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Texture in high-resolution satellite images requires substantial amendment in the conventional seg-
mentation algorithms. A measure is proposed to compute the Hölder exponent (HE) to assess the
roughness or smoothness around each pixel of the image. The localized singularity information is
incorporated in computing the HE. An optimum window size is evaluated so that HE reacts to
localized singularity. A two-step iterative procedure for clustering the transformed HE image is
adapted to identify the range of HE, densely occupied in the kernel and to partition Hölder expo-
nents into a cluster that matches with the range. Hölder exponent values (noise or not associated
with the other cluster) are clubbed to a nearest possible cluster using the local maximum likelihood
analysis.

1. Introduction

The spectral or pixel-based segmentation technique
consists of K-Means (Hartigan et al 1979), Fuzzy
C Means (Bezdek et al 1984) and methods of
Minimum Distance (Richards 1995), which con-
siders only the spectral pattern to segment the
image. These techniques are not sufficient to seg-
ment high-resolution satellite images due to the
variability of spectral and structural information
in such images. Thus the spatial pattern or tex-
ture analysis becomes necessary to segment high-
resolution images.

1.1 Relevant studies on high-resolution
image segmentation

High-resolution image segmentation technique
deals with watershed approach, region growing,
and simulated annealing.

The watershed segmentation methods (Vincent
and Soille 1991; Debeir 2001; Wang et al 2004)
transform the original data into a gradient image.
The local ‘minima’ of the gradient image, which
are pre-selected seeds, are regarded as ‘catchment
basins’. All points that ‘flow’ into the same ‘catch-
ment basins’ are divided into the same water-
shed. In the process of segmenting, the regions
surrounding the seeds become ‘flooded’ and many
regions grow out to a point where they can con-
tact with each other. Finally, the image is classified
into separate ‘catchments’ bordered by the water-
shed lines. In this approach, the number of ‘catch-
ments’ is equal to the number of these seeds. Wang
et al (2005) had further improved this method
by incorporating the texture information of the
image together with the gradient information to
segment the image. The main drawback of the
method is, choice of more seed points leads over-
segmentation while too few seeds possibly lead to
under-segmentation.
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J. Earth Syst. Sci. 118, No. 5, October 2009, pp. 609–617
© Printed in India. 609



610 Debasish Chakraborty et al

Region-growing procedure (Bins et al 1996;
Carleer et al 2005) starts at each seed point in the
image with one-pixel objects, and smaller image
objects are merged into bigger ones, throughout a
pair-wise clustering process based on three crite-
ria: color, smoothness, and compactness. The bal-
ance at which these criteria are applied depends on
the desired output. If the smallest growth exceeds
a heterogeneity tolerance defined by the user, the
process stops. The heterogeneity tolerance affects
the relative size of output polygons. The main
shortcoming of the method is that it over-segments
the homogeneous areas and mostly under-segments
the textured areas such as forests.

Simulated annealing (Cook et al 1996) is an
iterative procedure, starts with an initially seg-
mented image and randomly changes the current
state. The annealing then decides whether or not
to accept the new configuration by calculating the
difference between the likelihood of the data fit-
ting these segmentations. The method is used to
segment the image of small structures, but it often
leads to faulty segmentation. It often does over-
segmentation to represent the boundaries of low
contrast area as well as boundaries of sufficient
contrast area (e.g., forest vs. meadow).

Some more techniques like fractal analysis
(Kaplan 1999; Voorons et al 2003), Minimum
Entropy approaches (Hermes and Buhmann 2001),
etc., have been used for segmenting high spatial
resolution remote sensing images. But the proper
way of segmenting all type of features from such
high spatial resolution images are required to be
developed, because the use of these methods on
images leads either to under-segmentation or to
over-segmentation (Meinel and Neubert 2004).

