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Abstract. In global classifications using Markov Random Field (MRF)
modeling, the neighborhood form is generally considered as independent
of its location in the image. Such an approach may lead to classification
errors for pixels located at the segment borders. The solution proposed
here consists in relaxing the assumption of fixed-form neighborhood. Here
we propose to use the Ant Colony Optimization (ACO) and to exploit its
ability of self-organization. Modeling upon the behavior of social insects
for computing strategies, the ACO ants collect information through the
image, from one pixel to the others. The choice of the path is a function
of the pixel label, favoring paths within a same image segment. We show
that this corresponds to an automatic adaptation of the neighborhood
to the segment form. Performance of this new approach is illustrated on
a simulated image and on actual remote sensing images SPOT4/HRV.

1 Introduction

Classification processes were among the first attempts to interpret image quan-
titatively. Global approaches, such as Maximum A Posteriori (MAP), have been
possible using Markov Random Fields (MRF) modeling [1]. For a given neigh-
borhood system with clique potential functions, a global energy term is defined
that should be minimized. Now, if the neighborhood form is considered as sta-
tionary within the image (that is generally the case), classification errors may
occur on pixels having neighbors belonging to different classes. To overcome this
problem, alternative approaches have been proposed, such as a line process [2]
or specific potentials [3,4]. The solution proposed here is to relax the assumption
of neighborhood stationary. Ant Colony Optimization [5] (ACO) that belongs
to evolutionary computation [6, 7, 8, 9] algorithms has been successfully applied
to routing in telecommunication networks (e.g. [10, 11]), quadratic assignment
problem [12], graph coloring problem [13], traveling salesman problem [14]. The
information gathered by simple autonomous mobile agents, called ‘ants’ (ACO
derives from the behavior of social insects), is shared and exploited to solve a
problem. Generally, each ant constructs its own solution and a trace of the best
solution is kept (though the pheromone deposit technique) during the iterative
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construction of the final solution. At each iteration, to produce the solution which
will be memorized, several new solutions (as many as ants) are constructed: some
of them taking into account a combination of several previous solutions (their
number depending on the pheromone evaporation rate), and some of them be-
ing more or less randomly constructed. Like for SA or genetic algorithms, the
introduction of randomness in the search procedure permits to escape from local
minima. In this study, we propose to use the ACO by exploiting its ability of
self-organization. Considering a MRF modeling with a non-stationary neighbor-
hood, the ACO scheme jointly estimates the regularized classification map and
the optimal non-stationary neighborhood. Section 2 deals with the image mod-
eling; in section 3, the proposed method based on ACO heuristics is presented;
section 4 shows some results, firstly on a simulated image, and secondly, on a
SPOT/HRV image; finally, section 5 gathers our conclusions.

2 Classification Problem Assuming Non-stationary
Neighborhood

The problem of image classification is to determine the realization of L, the
label image, knowing those of X , the ‘radiometric’ image. Ω being the set of the
pixel locations (image lattice), X is a random field that takes values in R|Ω|,
and L is a random field that takes values in Λ|Ω|, where Λ = {1, . . . , c} and c
is the class number. The cardinal of Ω is |Ω| = Nl × Nc, Nl being the image
dimension in lines and Nc its dimension in columns. According to the Maximum
A Posteriori criterion, the optimum solution maximizes p(X/L).p(L). Assuming
that the distribution law of the pixel values conditionally to their class ls is an
independent Gaussian of mean μls and standard deviation σls ,

p(X/L) =
( 1√

2π

)|Ω|
. exp

{
− 1

2

∑
s∈Ω

[(xs − μls

σls

)2
+ log(σ2

ls)
]}

. (1)

The prior model p(L) is defined assuming a MRF modeling. Neighborhood sys-
tem is such that, if pixel s′ belongs to pixel s neighborhood N(s), then s is a
neighbor of s’:

s′ ∈ N(s) ⇔ s ∈ N(s′). (2)

According to the Hammerley-Clifford theorem, p(L) follows a Gibbs distribution:

p(L) =
1
Z

. exp
{

−
∑
γ∈Γ

Vγ(ls, s ∈ γ)
}
, (3)

where Γ is the set of the image cliques γ that describe the interactions between
pixels, Z is a normalization constant, and Vγ is the γ potential. Generally, the
clique potentials are defined such that a pixel and its neighbors have a high
probability to share the same label. Finally, the MAP criterion leads to the
minimization of

