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ABSTRACT:

The recent development in satellite sensors provide images with very high spatial resolution that aids detailed mapping of Land Use
Land Cover (LULC). But the heterogeneity in the landscapes often results in spectral variation within the same and spectral
confusion among different LU/LC classes at finer spatial resolution. This leads to poor classification performances based on
traditional spectral-based classification. Many studies have been addressed to improve this classification by incorporating texture
information with multispectral images. Although different methods are available to extract textures from the satellite images, only a
limited number of studies compared their performance in classification. The major problem with the existing texture measures is
either scale/orientation/illumination variant (Haralick textures) or computationally difficult (Gabor textures) or less informative
(Local binary pattern). This paper explores the use of texture information captured by Local Multiple Patterns (LMP) for LULC
classification in a spectral-spatial classifier framework. LMP preserve more structural information and involves less computational
efforts. Thus LMP is expected to be more promising for capturing spatial information from very high spatial resolution images. The
proposed method is implemented with spectral bands and LMP derived from WorldView-2 multispectral imagery acquired for
Madurai, India study area. The Multi-Layer-Perceptron neural network is used as a classifier. The proposed classification method is
compared with LBP and conventional Maximum Likelihood Classification (MLC) separately. The classification results with 89.5%

clarify the improvement offered by the LMP for LULC classification in comparison with the conventional approaches.

1. INTRODUCTION

Satellite images are becoming available at very finer resolutions
since last two decades that offer great potential for earth
observation. Especially the launch of WorldView-2 is making a
major contribution towards the advancement of detailed
mapping of landscape features (Pacifici et al, 2009). Hence
proving the commercial remote sensing industry is providing
higher possibilities for mapping and monitoring Land Use
(LU)/Land cover (LC) features (Aitkenhead & Aalders 2011).
However mapping LULC from Very High Resolution (VHR)
imagery possesses many challenges (Giada et al, 2003): 1)
Complexity owing to the high internal variability in landscape
units causing spectral confusion within same and different
LULC units (Lu et al, 2010), 2) Requirement of adapting
special image analysis techniques to extract useful input
features to stack with spectral profiles (Lu et al, 2010), 3)
Failure of traditional classification technique such as using
parametric classifiers in classifying complex landscapes
(Chellasamy et al, 2014a) and many more. Thus, in this paper a
classification technique that can cope with the three above
mentioned challenges is addressed.

An image analysis widely followed by researchers to improve
LULC classification from VHR imagery is texture analysis
(Chellasamy et al, 2014a, Puissant et al, 2005, Herold et al,
2003). Incorporation of spatial information/image texture

reduces the effect of spectral variation with in same landscape
class. The studies have proved the improvement in overall
classification accuracy of LULC classification by using spatial
information inherent in VHR images. Several approaches can be
found in the literatures for measuring texture information. Omni
directional Grey Level Co-occurrence Measures (GLCM) are
used by Herold et al, (2003) to characterize the spatial
information. The texture measures are calculated by second-
order statistics such as variance and contrast at displacement of
five pixels. Geostatistics from spectral variogram are used by
Yoo et al, (2006) to estimate level index map for determining
the complexity of landscapes in VHR images and shown to be
promising for LULC mapping. Wang et al, (2006) used Local
Binary Patterns (LBP) to capture the spatial details of structured
landscape features like roads. The study by Wassenaar et al,
(2002) used Discrete Fourier Transform (DFT) to capture the
texture details of different crop types and proved to show good
performance in mapping irrespective of variable soil surface and
spatial structure within same crop types. Gabor filters has been
a power tool for texture feature extraction due to their optimal
localization characteristics in spatial-frequency domain (Clausi
& Jernigan, 2000, Unser 1995).

While many approaches are available for characterizing spatial
details, the performance of each approach is found to be
dependent on nature of the imagery, types of landscape features,
scale of measurement, orientation etc. (Lloyd et al, 2004).
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Although there are potential remarks about the above mentioned
texture analysis for LULC mapping, some literatures (Lloyd et
al, 2004, Lucieer et al, 2005) address their failure certain cases.
LBP extraction which is one of the structural methods of texture
analysis is said to have limitation as it do not produce adequate
information to characterize the complex patterns (Lloyd et al,
2004). The study by Shahbahrami et al, (2012) shows that
process of computing GLCM is computationally intensive and
time consuming. Also GLCM suffers from its dependency on
scale, orientation and illumination (Goswami, 2010). Although
Gabor textures, a feature-based texture analysis derives texture
measures directly from the image is claimed to be invariant to
scale and orientation, still it depends on number of scale and
orientation and also has computational complexity (Sandler &
Lindenbaum, 2006). It is critical to choose an apt texture
analysis for exploring spatial information from images at finer
resolutions.

