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Abstract: Land Use and Land Cover (LULC) classification is
one of the familiar applications of geographical monitoring.
Deep learning techniques like deep belief networks (DBN),
are used for the purpose of feature extraction and
classification of multispectral images. In this proposed
framework, by applying DBN, spatial and spectral features
were extracted and classified with high level of classification
accuracy. LISS 111 images of Kottayam district, Kerala were
used as experimental images. This proposed framework
proved that, DBN has a high ability to extract the feature and
classify the multispectral images with high accuracy than
traditional methods.
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I. INTRODUCTION

Land use and land cover (LULC) classification is the

important sub field of land cover monitoring. LULC
means, classifying the remote sensing images into various
land cover classes such as water, build up area, plantation,
road, forest, etc [1]. Remote sensing images have been
used for the purpose of land use and land cover
classification for several decades. Remote sensing images
is a 2D representation of the real scene and these images
captured as aerial images or satellite images. For example,
aerial images are taken from aircraft and satellite images
are taken from various satellites [2]. There are four
different types of satellite images available for research:
multilayer image, multispectral image, super spectral and
hyper spectral images [3]. In this research work, we have
used multispectral images for our experimental purpose.
Specifically we used LISS-111 images.

Multispectral image comprises various layers, each
layer represent individual band image [4]. For instance,
LISS-I1I images has four band multispectral data and
identified each band as green, red, near infrared (NIR) and
short wavelength infrared (SWIR) with 24 meter
resolution. By using multispectral images, spatial and
spectral features can be easily classified into various
classes with high accuracy.
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Mostly, LULC can be done by various approaches,
specifically machine learning techniques and deep
learning techniques. Around two decades before, most of
the LULC was done by traditional classification
techniques such as K-means clustering, C-means
clustering, decision trees, rule-based classification etc [5].
Nowadays, deep learning techniques have been used in
most of the LULC applications, because of the high level
classification accuracy. Deep learning techniques have lot
of applications such as image recognition, image
classification, video surveillance, etc.

Deep learning techniques are the valuable tool for
classifying multispectral images into various land cover
classes and it has been using in the field of LULC and
produced better result than machine learning techniques
[6]. DBN is one of the kind of deep learning technique and
it is proposed by Hinton et al in the year of 2006[7]. DBN
is an unsupervised neural network, and each layer is
created by restricted Boltzmann machine (RBM). RBM
was initially proposed by Paul Smolensky in the year of
1986 and it was extended by Geoffrey Hinton and
collaborators in the year of mid-2000 for fast learning
process. It has been successfully used in feature extraction,
classification, pattern recognition [8] etc. The
organization of this paper is as follows, section 2 describes
about study area and data description, section 3 illustrates
about methodology, section 4 explain about experimental
result, section 5 present the conclusion and section 6
describes about reference.

I1.STUDY AREA AND DATA DESCRIPTION

The study area is located in Kottayam district, Kerala,
India. The geographical latitude and longitude point of
our study area is 9.5916° N, 76.5222° E. The total area of
our study area is 2208 sq. km. Agriculture land, Built-up
area, Forest, waste land and water bodies are the LULC
classes of our study area. We have downloaded LISS-I111
(2018) data ofKottayam district, Kerala, India from
USGS website which is free of cost. All the four bands of
LISS-11l data were merged with the use of ERDOS
IMAGINE-2010 software. The merged image is the input
image of DBN.

1H1.METHODOLOGY

In this research work DBN is used to classify the
multispectral images into various land cover classes.
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In this section, we briefly reviewed about DBN
architecture followed by RBM, logical regression and
experimental result. Basically, DBN has two different
layers, such as RBM layers (Bottom Layer) and logical
regression classifier (Top Layer) [9].

3.1 Deep Belief Network (DBN)

This network model was proposed by Hinton et al
(2006) and it has been mostly widely used deep learning
architecture classification and object recognition. This
neural network architecture extensively followed deep
learning architecture. DBN comprises of various levels of
stacked RBM and it follows unsupervised approach for
classification [10]. Figure 1 illustrates the architecture of
DBN. Basically, DBN has two main parts, specifically
RBM layers (Bottom layers) and LR layers (Top layers).

3.2 Restricted Boltzmann Machine (RBM)

RBM is a neural network architecture that is able to
learn probability distribution along its sets of input
vectors. It has two sets of phases such as visible layer and
hidden layer respectively. Let us, assume that two different
layers of RBM such as visible layer and hidden layer as (vl,
hl) [11]. The energy function of visible and hidden layer is
given in equation 1,

E (vI, hl) =

—Zly apvl; —

¥ bkl — BB wy vkl (1)

Where wi represents weights associated with visible layer
vl and hidden layer hl.

