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Abstract. In this paper, an unsupervised classification technique is proposed for
high resolution satellite imagery. The approach uses graph cuts to improve the
k-means algorithm, as graph cuts introduce spatial domain information of the
image that is lacking in the k-means. High resolution satellite imagery, IKO-
NOS, and SPOT-5 have been evaluated by the proposed method, showing that
graph cuts improve k-means results, which in turn show coherent and continu-
ally spatial cluster regions that could be useful for cartographic classification.
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1 Introduction

Earth surface inspection by remote sensing provides valuable information not easily
acquired by field survey techniques. Airborne and spaceborne images can assist in
locating objects in the terrain and monitoring changes due to natural phenomena such
as seasonal cycles, geomorphologic forces, or human activities. Multispectral remote
sensing imagery is frequently used for land-cover and land-use determination.

Classification has been developed into a main technique to analyze a remotely
sensed imagery, which represents a way to abstract information from it. There are two
types of classification: unsupervised and supervised. Unsupervised classification does
not require initial image area knowledge, while supervised classification uses training
samples from image interest areas.

Unsupervised classification is applied to cluster images in order to extract repre-
sentative classes and information. Usually, this information is employed to select
accurate training samples to perform a supervised classification [1].

Today’s algorithms, applied to low resolution satellite imagery, are not applicable
high resolution satellites due to more complex and noisier spectral signatures for the
latter. Therefore, new algorithms are needed to treat high resolution imagery.

The common unsupervised classification algorithm, when applied to imagery, gen-
erally does not consider the imagery’s spatial characteristics data. Unsupervised
classification in remote sensing is commonly applied, evaluating just the spectral
information on a pixel by pixel basis. However, in images, pixels close together are
more related than those which are far apart; therefore, information taken from
neighboring pixels to those in the study provides a useful supplementary information
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source. The idea of including the spatial domain of an image in the classification’s
process has been developed employing several techniques, including variogram
analysis [2], texture [3], smart kernel operators [4], and wavelets [5]. Our research
attempts to tackle the problem with graph cuts, which allow the introduction of spatial
domain information into the classification. In the next section, we provide the basic
definition and terminology of graph cuts and how they are used for image segmenta-
tion. Section 3 will present our research methods, and in Section 4 we present and
discuss the results. Finally, our conclusion and the future direction of research are
given.

2 Image Energy Segmentation with Graph Cuts

In this section, we provide basic terminology pertaining to graph cuts. In an undi-
rected graph, 4 = (@, £), where 7 denotes the vertices and £ represents the edges that
connect these vertices. An example can be seen in Fig. 1; based on formula 1. Each
edge ie E is assigned a non-negative weight (w;). There are two special vertices called
the terminals (source and background). A cut C of & is a partition of the vertices? into
two sets, such that the terminals belong to each set. In combinatorial optimization, the
cost of a cut is usually defined as the sum of the weights corresponding to the edges it
serves [6] as is formulated in equation 1.

|C|=2Wi (1)

icE

Source (terminal) Source (terminal)

Background (terminal) Background (terminal)

(a) ®)

Fig. 1. Graph cuts considering a two-dimensional image (3x3 pixels)
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Graph vertices represent pixels (the white circles in the center of each square), and
the edges represent relationships between neighborhood pixels, called n-links (repre-
sented by the dotted magenta lines in Fig. 1). There are also edges that flow from the
terminals to the vertices (pixels) called t-links (represented by the red and blue lines
in Fig. 1). The edges’ thickness represents the weight w; as can also be seen in Fig. 1.

The nine cells in the square of Fig. 1(a) represent a 3x3 image, where the grey level
stands for a thresholding of the image on five levels. In Fig. 1(b), a graph cut segmen-
tation is shown, which divides the image into two regions one for the object of inter-
est (with the white label) and another for the background (with the black label).

