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Abstract
Texture or spatial arrangement of neighborhood objects and features plays an
important role in the human visual system for pattern recognition and image
classification. The traditional spectral-based image processing techniques have
proven inadequate for urban land use and land cover mapping from images
acquired by the current generation of fine-resolution satellites. This is because of
the high frequency spatial arrangements or complex nature of urban features.
There is a need for an effective algorithm to digitally classify urban land use and
land cover categories using high-resolution image data. Recent studies using
wavelet transforms for texture analysis have generally reported better accuracy.
Based on a high-resolution ATLAS image, this study illustrates four different
wavelet decomposition procedures ± the standard, horizontal, vertical, and
diagonal decompositions ± for urban land use and land cover feature extraction
with the use of 3333 pixel samples. The standard decomposition approach was
found to be the most efficient approach in urban texture analysis and
classification. For comparison purposes and to better evaluate the accuracy of
wavelet approaches in image classification, spatial autocorrelation techniques
(Moran's I and Geary's C) and the spatial co-occurrence matrix method were also
examined. The results suggest that the wavelet transform approach is superior to
all other approaches.

Address for correspondence: Soe Win Myint, Department of Geography, University of
Oklahoma, 100 East Boyd Street, Norman, OK 73019-1007, USA. E-mail: swmyint@ou.edu
ß 2002 Blackwell Publishers Ltd, 108 Cowley Road, Oxford OX4 1JF, UK and
350 Main Street, Malden, MA 02148, USA.

404

S W Myint, N Lam and J Tyler

1 Introduction
Results obtained from urban land use and land cover mapping generally are much
less accurate while applications of remotely sensed image data have been successful
in other areas (e.g. agriculture, forestry, wetland, water resources, soil, land, etc.).
The traditional spectral-based image processing techniques have proven inadequate, due to the lack of consideration of the spatial properties of images in
classifying the urban land-use and land-cover features in high-resolution images.
Some researchers may think that high-resolution image data would provide better
accuracy in image processing and classification since it contains more detailed
information. Others, however, report that finer resolution image data does not
necessarily improve traditional spectral based image classification (Martin et al.
1988, Green et al. 1993, Muller 1997). In fact, some studies suggest that a reduction
in the classification accuracy occurs with high-resolution images, relative to that
obtained using coarser resolution data (Haack et al. 1987, Martin et al. 1988,
Barnsley and Barr 1996).
As the spatial resolution of remotely sensed data gets finer, detailed objects and
features in urban areas (e.g. single family vs. multi family homes, roads, trees, parking
lots, etc.) become more detectable; therefore, the spectral reflectance of an urban
environment as a whole becomes more complex. Moreover, urban features are
composed of spectrally different diverse materials concentrated in a small area (e.g.
plastic, metal, rubber, glass, cement, wood, etc.). In fact, the high frequency spatial
appearance or complex nature of urban features may be the major limitation in urban
land use and land cover classification using high-resolution image data.
The classification accuracy of images is the result of a trade off between two main
factors: class boundary pixels and within-class variances (Fortin 1992, Metzger and
Muller 1996). Boundary pixels between classes are generally undesirable for
classification purposes, even though they may provide useful information on the
structure and diversity of landscapes from an ecotone perspective. The within-class
variance is often considered a major criterion of accuracy in image classification. With
higher ground resolution, the amount of area occupied by boundary pixels decreases
but the within-class variance increases. Other factors limiting the accuracy of a
classification result are the low between-class variance and the poor representativity
of conventional statistical parameters, such as the mean values and the standard
deviations.
Most common image processing algorithms do not take the local structure or the
spatial arrangement of neighborhood pixels into consideration in the classification. To
extract the heterogeneous nature of urban features in high-resolution images, we need
to consider the texture information contained in a group of neighborhood pixels,
instead of its individual spectral value. Traditional spectral classification algorithms
use individual pixel values and ignore spatial information. This spatial information is
crucial in urban land use and land cover mapping, because most of the urban land
cover classes contain a number of spectrally different pixels or objects. For example,
roads, houses, grasses, trees, bare soil, shrubs, swimming pools and footpaths, each of
which may have a completely different spectral response, may need to be considered
together as a residential class.
Another problem for supervised classification is that it is extremely difficult to
define suitable training sets for many categories within urban environments. This is due
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to variation in the spectral response of their component land cover types (Foster 1985,
Gong and Howarth 1990, Barnsley et al. 1991). Thus, the training statistics may exhibit
very high standard deviation (Sadler et al. 1991) and violate one of the basic
assumptions of the widely used maximum-likelihood decision rule, namely, that the
pixel values follow a multivariate normal distribution (Barnsley et al. 1991, Sadler et al.
1991). Various attempts, including some new spatial and texture analysis techniques,
have been proposed to overcome the limitations associated with urban land use and
land cover mapping during the past two decades (Gong and Howarth 1992, Barnsley
and Barr 1996, Ji and Jensen 1999). The objective of this paper is to compare the
performance of the four different decomposition approaches in wavelet analysis in
extracting urban features using a relatively small local window (33x33 pixels). This
paper also examines the accuracy associated with separate and combinations of
different decomposition levels, different wavelet texture measures, and different remote
sensing image bands. Other texture methods including spatial autocorrelation and
spatial co-occurrence matrix approaches are also tested and their results are compared
with that of the wavelet approach.

