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ABSTRACT

With the advent of very high resolution satellite images,
such as IKONOS, the question of how we can incorporate
textural information in classifying and segmenting different
regions has become of great interest. In this paper we com-
pare the power of classifying regions based on using color
information alone to using texture and color texture infor-
mation. We use a 2D and 3D extension of the co-occurrence
matrix and the features derived from them. In the latter
case the effect of color space reduction is also evaluated.
We found that although color features perform best in the
easy classification tasks, very high classification rates are
obtained using color texture features and the fragmentation
degree in the classified areas is smaller.

1. INTRODUCTION

Remote sensing has widespread applications both in the civil
as well as the military domain. The emphasis in all these lies
in the quick, accurate and reliable extraction of specific in-
formation out of the images, if possible in an automatic way
[1].

Texture, or the natural, visible patterns present in the im-
ages, is a very useful property to segment or classify images
in remote sensing [2]. Color texture however, is a relatively
new concept [3]. The multi spectral and very high reso-
lution capabilities of sensors like IKONOS and Quickbird
make it possible to add more detailed, accurate information
about the spatial correlation between the pixels in different
textural fields and spectral bands of interest. The aim of this
paper is to investigate the power of color texture features on
IKONOS color images with a resolution of 4 meters.

In the next sections the methods used to generate color, tex-
ture and color texture information are described as well as
the color reduction and the template test images. The ob-
tained results are discussed and we conclude with a discus-
sion of the results.
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2. IMAGES

In this paper we consider very high resolution (4 to 1 me-
ters) IKONOS images of the areas of Ghent and Brussels,
Belgium, taken in September 1999. Since the images cover
areas of about 10 squared km. it was not practicle to pro-
cess the whole images. Therefor we constructed 4 well cho-
sen template images to perform our experiments on, Figure
1. One contains only rural areas such as fields and woods.
The others combine urban and rural information. The im-
ages are chosen so that we would have ground truth on the
classification task. On the other hand different textures are
incorporated to investigate the power of the techniques. Our
main focus was to see how the techniques could handle dif-
ficult urban areas where often different types of building are
mixed.

3. METHODS

3.1. Color Features

The easiest way of generating features is by clustering the
color information present in the image. For each pixel in a
region on interest the three-dimensional feature vector x =
(xR, G, zp) containing the RG B information is clustered
and given as input to the multidimensional Bayesian MAP
classifier. well chosen test areas should lead to well sepa-
rated clusters.

Not only the RG B color space was tested yet we also trans-
formed the images to the Lab, YCrCb and HSV color
spaces.

3.2. Texture Features

Texture features were calculated using an adaptation of Har-
alic‘s co-occurrence matrix [2], which is intuitively a 2-
dimensional histogram of the grey values of pixel pairs lo-
cated at a predefined distance d under a specific angle 6. In
our case we made the matrix independent of 6 by averaging
out over 8 predefined angles © = {%T” |k =1..8}.
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Let I be an M x N image, Ax = dcosf and Ay = dsin6,
then the entry on position (7, j) in the matrix is given by

M—Az N—Ay

Py(i,5) = RZ ZZ(S m,n) =1

m=Azxz n=Ay 0O
A flm+ Az,n+ Ay) = j),

with R = 320200 S04 Y eq 0((myn) € 1) anor-
malization factor, 6(x) the Kronecker delta function, and
f(m, n) the grey value at pixel position (m,n).

From this matrix multiple first and second order parameters
were calculated: Grey Mean Value, Variance, Angular Sec-
ond Moment, Contrast, Correlation, Entropy, Homogene-
ity, Inverse Difference Moment, Maximum probability and
Kappa [2]. We should note that the co-occurrence matrix is
calculated over the intensity image [ = W.