To illustrate this type of phenomena, an energy is defined; then, energy minimiza-
tion problems can be reduced to instances of the maximum flow problem in a graph
[7], [8]. The “max-flow min-cut” theorem states that the maximum flow is equal to a
minimal cut in capacity [9][10]. For example, in a network the maximum flow is
dictated by its bottleneck (this is obtained with a cut on the graph as can be seen in
Fig.1). Under most formulations of such problems in computer vision, the minimum
energy solution corresponds to the maximum a posteriori estimate of a solution.

A globally minimized cut of a graph is a combinatorial optimization problem that
can be computed in polynomial time. Greig et al. [11] were the first to apply graph
cuts to image segmentation. This work remained unnoticed until the late 1990’s, when
various research employing graph cuts started to appear. Since then, these techniques
have been employed efficiently in computer vision fields and image analysis to solve
a wide variety of low-level computer vision problems, such as the stereo correspon-
dence problem [12], multi-camera scene reconstruction [13], medical imaging [14],
and many other computer vision problems that can be formulated in terms of energy
minimization.

In cartographic segmentations, the objective is to group image pixels into logical
areas that may represent cartographic interest objects on the terrain; this is the goal of
our research, and will be further described in the next section.

Spatial domain information, or the neighborhood pixels relationship, is provided
with constraints in the graph cut approach. These constraints are represented as label-
ing relationships within an energy function given by:

E(L)zsz(Lp)+ Z Vp~q(Lp’L4)’ (2)
peP (p.9)EN

k ki
where L = {Lp | pE P} represents image labeling P, D, is the data penalty function,

V,.q is an interaction potential, and N is a set of all pairs of neighboring pixels. The
first term of Equation 2 is the regional term, and the second represents the boundary
term.

Constrains are defined by the cost function as in Boykov and Kolomogorov’s defi-
nition [6], where the boundary term is:

z Vp,q(Lp’Lq) = ZBIW .5LP¢L4 ’
{

{p.qleN P.q}EN
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where
5 _ 1 if Lp # Lq
b0 i L=

The boundary term (**) defines the costs of n-links, while the regional term (*) de-
fines the costs of t-links. Inexpensive edges are attractive choices for the minimum
cost cut. Hard constraints are implemented via infinity cost t-links. A globally optimal
segmentation satisfying hard constraints can be computed efficiently in low-order
polynomial time using max-flow/min-cut algorithms on graphs; the details can be
seen in Ford and Fulkerson [10] and Goldberg and Tarjan [15].

We have shown the basic theory of graph cuts, considering two clusters and corre-
sponding to the two terminals (source and background). Several classification
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Fig. 2. Generalization to a multi-object. (a) A Graph 4 = (7, £), with multiple terminals 1,.....,
k (b) A multi-way cut on ¢ . The vertices (pixels) are shown as white circles. Each vertex has
an n-link to its four neighbors, and is also connected to all terminals by t-links. The set of verti-
ces 7 includes all pixels and terminals. The set of edges consists of all n-links and t-links. The
induced graph g(@) = (@ .£-¢) corresponding to some multi-way cut ¢. A multi-way cut corre-
sponds to a unique partition (labeling) of image pixels [16].
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problems attempt to assign more than two labels to segmentation regions. We follow
this generalization to a multi-object extraction problem proposed by Boykov and
Funka-Lea [6].

3 Proposed Technique

We have used the flexible formulation for image segmentation provided by graph cuts
to improve the k-means clustering algorithm on satellite images. Our technique is
based on Bagon Shai’s segmentation method [17]; we have adapted it to work on
multiband satellite images.

The proposed technique has been applied to Ikonos and Spot-5 multispectral satel-
lite imagery. These satellites obtain information in four bands (R-Red, G-Green,
B-Blue, NR-Near Infrared for Ikonos; and R-Red, G-Green, NR-Near Infrared, MIR-
Mid Infra Red for Spot-5), with spatial resolutions of 4 m (Ikonos), and 10-20 m
(Spot-5), respectively (See Table 1).

