here that it is the ground states of a Gibbs random
field that are most important in image processing and analysis applications.
This can be best explained by noticing that, at high temperatures, only short
range pixel interactions are possible, as is clear from (4), where a typical GRF
realization will be dominated by fine structure. However, at low enough tem-
peratures and for large enough window W, long range pixel interactions are
possible and a typical GRF realization will be dominated by large structures.
This is nicely explained in [26]. Since at low enough temperatures the most
probable states are the ground states, these will be the most interesting states
from an image modeling point of view.

lim 77 (X) = {

T—0+
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(c) Gibbs random fields can be easily used to incorporate constraints into image
modeling.

Searching for a solution to an inverse problem may become easier by reducing
the size of the search space. This may be accomplished by constraining can-
didate solutions to satisfy prespecified constraints. For example, given some
a-priori knowledge about a candidate solution X, we may formalize this knowl-
edge by requiring that X satisfies a constraint of the form U(X) = 0, for some
well defined real-valued functional U on S. In this case, instead of looking for
a solution in space S, we may look for a solution in the smaller space S’ =
{X € §|U(X) =0}. A Gibbs random field model, with energy function U (X)
can now be used to model X. If U(X) > 0, for every X € S, it is not difficult
to see that an image X satisfies the constraint U(X) = 0 if and only if it is a
ground state. The problem of finding an X such that U(X) = 0 then reduces
to the problem of finding one of the ground states of X, a problem that can be
solved by means of simulated annealing [5].

(d) Gibbs random fields may allow specification of global image characteristics
by means of local interactions.

If, in addition to the positivity condition (4), the conditional probability of
X(w), given the values of X at all sites in W \ {w} (AN B = AN B¢ is the
set difference of B from A), depends only on the values of X at sites in N (w),
ie., if
PriX(w) = X(w) | X(v) = X (v),v € W ~ {w}]
=Pr[X(w) = X(w) | X(v) = X(v),v € N(w)], (7)

for every w € W, where N (w) is a neighborhood of site w such that w ¢ N (w)
and w € N(v) & v € N(w), then X is a Markov random field (MRF) on
W with neighborhood A. It can be shown that, in this case, X is a Gibbs
random field whose energy function is specified by means of local interactions.
It is however typical that, at low enough temperatures and large window W, a
MRF experiences long range interactions. Therefore, a GRF that satisfies the
Markovian condition (7) may allow specification of global image characteristics
by means of local interactions.

Unfortunately, ground states obtained by means of traditional energy func-
tions only satisfy simple geometrical constraints. In Section 4, a Gibbs random
field is proposed whose ground states satisfy more complicated geometrical
constraints, and in particular morphological constraints. These constraints are
specified by means of a very useful multiresolution concept of mathematical
morphology known as granulometry [3, 15].

3. MORPHOLOGICAL MULTIRESOLUTION IMAGE DECOMPOSITION
In 1975, a seminal book by George Matheron, entitled Random Sets and In-
tegral Geometry, appeared in the literature [15]. This book laid down the
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foundations of a novel technique for shape processing and analysis known as
mathematical morphology. It was subsequently popularized by the highly in-
spiring book Image Analysis and Mathematical Morphology by Jean Serra [18].
Today, mathematical morphology is considered to be a powerful tool for shape
analysis. The main idea is to analyze shape by “probing” images with a small
geometric template (e.g., line segment, disc, square) known as the structuring
element. Choosing the appropriate structuring element strongly depends on
the particular application at hand. This however should not be viewed as a
limitation, since it usually leads to additional flexibility in algorithm design.

Although the original work on mathematical morphology was limited to
binary images (shapes), it has been recently recognized (e.g., see [9]) that
mathematical morphology can be extended to grayscale and other kinds of
images. This can be done by considering mathematical morphology as a general
algebraic tool that deals with operators on complete lattices (i.e., nonempty
sets furnished with a partial order relationship < for which every subset has
an infimum and a supremmum). In the following, we limit our interest to the
complete lattice X' = Fun(Z2,R) of functions mapping Z? into R, furnished
with the component-wise partial order relationship X; < X, & Xj(w) <
X, (w), for every w € Z*, X;,Xy € X, where X; = {X;(w),w € Z*} and
Xy = {Xs(w),w € Z*}. In this case, the supremum and infimum are defined
by [Vier Xil(w) = V¢ Xi(w) and [A;c; Xil(w) = A;e; Xi(w), for every
w € Z?, respectively. This however should not lead to the false conclusion that
our discussion is limited to this case, since it can be easily extended to other
situations as well. It is clear that S = Fun(W,R) C X