1.2 Hölder exponent

Texture reflects the spatial structure of pixel
values and hence plays an important role in
segmenting high-resolution satellite images. But
due to very high local variability of the pixels
value in those images, the characterization of tex-
tures becomes difficult. Various methods like co-
occurrence matrices (Haralick et al 1973; Tsai et al
2005), Markovian tools (Chellappa and Chatterjee
1985), gabor filters (Turner 1986; Guo et al 2000)
are used to describe textures, but suffer due to
their limitations to identify many texture features.
Recently LBP is used to identify the texture in the
image. LBP (Local Binary Patterns) is a technique
that describes the texture in terms of both sta-
tistical and structural characteristics. Gray scale
rotation invariant (Ojala et al 2000) is a technique
used for texture analysis based on LBP and non-
parametric discrimination of sample and prototype
distributions. But it is not suitable to discriminate

textures where the dominant features exist on a
large scale. Therefore, the Multivariate Texture
analysis (Lucieer et al 2005) combines the rotation
invariant variance (VAR) with LBP to analyze the
texture. But the performance of this technique is
not satisfactory since it considers only a part of the
surrounding of pixels for measuring texture of the
image.

In last two decades the Hölder exponent (HE)
has been used for texture analysis of images inclu-
ding synthetic aperture radar images (Bourissou
et al 1994; Levy-Vehel and Mignot 1994; Liu and
Li 1997; Malladi et al 2003; Tahiri et al 2005).
The central concept of Hölder exponent analysis is
that it measures the local regularity of the image.
Advantages of using HE on high-resolution images
are that

• it can be used as a tool to measure the roughness
or smoothness around each pixel in the image,
and

• it does not require any prior information about
the pixel intensity. This work attempts to
describe the textures of high-resolution images
using Hölder exponent.

Definition of Hölder exponent (Bourissou
et alet alet al 1994): Let μ be a measure on a set Ω as well
as for all x ∈ Ω, � α(x), such that μ(Br(x)) ∼ rα,
for small r. Here Br(x) is a circle (2D) of radius
r centered on x. Then α(x) is called the Hölder
exponent on x.

In case of an image, the Hölder exponent α(x, y)
is a function of the pixel (x, y). Naturally it
could be assumed that by calculating each pixel’s
Hölder exponent based on a pre-defined measure,
new representation of an original image could be
obtained. For a 2D image denoted by (x, y, I(x, y))
where I(x, y) represents the intensity of the pixel
(x, y), its Hölder exponent representation could
be expressed as (x, y, α(x, y)) where α(x, y) rep-
resents the Hölder exponent value of the pixel
(x, y).

Since the Hölder exponent is used to transform
the image, the transformed image is called Hölder
exponent image. This Hölder exponent image is a
combination of set of textures. Further, the simi-
lar type of textures together form the texture-
segmented image.

1.3 Outline of the proposed work

A new measure is proposed to compute the
Hölder exponent to asses the roughness or smooth-
ness around each pixel in the image. The loca-
lized singularity is considered to include only the
singularity information during the computation
of HE. An optimum window size is evolved to
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get localized singularity. To show the robust-
ness of the Hölder exponent analysis the K-mean
is applied separately on the transformed images
obtained from GLCM analysis as well as images
obtained from the Hölder exponent analysis and
compared the results. From the results, it is found
that the ‘HE analysis and K-mean’ gives less het-
erogeneous segments than ‘GLCM and K-mean’.
But it could not segment all classes distinctly. Yet
another technique is the adaptive method, which
uses reinforcement learning to learn the reward
values of successive data clustering. It applies
only when external feedback exists for a cluster-
ing task (Bagherjeiran et al 2005). Therefore a
clustering technique is proposed to segment the
HE image. The proposed method depends on the
mean-shift (Comaniciu and Meer 2002; Di et al
2003; Chakraborty et al 2008) technique. It is
used to identify the range of HE densely occu-
pied in the kernel and partition those Hölder expo-
nent into a cluster that matches with the range.
To show the significance of the contribution, the
proposed clustering method is compared with the
K-mean. Moreover, the experimental results show
that the use of K-mean method can superpose veg-
etation, fallow, built-up area and bare soil, conse-
quently it decreases the classification accuracy of
the image while the proposed clustering technique
mostly overcomes these discrepancies. The pro-
posed method is proved to be effective to segment
IKONOS 1m PAN images.

The paper is organized as follows. In section 2, a
detailed methodology including description of new
measure, localized singularities, proposed image
transformation and description of new segmen-
tation method are discussed. Comparison of the
result of

• Gray Level Co-occurrence Matrix (GLCM)
analysis and K-mean,

• Hölder exponent analysis and K-mean, and
• Hölder exponent analysis and proposed clus-

tering

is discussed in section 3. The final conclusions are
drawn in section 4.