Table 1. Ikonos and SPOT-5 spectral and spatial information

Sensor Example Pixel Size Spectral Bands
1 Blue 4m 0.445-0.516 um
2 Green 4m 0.506-0.595 pm
TKONOS 3 Red 4m 0.632-0.698 um
4 Near Infra Red 4m 0.757-0.853 pm
1 Green 10m 0.50 - 0.59 um
2 Red 10m 0.61 - 0.68 pm
SPOTS 3 Near Infra Red 10m 0.78 - 0.89 um
4 Mid Infra Red 20m 1.58 - 1.75 um

First, a k-means classification [18] is performed in the imagery. Let us assume that
k classes are set, and the imagery has m bands. Then an m-dimensional Euclidean
space is defined such as each pixel is a point (or vector) belonging to this space. The
k-means groups pixels in clusters. The shift covariance matrix of the means (o cen-
troid) of these clusters is the regional term. The reason the shift covariance matrix is
used is because it gives a high weight to the pixels close to its centroid, and a low
weight to the pixels situated far from its centroid; the further away the pixel is from
its centroid, the lower its weight. For instance, if the labeled pixel belonging to a
cluster is not strong enough, a high covariance will be assigned. This will be inter-
preted by the graph cut algorithm as a penalty.

A Sobel filter is applied to evaluate the boundary strength of the image region, in
order to determine if a pixel is inside or outside the interest region. This is considered
the boundary term.

There is an interesting relationship between graph cut and Markov Random Fields
(MRF) examined by Boykov et al. [16]. Some low-level vision problems can be ex-
pressed in a Bayesian framework using MRF. Boykov et al. probed the equivalence of
a specific class of MRF which generalizes the Potts model with the graph cut given a
specific energy function. Recently, other authors such as del-Toro-Almenares et al.
[19] have applied the graph cuts approach to MRF cartographic feature extraction in
satellite images, specifically to roads.
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4 Results and Discussion

The proposed technique has been applied to imagery obtained by the two high resolu-
tion sensors mentioned in the previous section.

(b)

Fig. 3. (a) An original Ikonos 4-band satellite image from the Polytechnic School in Alcala de
Henares; (b) An Ikonos image k-means segmentation with 4 classes; (c) Display results ob-
tained with our proposed technique based on graph cut

Fig. 3(a) shows pan sharpening image of the Polytechnic School in Alcala de
Henares. It is a false color image (spotlighting vegetation characteristics; a 2, 3, 4
band combination). The k-means algorithm is applied to the 4 bands imagery; the
result is shown in Fig. 3(b). Our proposed technique results are presented in Fig. 3(c).
Comparing these two classified images, (b) and (c) can be observed as the graph cut
algorithm returns a clean classification, minimizing the noise presented on the image
segmentation by the k-means, as seen in Fig. 3(b).

ey,

~
(2) (b) (©)

Fig. 4. (a) A 4 bands Spot satellite image over agricultural fields; (b) the k-means (4 classes)
cluster results; in (c) results generated by the proposed technique minimizing noise

Fig. 4(a) is false color image (1, 3, 2; see Table 1) from a field area of a SPOT-5
imagery in central Spain; it has also four multispectral bands as the Ikonos. The re-
sults of applying the k-mean and the proposed technique are shown in Fig. 4(b) and
Fig. 4(c), respectively.
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As can be observed, the biggest central field in the image of Fig. 4(a) is classified
by the k-means with a lot of noise; however, with the proposed technique, the noise
has almost disappeared. This is due to the penalties applied through the constrains by
data cost matrix and the smoothness term, which produces a clear separation between
regions that represent real geographic units, and to the spatial domain consideration
on the graph cut algorithm.

5 Conclusions

A method for segmenting high resolution satellite images based on k-means and
graph cuts has been proposed. The method improves the k-means classification by
introducing spatial domain information in the energy function of a graph cut
algorithm.

The proposed method is useful in extracting cartographic features in thematic car-
tography; for instance, for land cover and land use classification.

On feature studies, another’s functions will be examined on equation (2) applying
boundary constrains, and directed graph in order to propose a supervised classifica-
tion method employing sample areas' treatment.
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