An operator e: & — A is called an erosion if it satisfies e(A; o ; X;) =
N cr€(Xi), for every collection {X; € AX,i € I} of elements in X' (ie., an
operator on X’ that distributes over infima). On the other hand, an operator
d: X — X is called a dilation if it satisfies 0(\/,.; Xi) = V,;c0(Xy), for
every collection {X; € X,i € I} of elements in X’ (i.e., an operator on X’ that
distributes over suprema). Two operators € and § are said to be an adjunction if
0(X1) € Xo & X <e(Xy), for every X1, X5 € X. In this case, € is an erosion
and 0 is a dilation. An operator v is called an opening if it is increasing (i.e.,
X1 < Xo = v(X1) <9(X2)), anti-extensive (i.e., v(X) < X), and idempotent
(i.e., y(v(X)) = v(X)). Dually, any operator ¢ that is increasing, idempotent,
and ezxtensive (i.e., X < ¢(X)) is called a closing. It is easy to show that, for an
adjunction (e,d), the composition de (i.e., an erosion followed by a dilation) is
an opening, whereas the composition €d (i.e., a dilation followed by an erosion)
is a closing.

From complete lattice-theoretic generalizations, it follows that any transla-
tion invariant erosion € and any translation invariant dilation § on X" are of the
form [9]

e(X)(w) = (XoB)(w) = AyegzzlX(w+0v)—B@)], Ywe Z*
S(X)w) = (X@B)(w) = VyezelX(w—0)+B@)], Ywe Z?,

for some B € X, known as a structuring function. Moreover, erosion and
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dilation by a structuring function B are duals of each other, in the sense that

X @B = (X*9 B)*, where X*(w) = R— X (w) and B(w) = B(~w), for every

w € Z?%, and form an adjunction; i.e., X ® B <Y & X <Y & B. Finally, if

B((0,0)) = 0, then dilation is extensive, whereas erosion is anti-extensive.
Operators

Y(X)= de(X)=(X©B)®B=XO0OB
p(X)= e(X)=(X@B)oB=XeDB,

are the translation invariant opening and closing by a structuring function B,
respectively. Opening and closing are duals of each other, in the sense that
XOB = (X*@B)*. Furthermore, they are nonlinear smoothing operators, in
the sense that they eliminate signal variation in X and X*, respectively, of
“size” smaller than the “size” of the structuring function (e.g., see [13]).

One usually takes B to be constant over a bounded subset of Z? with value
—oo elsewhere. In such cases, the previous operators are known as flat erosion,
flat dilation, flat opening, and flat closing, respectively, and the structuring
function B is known as a flat structuring function (or structuring element).
In this paper, we only deal with flat operators and flat structuring functions
which take value 0 over bounded subsets of Z2.

In [3], [15], Delfiner and Matheron introduced a set of morphological op-
erators known as granulometry. This is a parameterized family {7s}s=o,1,... of
mappings, from A" into itself, that satisfy the following four properties:

1. o is the identity mapping on X, i.e., vo(X) = X, for every X € X.
2. 7, isincreasing, i.e., X < Xo = 7,(X1) <v(X2),s =1,2,..., X1, Xp € X.
3. 7, is anti-extensive, i.e., 75(X) < X, s =1,2,..., for every X € X.

4. sV = VrYs = Ymax(s,r)s ST = L2,..

It can be shown that {vs}s=o,1,.. is a granulometry if and only if o is
the identity mapping on X and {7s}s=1,2, . . is a family of openings such that
r > s = v < 7. Granulometries are important since they can be used to
generalize the concept of size. This can be easily seen in the binary case, when
R = {0,1} (in which case <, A, V, X* should be replaced by C, N, U, X¢,
respectively). Notice that, as a direct consequence of Properties 1, 3 and 4
above, given a binary image X, {y0,71,...} is a decreasing sequence, in the
sense that

X =2X) 2mX) 27(X) 2 27%(X) 2 - .

When X consists of particles, v5(X) can be viewed as a sieve of mesh width
s that allows only particles of “size” less than s to pass through. In this
case, we may say that a particle P of X is of “size” s if P N v5(X) # 0 but

353



PN ye41(X) = 0. This leads to the observation that {y,(X),s = 0,1,...}
is a multiresolution image decomposition scheme which reduces “resolution”
as s increases. However, the term “resolution” is not associated here to the
frequency content of X, as is customary in linear multiresolution techniques
(e.g., see [25]), but to its “size” content (see also [13]). Of course, the notion
of “size” is vague at this point and strongly depends on the particular form of
vs. In the following, however, we consider examples where the notion of “size”
becomes specific.