E =
1
2
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s∈Ω

[(xs − μls

σls

)2
+ log(σ2

ls)
]

+
∑
γ∈Γ

Vγ(ls, s ∈ γ). (4)
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The minimization of (4) is performed using the fact that the global energy dif-
ference between two label image configurations only differing by one pixel label
only depends on this pixel s and its neighborhood. Under the assumption of pixel
neighborhood having the same geometry at each pixel location s, this calculation
can be performed handling a reasonable number of terms. However, the diversity
of the areas or object shapes makes questionable the stationarity assumption for
neighborhood form. Therefore, here we propose to relax this assumption and to
adopt an approach where the neighborhood form is automatically adjusted. At
each location s, the neighborhood is constructed based on three criteria:

– each pixel has the same number of neighbors,
– the neighbor pixels are connected,
– the neighbor pixels have a high probability to share the same label.

Now, for the classification problem, (5) is still valid except that the cliques are
now defined over non stationary neighborhoods. In the simplest case, only cliques
of cardinal 2 are considered. Assuming the Potts model for the potentials, for a
given neighborhood system, the function to minimize is given by

E =
∑
s∈Ω

[ (xs − μls)2

2σ2
ls

+ log(σls) + β
|{r ∈ N(s); lr �= ls}|

2

]
, (5)

where |{r ∈ N(s); lr �= ls}| is the number of neighbors having a different label
than s, and β is a positive parameter weighting the relative importance of the
‘data attach’ term and the neighborhood one. The factor 1/2 is due to the fact
that, for cliques of order 2, their potentials are counted 2 times when the sum
is done over the pixels rather than over the image clique set.

Relaxing the neighborhood stationarity assumption, the s optimal neighbor-
hood now depends on the label ls. Therefore, we cannot directly obtain an expres-
sion of the energy difference between two label image configurations. Indeed, now
the cliques involving s are not the same ones when ls = l

(1)
s and when ls = l

(2)
s

since, they depend on the neighborhood geometry which varies with ls. Moreover,
due to the constraint of constant neighborhood cardinal, when s neighborhood
is changed, the neighborhoods of some other pixels are also changed: the pixel s
previous neighbors, that have lost one neighbor (namely s), have to find another
pixel neighbor replacing it, and the new s neighbors, that have gain one neighbor
(s), have to get rid of another pixel neighbor, and so on. We showed [15] that it
corresponds to assume the existence of another random field H that corresponds
to the definition of the non-stationary neighborhood in every pixel, and that the
couple (L, H) is Markovian.

At each pixel location s, the optimal neighborhood is researched with the
constraint of its cardinality (third criterion for neighborhood construction), and
such that the symmetry property (2) is satisfied: once a pixel has constructed
its neighborhood (hs), the neighborhoods of some other pixels (those belonging
to hs) are already partially constructed, and subsequent neighborhood construc-
tions should take into account already achieved neighborhood constructions.
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Then, one must use a metaheuristic to find the ‘optimal’ neighborhood config-
uration defined (i) knowing the image observation, i.e. X realization, and (ii)
assuming the image label, i.e. L realization.

3 Application of the ACO Meta-heuristic

Ant Colony Optimization mimics to the way social insects are able to solve some
optimization problems. The ant problem is to find the shortest path between
their nest and food. While searching for food, ants deposit trails of a chemical
substance called pheromones to which other ants are attracted. As shorter paths
to food will be traversed more quickly, they have a better chance of being sought
out and reinforced by other ants before the volatile pheromones evaporate.

More conceptually, the problem of the ant colony is the following: given a
function to minimize, different solutions are examined (randomly in a small
percentage of cases), and each of them is memorized (thanks to the pheromone
deposit) depending on its quality. In our case, we use ACO because of the analogy
that can be done between the research of an optimal path by ants and the
research of an optimal set of connected pixels from a given ’originate’ pixel,
and the required interaction (obtained using pheromone deposit) between local
neighborhood solutions for (2) ascertaining. We now explain the way ACO is used
for neighborhood construction. Assuming that the order of neighbor selection is
without importance, in 8-connectivity, during the neighborhood construction,
the following neighbor can be selected among any of the pixels located in a
range of [1, +1] lines and column of an already selected neighbor.