2 Texture
Texture plays an important role in the human visual system for pattern recognition
and interpretation. In image interpretation, pattern is defined as the overall spatial
form of related features, and the repetition of certain forms is a characteristic pattern
found in many cultural objects and some natural features. Texture is the visual
impression of coarseness or smoothness caused by the variability or uniformity of
image tone or color (Avery and Berlin 1992). This general description does not
reflect the complete characterization of a texture, but it is by far the most commonly
used explanation of texture in image analysis and classification. Texture can be
evaluated as being fine, coarse, smooth, rippled, molled, irregular, or lineated.
Texture is an innate property of virtually all surfaces (e.g. the grain of wood, the
weave of a fabric, the pattern of crops in a field, etc.). It contains important
information about the structural arrangement of surfaces and their relationship to
the surrounding environment. Although it is quite easy for human observers to
recognize and describe in empirical terms, texture has been extremely refractory to
precise definition and to analysis by digital computers (Haralick et al. 1973). In
general, researchers in image analysis and pattern recognition do not bother to try
and define texture precisely. There is no universally accepted mathematical
definition of texture.
We show some hypothetical textures to demonstrate the general appearance of
textures in a simple manner. A random texture can be observed in Figure 1a. The pixels
are uncorrelated. Figure 1b shows a hypothetical deterministic texture (a checkerboard
style). It is a strictly ordered pattern, which is fully determined from the knowledge of a
small pattern. Observable textures are somewhere between these two extremes. Figures
1c and 1d show examples of random texture (hand-made paper) and a deterministic
texture (a brick wall) (Brodatz 1996). Some of the characteristics that may be used to
explain texture in different ways may include: (1) irregular and regular, (2) coarse and
fine, (3) smooth and rough, (4) orientation, (5) high density and low density, (6) phases,
(7) linear and non-linear, and (8) high and low frequency (Figure 2). Since the spatial
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Figure 1 (a) A hypothetical random texture, (b) A hypothetical deterministic texture, (c)
Handmade paper (D57 from Brodatz 1966), and (d) Brick wall (D95 from Brodatz 1966)
arrangements of features or textural properties of images appear to carry useful
information for discrimination purposes, it is important to develop algorithms and
measures to capture the characteristics of texture. Hence, the size of the local window
plays an important role in extracting texture information from a given set of data. This
is because the minimum distances required to cover different textures may be
completely different at a given scale depending on their complexity, repetition, spatial
arrangements, orientation, and size of objects and features. This is also true for the
same texture features at different scales.
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Some characteristics of texture patterns

3 Spatial Analysis and Wavelet Transforms
Local variability in remotely sensed data can be characterized by computing the
statistics of a group of pixels, e.g. coefficient of variance or autocovariance, or by
analysis of fractal relationships. There have been some attempts to improve the
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analysis of remotely sensed data by using texture transforms in which some measure of
variability in DN values is estimated within local windows, e.g. contrast between
neighboring pixels (Edwards et al. 1988), the standard deviation (Arai 1993), or local
variance (Woodcock and Harward 1992). The coefficient of variance gives a measure
of the total relative variation of pixel values in an area and can be computed easily, but
it provides no information about spatial patterns (De Jong and Burrough 1995). A
number of researchers have criticized many other neighborhood operations such as
diversity or variation filters (e.g. Klinkenberg 1992, Snow and Mayer 1992, and
Burrough 1993). Their results were easy to compare, but they did not reveal any
information on spatial irregularities.
De Jong and Burrough (1995) analyzed variograms of remotely sensed
measurements to quantitatively describe the spatial patterns. Variogram interpretation
of satellite data was also carried out by Woodstock et al. (1988a, b) and Webster et al.
(1989). Lam (1990) and Lam and Quattrochi (1992) demonstrated that the fractal
dimensions of remote sensing data could yield quantitative insight on the spatial
complexity and information content contained within these data. Quattrochi et al.
(1997) used a software package known as the Image Characterization and Modeling
System (ICAMS) to explore how fractal dimension is related to surface texture. They
also investigated how spatial resolution affects the computed fractal dimension of ideal
fractal sets by using the isarithm method (Lam and De Cola 1993), the variogram
(Mark and Aronson 1984), and the triangular prism methods (Clarke 1986). Emerson et
al. (1999) analyzed the fractal dimension using the isarithm method and the spatial
autocorrelation methods (Moran's I and Geary's C) to observe the differing spatial
structures of the smooth and rough surfaces in remotely sensed images. These
approaches, while being applicable, are not problem free. Research on the uses and the
limitations of different fractal approaches can be found in Klinkenberg and Goodchild
(1992), Xia (1993), Roach and Fung (1994), De Jong and Burrough (1995), Dong
(2000a, b), and Lam et al. (2002).
These methods alone may not provide satisfactory accuracy when they are applied
to fine-resolution remotely sensed images for urban land cover mapping. Recent
developments in the mathematical theory of wavelet transform approaches based on
multi-channel or multi-resolution analysis has received some recent attention. In this
study, as explained in the next section, wavelet transforms are applied to extract
textural features of multispectral urban images.

