Design and Development of a Model for Classification and Mapping of Land

Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

Bibliography

Sr. | Participation Title Organizing Month

No Institutions/Industry | & Year

/ University

1 Research Understanding Coursera Dec —
Methodology Research Methods 19
Course
(Online/Offline)

2 Workshop / Machine Learning And | DUIAS AND Jan-20
STTP Deep Learning using DSIM&C, GUJCOST,

python DST

3 FDP (Faculty Structural Equation Atmiya University, Dec-19
Development Modeling Rajkot
Program)

4 Research Research Methodology | UDEMY Dec -
Methodology 19
Course
(Online/Offline)

5 Online Course computer vision- image | Coursera May -

basics with OpenCV 20
and Python
6 Online Course Computer Vision- Coursera May -
Object Detection With 20
Opencv And Python

7 Online Course Machine Learning With | Cognitive Class May -
Python 20

8 Workshop / Basics of Machine CRSTES, IISER Apr-20

STTP Learning Bhopal, NPTEL, IIT
Madras
9 Webinar Data Science using CESA, Indus Dec-19
Machine Learning from | University
Scratch
10 Webinar Effective Ways to SMT.Devkiba May-20
Develop E_Content Mohansinhji Chauhan
College Of Commerce
and Science (affiliated
to uni. Of Mumbai)
11 Webinar Challenges for SMT. K.S.N May-20
Research Paper Writing | Kansagara Mahila
& Publishing Arts & Commerce
College, Rajkot
Atmiya University, Rajkot, Gujarat, India Page 77 of 168




Design and Development of a Model for Classification and Mapping of Land

Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

12 Webinar Predictive model using [ V.S.Patel College - May-20
Deep learning, Data Bilimora, BCA
science, Importance of | department
cyber security in digital
world
13 Webinar How to Publish high- IEEE Apr-20
quality technical journal
paper
14 Webinar IEEE Xplore Digital IEEE Apr-20
Library: Supporting
Every Aspect of YOUR
career
15 Webinar IEEE Xplore Digital IEEE Apr-20
Library: Supporting
Every Aspect of YOUR
career
16 Webinar Research Ethics NPTEL May-20
17 Webinar Online onboarding on Atmiya University, Jun-20
Turnitin Rajkot
18 FDP (Faculty Online Faculty Auxillium College, May-20
Development Development Vellore (TN) and
Program) Programme On R Spoken Tutorial IIT
Language Bombay
19 FDP (Faculty Evolution From Offline | Satish Pradhan Jun-20
Development to Online Teaching Dhyanasadhna
Program) College Thane, Dept.
Of IT-Uni. Of
Mumbai and
Microsoft
20 Online course Python basics for data | edX (Atmiya Mar-21
science University)
21 FDP (Faculty One week online A.V.Patel ANd Aug-21
Development international FDP on 7.S.Shah College of
Program) Research Methodology [ commerce and
managenent, Amroli,
Surat
22 Refresher Refresher Course in HRDC, Sep -21
Course ITGS (Information Ahmedabad.Gujarat
Technology in Global University
Society)
Atmiya University, Rajkot, Gujarat, India Page 78 of 168




Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

23 FDP (Faculty NEP - 2020 D-UIAS AND D- Jan -23
Development SIM&C, Valsad
Program)

Atmiya University, Rajkot, Gujarat, India Page 79 of 168




Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

Ouriginal

Document Information

Analyzed document
Submitted
Submitted by
Submitter email
Similarity

Analysis address

Sources included in the report

w URL: https://doi.org/10.17762/yrtcc v11i3.6320

Fetched: 2023-05-31 12:00:00

Thesis.pdf

Appendix A
Plagiarism Report

191881001_ComputerScience_NiravDesai_Thesis pdf (D169100382)
2023-05-3111:58:00

Dr. Sheetal Tank

Libranan@atmiyauni.ac.in

o%

libranan.atmiya@analysis.urkund.com

Document Thesis pdf (D152062073)

38

Document 2. Nirav Desai docx (D160714247)

rana-9.docx

SA
SA 2. Nirav Desai.docx
SA

Document rana-9.docx (D54864731)

w URL: https://doi.org/10.1007/978-981-19-8865-3_42

Fetched: 2023-05-31 12:00:00

SA Synopsis 10-03-2019.docx

Document Synopsis 10-05-2019.docx (D51818540)