The key contribution of this paper is to address the use of
texture information captured by Local Multiple Patterns (LMP)
for LULC classification using VHR imagery. The use of LMP
has received a very little attention in the remote sensing
community (Zhu et al, 2010). The basic idea of LMP is the
extension of binary patterns. It claims to preserve structural
information better than LBP and has less computational
complexity than other existing geostatistical, co-occurrence and
wavelet textures (Zhu et al, 2010, Zhou et al, 2013). LMP
represents the local spatial information in rapid extension of
feature dimension thereby providing adequate information to
represent spatial details and also it is found to be robust in flat
image area analysis. Being a growing hot topic in texture
analysis, many literatures are not available for further
discussion in this section.

As aforementioned, the choice of classifier is also important for
accurate LULC classification, nonetheless Neural Networks
(NN) is widely used recently (Chellasamy et al, 20144, Briem et
al, 2002, Chandra & Yao, 2006, Kumar et al, 2013). The non-
parametric classifiers with multi-input are widely used for
addressing the problem of differentiating complex classes. NN
is one of the non-parametric classifiers that show promising
results with unknown non-linear models (Chellasamy et al,
2014b). They can model the non-linearity underlying the input
data distribution through parallel processing. The adaptive
capability of NN in learning multiple data with good
generalization is one of the attractive features for the
researchers relying on NN.

The experimental setup for this study concerns LULC
classification based on VHR imagery and mainly involves
two contributions: 1) addressing the use of LMP textures
features from WorldView-2 (WV-2) multispectral 2)
evaluating the performance of LMP at various resolution
Neural Network (NN), a powerful classifier trained with
different inputs is used for classification.

2. STUDY AREA AND DATASET

The study area is situated in Madurai, India, third largest city
in Tamil Nadu. The city of Madurai lies on the flat and fertile
plain of the river Vaigai, which runs in the northwest-
southeast direction through the city. A part of Madurai city
that occupies an area of 400 hectare with complex landscapes
(15 classes) was selected as study area after detailed analysis
of the input data.

The study area is covered by multispectral World View-2
(WV-2) imagery acquired on 2009 during summer.
WorldView-2 imagery brings a high degree of spectral and
spatial details for reliable discrimination of LULC classes in
comparison to other multi-spectral satellite imagery. Its
increased spectral fidelity due to the addition of new bands
like coastal blue, yellow, red edge, two Near Infra-Red (NIR)
bands with traditional bands (blue, green, red) at very fine
spatial details (2m) is the reason for this data to be selected
for LULC mapping.

3. METHODOLOGY

In this paper, we propose a novel texture measure LMP
coupled with spectral information based image classification
algorithm. Detailed flow of the algorithm is presented in fig
1. The input world view 2 image containing 8 spectral band is
combined with the LMP texture feature. Details of the texture
feature computation are presented in section 3.1.
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Figure 1. Work flow of the proposed methodology

3.1 Local Multiple Pattern (LMP)

LBP is composed of 0s and 1swhich does not have sufficient
information to discriminate multiple patterns. An extension
of LBP is LMP from binary patterns to multiple patterns
made to be more robust for image analysis, including the
analysis of flat image areas (Zhu & Wang, 2012). Number of
middle patterns between 0 and 1 are added which led LMP
more informative than LBP. The mathematical expressions
involved in calculating LMP measures are given below as
presented in Zhou et al, 2013.
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Figure 2. Computation of LTP

The S(x) in LMP is defined as

N-1 ifxz=Thy_;

N—-2 if Thy_s =x<=Thy_,
S(x) = C
1 if Thy £ x < Thy
0 ifx < Thy
where X is defined as [g?, - gcj and its approximate form
can be expressed as

T % t(s(gy— go)s s 5(Gp_y — 8.))

where 4. corresponds to the gray values of the centre pixel of
a local neighbourhood.

g,(p=10,....,P — 1)

corresponding to gray values of p of pixels equalyy spaced on
a circle of radius R(R > 0) that form a circularly symmetric
set of neighbors.