Bias fields are represented as a; and b;.

Visible layers and hidden layers are represented as | and J.
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Figure 1: DBN Architecture
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The probabilistic distribution of visible and hidden layers
is proportional to negative power of the energy function as
follows [12],

p(ol, hl) = g—}:[vi_hijl‘;zz g-E(LRD (o
T

The probability that hidden layer hl;can be calculated as

follows,
1 i
p (h.{j- - E] = a(b; + meiwﬂ @
The probability that visible layer vl; stimulated can be
calculated as follows,

1 I
plvli=g) =ot@+ ). mhwi @
Where (x)is represented as sigmoid function |, S0,
oglx) = 1/(1 +e7%)

The following steps are illustrated as the training
procedure of the RBM.
1. Initialize the weights and bias values, and start the
iterative training phase on the training samples.
2. In the positive side of the training, training
samples on the visible layers {vl;} and hidden
layers {hl;} precede based on equation 3.
3. Inthe negative side of the training, reconstruct the
visible layers {w;} based on equation 4.

4. The positive side is reconstructed to construct
{hl3;}.

5. Finally, weights and biases will be based on
Contrastive-Divergence (CD) algorithm (13),
which can be constructed as follows,

AWy = (< vlhl; = —< vlthi} =) (5)
Ag; = el= vl; = —= v} =) (6)
abj=cel<hly>-<hlj=) (@)

After the training phase, LULC class samples
and test samples can be predicted and outputs of
RBM can be forwarded to Logical Regression
(LR) layer[14].

3.3 Logical Regression Layer
The logical regression (LR) layer is the top level layer

of DFN and it is used to fine tune the samples and
optimize the weights w. [15] From the LR layer, DBN

can be produced the LULC classes of LISS-111 images.

IV. EXPERIMENTAL RESULT

To evaluate the performance of our proposed method,
comparison with other three methods such as
k-means clustering (K-means+LBP), C-means
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clustering(C-means+LBP) Support vector machine pattern (LBP) as a feature extraction method. Figure 2
(SVM+LBP) have been used. In the above mentioned illustrates the LULC classification output of various
three methods, to improve the performance of methods and Table 1 shows classification accuracy of
classification accuracy, we have used local binary individual methods.
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(c) C-means+LBP (d) SVM+LBP
Figure 2: LULC classification of (a) DBN, (b) K-means+LBP, (c) C-means+LBP, (d) SVM + LBP

Total Corre | Classif Kappa

. . ctl ication
Classification | No.of | .| % %% | &y

methods pixels . Coeffi
ied cyin .
taken pixels % cient
Proposed
312 499 0746 0933
(DBN)

E-means+LEBP 312 473 9238 0.883

C-means+LBP 312 451 2808 0.243

SWVM+LEP 512 447 28730 0.836

Table 1: Classification accuracy
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Figure 3: Classification accuracy

In our proposed method, no need to perform feature
extraction as individual phase and at the same time, feature
extraction and LULC classification is done by DBN. Figure 3
shows that, our proposed method produced high performance
result than other three methods. For evaluation purpose, we
have considered 512 pixels for each method. For DBN
method, out of 512 pixels, 499 pixels were correctly
classified. The overall classification accuracy of DBN
method is 97.46% with kappa coefficient 0.933. For
K-means+LBP method, out of 512 pixels, 473 pixels were
correctly classified. The overall classification accuracy of
K-means+LBP method is 92.38% with kappa coefficient
0.885. For C-means+LBP, out of 512 pixels, 451 pixels were
correctly classified and overall classification accuracy of
C-means+LBP is 88.08% with kappa coefficient 0.843. For
SVM+LBP, out of 512 pixels, 447 pixels were correctly
classified and overall classification accuracy of SVM+LBPis
87.30 with kappa coefficient 0.836. The error rates of the
various methods such as DBN, K-means+LBP,
C-means+LBP and SVM+LBP are respectively 2.54%,
7.62%, 11.92% and 12.7%.

V. CONCLUSION

In this paper, DBN is used for LULC classification of
LISS-111 data. In this proposed framework, due to the reason
of deep learning techniques no need to perform feature
extraction and classification in individual steps. Our
experimental result shows that, DBN produced highest
classification accuracy than other three methods for LISS-111
multispectral satellite images. This proposed framework
proved that, DBN has a high ability to extract the feature and
classify the multispectral images with high accuracy than
traditional methods.
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