URL: https://towardsdatascience com/review-fc-densenet-one-hundred-layer- tiramisu-semantic-

W  segmenta.
Fetched: 2023-05-31 11:59:00

Entire Document

DESIGN AND DEVELOPMENT OF A MODEL FOR CLASSIFICATION AND MAPPING OF LAND USE/LAND COVER USING
MULTI SPECTRAL SPACE BORN REMOTE SENSING
IMAGES A Thesis Submitted to the Atmiya University,

For

the Degree of Doctor of Philosophy in COMPUTER SCIENCE by
Nirav H Desai Enrolment No. 191881001 Under the Guidance of Dr, Parag Shukla Department of Computer Science
ATMIYA UNIVERSITY, Yogidham Gurukul. Kalawad Road, Rajkot-360005, Gujarat (India) June, 2023

Atmiya University, Rajkot, Gujarat, India Page 80 of 168



Design and Development of a Model for Classification and Mapping of Land

Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

Appendix B

Publications

International Journals

(1]

2]

[3]

[4]

[5]

[6]

Desai, N., & Shukla, P. (2023). Performance of Deep Learning in Land Use
Land Cover Classification of Indian Remote Sensing (IRS) LISS — III
Multispectral Data. International Journal on Recent and Innovation Trends in
Computing and Communication, 11(3), 128-134.
https://doi.org/10.17762/ijritcc.v11i3.6329

Desai, N., Shukla, P. (2023). Land Use Land Cover Segmentation of LISS-III
Multispectral Space-Born Image Using Deep Learning. In: Chakravarthy, V.,
Bhateja, V., Flores Fuentes, W., Anguera, J., Vasavi, K.P. (eds) Advances in
Signal Processing, Embedded Systems and IoT . Lecture Notes in Electrical
Engineering, vol 992. Springer, Singapore. https://doi.org/10.1007/978-981-
19-8865-3_42

Desai, N., & Shukla, P. Land Cover Land Use Mapping & Classification
Model (Mapping Of Land Cover Land Use Using Multispectral Space Born

Image).

Naik, A., Thaker, H., & Desai, N. (2022). Creation and Segmentation of
Image Dataset of Mung Bean Plant Leaf. In Micro-Electronics and

Telecommunication Engineering (pp. 669-683). Springer, Singapore.

Desai, N., & Shukla, P. (2022). Accurate Identification of complex Land use
and Land Cover Features using IRS (LISS III) Multispectral Image. Journal of
Optoelectronics Laser, 41(7), 660-668.

Desai, N., & Shukla, P. (2022). A LAND USE/LAND COVER
CLASSIFICATION OF IRS (LISS-III) MULTISPECTRAL DATA USING
DECISION TREE AND SVM CLASSIFICATION MECHANISM. Harbin

Atmiya University, Rajkot, Gujarat, India Page 81 of 168



Design and Development of a Model for Classification and Mapping of Land

Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

Gongye Daxue Xuebao/Journal of Harbin Institute of Technology, 54(10),
111-118.

International Conferences

(1]

2]

Research paper titled “Land use land cover segmentation of LISS- III
multispectral space born image using deep learning” in 7th International
Conference on Micro-Electronics, Electromagnetics and Telecommunications
ICMEET - 2022, 22-23 July 2022 and will be published in Springer, Lecture

Notes in Electrical Engineering.

Won the Best Paper award for presenting a research paper titled “Indian remote
sensing (IRS) LISS- III multispectral image semantic segmentation using deep
learning(U-Net & Deeplabv3+) ” at the International Conference on Emerging
Technologies & Business Intelligence Organized by RK University, Rajkot

and Wroclaw University of Science and Technology, Poland.

Under Review

(1]

(2]

Research paper titled “Indian Remote Sensing (IRS) LISS- III multispectral
image semantic segmentation using deep learning (U-Net & Deeplabv3+)” in
the journal “Operations Research and Decisions “ Scopus indexed , ISSN
2391-6060 (online version) .

Research paper titled “Multispectral space-born Indian remote sensing image
(LISS- III) semantic segmentation using deep learning” in the journal

International Journal of Information Technology” ( Springer , Scopus indexed).