4 Multi-resolution Wavelet Decomposition
Mallat (1989a, b) developed the multiresolution analysis theory using the orthonormal
wavelet basis. A wavelet is orthogonal when all of the pairs formed from the basis
functions j,k are orthogonal to each other. An orthogonal wavelet which is normalized
to one is called an orthonormal wavelet (Fukuda and Hirosawa 1998). The
multiresolution wavelet transform decomposes a signal into a low frequency
approximation and high frequency detail information at a coarser resolution. In
satellite image analysis using 2-D wavelet transform techniques, rows and columns of
image pixels are considered signals.
The approximation and details of a two-dimensional image f(x,y) at resolution 2j
can be defined by the coefficients computed by the following convolutions:
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where integer j is a decomposition level, m, n are integers,  x is a one-dimensional
scaling function, and x is a one-dimensional wavelet function. In general,  x is a
smoothing function which provides low frequency information (low-pass filter), and
x is a differencing function which provides high frequency information (high-pass
filter). Ad2 j1 f can be perfectly reconstructed from Ad2 j f , D12 j f , D22 j f , D32 j f .
The expressions (1) through (4) show that in two dimensions, are Ad2 j f and Dk2 j f
computed with separable filtering of the signal along the abscissa and ordinate. The
wavelet decomposition can thus be interpreted as a signal decomposition in a set of
independent, spatially oriented frequency channels (Mallat 1989a), so that  x and
x can be defined as:
p X
c k 2t ÿ k
5
Dilation equation  t  2
k

p X
d k 2t ÿ k
Wavelet equation  t  2

6

k

Forpexample,
Haar,

p the simplest wavelet
p transform, has coefficients: c 0  c 1 
1= 2, d 0  1= 2, and d 1  ÿ1= 2. Thus, its dilation equation and wavelet
equation can be expressed as:
 t   2t   2t ÿ 1
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(Strang and Nguyen 1997).
The approximation and detail coefficients can be computed with a pyramid
algorithm based on convolutions with the above-mentioned two one-dimensional
parameter filters. Approximation of a signal Ad2 j f , also known as trend, can be
obtained by convolving the input signal Ad2 j1 f with the lowpass filter (L). First, the
rows of an image are convolved with a one-dimensional L. Next, the filtered signals are
down sampled. In the first step, down sampling is performed by keeping one column
out of two. Then the resulting signals are convolved with another one-dimensional
lowpass filter, retaining every other row. To obtain a horizontal detail image, first the
rows of the input image are convolved with a lowpass filter L, and the filtered signals
are down sampled by keeping one column out of two, as we do in processing
approximation images. However, for the next stage, the columns of the signals are
convolved with a highpass filter H, and again every other row is retained. For the
vertical details, the original signals are convolved first with a highpass filter H and then
with a lowpass filter L, following the above procedure. For the diagonal detail image,
the same down sampling procedure is carried out, using two highpass filters
consecutively. The algorithm for the application of the filters and down sampling
procedure for computing the approximation and detail coefficients is illustrated in
Figure 3. It shows in the frequency domain how the image Ad2 j1 f is decomposed into
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Decomposition procedure of an image by the multiresolution analysis

Figure 4 Multiresolution wavelet decomposition of an image (commercial area ^ near
infrared band): (a) original image, (b) wavelet representation at level 1, (c) wavelet
representation at level 2
Ad2 j f , D12 j f , D22 j f , and D32 j f sub-images. The sub-image Ad2 j f corresponds to the lowest
frequencies (approximation), D12 j f gives the vertical high frequencies (horizontal
edges), D22 j f the horizontal high frequencies (vertical edges), and D32 j f the high
frequency in both directions (the diagonal edges). Figure 4 represents a standard
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orthonormal wavelet decomposition with two levels of an image. The image is a
randomly selected training sample of a commercial area generated from the ATLAS
image of Baton Rouge, the study area. The pyramid decomposition can be
continuously applied to the approximation image until the desired coarseness
resolution 2ÿj ÿ1  j  ÿJ is reached.