According to the third neighborhood criterion, the cardinal of the neighbor-
hood of pixel s, |N(s)|, is assumed to be constant. In the following, it is noted
Nn. Denoting δ(., .) the Kroenecker function: δ(i, j) = 1 if i = j, δ(i, j) = 0
otherwise, and hs = N(s) the s neighborhood |{r ∈ N(s); lr �= ls}| writes∑

r∈hs
1 − δ(ls, lr). Then, using (2), (5) is:

E =
∑
s∈Ω

{ ∑
r∈hs

[β

2
(1 − δ(ls, lr)) +

1
Nn

( (xr − μlr )2

2σ2
lr

+ log(σlr )
)]}

. (6)

Now, according to the Markovian property of (L, H), we are able to compare
the energy of two configurations only differing by the label ls of pixel s and
the neighborhood realizations ht of the pixels t included in WNn(s), the (2Nn +
1)×(2Nn+1) sized neighborhood around s. Practically, this means that, for any
pixel t of WNn(s) having nout ‘active’ neighbor(s) outside of WNn(s)(nout[0, Nn]),
these nout neighbors are fixed, and only the other (Nn − nout = nin) ‘active’
neighbors are ‘free’ and can be changed with other possible neighbors belonging
to WNn(s). This is the choice of these ‘free’ neighbors that will be optimized by
the ants. The algorithm is as follows [15].

The pixels t emit ants that gather the information about neighbor label, along
some paths of connected pixels including t. During their paths, neighborhood
constructions, the ants select the following neighbor from ‘routing indicators’.
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These latter are based on previously deposed pheromones (either by ants emitted
by t or by ants emitted by other pixels having chosen t as neighbor) and the
‘energy hop’ Et→r defined as:

Et→r = β(1− δ(lt, lr))+
1

Nn

((xt − μlt)2

2σ2
lt

+log(σlt)
(xr − μlr)2

2σ2
lr

+log(σlr )
)
. (7)

(7) shows that the following neighbor r is chosen considering its label lr (relative
to the emitting pixel label lt) and also its ‘data attach’ energy, which gives a hint
about the lr confidence. According to the ACO procedure, the next neighbor is
chosen either randomly according to the probability of random exploration, or
minimizing a function of Et→r and pheromone deposition. Practically, to simu-
late the pheromone deposition we define, for each pixel s a ‘neighborhood’ matrix
of size (2Nn+1)×(2Nn+1) representing all the possible neighbor pixel locations
from s. The ‘neighborhood’ matrix values are real, with the matrix norm equal
to 1, i.e. this matrix is somewhat a fuzzy representation of the neighbor feature
of the pixels around s. Denoting [Ns](r) the value of the neighborhood matrix
of s in r (r ∈ WNn(s), [Ns](r) = [Nr](s) ), we define the cost of the choice of r
as t following neighbor as ct→r = β(1 − [Nt](r)) + Et→r.

Arriving at a selected neighbor pixel, an ant waits a time proportional to the
cost ct→r, before selecting the next neighbor. Each ant has to find a number of
neighbors equal to the number of ‘free active neighbors’ of its emitting pixel.
Then, it stops and on its return deposits pheromones on the visited neighbor
pixels. Practically, for each pixel r visited by an ant emitted by pixel t, [Nt](r)
is increased by the quantity of pheromone deposit q. Due to (2), pheromones
are also deposited on the ‘neighborhood’ matrices of the r selected neighbors,
on the pixel corresponding to t in these ‘neighborhood’ matrices, [Nr](t). Due
to the waiting time, pixels on ‘good’ paths are visited frequently by ants, thus
increasing neighborhood matrix values for pixels contained in those paths and
diminishing other ones.