Atmiya University, Rajkot, Gujarat, India Page 82 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

Performance of deep learning in land use land
cover classification of Indian Remote Sensing (IRS)
LISS — III Multispectral data

Nirav Desai
Department of computer applications
Atmiya University,

Rajkot, INDIA
niravdesai.research@gmail.com

Parag Shukla
School of cyber security and digital forensics
NFSU,
Gandhinagar, INDIA
parag.shukla@nfSu.ac.in

Abstract—Identification of land use land cover is a very important task. However, methods existing for the above mention purpose are
labor incentives, time-consuming, and costly. Remote sensing plays very important role in the mappings. classification of land cover features
and offers very noteworthy and sensed information. The present study shows the semantic segmentation of Indian remote sensing (IRS) LISS-
11T multispectral image and the comparison of three algorithms U-Net, Deeplabv3+and Tiramisu. The deep neural network was used to perform
the study. We present total 3 innovative datasets, built on these LISS-IIT images that has 4 different spectral bands (Band — 2 (Blue), Band-3
(Green), Band-4(Red), and Band-5 (Nearly Infrared), FCC (false color composite) images and the ground truth mask images. Dataset has 13500
labelled images. A fully-convolutional network (FCN) with skip connections is trained to take an input image of size 128 X 128 X 3 and outputs
a matrix of shape 128 X 128 X 4 i.e., a one-hot encoded version of the mask. The experiment identifies 4 classes successfully (Water Bodies,
Vegetation, Uncultivated Land, and Residential areas). The experiment showed that the U-Net algorithm has a very good capability for the
classification of LISS -IIT images for land use land cover class detection then Tiramisu and Deeplabv3+. U-Net achieved accuracy 84%,

Deelabv3+ achieved 29% whereas Tiramisu achieved accuracy 33%.

Keywords- land use land cover, deep learning, FCN, U-Net, Deeplabv3+, Tiramisu

I.  INTRODUCTION

In new aeras, satellite images are fetching an immense
substance of data for studying the spatial and progressive
variability of ecological situations. The beginning of remote
sensing with multispectral images in digital format has taken a
new dimension in, mapping and monitoring of natural resources
of the Earth [9]. Remote sensing is the art of discover and
understanding the data or information from a long distance,
using sensors without communication with the object being
observed [22]. Land use land cover classification anticipates to
form space-born images into a precise class, which was reliant
on the distribution of predictable land use land cover classes.
Land use and land cover mapping are essential errands for
preparation and management.

Land use land cover classification using remote sensing
images has been applied in several studies, including surveys
involving environmental monitoring and change detection [3],
research on urbanization effects [24],[10] and disaster mitigation
[26]. The spatial resolution of remote-sensing systems is low, so
it is probable to recognize the different classes on the Earth's
surface [25]. In 2006, Deep learning projected by Hinton et al.
[8] and confirmed training complications of a deep neural
network can be solved using one-by-one layer initialization. And
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efficiently applicable to the field of video and image processing,
a field of data analysis [5]. The deep learning algorithms gives a
new way for remote sensing image explanation and a massive
number of deep learning algorithm research in the field of
remote sensing image classification. Semantic Segmentation is
defined as a pixel-level classification of images where a class is
allotted to an individual pixel of the image.

Remotely sensed imagery is an image data with intervallic
Earth observation. The appealing benefits of deep neural
networks have been presented in many remote-sensing
applications.

Deep neural networks (DNNs) refer to end-to-end mappings
(i.e., from data to information) by stacking a large number of
filters learned from massive samples. In deep learning, mainly
Convolutional Neural Networks (CNNs), have been effectively
applied for image classification, target detection, and scene
understanding [4][7][12][14][28]. A fully convolutional neural
network (FCN) was proposed by in 2015[17]. FCN is fully
related with layers in CNN with up-convolutional layers and
concatenates with a shallow, finer layer to produce end-to-end
labels. FCN is more fitting for pixel-based image classification,
i.e., labelling all pixel to a separate class. The FCN framework
has also revealed excessive potential in remote sensing image
classification. The U-Net model projected by [21] is an
improved FCN model characterized by balanced U-shaped
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architecture covering a symmetric contracting path and
expansive path. Tiramisu is a polyhedral compiler for dense and
sparse decp learning and data-parallel algorithms and points a
vast set of loop optimizations and data design variations.
Deeplabv3+ is a state-of-the-art semantic segmentation model
having encoder-decoder architecture.