Given a granulometry {vs}s=o,1,.. on X, the dual parameterized family
{¢s}s=0,1,... of mappings on X, with ¢5(X) = (75(X*))*, s =0,1, ..., is known
as the anti-granulometry associated with {vs}s=0,1, ... This definition allows
extension of the concept of “size” to “negative sizes” in order to assure that
both image foreground X and image background X™* are treated equally. Notice
that {¢s}s=0,1,.. is an anti-granulometry on A" if and only if ¢q is the identity
operator and {¢s}s=1 2, . is a family of closings such that r > s = ¢, > ¢s. The
concept of multiresolution image decomposition by means of granulometries can
be extended to include anti-granulometries as well. We say that M(X) is a
granulometric multiresolution image decomposition scheme, if

M(X) ={..., 2(X), 51 (X), X, (X)), 72(X), ..}

ExXAMPLE 3.1. The most widely used granulometry is obtained by setting
vs(X) = X OsB, where B is a flat structuring function, and sB = (s—1)B® B
with 0B((0,0)) = 0 and 0B(w) = —oo, for w # (0,0). If X is a binary image,
it can be shown that XOB = |J,,{Bw | Bw € X}, where B,, = {b+w | b € B}
is the translation of structuring element B at point w (with slight abuse of
notation, B denotes the support of the flat structuring function B(w) as well;
ie, B={we Z® | B(w) =0} — we call B the structuring element). This
shows that the opening of an image X by a structuring element B consists
of the union of all translated replicas of B that fit inside X. Therefore, the
opening X OB is a geometric filter that eliminates all components of X that
cannot include a translated replica of structuring element B. In this case, the
notion of “size” is directly related to the structuring element B:

A particle P of X is of “size” s if there exists at least one translated
replica of sB that fits inside P whereas there is no translated replica of
(s + 1)B that fits inside P.

This is illustrated in Figure 1 which depicts a binary image X and the compo-
nents v5(X) = X0sB, s = 1,2,3,4, of M(X), with B being a 7X7 square struc-
turing element. The associated anti-granulometry is given by ¢s(X) = X @sB.

O

EXAMPLE 3.2. An alternative granulometric multiresolution image decomposi-
tion scheme may be obtained by employing reduction in scale, in conformity to
the standard multiresolution decomposition schemes associated with the theory

354



Y3(X) Y4(X)

FI1GURE 1. The components vs;(X) = XOsB, s =0,1,...,4, of a granulomet-
ric multiresolution image decomposition scheme M(X) based on translation
invariant openings. The structuring element B is taken to be a 7 x 7 square.

of wavelets and filter banks [25]. This produces a computationally advantageous
image decomposition scheme. Roughly speaking, the time required for comput-
ing the decomposition M(X) of an N x N image by means of openings X OsB
and closings X @sB (assuming that B is a 3 x 3 structuring element) is of order
N*, whereas the time required for computing the decomposition proposed in
this example is of order N2. Let

e(X)(mn) = AIX@m+k 20+ D}, ¥ (m,n) € 22 ®)
(k,l)eB
m—k n—1 9
5(X)(m7n) = \/{X(Ta T)}: V(m,n) €z ’ (9)
(k,l)eB
where B is a 3 x 3 square structuring element. In (9), 2%, 2=l are defined

only for those values of m,n, k,[ for which (%, %) € Z*. Tt is not difficult
to show that e is an erosion, d is a dilation, and (e,d) form an adjunction
(in which case de is an opening and € is a closing). Notice that the erosion
€(X) increases the scale of signal X by a factor of 2, whereas the dilation d(X)
decreases scale by a factor of 2.
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FIGURE 2. The components v5(X),s = 1,2, 3, of a granulometric multiresolu-
tion decomposition scheme M(X) of the binary image of Fig. 1, based on the
multiscale erosion and dilation in (8), (9). The structuring element B is taken
to be a 3 x 3 square.