3.3. Color Texture Features

To extract color texture features we expanded the co-oc-
currence matrix to 3D [4]. In stead of just looking at the
neighboring pixels in the 2D intensity image, we now tend
to the look both in the Red, Green and Blue band. Hereby
we select specific co-occurrences: define © = {%% |k =
1.8} and @ = O\ {£f|k = 1.4}, then again the en-
try on place (4,7) in the matrix, using spatial coordinates
Ax = dcoslcos ¢, ANy = dsinfcos ¢ and Az = dsin ¢,
is given by

M—Ax N—Ay

RZ 2225 f(m,n,0) =1

m=Az n=Ay 0€O ¢
A flm+ Az,n+ Ay, Az) = j5),

with R = Y000 S8 Y geo Yoeo 8((myn,0) €
I), 6(x) the Kronecker delta function and f(m,n,0) is the
pixel value at pixel position (m, n) in the Green band. Again
different parameters are calculated from this matrix, as An-
gular Second Moment, Contrast, Correlation, Entropy, but
also others as Cluster Shade, Inertia and Local Homogene-
ity [4]. Notice that the angles are chosen so that not the
texture information in one band, nor the color information
through the bands is taken into account, but solely the color
texture information present.

Py(i, j)

3.4. Color Space Reduction

In order to speed up processing both in the case of the tex-
ture analysis as of the color texture as well as to overcome
the curse of dimensionality a reduction of the number of
grey values, colors was performed.

Grey value reduction: here we apply a simple clustering
where we start with an initial cluster containing all grey val-
ues of all pixels present in the image, x1,z2,...zpn. The

centroid ¢y and a distortion Dy measure are calculated as
follows:

1
© = 3y Lt
MN

> e — i |
1=1

Dy =

In an iteration process the initial cluster is split in 2 clusters,
based on the distortion. Then the centroids are recalculated
as are the distortions to these centroids. In that way we keep
on splitting up till we obtain the a priori defined number of
clusters, grey value levels. In our case we reduced to 32
grey values.

Color reduction: here we used the Peer Group Filtering
(PGF) algorithm [5], where first Peer Groups around a pixel
are calculated to weigh color values, then a non linear filter
is applied to remove possible impulse noise (not discussed
here) after which the remaining color values are clustered
based on local statistics. Let x0(¢, j) be the color vector at
position (i, 7), take a w x w window around this pixel and
calculate the Euclidian distance d; (i, 7) for all surrounding
pixels [ = 1...k = w? —1. The point of the clustering is now
to detect if multiple color clusters are present in the window
around (i, j) and to split them if so.

A peer group P(i,7) of xo(i, 7) and size m(i, j) is defined
as

consisting of (i, 7) and the neighboring pixels of the ”sim-
ilar” color. Now we try to define the value of m(i, j) as

m(i, j) = argmax J(1),

e a1 (1) — ax(D)
a0 =t =1k
1 -1 1 k
a(l) =7 D daliyg) A as(l) = P D dnli ),
n=0 n=l[

k+1—-1

Z|d (i,7)—a1(1)]* A s3(1

Once this is done z((4, j) is replaced by the weighed aver-
age of its Peer Group Neighbors
2D (i, 5)

m(ij)—1
1=0 wy

xnew(ivj): pl(i’j)ep(iaj)

with w; standard Gaussian weights, chosen according to the
relative positions of p;(i, j) with respect to z¢(4, j). Once
this Peer Group Filtering is done the clustering or color
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quantization can begin. A weight v(i, ) is accorded to each
pixel

v(i,j) = exp(=T(i,j))
with

T(i,5) = dmi,jy-1(%, )

the maximal distance of each Peer Group, if we would or-
der all d;(i,7). In this way pixels in a textured area will
be less weighed than pixels in a non textured, smooth area,
which is natural as we want to reduce colors without remov-
ing texture information. The average 7'(7,j) in a region,
Ty is a measure for the smoothness of a region. The big-
ger T}, the less smooth an image is, the more clusters are
needed. The number of clusters needed can be estimated
as N = T,,4, with 3 to be defined experimentally, in our
case set to 2.

A Generalized Lloyd algorithm is then used with centroid
co and distortion Dy now defined as

Sy S (i, v, )

¢ = M N T
Dimt Zj:l v(i, j)
M N
Dy = D> vl j)leo— gl
i=1 j=1

so that centroids are shifted in the direction of points with
higher weights end points with smaller weights will be as-
signed fewer clusters. The clusters are split according to
the plane through the centroid perpendicular to the biggest
eigenvalue of the cluster. In our experiments we typically
had a reduction to 18 colors.

3.5. Classification Algorithms

A Parallelepiped classifier, a maximum distance classifier
and a Bayesian MAP classifier for multi-dimensional nor-
mal distributions [6] were tested. Well chosen test regions
of interest outside of the templates were chosen to train
these.