Then, the classification global algorithm is as follows. First are set the im-
age parameters: neighborhood size Nn and weight β, and the ACO parameters:
pheromone deposit quantity q, random exploration probability pe, and experi-
ence duration Te. For initialization, a blind classification of X is performed. As
long as the stopping criterion is not verified, the pixels s are considered suc-
cessively. For each s, the local energy E1 term is computed according to the
current label l

(1)
s of s and the current neighborhoods ht of the pixels t included

in WNn(s). For each new label to test ls(2), reconstruct the neighborhoods ht of
the pixels t included in WNn(s) using ACO: WNn(s) pixels t emit ants, which ex-
plore neighborhood solutions and actualize neighborhood matrices as described
previously; each time an ant is back to its source pixel t, if the ‘experience dura-
tion’ Te is not expired, t generates a new ant. At the end of the ACO experience,
the new the local energy E2 term is computed. Then, the decision to change
the s label from l

(1)
s to l

(2)
s is taken if the local energy has decreased, i.e. if

ΔE = E1 − E2 is positive. With this algorithm, the convergence is ensured by
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(a) (b) (c)

(d) (e) (f)

Fig. 1. Simulated data (noise σ = 40): (a) ‘true’ label image, (b) data image, and
obtained classifications: (c) blind result, (d) ACO result, (e) 8-connectivity stationary
neighborhood result using SA algorithm, (f) line process [1] result

(a) (b) (c)

(d) (e) (f)

Fig. 2. Classification results: isotropic neighborhood (first line), and adaptive neigh-
borhood (second line)- 50 × 50 pixel subparts of an actual SPOT image
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the fact that the global energy is decreased at each step, just as for the Iterative
Conditional Modes (ICM, [16]).

4 Results

We first consider simulated data with Gaussian N (μi, σi) conditional distrib-
ution. Fig.1a shows the 4-class label image, and Fig.1b the data image when
μi ∈ {100, 200, 300, 400}, and σi equal to 40 for all i. Classical classification
corresponding to (4) minimization with stationary neighborhood, either for null
clique potential functions (blind classification, Fig.1c), or for clique potential
functions corresponding to 8-connectivity Potts model was first performed. The
MAP is obtained using simulated annealing process, testing different β parame-
ter values and keeping the best result (Fig.1e). The blind result is very noisy.
With the classical Potts stationary neighborhood, most of the ‘isolated’ errors
have been corrected. To correct the packet errors the β parameter must be
increased, however doing that some fine structures are lost. To overcome this
limitation in performance, one has to change the image model revisiting the as-
sumption of stationary neighborhood. Fig.1f is the result provided by the line
process [1], much more sophisticated (and complex) than the isotropic neighbor-
hood model, and a priori able to preserve image fine structures while regularizing
the configuration. The ACO result is presented on Fig.1d. Among the consid-
ered approaches, ACO leads to the best result even if some errors remain due to
the high level of noise. Some examples illustrating the interest of the proposed
approach are pointed on Fig.1.

We now consider actual data acquired by the SPOT4/HRVIR sensor, having
pixel size equal to 20×20m2 and from whose measurements a ‘vegetation index’
can be derived for the study of vegetation areas (e.g. agricultural areas). Fig.2
shows the results of classification considering five main classes of vegetation
densities (corresponding to different growing stages), and pointed areas where
the great complexity of the landscape, and the thinness some fields illustrates
the interest of adaptive neighborhood approach (relative to isotropic one) both
allowing better preservation of fine structures (areas 1, 2, 4, 5, 11, 13, 14, 16)
and a removal of blind classification errors (3, 12) even in the presence of mixed
pixels (7, 9, 16, 17, 18, 19).

5 Conclusion

In this study, we present a method to estimate non-stationary neighborhood
shape in the framework of MRF Bayesian classification. It uses the meta-heuristic
ACO, based on the behavior of social insects (ants) and their ability to find op-
timal solution thanks to the deposit of pheromones for their communications.
Applied, as we propose, to the construction of pixel neighborhoods in global
classification problems, it yields a performance superior to that of classical fixed
form neighborhoods. The advantage of having a neighborhood shape, which au-
tomatically adapts to the image segment, clearly appears in the case of images
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containing fine elements. The proposed method shows a stable performance rel-
ative to image parameter β, and is relatively robust to the exact fitting of the
ACO parameters that can be calibrated to the proposed default values.
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