2. Methodology

Methodology adapted to segment high-resolution
images has two main steps:

• image transformation, and
• clustering.

In the first step each pixel of the original image is
transformed into a measure of texture on the basis
of its neighbour, while the transformed image
is clustered in the second step.

2.1 Image transformation

The Hölder exponent analysis is used here to trans-
form the image for the identification of the texture.
It does not require any prior information about
the pixel intensity. The predefined measure is used
to estimate the degree of texture around each
pixel.

2.1.1 Measures

The pre-defined measure is one of the most impor-
tant characteristics to compute the Hölder expo-
nent (Bourissou et al 1994; Liu and Li 1994). The
roughness or smoothness around each pixel can be
assessed by the appropriate estimation of the mea-
sure. In this paper we determine the measure of
dispersion of pixel values using linear regression
analysis.

Let the subset Ω∗ of the region Ω contains only
those pixels which intersect the perimeter of the
circle of radius r. Hence for t number of increasing
radius (i.e., r = 1 to t) there will be t number of
subsets Ω∗. Subsequently the radius r versus the
intensity values I(i) of that subset Ω∗ is plotted
and from the least square fit of regression line cal-
culate the intensity value J for each radius r. As a
result, a new measure K(i) = |I(i) − J |, for each
i ∈ Ω∗ is obtained. In turn this provides the dis-
persion of pixels from the line of regression. The
above measure can be represented as:

μdisp(Ω∗) = {K(i) = |I(i) − J |; Min(I(i))

≤ J ≤ Max(I(i))} (1)

where J is the derived intensity value for radius r
using the regression equation.

μdisp(Ω∗) is the measure of dispersion of pixels
contained in the subset Ω∗.

2.1.2 Hölder exponent analysis

In this subsection, the Hölder exponent α(x, y) of
each pixel (x, y) over the whole image is calculated.
As described in the definition, for each pixel, a
series of measure of balls centered on this pixel with
incremental radius values are obtained. Logarith-
mic plots of computed measure (K) versus radius
(R) values are drawn and got the Hölder exponent
α as follows:

α =
1
N

t∑

r=1

mr∑

i=1

log K(i)
log R(r)

, (2)
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where t is the total number of identified balls, mr is
the number of intersected pixel on the perimeter of
the circle of radius R(r) and N is the total number
of pixels under each ball of radius R(r).

In this study for each pixel a series of 15 values of
radius (i.e., 1,

√
2,

√
5, 3,

√
13, 3

√
2, 5,

√
29, 2

√
10,

3
√

5, 7,
√

61, 6
√

2,
√

85, 7
√

2) are taken. Values of
radius whose differences are less than the threshold
value are considered as the same radius. This is
done to minimize the computation complexity. The
maximum value of radius up to 7

√
2 has been used,

so that α reacts to localized singularities.

2.1.3 Optimum window size for
localized singularities

Assessment of window size is one of the impor-
tant issues to study the localized singularities. Gu
et al (2008) have used separability measure to find
the window size for extracting residential area from
IKONOS 1 m panchromatic image. Chakraborty
et al (2008) have used density of range of pixel val-
ues to find the window size for clustering the IRS
1C/1D 6 m PAN images. Yashon et al (2008) have
used semivariogram fitting to find the optimal win-
dow size for the land cover classification of 70 cm
PAN QuickBird imagery. In this study, the window
size is assessed to detect the localized singularities.
The larger window size is insensitive to noise that
leads to loss of information of singularity, while the
smaller window size represents the singularity well,
but sensitive to noise. So it is preferable to deter-
mine the window from two respects:

• additional singularity should not be contained
in the same window; so the window should be
diminished to keep the singularity,

• the size of the window should be enlarged on the
locations without obvious singularity.

