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ABSTRACT

Earth Observation applications are becoming more and more
spread, thus the automatic interpretation of satellite image
content is a key issue. Determining the characteristics of a
certain region allows for image segmentation, classification
and analysis or further interpretation of satellite image con-
tent. Given the very-high resolution of current satellite im-
ages, we propose a rapid and rough segmentation approach
based on object detection using extended Haar-like features
and evolutionary algorithms. The segmentation map is given
by the probability of finding a specified pattern and the dis-
tance to discovered solutions. We show the results we obtain
for satellite image segmentation of built-up areas based on
rectangle-shaped house roof detection.

Index Terms— segmentation, extended Haar-like fea-
tures, evolutionary algorithms, satellite images

1. INTRODUCTION

There exists a plethora of image segmentation approaches [1],
but only several frameworks are unanimously accepted by the
scientific community as generating good and predictable re-
sults. Watershed is the morphological approach, where the
image is viewed as a relief or landscape [2]. Pyramidal or
multi-scale approaches use a hierarchal structure for repre-
senting the image at different resolution levels [3]. Active
contours are based on variational calculus and are commonly
used to segment one region or a salient object with a priori
known characteristics [4]. Active contour implementations
are usually very time consuming. Graph-based approaches
use graph representations of images, which unfortunately
may explode in size with the increase of image spatial res-
olution [5]. Recently, there is a trend in over-segmenting
the image on purpose, then to proceed with fusion of simi-
lar regions [6]. Another set of approaches are based on the
local description of texture, e.g. Haralick texture features
[71. However, all the aforementioned approaches aim at
determining regions with similar properties.

With the increase of image spatial and spectral resolu-
tion, all the approaches may become very time consuming.
In addition, some regions may exhibit a large variability of
the composing elements, making them difficult to segment.
In this article we embrace an image information mining ap-
proach which combines low level feature extraction with evo-
Iutionary algorithms. We aim at determining the regions that
contain a certain pattern of interest. The hypothesis that we
make is the following: in very high resolution images, such as
satellite images, it may take a lot of time to explore the entire
image using a deterministic and exhaustive segmentation ap-
proach, therefore a probabilistic method that does not explore
the entire image and feature space will offer a rapid and rough
estimate of the regions of interest. In addition, purely deter-
ministic approaches may fail when applied to objects with a
high variability in shape, color or texture.

Genetic algorithms use the principles of evolution and se-
lection to search through a very large set of candidate solu-
tions. This may be an appropriate approach when a set of cri-
teria for the characterization of a convenient solution can be
aggregated in a fitness function, providing a numerical hierar-
chy with the most valuable elements on top. When it comes
to searching in an image a set of similar objects but with a
large variability, the genetic algorithms can be used in a seg-
mentation step. As a result, the areas with a high probability
of containing the objects will be highlighted.

Several approaches have been proposed for object de-
tection using genetic algorithms: in [8] distributed genetic
algorithms are used for the segmentation of video frames,
in order to extract moving objects in MPEG-4 sequences.
Genetic algorithms are used in [9] to create cascades of clas-
sifiers for object detection in noisy ultrasound images. The
authors of [10] integrate basic image processing algorithms
in a fuzzy-genetic framework in order to detect buildings
in high-resolution satellite images. For the same purpose,
there exist alternative approaches like the ones based on SIFT
(Scale-Invariant Feature Transform) keypoints and graph the-
ory [11] or texture-derived built-up presence index which is
an anisotropic textural co-occurrence measure [12]. In this
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paper we show results of rough segmentation of satellite im-
ages using an evolutionary method. By searching for simple
shapes like rectangles, we aim at quickly identifying image
regions with high probability of representing built-up areas.

2. OUR APPROACH

One approach from computational intelligence for object de-
tection in images is emitting hypotheses about the existence
and appearance of desired objects inside the analyzed images,
and then verifying the validity of those hypotheses. Further
on, the hypotheses are refined, thus leading to solutions that
best suit the image. One way of improving the discovered so-
lutions is through evolutionary processes, such as genetic al-
gorithms. Using such a method requires a way to encode hy-
potheses, quantify their fitness and select them accordingly,
then reproduce the fittest ones. This last step requires that
mutations of the encoding string will occur. Searching ob-
jects inside images through an evolutionary process is done
by randomly generating a number of hypothesized objects,
computing a measure of their fimess and differentially repro-
ducing them according to their fitness, repeating these steps
for an empirically-chosen number of generations.