Set ’Y()(X) = ¢0(X) = X and

stimes

—

Y(X) = 9d---d€---€(X), for s =1,2, ...
stimes
s times
X d§---0 f
ds(X) = e---€d5---0(X), fors=1,2,....

s times

It can be shown that {vs}s=o,1,... is a family of openings such that r > s =
¥ < 7vs; therefore, it is a granulometry. The associated anti-granulometry is
{¢s}s=0.1,... Notice that both v;(X) and ¢s(X) preserve the scale of signal X.
The opening vs is now a multiscale filter that eliminates all components of X
that cannot include a replica of structuring element (2% — 1)B translated at a
point (2°m,2°n) of Z?. In this case, the notion of “size” is directly related to
scale:

A particle P of X is of “size” s if there exists at least one replica
of (2° — 1)B translated at a point (2°m,2°n) of Z* that fits inside P
whereas there is no translated replica of (2571 —1)B that fits inside P.

This is illustrated in Figure 2 which depicts the components vs(X), s = 1,2, 3,
of M(X), with X being the binary image of Figure 1. O

EXAMPLE 3.3. Another granulometry can be constructed by gradually filtering
out components of a binary image X with increasing area (see also [9]). Let
conn(X) denote the connected components of X (based on an assumed type of
connectivity — for example, 4- connectivity). Define

%(X) = {C € com(X) | |C] > a(s)}, 520, (10)

where «(s) is a nonnegative increasing function of s, such that «(0) = 0.
It is not difficult to show that {vs}s=o,1,.. is a family of openings such that
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r > s = 9 < 7 therefore, {%}820,17,“ is a granulometry. Operator s is
known as an area opening. In this case, the notion of “size” is directly related
to the area:

A particle P of X is of “size” s if a(s) < |C| < a(s +1).

This is illustrated in Figure 3 which depicts the components v4(X), s =
1,2,...,5, of M(X), with X being the binary image of Figure 1. We have
assumed 4-connectivity and set a(s) = 30s® in (10). O

W '

0% o e o

Y4(X) Ys(X)

F1GURE 3. The components v;(X), s = 1,2, ..., 5, of a granulometric multires-
olution decomposition scheme M (X) of the binary image of Fig. 1, based on
area openings. A 4-connectivity is assumed and a(s) = 30s? in (10).

Most often, instead of representing an image X by means of its multires-
olution decomposition M(X), it is desirable to represent it by means of a
decomposition

EX)={...,02(X) = 1 (X), 1 (X) = X, X =7 (X),71(X) —7(X),...}

in terms of the detail error images ¢s1(X) — ¢s(X), vs(X) — vs41(X), for
s = 0,1,.... The detail error image vs(X) — vs+1(X) contains only par-
ticles that are of “size” s. Given {X — v (X), 7 (X) — 1% (X),...}, image
X can be ezactly reconstructed by a simple summation of the components
VS(X) - '78+1(X), s = 0,1,... Therefore, {X - ’Yl(X)le(X) - ’YZ(X),}
is an invertible decomposition of X. Furthermore, and in the binary case,
(7s(X) N Y541 (X)) N (Y541 (X) N ¥542(X)) = 0, for every s = 0,1,...; there-
fore, {X \ 71 (X), 7 (X) N\ 72(X), ...} is an orthogonal decomposition of X, in
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addition to being invertible. By duality, similar remarks hold for the decompo-
sition {..., ¢2(X) —1(X), 1 (X) — X }. Figures 4- 6 depict the decomposition
{X~7(X), 1 (X)\72(X), ...} associated with the granulometries in Examples
3.1-3.3. Notice that union of all images in a given figure produces X.

o - [ el - m
[ _ -® - -" -. _
" ) I‘—‘ \_\_ :'I ! .7 . D . .
Do L R i = " g
' - \Zl—','_l_\'J" I - - T,
P IR T N a [ B O
‘ .- L “ ‘l 1 —‘:
_ N DT e ..' -I_I -
T et oo
--. v ] ]:'.‘_‘ 'ID‘_":' ll...l_il a
XNY(X) Y1 (X)N\Y,(X) Y2 (X)NY3(X)
| L | [ |
|
0 |
[ |
|
- [
||
Y3 (XONY4(X) Y4 (X)N\Y5(X) Y5(X)

FIGURE 4. The decomposition {X ~\ v1(X), 71(X) N\ 72(X), ...} of image X in
Fig. 1 associated with the granulometry in Example 3.1 (see also Fig. 1). The
union of all these images produces X.