5 Data and Study Area
An advanced Thermal Land Application Sensor (ATLAS) image at 2.5 m spatial
resolution acquired with 15 channels (0.45 mÿ12.2 m) was used for this study. The
data was collected by a NASA Stennis LearJet 23 flying at 6600 feet over Baton Rouge,
Louisiana, on May 7 1999 (Figure 5). A previous study by Myint (2001) demonstrated
the potential of the wavelet transform approach in texture analysis and classification
using 6565 pixel samples. In this study, we explore further the performance of various
wavelet decomposition approaches in classifying urban features with a smaller window
(3333 pixels), and then compare the classification accuracy with that of other texture
approaches (spatial autocorrelation and spatial co-occurrence).
Six urban land use and land cover features with different textural appearances
were selected. The selected land-use and land-cover classes include single-family
homes with less than 50% tree canopy (residential-1), single-family homes with more
than 50% tree canopy (residential-2), commercial, forest, agriculture, and water
(Figure 6). Two segmented regions of each class were visually identified with the help
of local area knowledge, ground information collection, and existing maps. Five
training pixels were then randomly selected from each region leading to a sample of 10
pixels. Unlike the 6565 pixel local window used in the previous study, a 3333
square window size centered at the randomly selected pixels in each region was used to
subset training samples. Criteria for the selection of window size include image
resolution, minimum mapping unit size, and the nature of the classes (i.e. minimum
distance to completely cover a class, repetition of spatial objects and features of a
class, size of the regions, classes selected, level of heterogeneity, and orientation of
features) to be identified. The reason for selecting a relatively small window is to see
how different wavelet decomposition procedures perform with smaller window sizes.
It is understood that a 3333 pixel local window is large enough to cover texture
features of all selected land cover types in this study. In other words, a distance of 33
pixels, 82.5 m in this instance, exceeds the minimum distance required to cover
individual texture features of land use and land cover classes in urban areas. It should
be noted that small window size may not cover sufficient spatial/texture information
to characterize land use and land cover types. At the same time, if the window size is
too large, too much information from other land use and land cover features could be
included and hence the discrimination result might not be accurate. Therefore, it is
important to examine the appropriate window size for accurate discrimination of
urban features.
It was observed that textures of the same area in different bands (e.g. visible,
reflected infrared, and thermal infrared) were different in terms of contrast,
smoothness and coarseness, and spatial variation. Since different texture appearances
of the same area in different bands were observed, three different bands were selected
and examined in this study. Band-2 (0.52 mÿ0.60 m) was selected as it represents a
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Figure 5 A subset of Baton Rouge area displayed in Band-12 (Thermal bandÿ9.60 mÿ
10.20 m)
visible band. Band-6 (0.76 mÿ0.90 m) was selected to represent a near infrared band,
and band-12 (9.60 mÿ10.20 m) represents a thermal band. Figure 7 shows the
differences in texture features of the same area in three different bands: band-2, band-6,
and band-12.
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Samples of six urban texture features (Thermal bandÿ9.60 mÿ10.20 m)

Figure 7 Different texture appearances of a sample (commercial) shown in each of the
three selected channels: Band-2 (0.52 mÿ0.60 m), Band-6 (0.76 mÿ0.90 m), and band12 (9.60 mÿ10.20 m).

6 The Analysis Procedure
6.1 Wavelet Transform
Four decomposition approaches were examined in this study: (1) standard
decomposition; (2) decomposition with the horizontal details; (3) decomposition with
the vertical details; and (4) decomposition with the diagonal details. Figure 8a
illustrates the first level decomposition of an original image and Figures 8b-e represent
four different decomposition procedures with three levels of an original image. The
second, third, and fourth approaches will be hereafter referred to as horizontal
decomposition, vertical decomposition, and diagonal decomposition approaches,
respectively. These three approaches together are hereafter called detail decomposition
techniques. The standard decomposition procedure was carried out for six land cover
types of 3333 pixel texture samples generated from band-2, band-6, and band-12.
Then, band-6 samples were further tested with the use of four different decomposition
approaches, because band-6 provided the highest accuracy (100%) in the previous
study that used 6565 pixel samples (Myint 2002). To evaluate the power of the
wavelet transform technique for texture classification, linear discriminant analysis
ß Blackwell Publishers Ltd. 2002
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approach was used. The texture measures (e.g. entropy value of the decomposed subimages) for the samples were subject to discriminant analysis. The Minitab software
package was used to perform discriminant analysis for the classification of land cover
features in this study. The procedure generates a discriminant function (or, for more
than two groups, a set of discriminant functions) based on linear combinations of the
predictor variables, which provide the best discrimination between the groups. The
discriminant analysis was carried out to discriminate between textural features of
urban land use and land cover classes on the basis of the texture measure values of the
wavelet coefficients of sub-images at different levels.
6.2 Texture Measures Used to Discriminate Wavelet Features
Haralick et al. (1973) proposed a variety of measures to extract textural information
from the gray level co-occurrence matrices (GLCM), also known as the spatial cooccurrence matrix. Gong and Howarth (1992) demonstrated the efficiency of
occurrence frequency methods with the use of several measures: mean, standard
deviation, skewness, kurtosis, range, and entropy measures. Zhu and Yang (1998)
used information entropy as a measure to identify texture features in 25 types of
aerial relief samples selected from remote sensing images. Albuz et al. (1999) used the
sum of squares of the wavelet coefficients of each sub-band for their image retrieval
system. Sheikholeslami et al. (1999) calculated the mean and variance of wavelet
coefficients to represent the contrast of the image. In this study, four feature
measures: log energy (LOG), Shannon's index (SHAN), entropy (ENT), and angular
second moment (ASM) were used to characterize the texture of urban land use and
land cover classes:
LOG 
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where P(i, j) is the (i, j)th pixel wavelet coefficient value of a decomposed image at a
particular level. A program using the MATLAB software package was developed to
perform wavelet decompositions and to compute these four texture measures in the
analysis.
6.3 Other Spatial Approaches
For comparison and to better evaluate the efficiency of wavelet approaches in image
classification, two spatial autocorrelation techniques (Moran's I and Geary's C) and
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Figure 8 Four different decomposition procedures with 3 levels of an original image; (a)
decomposition at the first level, (b) standard, (c) horizontal, (d) vertical, and (e) diagonal
decompositions.
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the spatial co-occurrence method were also examined in this study. The discriminant
analysis was carried out to discriminate between classes of urban land-use and landcover on the basis of these texture measures.
6.3.1 Spatial Autocorrelation
The software ICAMS was used to compute Moran's I and Geary's C, the two indices of
spatial autocorrelation (Quattrochi et al. 1997, Lam et al. 1998). Moran's I and Geary's
C are calculated from the following formulae:
n
I d 