2.1. Hypothesis encoding

The first step of the process requires a way of encoding a hy-
pothesis into strings or numbers. The encoded string of an
object is named genotype, while the resulting form is called
phenotype. The fields of the hypothesis are hereby named
chromosomes, which are further divided into smaller fields of
information, called genes. Each gene encodes for a trait, or
process of generating traits, while one of all possible forms of
a gene is called an allele.

Each hypothesis h; is of the following format: at position
(z,y) in the image there exists a rectangle of width w, height
h, orientation  and color c¢. Colors are represented as 24-
bit RGB. Therefore the encoding represents the concatenation
of all these fields into a single string h; = [z, vy, w, h, a, ¢].
For the encoding of the hypothesis we use Haar-like features
defined by [13], presented in Fig. 1 where b is the size of the
border. Given the large variability of the searched pattern, one
can extend these features in order to match various application
purposes [14].

Fig. 1. Illustration of a hypothesis (extended Haar feature).

We do not specifically encode the color of the background
(the border surrounding the object), but in our implementation
we define an acceptance level for the contrast between the
color of the object and the color of the background.

In Figure 2 we show an ideal synthetic image I with white
background and four buildings represented by grey rectangles
and four possible hypotheses (hy, ..., hy), generated at a cer-
tain step of our approach, overlaid on the original image.

Fig. 2. Illustration of a phenotype overlaid on the image I.

2.2. Selection based on fitness

The second phase of the evolutionary process is analyzing the
phenotype and quantifying the correctness of the solution, i.e.
assessing the match between the hypothesis h; (searched pat-
tern) and the original image I, through the computation of the
fitness function f(h;, I):

ey

1 g, T) <
hi I = d(h;,I) ° 3 >
f(hi, 1) { 0 , otherwise

where d is the distance between the hypothesis h; and
the corresponding (underlying) region of image I and 7' is a
configurable threshold for the acceptance level of matching.
Computing the distance d can be achieved through various
approaches: computing the mean squared error, projecting
a region of the analyzed image on a basis of functions rep-
resenting the searched pattern, applying a hit-or-miss trans-
form (e.g. the color hit-or-miss transform for simple patterns
[15]), etc. The computation of the mean squared error has
to take into account the local contrast between the color of
the object and the color of the background. In addition, the
information about the spatial arrangement of pixels is lost,
but fortunately the information is intringic to the definition
of the pattern. For our proof-of-concept approach we define
d(h;, I) = > |color(h;(w,v)) — I(z4u,y+v)|.

(u,v)eSupp(h;)

After measuring the fitness of all the existing hypotheses, the
selection phase takes place. The goal is the improvement of
the existing solutions, meaning that the fittest ones must re-
produce more often than the less fit solutions. This can be
done either through a deterministic process, or a stochastic
one. The former is as simple as greedily selecting the best NV
solutions, while the latter requires randomly selecting solu-
tions based on their relative fitness, such that better hypothe-
ses have greater chances of reproducing, offering no guaran-
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tee of actually achieving the goal. This can even lead to good
hypotheses becoming extinct, but can also expand the pool of
solutions compared to the former method by allowing non-
greedy solutions to be selected. Statistically, better solutions
would reproduce more often for both methods. The following

N
overall function has to be maximized: argmax Y f(h;,I).
i,f(h;,1)#0 1
Selection can be tailored to specific application needs: for
instance, if we are looking for roofs of a certain color, a best
fit solution is marked as final solution and may not be further
used for reproduction, since in the near vicinity (a few pixels)
of the solution there cannot exist another best solution - how-
ever, further away, the probability of finding another roof is
high in a built-up area.