E(X) is frequently referred to as the (discrete) size transform of X. It can
be thought of as a nonlinear analogue of the Fourier transform. One difference
is that £(X) decomposes an image X in terms of its “size” content, whereas
the Fourier transform decomposes X in terms of its frequency content. The
magnitude |E(X)| of £(X) is given by

] rs(X) =511 (X)), for s =0,1,...
EXI(s) = { |Z)|s\(X) —7¢J|rs\71(X)|, fgr s=-1,-2,.. (11)

which is known as the pattern spectrum (in the grayscale case, when R > 1, | X|
= > wew X (w)). The pattern spectrum does not contain enough information
to uniquely reconstruct X (in the same way that the magnitude Fourier trans-
form is not adequate for signal reconstruction — this also requires knowledge
of phase information). It is however a powerful tool for shape description. For
example, if 75(X) = XOsB (as in Example 3.1) and if |£(X)[(0) = 0, then
X = XOB. In the binary case, this means that X is a union of translated
replicas of structuring element B. On the other hand, if v5(X) is as in Example
3.3, |E(X)|(s) = 0, for s = 0,1, results in X = v (X) = 12(X), which means
that X contains no components with area less than a(2).
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In the next section, we show that the pattern spectrum can be effectively

Y1 (XY, (X) Y2 (X)N\Y;5(X)
| n
n
||
u n
n ™
n
m -
Y3 (XON\Y4(X) Y4 (X)NY5(X) Ys(X)

FIGURE 5. The decomposition {X ~\ v1(X), 71(X) N\ 72(X), ...} of image X in
Fig. 1 associated with the granulometry in Example 3.2 (see also Fig. 2). The
union of all these images produces X.

used for random image modeling. The key is to consider a parametric Gibbs
random field with energy function specified by means of the pattern spectrum
and recognize that the pattern spectrum of the ground states of such a model
is directly related to the model parameters.

4. STATISTICAL MODELS

As we discussed in the introduction, our main task is to construct random
image models which incorporate a priori geometric information in the form of
morphological constraints. If we make the “benign” assumption that the prob-
ability mass function is strictly positive, then our model should necessarily be a
GRF. As a direct consequence of (4), a GRF at high temperatures experiences
only short range pixel interactions and a typical realization lacks structure.
However, at low enough temperatures and for a large enough window W, long
range pixel interactions are possible and a typical GRF realization is well struc-
tured. Since, at low enough temperatures, the most probable states of a GRF
are its ground states (recall (5), (6)), these are the most interesting states from
a practical point of view. We are therefore interested in random images mod-
eled as GRF's whose ground states satisfy certain morphological constraints. In
the following, we present a family of GRFs whose ground states are specified
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by means of the pattern spectrum.
Consider a GRF whose energy function is given by [20, 23]

I

= D

=0
J

> a3 16500 = 61 (X)] = v |

— i1 (X)) = v

VX €S. (12)

In (12), {Vs}s=0,1,... is a granulometry, {¢s}s=o,1,... is its associated anti-granu-
lometry, I > 0, J > 1 are two finite integers, {a;,—J < i < I} are binary-
valued parameters, taking values 0 or 1, and {v;, —J < i < I} are real-valued
nonnegative parameters such that

Z v; < R|W|. (13)
i=—J
w
. ®
. 9
[ ]
.
4 Y {
) ‘e
1 [ ]
—_—— )
Xy (X) Y1 (XY, (X) Y2 (X)Ny5(X)
L J
L4 o, .' °
0 o 4, @
® s ®
o & e |
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° e ®
Y3 (0N Y4 (X) Ya(X)Ny5(X) ¥s5(X)

FIGURE 6. The decomposition {X ~\ 71(X), 71(X) N\ 12(X), ...} of image X in
Fig. 1 associated with the granulometry in Example 3.3 (see also Fig. 3). The
union of all these images produces X.

From (5), (11), and (12), it is not difficult to see that (we assume here that the
granulometry 7 and the parameters I, J, a, v in (12) are chosen so that U # ()

U={X9eS||EXI)|(s) =vs, Vs:as =1}
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Therefore, the pattern spectrum of the ground states of the GRF with energy
function (12) is constrained to take the value v, at sizes s for which a; = 1.
In this case, and at low enough temperatures, the resulting GRF X may favor
realizations whose pattern spectrum is determined by the particular values of
a’s and v’s. Notice that Y oo |£(X)(s)] = R|W/|, which implies that the
parameters v in (12) should satisfy condition (13).