n X
n
X
i

W

i

nÿ1
C d 

wij zi zj

j
n
X

13
z2i

n X
n
X
i

2W

wij yiÿ yj 2

j

n
X
i

14
z2i

where wij is the weight at distance d so that wij  1 if point j is within distance d from
point i; otherwise, wij  0; z's are deviations (i.e. zi  yi ÿ ymean for variable y), and W
is the sum of all the weights where i 6 j. Moran's I varies from +1.0 for perfect
positive correlation (a clumped pattern) to ÿ1.0 for perfect negative correlation
(checkerboard pattern). Geary's C normally ranges from 0.0 to 3.0, with 0.0 indicating
positive correlation, 1.0 indicating no correlation, and values greater than 1.0
indicating negative correlation.
6.3.2 Spatial Co-occurrence Matrix
One commonly applied statistical procedure for interpreting texture uses the image
spatial co-occurrence matrix (SCM), which is also known as the gray level cooccurrence matrix (GLCM) (Conners and Harlow 1980, Barber and LeDrew 1991,
Berry and Goutsias 1991, Pesaresi 2000). The use of SCM or GLCM in texture analysis
is also referred to as the spatial gray level dependence method. Spatial co-occurrence
matrix is a widely used texture and pattern recognition technique in the analysis of
remotely sensed data, and to a certain extent it has been successful.
There are a number of texture measures, which could be applied to spatial cooccurrence matrices for texture analysis. Figure 9 illustrates the construction of four
directional spatial co-occurrence matrices for a 3 by 3 window from an example image
normalized to four gray levels (0 to 3). The final matrix for a given point location in the
image contains the number of times each possible pair of pixel values occurred in the
selected orientation (e.g. horizontal 0ë, vertical 90ë, left diagonal 135ë, and right
diagonal 45ë) within the specified neighborhood surrounding that point (Figure 9c).
In this study, five texture measures based on the co-occurrence matrix were used:
angular second moment or Energy (ASM); entropy (ENT); homogeneity or inverse
difference moment (IDM), contrast or Inertia (CON); and correlation (COR). The
formulae used to compute each measure from the spatial co-occurrence matrix are as
follows (Peddle and Franklin 1991, Conners and Harlow 1980):
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Figure 9 (a) 33 window with gray tone range 0ÿ3; (b) General form of any spatial cooccurrence matrix for window with gray tone range 0ÿ3. # (i,j) represents number of
times gray tones i and j were neighbors; (c) selected orientations (e.g. horizontal 0ë, vertical
90ë, left diagonal 135ë, and right diagonal 45ë); (d)ÿ(f) spatial co-occurrence matrices
derived for four angular orientations
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where p(i,j) is the (i,j)th pixel co-occurrence matrix value of an image.
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7 Results and Discussion
7.1 Standard Decomposition with 3333 Samples
Using the standard decomposition procedure, linear discriminant analysis was carried
out to identify six land cover types of 3333 pixel texture samples generated from
band-2, band-6, and band-12. Wavelet decomposition was performed up to 3 levels, l1,
l2, and l3. The classification results are shown in Table 1 and Figure 10.
In the case of band-2, ENT and ASM yielded the highest accuracy of 72% at the
first decomposition level (Table 1). The overall accuracies produced by SHAN, ENT,
and ASM at l1 and l2 were slightly higher than those produced by the LOG measure.
However, there were no significantly different accuracies found between combinations
of l1 , l2 , and l3 , (3 levels) and l1 and l2 (2 levels). This may be due to the fact that smaller
sub-samples at level 3 cover less spatial frequency information. The highest accuracy
found in the overall classifications was produced by the combination of 3 levels (90%)
when using the ENT measure.
In the case of band-6, ASM yielded the highest accuracy of 77% at the first level,
whereas the LOG measure again gave the lowest accuracy (68%) (Table 1). Both LOG
and ENT with the combination of three levels achieved the highest accuracy (88%) in
this analysis. Even though the SHAN measure yielded the second highest accuracy at
the first level it produced the lowest accuracy at the combination of 3 levels (83%).

