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1 INTRODUCTION

Modeling of image textures using probabilistic representations provides information on the interactions
and structures that compose an image. In particular, Markov Random Fields (MRF) using Gibbs.
probability distributions have been successful in modeling many types of natural and simulated image
textures®. An accurate probabilistic representation of the background permits the evaluation of areas
of .imagery for such measures of effectiveness as the probability of detection and classification of
certain targets. In addition, it allows for automatic target recognmon algorithms to tune themselves
-and automatically adapt to changes in the environment.

In this paper pairwise pixel interactions using gray level d|fference hlstograms (GLDH), initially pro-
posed by Gimmel'farb*, are used as sufficient statistics to a Gibbs probability distribution. The param-
eters of the Gibbs distribution are found using a technique called controllable stochastic approximation.
The method is extended to handle the case of non-uniformly distributed pixels that are statistically inde- =
pendent, a common case for synthetic aperture sonar and radar imagery, where independent Rayleigh
or K-distributed noise often occurs. Some other models make for the use the output of filter banks as
statistics to the Gibbs distribution, notably the FRAME model®, or exponential families of probabil-
ity distributions (auto-ising or auto-normal)??; many employ measures of pixel interactions such as
co-ocurrence matrices or difference histograms, pairwise pixel interactions® or k-tuple interactions’.
Having represented textures using the Gibbs model, focus is put on applying the technique for prob-
abilistic modeling of sonar and radar data. Results show that such a representation is a reasonable
method to model imagery, especially where no model is available. Finally, an approach to segmen-
tation of imagery into areas of similar texture properties is presented. The technique identifies the
appropriate Markov model for the textures to be segmented using the pairwise pixel interactions and
the image is then divided into classes using a simple decision rule based on the Gibbs probabilities of
the pixel amplitudes. :

2 MARKOV RANDOM FIELDS

Markov random field (MRF) theory is used in probability theory to represent contextual or spatial
dependencies of interacting data and has been used extensively in representing image features®. Let
X = X(i),l <i< Rbean M x N = R image which forms a 2D regular lattice and where pixel gray
levels X (2) € [0... gmas| form a finite set of signal values. The neighbours of a pixel  are the set of
- pixels within a distance dist(i, j) < A, where dist(-) is the Euclidean distance. ,
Given a few simple conditions (positivity, Markovianity) '8, the image X is a Markov Random Field.
Due to a well-known theorem attributed to Hammersley and Clifford?, a MRF is equivalent to a Gibbs
Random Field (GRF). A GRF on X obeys a Gibbs distribution which has the form

P(x) = Z7' x expU(X), G
where . ‘ .
A Z =" "expU(x), - (2)
. xeX .
is a normalising constant called a partition function. The energy function
X) =" Va(x) ‘ | (3)
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Figure 1: The relative gray level difference frequency histbgram from the “sand ripples” image (Fig..

4) for {A, =0,A = 1}. The relative frequency distribution for pairwise pixel differences of the in-
‘dependent random field (IRF) is the triangle distribution, shown by the dashed line. When choosing
characteristic interactions, it is the clique families which diverge the most from the IRF which are
chosen. .

‘is a sum of clidue potentials over all cliques. A clique K is a subset of R consisting of either a single
pixel 4, pairwise neighbours 4, j or triplets 1, j, k and so on. Here, only the single-site clique K, and a
specific set of pairwise cliques such that

Ka = (i,5) € R*: (i — j) = (Ay, Ap), ' . » (4)-

where a € A, the set of all pairwise cliques, is an index and (A,, A,) are displacements in the vertical
and horizontal directions of the image are considered. All pixel pairs in K, are those with the same
relative positions (A,, Ay), differing only by their absolute position in the image.