The resulting GRF is not in general locally Markov (i.e., (7) is not satisfied
for a small neighborhood N) [20, 23]. This deviates from the common belief
that only GRFs that satisfy a local Markovian condition should be considered
for image modeling (however, see [7] for an exception). We however believe
that the main reason for using locally specified GRF's, as opposed to using more
general GRFs, is purely computational. A local Markovian assumption sim-
plifies simulation by means of Markov chain Monte Carlo (MCMC) sampling
[6]. MCMC sampling is an iterative simulation technique that relies heavily on
computing energy differences AU = U(X®) — U(X*~1) at each iteration,
where X (%) is the image obtained at iteration k. When X is a MRF, AU
has a simple “local” form which can be easily computed. However, depending
on the particular choice for the granulometry {7vs}s=o,1,... in (12), AUy may
also be put in a “local” form, and fast MCMC sampling algorithms may be
designed despite the fact that X is not locally Markov. We do not want to
expand on these subjects here, since they can get quite technical. For more
information, the interested reader is referred to [20, 23]. In the following, we
prefer to illustrate the proposed model with two examples.

ExaMPLE 4.1. A GRF with energy function given by (12) can be effectively
used to statistically model a certain type of geometric constraints. For example,
we may be interested in random field models that favor realizations that are
both open and closed with respect to a structuring element B. This means that
the model of interest is capable of assigning higher probabilities to realizations
for which both foreground and background are unions of translated replicas
of B, whereas assigning lower probabilities to realizations that violate such a
condition. As we see in the next example, a model of this type is useful for
regularizing the inverse problem of removing noise from degraded images.

In (12),if weset [ =0,J =1,a_1 =ap=1,v_1 =vp =0, and 75(X) =
X 0sB (in which case ¢,(X) = X @sB), then

U(X)=|X®B-X|+|X—-XOB|,VX€ES, (14)

in which case, the ground states will be both open and closed with respect to
B. As the temperature T" decreases to zero, the GRF probability mass function
with energy function (14) will cluster around the ground states of U. At low
enough temperatures, the resulting GRF will strongly favor realizations that
are both open and closed with respect to the structuring element B. Figure
7(a) depicts a realization X of a binary GRF with energy function (14), where
B is a 13 x 13 pixel square structuring element, sampled at a low temperature
(T = 0.1). The square structure of both foreground and background is a direct
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consequence of the fact that X is approximately open and closed with respect
to B. A similar realization is depicted in Figure 7(b). In this case however B
is a discrete approximation of a disk.

FIGURE 7. Realizations of binary GRFs whose energy function is given by (12)
with appropriately chosen parameters. The depicted images are approximately
both open and closed with respect to given structuring elements.

Other interesting realizations can be obtained by using the granulometries
considered in Examples 3.2, 3.3. However, a number of interesting patterns
can also be obtained by means of extending the granulometry of Example 3.1

to the case when
K

(X)) =\ X0sB® | vXeS, (15)
k=1
in which case
K
¢s(X)= /\ X@sB" |, vX €S, (16)
k=1

for some integer K > 1. In (15), (16), {B™ k = 1,2,...,K} is a collection of
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structuring elements. Figures 7(c) and 7(d) depict two realizations of a binary
GRF with energy function

UX)=|(X@BY)YA (X@B?) - X| +|X — (XO0BW) v (X0B®)|,

for all X € S, at temperature T = 0.1. For Figure 7(c), B! is a vertical linear
structuring element of length 6, whereas B(?) is a horizontal linear structuring
element of the same length. For Figure 7(d), the structuring elements are the
ones in Figure 7(c) rotated by 45°. More details on these and other examples
can be found in [20, 23]. i

ExAMPLE 4.2. In many image processing and analysis applications, image data
X are corrupted by noise and clutter. In this case, we are interested in designing
an operator ¥ which, when applied on the corrupted data Y, optimally recovers
X. For illustration purposes, let us limit ourselves to the binary case. We may
assume that X is corrupted by union-intersection noise, in which case

Y=(XNN{)UN , (17)

where N1, N, are the intersection and union noise components, respectively.
The inverse problem of recovering X from Y can be solved by means of an
operator ¥, such that

X =9(Y)=T(XNN{)UN,) (18)