Thmin = (H-,‘t:l - gc] =Th

max)

where Thmmand Thmﬂx are the maximum and minimum
values of [:Q',p - gc:], respectively. N is an odd number

corresponds to the number of divided patterns for suitable
analysis of the flat areas. When the representation of N equals
3, LMP leads to Local Triple Pattern (LTP) and can be
expressed as below.

2 ifx=Thy
Sx) =4 1 if —Thy =x = Thy
0 ifx<—Thy

Figure 2 depicts the LTP computation for a 3X3 image
sample containing the flat area with little noise. Here Thy is
set to 3 and an example of LTPg;. Even though the samples
area is flat and contains very less difference, there is a
significant difference in the computed LTP which leads to

much higher performance than the LBP in terms of noise
reduction.

3.2 Artificial Neural Network

Since 1980, ANN has been widely used for classifying the
remotely sensed data producing a good accuracy compared to
statistical classifiers. Multi Layer Perceptron (MLP) is one of
the most popularly and widely used NN which is composed of
three layers namely input layer, hidden layer and output layer.
Sigmoid function, which falls in a continuous range from 0 to 1,
is used as the rule for calculating the output signal. Back
propagation followed by conjugate gradient descent algorithms
is used in this study. The performance of the neural network
depends on two factors, namely external and internal factors.
The external factors are the characteristics of the input data
while the internal factors depend upon the selection of
appropriate weights, learning rate, momentum, network
structure (16:15:15), number of iterations and nodes etc. Trial
and error method is the widely used technique to fix this
problem and hence learning rate (0.4), momentum (0.4),
network structure (16:15:15) are adopted in this study. The
spectral and texture information is stacked together for training
sample collection. The “winner-takes-all” approach is chosen
for training and testing the system.

3.3 Training Sample Collection

Density and appropriate selection of training and test samples
selection plays a key role in image classification. Taking this in
to consideration, 150 pixels are selected carefully from each
class which totals to 2250 out of which 75 pixels are used for
training and the rest is used for testing.

4. RESULTS AND DISCUSSION

The steps involved in image classification are entirely
performed in MATLAB R2013b. The samples obtained for
training and testing the data are performed using Neural
Network Toolbox. The LTP texture features are computed by
extending to combine neighbors with different sizes or different
shapes. By altering P and R, multiresolution analysis can be
achieved by combining the information provided by multiple
operators of varying (P,R). For example, the neighbors with
different R, such as LTPg; + LMPg, + LTPg 3, are combined to
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Figure 4. Classified image using MLC using spectral features
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Methods Accuracy
Spectral+LTPg 85.3%
Spectral+LTPg 1+LTP15, 86.3%
Spectral+LTPg 1+L TPy 2+ 89.5%
LTP2s3
Spectral (MLC) 80.2%

Table 1. Comparison of overall classification accuracy

extract features for texture classification and the classification
accuracy was evaluated. The threshold T-ILD values has
evaluated in trial and error basis and was estimated to be 5 as
the optimal value giving better classification accuracy.

The spectral information extracted from the image is stacked
with the LTP texture feature with multiresolution information.
75 pixels/class is used to for training the ANN. The accuracy of
the proposed method is depicted in table 1 which is 89.5%
(Figure 3). The results are compared with the conventional
MLC classifier and the accuracy is 80.2% (Figure 4). The effect
of multiresolution analysis LTPg; + LMPg, + LTPg3 gave the
maximum testing results. Individual (P,R) combinations results
are reported in table 1. Stacking the texture feature to spectral
information significantly increased the accuracy to ~9%.
Orchids and Tree 1 had greater misclassification results in
spectral approach while incorporating the texture information,
there is a 5% increase in accuracy specific to that class. Water
bodies and Road class topped the individual class accuracies. In
the classified image, tree bushes and bushes classes are well
demarcated since the multi-resolution LTP texture feature
incorporation. Also, even though the cultivated and
uncultivated land share the same spectral information,
incorporation of the contextual information which even has the
ability to discriminate the flat regions increased the interclass
accuracies and reduced the misclassification between other
classes. Out of 15 classes, the accuracies of many classes have
increased numbers compared to conventional spectral based
approach.

5. CONCLUSION & FUTURE WORK

A robust VHR image classification technique is proposed and
proved to show promising results. The rotation invariant feature
in Local Multiple Pattern approach plays a significant role in
feature extraction. Besides, LMP is resilient to noise and hence
with inclusion of variance which highlights the class transition
regions, the feature extraction can be made efficient. Hence as
part of future work, implementation of a method that’s results in
increased accuracy by inclusion the aforementioned feature will
be carried out.
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