The first-order potentials V;(z(¢)) are associated with the pixels themselves. The second-order poten-
tials V,(z(z), z(5)) associated with the clique family &, a > 0 depend only on the gray level differences,
as shown in*: v

Va(x(z)vwo)) = (Va(d = :U(Z) - 32‘(])) deD= {—gﬁam e -gmam})' | (5)

. The Gibbs distribution for this problem has the form:

Py(x) = Zj exp | Y Va(9)H(gx) + > Y Va (d) Hald]x) 6)

geg a€AdeD

where H (g|x) is the gray level histogram (GLH) of x and H,(d|x) is the gray level difference histogram
(GLDH) of the clique family K,. This is slightly different than the parameters found in* as H(g|x) has
been added in order to compute potentials for the pixel intensities and handle cases of independent
but non-uniformly distributed noise. This case appears to have been addressed subsequently in®.

Let Vo and V = [V,(d) : d € D,a € A] be the potentials associated with the gray level histogram (GLH)

and GLDHs respectively. The task of estimating the potentials V is the fundamental problem of texture -

modeling with Gibbs distributions.

2.1 Initialising the potentials

The potentials will be refined using the controllable stochastic approximation method described below.
However, an analytical solution for the initial estimates of the potential is shown in4. The distribution
" of the relative frequency distribution for pairwise signal differences of the independent random field
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(IRF), the set of independent, equiprobable signals over R is described with a triangular distribution

"which has the form:
1+ gmax — abs(d)

(1 + gmax)z (7)

Fig. 1 shows the IRF for g..... = 16. Next, a factor is computed which defines a step in the direction of
the log-likelihood function of the potential values (see* for details). This factor is computed using

Z (Fo (g[xtrain) - u(g))2 ‘FZ Pg Z (Fa(d]xtrain> - IRF(d))2

geG acA  deD .

. Z pésl Z ¢(d) (Fa(d‘xtrain) - IRF(d))z . ‘

a€A  deD

IRF(d) =

Ajo) = - (8)

where Fj (g[xg,am) and F(d|X¢ain) are the relative frequencies of the GLH and GLDHSs for the texture
being modeled, i.e.: A
FO(g|xtrain) = HO(gl.xtrain)AR’,‘ ’ ' (9)

and
Fo(d[Xtrain) = Ho(d[Xtrain) /| Kal, (10)

where | - | is the cérdinality of a set. In (8), p, = |Ka|/|-R]; u(g) is the uniform distribution on G and
¢(d) = IRF(d) - (1 — IRF(d)) is the variance of the independent random field.
- The initial estimate of the potential values, based on the log-likelihood function of V is:

Vaiol @) = Xy o (Fa(dl¥vain) — IRE(d)). (11)

These are used a starting point to the stochastic approximation algorithm described below.

2.2 Characteristic pixel interactions

The choice of A, n.lax and Ay max determines the number of clique potentials to estimate, which is com-

binatorial and thus computationally prohibitive for large values. However, restricting Ay, ;max and A, max

to small values limits the model’s ability to capture pixel interactions whose relationship may be found
in distances greater than the choice of parameters. To solve this problem, sufficiently large values
for Apmax and A, .y, are selected, after which the GLDHs are computed and the number of cliques
reduced using a heuristic approach whose basis is that cliques which are close to the independent
random field are less characteristic of the image than those who are not. This is accomplished by com-
puting the distance between all of the relative frequency GLDHs for all cliques and the independent
random field: .

D. = Z((ﬁa’(ﬂxmm) —1IRF(d))?). ‘v (12)

deD

The mean 4 and standard deviation o of these distances are found and then a threshold is chosen
such that 7 = u + k- o where £ is a parameter chosen by the user that determines how strict. the
threshold 7 will be. Finally, only those cliques families X, whose distance D, > 7 are used in the
stochastic approximation step, thus reducing the number of cliques to only those who are the “most’
characteristic, meaning non-independent. ’