is a “good” approximation to X. The effectiveness of obtaining X from Y
by means of ¥ strongly depends on certain “non-overlapping” characteristics
of the noise free image X and the noise components Ni, Ny, typical to the
particular filtering problem at hand. It also depends on the effectiveness of
¥ in discriminating between these characteristics. For example, if we assume
that the noise-free image X is “lowpass,” whereas the noise components Ny
and N, are sufficiently “highpass” (in the sense that the “frequency bands” of
X and Ny, N, do not overlap), then an “ideal low pass” filter with appropriate
“cut-off frequency” will perfectly reconstruct X from Y. To obtain such a
filter, we certainly need to define what we mean by “lowpass,” “highpass,”
“frequency bands,” etc., and make the regularizing assumption that (17) is
limited to “lowpass” images X. Notice however that ¥ should be such that
¥(X) = X, which guarantees that ¥ does not affect X when N3 = Ny =
0. Clearly, this condition should not hold for every X (otherwise, ¥ will be
the identity operator). It should however hold for all “lowpass” images. In
general, the invariance domain of ¥ (i.e., the collection of all images X for
which ¥(X) = X), may contain images that are not necessarily “lowpass.” It
is therefore desirable to consider only operators ¥ with the property that any
“lowpass” image X belongs to its invariance domain.

To be more specific, we should note here that the union and intersection
noise components are usually “bandlimited,” in the sense that there exists a
“size” sg such that

|E(N1)|(s) = |E(N2)|(s) =0, fors>sg. (19)
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T=50 T=01

FIGURE 8. Realizations of a GRF with energy function (21), with s =2, B =
{(0,-1), (0,0), (0,1), (—1,0), (1,0)}, at temperatures T = 5.0,0.1.

This simply says that the “size” of the noise components is small, limited
between 0 and sp — 1. If we consider “size” as being the discriminating factor
between X and Np, N», then the noise free image X should be “bandlimited”
as well, in the sense that

IE(X)|(s) =0, for —sp<s<sp—1. (20)

To guarantee (20), we may assume that X is a realization of a GRF X
whose energy function is given by (12), with I = s9 —1, J = 80, G—s, = a—sy+1

_"':a'():al:"':a'SO—lzla V—So :U—80+1:"':V0:V1:"'_

Vsy—1 = 0, 75(X) = XOsB, and ¢5(X) = X@sB. In this case,
U(X)=|X@®s0B~X|+|X\X0s0B|, VX€ES, (21)

and the ground states consist of all binary images X on W which are both
open and closed with respect to structuring element soB (i.e., X = XOsoB =
X @50B). This implies that, at low enough temperatures, the probability mass
function of X will assign higher probabilities to images that are both open and
closed with respect to structuring element soB and a typical realization will be
an image X that approximately satisfies the desirable condition (20).

Figure 8 depicts two 128 x 128 pixel realizations of such a GRF with T" = 5.0
and T'= 0.1. We have set sg =2 and B = {(0,-1),(0,0), (0,1),(-1,0),(1,0)}.
At the high temperature T' = 5.0, the realization looks random, whereas, at
the low temperature T' = 0.1, the realization is well structured and satisfies the
following geometric property:

Both foreground and background are approzimately unions of translated
replicas of structuring element 2B.

This is a direct consequence of the fact that the realization is approximately
open and closed with respect to structuring element 2B5.
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(9)

FIGURE 9. (a) A binary image X whose pattern spectrum is approximately
zero at “sizes” —2 < s < 1. (b) A noisy version of the image in (a) — the SNR
is 3.10 dB. (c) The result of applying the alternating sequential filter (22), with
So = 2, on the image in (b) — the SNR is 10.46 dB. (d) The result of applying
the morphological filter (23), with so =2, on the image in (b) — the SNR is
14.98 dB.

It can be shown (e.g., see [21]) that, if X in (17) is a realization of a GRF
X with energy function (21) at low enough temperature, and if the pattern
spectra in (19), (20) are based on the granulometry of Example 3.1, then a
desirable operator ¥ in (18) will be the alternating sequential filter [17, 19]

¥(Y) = (((VOB)®B)O2B)@2B)O - -- O5,B)®s¢B . (22)

Notice that, if (20) is satisfied, then X = XOsB = X @sB, for every 1 < s < s
and X will belong to the invariance domain of ¥, as required. Figure 9(a)
depicts a binary image X for which (20) is satisfied. The corresponding noisy
image, depicted in Figure 9(b), is obtained by means of (17) with Ny, N» being
realizations of a germ-grain model [24]. In this case, a number of points (the
germs) in W are chosen at random. A structuring element nB (the grain),
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with B = {(0,-1),(0,0),(0,1),(—1,0),(1,0)}, is centered at each germ, with
n taking values 0 or 1 with equal probability. If no much overlapping occurs
among the noise grains, then (19) will be approximately satisfied (with so = 2)
for both N7 and N». For the noisy image depicted in Figure 9(b) the signal
to noise ratio (SNR) 20log,,(|X|/|Y 2aX]) is 3.10 dB (& denotes symmetric
difference, i.e., X120 Xy = (X1 N\ X2)U(X2\X1)). Application of the alternating
sequential filter (22), with B = {(0,-1), (0,0), (0, 1), (=1,0),(1,0)} and so = 2,
produces the approximation X depicted in Figure 9(c). X is a reasonable
approximation of X, despite the fact that the input SNR is rather low. In fact,
the SNR in Figure 9(c) is 10.46 dB, an increase of 7.36 dB from the SNR of
Figure 9(b).
An alternative operator ¥ can be obtained by setting