Considering all the above factors, measure of dis-
persion of pixels from the line of regression is used
here as a standard for choosing the size of window.
Consequently it calculates the average dispersion of
pixel values from the line of regression of ten (user
defined) windows (selected randomly in the image)
and determines whether the opted larger size win-
dow is small enough, i.e., the difference with the
smallest average dispersion is small enough than
the appointed threshold. The opted size of win-
dow is adopted for computation of localized singu-
larities. Otherwise, it determines the smaller size
of window and finds again whether the difference
between the smallest average dispersion is small
enough than the appointed threshold, then this
size of window is adopted. This technique has been
applied in multiple images and found 15 × 15 size
of window is optimum for most of the case to obtain
the localized singularities.

2.2 Clustering of HE image

An iterative clustering procedure is adapted to:

• detect the range (RQ) of a cluster contained in
the kernel based on a preliminary estimated HE
range,

• localize the cluster center, and
• identify the cluster contained in the kernel G.

2.2.1 Detection of the range (RQ) of a cluster
in the Hölder exponent image

The range RQ of a cluster in the Hölder exponent
image is defined as follows:

Let us consider G = {gkl, Hölder exponent value
in G(k, l), where k = 1, . . . ,m and l = 1, . . . ,m} is
a kernel with m2 Hölder exponent (HE). Q is a
cluster in G with center CQ (mean). Then the range
RQ of the cluster Q contains only those HE values
satisfying the following properties:

Abs(gkl − CQ) < RQ. (3)

Equation 3 means that cluster Q contains that
range of HE value, which have a minimum degree
of association (represented by RQ).

A preliminary estimated HE range RQ is com-
puted before the assessment of optimal range of the
cluster. It is a three-step procedure:-

• computation of mean(G),
• computation of maximum(G), and
• estimation of preliminary HE range =

abs(computation of mean(G)−computation of
maximum(G)).

2.2.2 Localization of cluster center

The objective of this subsection is to find a center
in the dataset where the ‘density’ (or number) of
range of pixel values in G within a range, i.e., RQ

is locally maximal.
Primarily the cluster center is initialized with

the mean HE values. We then select the HE values
within the RQ from the center of G (i.e., mean of
G). Iteratively, the mean of this range of HE val-
ues is again calculated and subsequently the kernel
center is moved to this mean. This approach moves
the range of HE values in the direction where the
‘density’ is higher.

This is implemented iteratively by decreasing
RQ with a constant value until absolute difference
between the initial center (CQ) and present cen-
ter (ME) reaches the desired value (minimum dif-
ference). In the first iterations (when RQ is still
large) this technique moves the range of HE values
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to regions of the data where the ‘global’ density is
higher (these regions often contain the large num-
ber of pixels). After some iteration (when RQ is
equal to constant value) the kernel center moves
towards an actual range of HE values where the
density is ‘locally’ higher. Convergence is reached
if the kernel center remains stationary. If this does
not happen within a certain number of iterations
then last computed ME is considered as CQ.

2.2.3 Identification of the cluster
contained in the kernel

The Cluster identification consists of two parts:

• Background: These are the HE values in the
HE image not included between (CQ − RQ)
and (CQ + RQ) values. Such HE values, either
belongs to another cluster or do not belong to
any cluster (noise; are not significantly associ-
ated with other HE values). HE values belonging
to other clusters are not considered at the time
of threshold calculation for the current cluster.

• Range: These are the HE values repre-
sented as (CQ − RQ) ≤ HE ≤ (CQ + RQ). HE
values belonging to the cluster are significantly
correlated.

2.3 Maximum likelihood analysis

The image so obtained after adopting previously
mentioned clustering technique consists of noise.
The classification accuracy of the image decreases
due to inclusion of those noises. A method is
proposed in this section to club those noises to a
cluster that is spatially nearer and likelihood of
occurrence is more. The method is a two-step pro-
cedure. In the first step, it computes the weight of
each cluster residing in the kernel, while the maxi-
mum weighted cluster is identified in the second
step.

(i) Cluster weight is computed with the formula

Wt−Clusterk =
Freqk

(n∗m)
, (4)

where k is the number of cluster resides in the
kernel.

Freqk is the total number of HE falling in
the range of kth cluster residing in the kernel.

Wt−Clusterk is the possibility (or weighting
factor) to assign the HE value in the kth clus-
ter.

n and m represent the number of row and
column of the kernel respectively.

(ii) Maximum weighted cluster is identified with
the equation

Max−WT−Cluster = (sup{Wt−Clusterk},
k = 1 to L), (5)

where L is the number of cluster contained in
the kernel.