2.3 Stochastic approximation

‘Once the clique families have been chosen and the initial potential estimates found, a technique called
stochastic approximation is applied to refine the potential values, which is similar to the algorithm of
Geman and Geman®. In this algorithm, both the texture and the potentials are generated during the
course of the approximation using the Metropolis algorithm®. The process begins with an image of
independent pixels, uniformly distributed on [0, . .. , 9maz]. Each “sweep” is a visit of all the pixels in
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" the image in some random order, during which a new image is generated using pixel-wise stochastic
relaxation. After the sweep, the estimates are refined using:

Vigg = Vi) + A (F Kerain) = F (X)) - (13)

for all cli.que potentials whtv, Imgere F(Xiyain) is the relative GI.H or GLDH for the texture being mod-
eled. The parameter )\ at iteration ¢ is found using: ,

co+1 .
M= et Aol (14)
The images z[g . . . 2}y form a Markov chain whose GLH and GLDHSs increaéingly match those of the
image being modeled. ’

3 MODELING SAR AND SAS TEXTURAL PROPERTIES

For these experiments, the values of the Metropolis algorithm are ¢y = 0, ¢; = 1and ¢; = 0.001. Unless
otherwise noted, the cliques are chosen by & = 3 and Ay max = 60, Ay max = 60 and gnae = 32, To
check for algorithm convergence, at each iteration two values s; = |Fy(g|Xsrain) — Fo(9/Xmoder)| @nd
s3 = |Fu(d|Xirain) — Fa (d|Xmoder )| @re computed and compared to thresholds. The algorithm ends when
both s; < 0.03 and s, < 0.03. :

- 341 ‘Real and synthetic aperture sonar images

Fig. 2 shows modeling results for a Klein 5400 sidescan sonar over different seabeds comprising
changing textural properties. In (a) the model is able to capture the structure of the sand ripples
texture using a few important cliques. The cliques themselves provide information on the components
- of the structure. In (b), an image of the sea grass “posidonia” is shown. Accurate physical modeling
of sea grass is impractical, with the physical movement of the vegetation creating many difficulties
in estimating the scattering strength. However, this probabilistic approach can at least give visually
acceptable results for simulating such a texture. Finally, a texture of flat, sandy seabed is modeled.
Typically, such an area would be considered as comprising independent pixels following: Rayleigh-
distributed noise. However, the characteristic interactions show some correlation between a pixel and
its 8-neighbourhood, resulting in non-independent pixels and a textured image.

A SAS image is shown in Fig. 3. The sensor operates at a center frequency of 150 kHz with a 60 kHz
-bandwidth. The characteristic interactions shown here have a much larger number of non-independent
pixels. This may be caused in part by the texture of the image itself, or perhaps by the image being
slightly unfoussed.

Imagery from a simultaneous dual-frequency (HF = 105-135 kHz, LF = 8-52 kHz) synthetic aperture
sonar mounted on an autonomous underwater vehicle is shown in Fig. 4. Figs. (a) and (b) show
high and low frequency images for the same patch of sandy seabed, with both exhibiting generally the
same characteristic interactions. Figs. (c) and (d) contain images at both frequencies for an area of
sand ripples. The high-frequency image is represented reasonably well, however the structure is not
captured for the low frequency image. This may be due to the presence of a constant, high level of
noise in this image which worsens the image contrast. By lowering the threshold for the characteristic
interactions to k& = 2, the structure is recovered in (e).

Finally, imagery is shown from an EdgeTech 4400 SAS can be see in Fig. 5. In (a) and (b) are
images from two areas of flat seabed with different bottom properties (fine sand and mud, respectively)
gathered under the same conditions. The characteristic interactions are the same for both, suggesting
that those interactions somehow describe the effective footprint of the beamformed image. A modeled
field of sand ripples for this sensor is shown in (c). .
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Figure 2: Real , simulated and the characteristic interactions for (a) sand ripples, (b) sea grass and
(c) flat sandy seabed. The darker the pixel in the charactersitic interactions, the greater the deviation

. from the IRF. . : »
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Figure 3:- INSAS synthetic aperture sonar imagery.