U(Y) = (ps,(YOs0B | Y)@50B)Os0B , (23)
where
pro(Xm | X) = | 05 (X | X), (24)
n>1
0, (X | X) = 6;06}30 -~-6é0 (Xm | X) (n times) , (25)
05 (Xm | X) = (Xm®Bo)NX, X CX . (26)

Operator 63 (X, | X) in (25), (26) is known as the conditional dilation of X,
in X of size n. The conditional dilation “expands” a marker X,, of X by means
of a structuring element By (that contains the origin), making sure that the
“expansion” remains always inside X. Operator pp (X, | X) in (24) is known
as morphological image reconstruction. Its effect is to recover all connected
components of image X marked by a marker X,, [9]. The opening Y OsoB
in (23) removes all components of Y of “size” less than so. It will therefore
eliminate most of Ny in (17). However, it will also distort X N Nf. The
morphological reconstruction pz, (Y OsoB | Y') will reconstruct the connected
components of Y marked by Y OsgB, and it will therefore reconstruct most of
Y N Nf (notice that YOsoB C Y, as required for YOsoB to be a marker of
Y). However, ps, (Y OsoB | Y) may also reconstruct components of N, that
“touch” X. Subsequent closing with structuring element soB will remove most
of Ny from X N N{, whereas opening with soB will remove most components
of N» that “touch” X. This is illustrated in Figure 10, and for the noisy image
depicted in Figure 9(b), with B = {(0,-1),(0,0),(0,1),(-1,0),(1,0)}. The
resulting operator is a variant of an open-close-open morphological filter [19],
where the first opening is replaced by operator ps,(YOsoB | Y). In fact,
pr,(YOspB | Y) is an opening as well, known as opening by reconstruction
[19]. If (20) is satisfied, then X = XOsB = X @sB, for every 1 < s < 59
and X will belong to the invariance domain of ¥, as required. This is a direct
consequence of the fact that pg, (X | X) = X.

Application of this operator on the noisy image depicted in Figure 9(b),
with B = By = {(0,-1),(0,0),(0,1),(—1,0),(1,0)} and so = 2, produces the

366



os ¢ f; ..35 3 @
2. % ple2
s g € oo N gﬁ

p,(Y02B|Y)®2B (p,(Y 02B|Y)®2B)02B)

F1GurE 10. Tllustration of the steps required for the implementation of oper-
ator (23).

approximation X depicted in Figure 9(d). X is a better approximation to X
than the one obtained by means of alternating sequential filtering, as is evident
by comparing (c¢) and (d) in Figure 9. In fact, the SNR in Figure 9(d) is 14.48
dB, an increase of 11.38 dB from the SNR of Figure 9(b) and 4.02 dB from the
SNR of Figure 9(c). m|

5. CONCLUSION
In this paper, we have considered the problem of statistical image modeling by
directly incorporating multiresolution morphological constraints in the proba-
bility mass function of a random image model. This was achieved by considering
a class of Gibbs random fields, with energy function given by (12), whose most
likely realizations satisfy the desirable constraints.

An important issue here is development of efficient algorithms for simulating
these models. It has been shown in [20, 23] that a Markov chain Monte Carlo
sampling technique exists that allows fast simulation when the granulometry
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associated with (12) is the one in Example 3.1. It will be very important to
develop sampling algorithms for other granulometric choices, especially for the
choice in Example 3.2, which provides multiresolution signal decomposition by
reducing scale as well.

Important statistical properties of the proposed models have been exten-
sively studied in [20, 23]. It has been also demonstrated, by means of texture
classification experiments, that the proposed models are very useful in model-
ing natural textures. We believe that the proposed models can be effectively
used as a-priori models in Bayesian image restoration as well. Their use in this
framework is currently under investigation.

Finally, it is worthwhile noticing that additional models may be constructed,
more appropriate for a particular application, by appropriately choosing the
granulometry in (12). Extension of the proposed models to the continuous case
is another exciting possibility. This has been recently explored in [11, 12].
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