3. Results and discussion

To show the robustness of the proposed HE analy-
sis the GLCM (gray level co-occurrence matrix)
is used in this study. This is done by applying
the K-mean separately on the transformed images
obtained from GLCM analysis as well as images
obtained from the Hölder exponent analysis and
comparing the results of ‘GLCM and K-mean’
and ‘HE analysis and K-mean’. Simultaneously the
results of the proposed segmentation method, i.e.,
‘HE analysis and proposed clustering’ are also com-
pared with those two results to show the robustness
of the proposed segmentation method.

The GLCM analysis (TEX software of Geo-
matica 10.1) is carried out by considering the five
of Haralick texture parameters: entropy, dissimi-
larity, contrast, homogeneity and the correlation
and five filter parameters: filter X size 5, filter Y
size 5, number of gray levels 32, spatial relation-
ship (Px) 1 and spatial relationship (Ln) 0. The
distance parameter in GLCM specifies the scale at
which the texture is analyzed. A particular dis-
tance provides perfect results for a particular tex-
ture pattern but not for various texture patterns
in the image. Therefore, the distance is a limit fac-
tor in GLCM to identify various texture patterns
in an image. The GLCM is constructed separately
for each input images (as shown in figure 1a and
1e) by considering the distance of 5, 7 and 9 pixels
away respectively along the vertical and horizon-
tal direction. And it is found that at distance 5
GLCM represents better textures in these images.
Therefore in this case the distance of 5 pixels is
considered as optimum to find the texture in the
image.

‘GLCM and K-mean’, ‘HE analysis and K-mean’
and the ‘Proposed segmentation’ (i.e., ‘HE analysis
and Proposed clustering’) have been applied on two
different 1 m PAN (IKONOS) images. First image
(figure 1a) is a mixing of

• vegetation,
• built-up area, and
• fallow.

Whereas second image (figure 1e) comprises of

• bare soil,
• vegetation,
• fallow, and
• built-up area.
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Figure 1. (a) IKONOS image of vegetation, built-up area and fallow, (b) Output image obtained by applying ‘GLCM and
K-mean’ on (a), (c) Output image obtained by applying ‘proposed transformation and K-mean’ on (a), (d) Output image
obtained using ‘proposed transformation and clustering’ on (a), (e) IKONOS image of bare soil, vegetation and fallow,
(f) Output image obtained by applying ‘GLCM and K-mean’ on (e), (g) Output images obtained by applying ‘proposed
transformation and K-mean’ on (e), and (h) Output image obtained using ‘proposed transformation and clustering’ on (e).
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Table 1. The comparative success rate for classifying the features obtained by applying (i) ‘GLCM and K-mean’,
(ii) ‘Proposed transformation (i.e., HE analysis) and K-mean’ and (iii) ‘Proposed transformation and proposed seg-
mentation’ separately on IKONOS images. The column of the table represents the percentage (%) of area occupied by
the features according to the segmentation results when there is a unique feature as per the ground truth.

Identified ground truth features
% Area occupied by

Segmentation the class as per seg- Vegetation Built-up Fallow Bare soil
method mentation results (100%) (100%) (100%) (100%)

GLCM and K-mean
(figure 1b and 1f)

Vegetation 23.21 28.21 5.27 3.30

Built-up area – 57.71 4.18 –

Fallow 57.28 14.08 84.23 92.34

Bare soil 19.51 – 6.32 4.36

Proposed transfor-
mation and K-mean
(figure 1c and 1g)

Vegetation 85.23 3.65 3.52 2.0

Built-up area – 81.52 2.71 –

Fallow 9.27 14.83 91.28 2.85

Bare soil 5.50 – 2.49 97.15

Proposed transfor-
mation and clustering
(figure 1d and 1h)

Vegetation 92.59 4.23 4.75 2.21
Built-up area – 92.37 – –
Fallow 4.52 2.32 93.25 2.50
Bare soil 2.89 1.08 2.0 93.29

Texture is visible in both the images. The results
of the proposed segmentation method (taking
the kernel size of (15, 15)) then compared with
the results obtained from the analysis based on
‘GLCM and K-mean’, ‘HE analysis and K-mean’
respectively.