4. RESULTS

On color information alone we found the RG B color space
the most performing (up to 97.90 % correctly classified pix-
els), followed by Lab (96.82%), Y CrCb (95.36%), HSV
(94.84%). Concerning the classification algorithms used,
the MAP classifier (up to 97.90%) outperformed the Par-
allelepiped (84.77%) and Minimum Distance (up to 90 %)
classifier by far. This is expected seen the simple nature of
both. There for, all results obtained for texture and color
texture are based on the MAP classifier.

When we look at Table 1 we obtain rate above 90% for all

template images based on color information. Texture fea-
tures perform worse, even when a grey value reduction is
applied, (not in the table), average classification rates range
from 79 to 96% except for template image 3, which is also
the less trivial one to classify. Turning to color texture re-
sults we obtain results ranging from 71 to 95% without a
color reduction. Using a color reduction with PGF leads to
increasing classification rates in almost all cases .

Using the co-occurrence matrix different values of d were
tested, ranging from 1 to 5. There were no significant dif-
ference in classification rates in that. Also different window
size in which the co-occurrence matrix was calculated were
used ranging from a 6x6, to a 12x12 up to 20x20 and 30x30
window size. As was already mentioned before a grey value
reduction was made to 32 grey values, experimentally de-
termined, and a color reduction to 18 colors, based on the
parameters extracted from PGF. Figure 2 shows some visual
results.

5. DISCUSSION

In this article we set up some experiments on how color
texture information could be used in very high resolution
image classification tasks. Given the right tuning of the tex-
ture extractor parameters, very high classification rates can
be obtained. One might argue that simple color features
outperform color texture in most cases, this is not always
so. The texture feature extractors work on sliding windows
which implies that at the boundary of 2 textured areas we
get border effects, misclassification up to 10% when the
sliding window size is chosen to be very big. This effect
can clearly be seen when comparing the boundaries on the
upper left 4 images to the others in Figure 2. How we can
overcome these effects is currently investigated at our de-
partment. The usefulness of a color reduction both in pro-
cessing speed as in accuracy has been shown using PGF,
compare the lower images of Figure 2. Turning to the seg-
mentation of city boundaries we did not succeed as success-
fully, rates not higher the 70% using texture information.
We should remark here that even for the human eye it is not
easy to make a correct segmentation in these. The window
size and parameters of the co-occurrence matrix here are
very crucial. Other techniques based on Gabor Filters are
currently investigated [1] on this image.

Next to the classification rate, the fragmentation degree of
the classified areas is also of great importance, f.i. if we
would want to do object based classification. We clearly no-
tice that color texture classification leads to less fragmented
regions, compare template images 1 and 4 trough the differ-
ent techniques.

As a conclusion we can say that up to now color (or spectral
information in general) is a very powerful tool in classify-
ing satellite images. Although in some cases it might not do
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Im.1 | Im.2 | Im.3 | Im. 4
Color 97.9 96.8 90.2 934
Tex ws=12 92.2 85.8 68.1 94.9
Tex ws=20 87.7 80.7 67.7 92.4
Tex ws=30 79.7 77.4 64.4 96.7
Col Tex ws=6 85.9 71.0 76.2 75.0
Col Tex ws=12 85.2 79.3 56.7 89.7
Col Tex ws=20 87.0 | 76.8 66.9 89.4
Col Tex PGF ws=6 96.6 82.3 71.2 67.3
Col Tex PGF ws=12 | 91.8 76.1 71.2 67.3
Col Tex PGF ws=20 | 86.0 82.1 63.5 96.9

Table 1. Percentage of pixels correctly classified for the dif-
ferent template images over the different parameters. The
window sizes (ws) are also indicated for the texture param-
eters, 6x6, 12x12, 20x20.

the trick, bad lightning conditions, different textures with
same color. Here we have shown that color texture infor-
mation leads to almost equally high classification rates with
less fragmentation.
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Fig. 1. The 4 template images, image 1: fields, image 2:city
+ woods, image 3: city, image 4: fields and city

Fig. 2. Upper left : RGB color results, Upper Right: tex-
ture results, Lower Left: color texture results, Lower Right:
color texture PGF results
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