Table 1 Classification results for bands 2, 6, and 12 using the standard decomposition
technique
Overall Accuracy (%)
Bands

L

Band-2 (visible)

(Measures)
SHAN
ENT

NSI

LOG

ASM

l1
l2
l3
l1 ÿ l 2
l1 ÿ l 3

4.0
4.0
4.0
8.0
12.0

61.7
40.0
45.0
73.3
81.7

70.0
66.7
41.7
81.7
83.3

71.7
68.3
48.3
90.0
90.0

71.7
70.0
43.3
83.3
85.0

Band-6 (near infrared)

l1
l2
l3
l1 ÿ l 2
l1 ÿ l 3

4.0
4.0
4.0
8.0
12.0

68.3
53.3
55.0
78.3
88.3

75.0
68.3
50.0
78.3
83.3

70.0
63.3
56.7
80.0
88.3

76.7
68.3
50.0
76.7
86.7

Band-12 (thermal)

l1
l2
l3
l1 ÿ l 2
l1 ÿ l 3

4.0
4.0
4.0
8.0
12.0

81.7
65.0
45.0
85.0
90.0

73.3
65.0
46.7
90.0
93.3

80.0
60.0
43.3
86.7
90.0

73.3
65.0
46.7
90.0
93.3

L = wavelet decomposition level; NSI = number of sub-images
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Figure 10 Overall accuracy for LOG, SHAN, ENT, and ASM plotted against separate
decomposition level and combination of different levels: (a) standard decomposition
approach with band 2, (b) standard decomposition approach with band 6, (c) standard
decomposition approach with band 12
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In the case of band-12, the LOG measure yielded the highest accuracy of 82% at
the first level. In fact, band-12 with the LOG measure gave the highest accuracy among
all bands when using level 1 alone. SHAN and ASM gave the lowest accuracy (73%) at
the first level. However, the highest accuracy found in the overall classification was
produced by the combination of 3 levels (93%) when using SHAN or ASM measure.
In general, the range of overall accuracy is relatively large for different measures
and for different levels of decomposition. It is observed from Figure 10 that the overall
accuracy decreases with increasing decomposition level. This may be due to a reduction
in the texture information covered by a smaller image size, since wavelet
decomposition at a higher level produces smaller sized sub-images. It is also noted
that the accuracy trend curve according to the level of decomposition found in this
study is similar to the human detection accuracy curve demonstrated by Hodgson
(1998) and the empirical general histogram distance index reported by Pesaresi (2000).
Moreover, the overall accuracy for the combination of different levels is much higher
than any single level alone. The combination of more levels yielded higher accuracy
than that of a lesser number of levels. The highest accuracy found was produced by the
combination of l1 , l2 , and l3 . This result was found to be consistent with all measures
and all bands.
It is also noted that a measure, which yields the best result at the first level, may
not be the most efficient one when using a combination of three levels. In general, the
higher the accuracy produced at the first level, the higher the accuracy can be expected
when using a combination of three levels for a particular measure. The findings here
show that we need to investigate the performance of texture measures using the
combination of all levels, regardless of the accuracy achieved at the first level. The
reason for this is that the combination of different levels always generates higher
accuracy than single levels.
The highest accuracy (93%) found in the classification of 3333 pixel samples for
all three bands was produced by the urban texture features associated with band-12. In
general, it can be concluded that band-12 was found to be the most efficient band in
this study. The highest overall classification accuracies reported in these analyses with
the 3333 pixel samples generated from band-2, band-6, and band-12 using a
combination of all three levels were 90%, 88%, and 93%, respectively (Table 1). The
LOG measure was generally slightly less accurate than other measures. However, this
does not necessarily mean that the LOG measure is not a good candidate in texture
analysis and classification, since its accuracy exceeded the minimum mapping accuracy
of 85% required for most resource management applications when using band-6 and
band-12 (Townshend 1981).
It was originally thought that ENT would characterize the textures of urban areas
more accurately than the others. What has been observed is that other texture
measures, in certain situations, produce slightly higher accuracy than the ENT
measure. However, it is important to note that there is no significant difference in
accuracies among all measures. When comparing between bands, samples generated
from band-2 produced the lowest accuracies, and band-12 yielded the highest. When all
three levels were used, the accuracy level exceeds 85%. Since band-6 was tested in the
previous study, we use band-6 to further test the performance of different
decomposition approaches and other texture analysis approaches. Finally, when
comparing the results among different land cover classes, it is difficult to determine
which measure is the most reliable, since both the user's and producer's accuracies for
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all classes vary with the use of measure, level of decomposition, and the combination of
different levels (Table 2). In general, water may be the most reliable category, which
consistently gave relatively high accuracy. This may be because water is more
homogeneous in texture than other categories.