The outputs of the ‘GLCM and K-mean’, ‘HE
analysis and K-mean’ and ‘HE analysis and pro-
posed clustering’ methods after being applied on
(i) first IKONOS image are shown in figure 1(b),
1(c), 1(d), (ii) second IKONOS image are shown
in figure 1(f), 1(g) and 1(h) respectively. From the
results, it clearly appears that the ‘HE analysis and
K-mean’ method gives less heterogeneous segments
than ‘GLCM and K-mean’. While ‘HE analysis
and proposed clustering’ method give more homo-
geneous segments with distinct classes than ‘HE
analysis and K-mean’.

Using the ground truth data overlaid separately
on the resultant outputs obtained after by means
of ‘GLCM and K-mean’, ‘HE analysis and K-
mean’ and ‘HE analysis and proposed clustering’
methods, the statistics of the classification rates for
each approach is shown in table 1. The numerical
results show that the success rate for recognizing
vegetation, built-up, fallow and bare soil are (23.21,
57.71, 84.23 and 4.36) by ‘GLCM and K-mean’,
(85.23, 81.52, 91.28 and 97.15) by the ‘HE analysis
and K-mean’ and (92.59, 92.37, 93.25 and 93.29)
by the ‘proposed transformation and clustering’
approach.

The experimented results with the two input
images (figure 1a and 1e) through ‘GLCM and
K-mean’ technique show under-segmentation and

the observer discrepancies in this method are as
follows:

• fallow and bare soil mixed with the vegetation,
• vegetation and fallow mixed with the built-up

area,
• vegetation, built-up area and bare soil mixed

with the fallow shown in figure 1(b), fallow and
vegetation mixed with bare soil shown in fig-
ure 1(f).

This discrepancy decreases the success rate of
recognizing vegetation, fallow and built-up area
and bare soil as shown in table 1 whereas the ‘HE
analysis and K-mean’ overcome these discrepancies
to a certain extent. It is found that the superpo-
sition of vegetation, fallow, built-up area and bare
soil becomes less as shown in figure 1(c) and 1(g).
Though the decreased discrepancy increases the
success rate of recognizing vegetation, fallow and
built-up area in ‘HE analysis and K-mean’, but the
‘Proposed transformation (i.e., HE analysis) and
Clustering’ approach mostly overcome these dis-
crepancies (table 1). The experimental result shows
that:

• vegetation is detected well and do not intermix
much with fallow and bare soil,

• built-up area and fallow is classified well as
shown in figure 1(d),

• bare soil is also detected very well as shown in
figure 1(h).

Consequently the success rate of recognizing
vegetation, fallow and built-up area and bare soil
increases more than 92% as shown in table 1.
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3.1 Comparison between K-mean and proposed
segmentation technique

K-mean needs number of class as an input to seg-
ment the image whereas proposed technique need
not require any input for segmentation.

K-mean only considers the information of
pixel value for segmentation. The proposed
segmentation technique also considers associa-
tion of HE values to increase the classification
accuracy.

In K-mean method, an iteration procedure is
carried out until all pixels get classified in the
image whereas in the proposed technique, iteration
is done to identify the range of HE densely occu-
pied in the kernel, and to partition those Hölder
exponent into a cluster which matches with that
range. Hölder exponent values (noise or not asso-
ciated with the other cluster) are clubbed into a
nearest possible cluster using the local maximum
likelihood analysis.

Proposed segmentation method is simple and
takes very less computation time while K-mean is
time consuming.

4. Conclusion

In this paper, the Hölder exponent is used as a
tool to utilize the spatial and spectral information
together to compute the degree of texture around
each pixel in the high-resolution panchromatic
images. The measure of dispersion (μdisp) is
employed to compute the Hölder exponent. A clus-
tering procedure including maximum likelihood
analysis is used to classify the Hölder exponent
image. From the results of the experiments it is
found that the proposed method adequately seg-
ment complex images containing texture regions
as well as non-texture regions. Moreover, it can
be considered as an intuitively appealing, unsuper-
vised (no need for a predefinition of the number of
clusters) and fast clustering algorithm. As a result
the method is potentially useful to classify high-
resolution panchromatic images more efficiently
and accurately.
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