2.3. Evolution

Finally, reproducing solutions is only a matter of copying the
encoding string and modifying or mutating it, which means
altering the values of various fields of the hypothesis encod-
ing. The amount of mutation is an important parameter of
the approach, as few mutations per genotype can lead to a
longer, yet more stable, progression, while higher rates of
mutation preserve too little of the information for selection
to achieve its goal of generating a better batch of hypothe-
ses. One way of increasing the amount of variation, while
still preserving vital information is through the combination
of similar solutions, which is called sexual reproduction. This
serves to combine features of different hypotheses, yielding
solutions that would be unlikely to occur through simple mu-
tation of either of the combined hypotheses. Such combina-
tions of encoding strings are facilitated by the existence of
well-separated fields inside the strings, each one encoding
specific sets of traits of the phenotype, or processes of the
phenotype generator.

At the moment of reproduction, each parent solution do-
nates its chromosomes, resulting in an offspring which has
pairs of homologous chromosomes. Two problems arise: (i)
how to generate a single phenotype from two sets of strings
and (ii) how to select which chromosome from a pair to do-
nate to the offspring in the reproduction phase. The first prob-
lem is addressed by the existence of allele dominance: some
alleles are dominant (will get expressed in the phenotype),
while others are recessive. If two different homologous al-
leles have the same dominance, their resulting expression is
a mixture of the two. For the second problem, at the mo-
ment of reproduction, one of the homologous chromosomes
is selected randomly, without bias. Furthermore, each pair of
resulting homologous chromosomes can undergo a process of
recombination by splitting both chromosomes at one or more
locations and recombining the pieces to form new chromo-
somes that are different from any of the parent chromosomes.

At a first glance, the complexity of such an algorithm
might seem unnecessarily high, but these processes can prove

important when creating a suitable environment for the de-
velopment of effective solutions for such general problems as
object detection. Precisely what evolutionary processes can
achieve in the context of object detection is still an open ques-
tion and the recipe for an optimal implementation is currently

unknown.
3. EXPERIMENTAL RESULTS

We demonstrate the usefulness of our approach in the context
of an Earth Observation application: by searching rectangular
patterns, representing house roofs, we aim at identifying and
roughly segmenting the built-up areas within satellite images.
In Figures 3 and 4 we show the original images, the output
of the genetic algorithm (2D Gaussians in the positions of the
discovered solutions) and the final segmentation maps.

(a) original image

(b) run #1

(c) run #2

|m
WA
RIS R

T LT LT

o
, %; :

¥ i

?-.w-.n x§' AT
i

fii;_
e

(d) built-up area rough segmentation

Fig. 3. Experimental results.
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For producing the final segmentation maps we compute at
each image location the distance to the closest solutions and if
the distance is smaller than a specified radius, then we include
the pixel in the region of interest. For the results presented in
Figs. 3 and 4 the radius was 150 and 100 pixels,, respectively.

Given the randomness intrinsic to our approach, some
runs will lead to better results. However, this method can
benefit from parallel runs and then determine statistically
which region is commonly present in all results. The av-
erage time of execution for the C++ implementation of our
approach on a color image of approximately 2 Mpixels, us-
ing 100 hypotheses for 100 generations is approximately 8
seconds on a single core CPU running at 2.2 GHz.

(a) original image

(b) run #1
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(c) run #2 (d) built-up area rough segmentation

Fig. 4. Experimental results (2).

4. CONCLUSIONS

In this article we present a proof-of-concept framework for
rough image segmentation based on Haar-like extended fea-
tures and evolutionary processes. We show how this approach
can be used for a preliminary analysis of built-up areas in
satellite images, by searching simple patterns, i.e. rectangles
of specified color range, based on the hypothesis that they
represent roofs of buildings. The results of this image infor-
mation mining approach are rough segmentation maps.

Given the probabilistic nature of our approach and the
way the evolutionary process works, there are two uncertain-
ties related to the solutions: (i) the absolute fitness between
the image and the searched pattern is not known and the rel-
atively best solutions are chosen at a certain moment; (ii) the
exact position of the best solution is not known, thus we are
looking at the closest solutions within a specified range. Once
the rapid and rough segmentation is performed by using our
approach, one may use dedicated tools for a better discovery
of the pattern of interest.
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