7.2 Comparison with Other Decomposition Approaches
In horizontal decomposition, the highest overall classification accuracy (87%) reported
in these analyses was produced by the combination of three levels with the use of the
LOG measure, a value slightly less than that of the standard decomposition approach
(Table 3). For other measures, accuracies are significantly lower in horizontal
decomposition. This finding is not consistent with the remote sensing image texture
analysis reported by Zhu and Yang (1998), where they found the accuracy obtained by
horizontal decomposition was slightly superior to the standard decomposition
procedure. The discrepancies in results between the two studies might be due to a
number of factors, such as local window size, resolution of the image data, nature of
the study area, and classification specificity. From Figure 11, we can see the same trend
in overall accuracy as we have seen in standard decomposition. It is again observed that
sub-images at higher decomposition level produce lower accuracy, and combination of
three levels produced the highest accuracy.
In vertical decomposition, the SHAN measure with the combination of three levels
gave the highest accuracy (87%) (Table 3). The highest overall classification accuracy
obtained in this analysis is also lower than the highest accuracy obtained in the
standard technique, therefore it can be concluded that vertical decomposition in this
study is not as accurate as the standard approach. In addition, the accuracies produced
by the vertical approach with the combination of three levels in some cases (e.g. SHAN,
ENT, ASM) are higher than the horizontal approach.
In diagonal decomposition, the LOG and ENT measures with the combination of
three levels produced the highest overall classification accuracy (80%) (Table 3). The
highest overall classification accuracy obtained in this analysis is lower than the highest
accuracy obtained in all other decomposition techniques. It is interesting to note that
combination of three levels with the SHAN measure produces lower accuracy than the
combination of two levels. The lower accuracy of diagonal decomposition may be due
to the weaknesses of spatial frequency information captured from diagonal details of
the mother body.
The above analysis of different decomposition approaches suggests that the
standard approach is generally more accurate than the horizontal, vertical, and
diagonal decompositions (Figure 12).

7.3 Comparison with Spatial Autocorrelation and Spatial Co-occurrence
Matrix Approaches
Figure 13 and Table 4 present the overall classification accuracies for 3333 pixel
samples produced by wavelet transforms using log energy (W-LOG), Shannon's index
(W-SHAN), entropy (W-ENT), and angular second moment (W-ASM); spatial
autocorrelation using Moran's I and Geary's C and the spatial co-occurrence matrix
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Table 2 Overall classification accuracy and producer's/user's accuracies of the six landuse land-cover classes derived from 3333 samples of band-6 data
Texture Measures
Level

l1

CL

A
C
F
L
M
W

LOG
SHAN
ENT
ASM
PACC UACC OACC PACC UACC OACC PACC UACC OACC PACC UACC OACC
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
50
60
70
50
80
100

71
67
78
50
73
71

40
80
80
60
90
100

67
53
100
86
69
91

68

l2

A
C
F
L
M
W

20
50
60
80
60
50

33
56
60
67
46
50

l3

40
40
40
60
70
80

50
90
80
50
60
80

57
44
40
55
54
80

71
69
67
71
50
89

70
40
10
30
60
90

l1 l2 & l3

80
70
100
90
90
100

89
78
100
90
90
100

75
70
64
44
42
90

70
70
10
30
60
100

83
75
90
82
80
91

76.7
50
90
80
50
60
80

71
69
67
71
50
89

78
70
50
30
43
67

68.3
60
40
10
30
70
90

60
57
20
30
50
64

57
70
90
90
90
90
100

83

71
57
100
86
69
91

63

50
50
90
90
90
80
100

88

60
70
70
40
50
90

64
50
25
30
46
64

50
80
80
60
90
100
70

68

55
A
C
F
L
M
W

50
71
89
75
56
90

75

53
A
C
F
L
M
W

50
50
80
60
90
90

88
90
90
90
82
91

50
60
90
90
90
90
100

88

86
75
100
90
82
91
86.7

CL = classes; A = agriculture; C = commercial; F = forest; L = single-family homes with
less than 50% tree canopy (residential-1); M = single-family homes with more than 50%
tree canopy (residential-2); W = water
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Figure 11 Overall accuracy for LOG, SHAN, ENT, and ASM plotted against separate
decomposition level and combination of different levels: (a) horizontal decomposition
approach with band-6 (3333), (b) vertical decomposition approach with band-6 (3333),
(c) diagonal decomposition approach for band-6 (3333)
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Table 3 Classification of 3333 samples generated from band-6 using different
decomposition approaches
Overall Accuracy (%)
Bands