The present study accomplished the semantic segmentation
on datasets (dataset of 13500 images of different seasons) of
LISS -1l remote sensing images (South Gujarat Region,
INDIA). A fully-convolutional network (FCN) with skip
connections is trained to take an input image of size 128 x 128 x
3 and outpuls a matrix ol shape 128 x 128 x 4 i.e., a one-hot
encoded version of the mask. In the study 4 classes have been
identified - Water Bodies, Vegetation, Uncultivated Land, and
Residential areas. U-Net DeepLabv3+ and Tiramisu were
applied to perform land use land cover classification on the LISS
- Il multispectral remote-sensing image. U-Net gives better
performance than DeeplabV3+ and Tiramisu. U-Net achieved
very good accuracy 84%, Deelabv3+ achieved 29% whereas
Tiramisu achieved accuracy 33%.

I. LITERATURE REVIEW

In the deep learning technique numerous layers of data
processing phases in ordered architectures are exploited by
unsupervised learning and pattern classification [20]. [16]
proposed planned and complele assessment of various groups
of applying DL methods. [18] proposed DFS algorithm and
compare it with YOLOv2. The dataset derives from Google
Earth and detects 6 objects airplanes, boats, warchouses, large
ships, bridges, and ports. [13] proposed classification technique
for land use land cover classification using neural network with
random forest. [9] performs pixel and object-based
classification and achieves 87% accuracy from satellite images.
|23] used Maximum likelihood to perform classification on
images of SPOT, ASTER, and Landsat TM for. And achieved
OO0A of 85.33%, 86.67%, 88.33%, and 86.38% for the years
1989, 2000, 2010, and 2016 respectively. [19] proposed
methods that improved convolutional ncural networks for acrial
image segmentation.[24] proposed object-based Classification
for remote sensing image of Deimos-2 and Cartosat-1 using the
Convolution Neural Network.

1. USE MATERIALS AND METHODS

In the deep learning technique numerous layers of data
processing phases in ordered architectures are exploited by
unsupervised learning and pattern classification [20]. [16]
proposed planned and complete assessment of various groups of
applying DL methods. [18] proposed DFS algorithm and
compare it with YOLOv2. The dataset derives from Google
Farth and detects 6 objects airplanes, boats, warehouses, large
ships, bridges, and ports. [13] proposed classification technique
for land use land cover classification using neural network with
random forest. [9] performs pixel and object-based classification
and achieves 87% accuracy from satellite images. [23] used
Maximum likelihood to perform classification on images of
SPOT, ASTER, and Landsat TM for. And achieved OOA of
85.33%, 86.67%, 88.33%, and 86.38% for the years 1989, 2000,
2010, and 2016 respectively. [19] proposed methods that
improved convolutional ncural nctworks for acrial imagc
scgmentation.[24] proposed object-based Classification for
remote sensing image of Deimos-2 and Cartosat-1 using the
Convolution Neural Network.
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A Data Acquisition

The present study was performed on the South Gujarat
Region, State of Gujarat, country INDIA using Indian Remote
Sensing (IRS) LISS- [l Multispectral remote sensing images.
These multispectral images have less than or equal to 10 bands
and over 100 nm resolution; have a total of 4 diverse bands in
isolated .tiff files and the number of bands is Band — 2,3,4 and
5(Blue, Green, Red, and near Infrared). Quadrats of 30m X 30m
size were placed across the study arca. Data was acquired from
the websitc of ISRO ( https://bhuvan-app3.nrsc.gov.in)

A widespread ground study was accomplished to gather
environmental landscapes and circulation forms of dissimilar
land use and land cover. The GCPs held in reserve for the
individual groups were dependent on the distribution of
identified land use land cover classes within the study area. The
Latitude, Longitude for the location of the respective class is
being verified and recorded which are called Ground Control
Points (GCPs). GPS device used to collect GCPs. GPS Garmin
— ¢Trex 30 is used for the study. The GCPs reserved for the
respective category were reliant on the allocation of recognized
land use classes within the study area.

B. Pre-Processing

Indian Remote Sensing (IRS) LISS - Il multispectral images
have 4 bands. The falsc color composite (FCC) image was
created using combination of these bands. FCCs were designed
using stack up these multiband. TIFF image files by the grouping
of Band - 4 (Red), Band - 3 (Green), and Band - 2 (Blue). The
ground truth masks were designed to train the model afier the
creation of FCCs for each image. These Masks were created
using the maximum likelihood algorithm on the region of
interest for each class.