Vol. 28. Pt.5 2006




Pvroceedings of the Institute of Acousti‘cs

Texture - . Modeled " Characteristic interactions :
. . -10

0
A

x i

Texture Modeled Characteristic interactions

|
i

(b) Flat seabed (LF)| (a) Flat seabed (HF)

“Texture ) Modeled Characteristic interactions

I

Texture Modeled Characteristic interactions
— 60

2| (d) Ripples (LF) & = 3| (c) Ripples (HF)

Texture

(€) Ripples (LF) &

Figuré 4. Dual-frequency SAS data. See text for details.
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Figure 5. EdgeTech.SAS data. See text for details

3.2 SARimages

The modeling technique can also be applied to synthetic aperture radar images. Fig. 6 shows tex-
tures extracted from ENVISAT imagery for the sea surface and desert sand formations. The textures
. are modeled, visually, realistically. The image of the sea surface shows some correlation between
adjacent pixels, however close examination shows these to be very weak, and may in fact be related
to the bicubic interpolation used to subsample the image. The weaker pixel interactions of the desert
topology required a threshold computation of £ = 1 to find a sufficient number of cliques to descfibe
the texture. ' S L

3.3 Segmentation

Gibbs potentials can also be used to to segment images based on texture properties. The first step is

to find the potentials for the training textures separately as in Section 2, with the total number of clique
“families being the union of all the characteristic pixel interactions of all training images, i.e.:

f(a=Ka(1)UKa(2)U"'UKa(n), (15)

where K, are the cliques for the ith training image texture. Using these potentials, the Gibbs distri-
bution for a given pixel amplitude = in an image can be evaluated using the conditional probability:

n

Pv() = 27 e | S S H@AGN + Y S @ mEx)|, (19

i=1 g€g i=1a€A dED ,

where the potentials are summed over the training textures. One of the advantages of this method
is that the Gibbs potentials can be verified by a simple visual comparison of the modeled textures
and the training textures prior to performing the segmentation. Once the potentials have been found,
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Figure 6: ENVISAT data of (a) the surface of the Mediterranean sea to the west of Crete and (b) sand
formations in the Western Sahara desert. Images have been subsampled to 60 times.

segmentation is simply a matter of computing the probabilities of all the classes and cIaSSIfylng the
image pixel as the one which is the highest a posteriori probability:

As an example, an image containing sand ripples and areas of “ripple-free” seabed was segmented
using this technique (see Fig. 8). Stochastic approximation was used with A .y = 60, Ay max = 60
and & = 2 for both ripple and ripple-free seabed textures.  After the segmentation, some simple
morphologlcal operators The given model is able to represent the main visual components of an image
texture and the Gibbs probability is able to were applied to eliminate isolated clusters of pixels. Fig.
9 shows a more detailed close-up of the segmented boundary of the image, showing good visual
agreement with the true contour.

4 CONCLUSION

A method for modeling sonar and radar image textures using pairwise pixel interactions, in the form of
gray-level difference histograms, as statistics to a Gibbs distribution has been demonstrated. Begin-
ning with an initial estimate of the Gibbs potentials and using stochastic approximation to refine this
estimate, the parameters of the Gibbs distribution are refined and several image textures can be suc-
cessfully reproduced using this model. A method which uses the Gibbs model for the segmentation of
sonar images based on texture is also shown.

The Gibbs distribution derived from the image provides a powerful way to. probabilistically describe a
remotely sensed surface area which can be described as a texture. By integrating this distribution, it
is possible to determine a texture-based performance evaluation given a target type which can then
be used to plan future missions over the area. In addition, automatic target recognition algorlthms
designed with such a description for the distribution of pixels, rather than the usual independent pixels
assumption, should be able to exploit this contextual awareness for improved performance.
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Figure 7: Segmentation using the maximum a posteriori Gibbs probability.

Figure 8: Segmentation detail. B
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