L

D1

(Measures)
SHAN
ENT

NSI

LOG

ASM

l1
l2
l3
l 1 ÿ l2
l 1 ÿ l3

4
4
4
8
12

68.3
53.3
55.0
78.3
88.3

75.0
68.3
50.0
78.3
83.3

70.0
63.3
56.7
80.0
88.3

76.7
68.3
50.0
76.7
86.7

D2

l1
l2
l3
l 1 ÿ l2
l 1 ÿ l3

4
4
4
8
12

68.3
61.7
48.3
81.7
86.7

75.0
68.3
56.7
75.0
78.3

70.0
61.7
56.7
73.3
76.7

76.7
68.3
58.3
76.7
76.7

D3

l1
l2
l3
l 1 ÿ l2
l 1 ÿ l3

4
4
4
8
12

68.3
45.0
45.0
70.0
80.0

75.0
51.7
43.3
75.0
86.7

70.0
51.7
43.3
80.0
81.7

76.7
51.7
45.0
75.0
83.3

D4

l1
l2
l3
l 1 ÿ l2
l 1 ÿ l3

4
4
4
8
12

68.3
46.7
45.0
78.3
80.0

75.0
65.0
50.0
76.7
73.3

70.0
66.7
50.0
76.7
80.0

76.7
66.7
50.0
76.7
78.3

D1 = standard decomposition; D2 = horizontal decomposition, D3 = vertical decomposition; D4 = diagonal decomposition; L = wavelet decomposition level; NSI = number
of sub-images
using angular second moment or energy (C-ASM), entropy (C-ENT), homogeneity or
inverse difference moment (C-IDM), contrast or inertia (C-CON), and correlation (CCOR).
From Figure 13, it can be noted that the wavelet analysis technique produced more
accurate results than other spatial techniques, and the spatial co-occurrence technique
yields the lowest accuracy. A standard decomposition approach with three levels
combined yielded over 83% accuracies (Table 4). The next highest accuracy is achieved
by the spatial co-occurrence matrix with the IDM measure (67%). It is noted that there
is a huge gap between the lowest accuracy (83%) achieved by wavelet and the lowest
accuracies (60% and 52%) achieved by the other texture methods (i.e. the spatial
autocorrelation and spatial co-occurrence matrix approaches). In general, the highest
accuracies for the 3333 pixel samples produced by different texture methods: wavelet
transform, spatial autocorrelation, and spatial co-occurrence approaches are 88%,
62%, and 67%, respectively. It is hard to conclude which approach is more accurate
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Figure 12 Comparisons of overall accuracies obtained from four different decomposition
approaches with band-6 (3333) using combination of 3 levels: D1  standard decomposition; D2  horizontal decomposition, D3  vertical decomposition; D4  diagonal
decomposition

Figure 13 Overall classification accuracies for 3333 samples generated from band-6
produced by wavelet, spatial autocorrelation, spatial co-occurrence matrix, and fractal
analysis approaches
between spatial autocorrelation and the spatial co-occurrence matrix since the C-IDM
approach produced better accuracy than both autocorrelation methods, whereas the
remainder of the co-occurrence approaches produced lower accuracy than Moran's I
and Geary's C. However, it is clear that the accuracies for 3333 pixel samples
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Table 4

Overall classification accuracies for band-6 produced by different algorithms
Overall classification accuracy

Wavelet
W-LOG
W-SHAN
W-ENT
W-ASM

Autocorrelation
88.3
83.3
88.3
86.7

Moran's I
Geary's C

60.0
61.7

Cooccurrence matrix
C-IDM
C-CON
C-ASM
C-ENT
C-COR

66.7
55.0
55.0
51.7
58.3

achieved by all wavelet transform approaches are much higher than these two texture
methods.

8 Conclusions
Figure 10 confirms that the classification accuracy decreases with increasing level of
decomposition. It also suggests that the combination of more levels improves the
accuracy significantly. When comparing different decomposition approaches, the
standard approach was slightly more accurate than the remainder; the vertical
decomposition produced slightly higher accuracy than the horizontal decomposition;
and the diagonal approach yielded the lowest overall accuracy. However, it should not
be interpreted that the overall accuracy obtained by the vertical decomposition would
always be higher than that of horizontal accuracy, and vice versa. The spatial
dependence of variability in digital values may have a directional component (Lark
1996) such that more variation is seen in one direction than another. The results may
vary due to the size of window, choice of the texture measures, type of classes,
resolution of the image, nature of textures, selection of wavelet decomposition
approach, and type of wavelet transform. These attributes can be considered the
sources of error or uncertainty in the application of image texture to urban land cover
classification using the wavelet transform approach.
One final result of interest concerns the lack of consistency in overall classification
associated with the use of texture measures. Individual performance in the
classification varies by the choice of decomposition approach and the use of measures.
Hence, it may be difficult to draw a straightforward conclusion on which approach in
combination with which texture measure is the most efficient in extracting urban
features in this analysis at this point. However, the overall accuracy obtained by the
standard decomposition procedure with all four different measures ± LOG, SHAN,
ENT, and ASM ± exceeded the minimum mapping accuracy of 85%. Hence, the results
from this study suggest that the standard decomposition approach is the most accurate
approach in urban texture analysis and classification.
When comparing the wavelet approach with the spatial autocorrelation and spatial
co-occurrence approaches, the multi-resolution wavelet approach that combines all
three decomposition levels definitely yielded far more accurate results than the other
two approaches which do not utilize multi-resolution information. This is an
important result. More research on the various aspects of the wavelet approaches
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(e.g. different wavelet transform, window size, land-cover classes) will be beneficial to
accurate classification of urban features using high-resolution remote sensing imagery.
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