The study was accomplished on a novel dataset that contains
the FCC image of different seasons and the Ground Truth
Masks. FCCs and their corresponding masks are resized to 1024
* 1024 pixels then after divided into patches of size 128 x 128
pixels with a striding of 64.

Figure 1. FCC Image Figure 2. Ground Truth Mask

The size of the dataset was 13500 images where 11250
images are used to train the model while 2250 images are
reserved for validation and evaluation.

C. Methods

The maximum likelihood (ML) classificr was used with IRS
LISS- Il multispectral image data, where every pixel with the
maximum likelihood is classified into the matching class. In
maximum likelihood, a pixel is selected for a class based on its
chance of fitting. Mean vector and covariance metrics are the
main necessitics of the ML that can be enhanced from training
data [23].

Following is a Discriminant Functions Calculated for Each
Pixel:
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g:(x) —n plew) — 1/2In |5 — 1/20x — my) 57 (x — my)
)]

Where i is class, x is n-dimensional data in which n
represents the total number of bands. p(wi) represents the chance
that class wi occurs in the image, |Zi| is the determinant of the
covariance matrix, Xi-1 is an inverse mafrix the mean vector
represents by mi.

Fig.3 shows the basic concepts of maximum likelihood [23].
Ground truth masks were created afier the creation of FCC
images and used for model training.

Figure 3: Basic concept of ML [23]

Fully convolutional networks (FCNs) are efficiently applied
in the fields like segmentation of an image [1],[9], and medicinal
image analysis [6],[15]. FCN is extensively applied in pixel-
based classification and used an encoder for feature extraction
and a decoder to re-establish the.

A fully-convolutional network (FCN) with skip connections
is trained to take an input image of size 128 x 128 x 3 and outpuls
a matrix of shape 128 x 128 x 4i.c., a on¢-hot encoded version
of the mask. The FCN is a U-Net architecture that contains an
encoder part and a decoder part. The encoder part contains 5
blocks and each block is 2 (convolution + batch normalization +
relu) layers stacked on top of one another and trailed by a max-
pooling except for the last block. The output of this encoder part
is then inputted into the decoder containing 4 blocks. Each block
in the decoder starts with an upsampling of the input followed
by a I x I convolution operation. A skip connection is also used
that concatenates the output of the corresponding encoder block
to the output of the upsampling and convolution operation. The
concatenated tensor is then again passed to two convolution
layers similar to that of the corresponding encoder block. The
output of the decoder part is finally fed to a 1 x 1 convolution
with the number of filters equivalent to the number of classes
which is 4. Fig. 4 shows the U-Net architecture [17]. The arrows
denote the various processes, the black containers denote the
feature map and the gray containers denote the cropped feature
maps from the contracting path.

E =Y w()log (Pix(x)) @

Where pk is the pixel-wise SoftMax function applied over
the final feature map.

Px) = 4™
Y Ak

&)

And ak (x) denotes the activation in channel k.
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e ]

(8 0 |
Figure. 4 U-Net architecture

Deeplabv3+ is a state-of-the-arl semantic segmentation
model having encoder-decoder architecture, The encoder
consisting of a pre-trained CNN model is used to get encoded
feature maps of the input image, and the decoder reconstructs
output from the essential information exiracted by the encoder
using upsampling. Fig. 5 shows the Deeplabv3+ architecture [2].
DeepLabv3+ extends DeepLabv3 by adding an encoder-decoder
structure. The encoder module processes multiscale contextual
information by applying dilated convolution at multiple scales,
while the decoder module refines the segmentation results of a
long object boundary. As go deeper in the network by dilated
convolution, can keep the stride constant but with a bigger field-
of-view without growing the number of parameters or the
amount of calculation. Also, it permits bigger output feature
maps, which is useful for semantic segmentation. The purpose
of using Dilated Spatial Pyramid Pooling is that it was shown
that as the sampling rate becomes bigger, the number of valid
filter weights becomes lesser.
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-
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Figure 5: Decplaby3+

Tiramisu is a polyhedral compiler for dense and sparse deep
learning and data-parallel algorithms and directs a huge set of
loop optimizations and data design alterations. It is the only
open-source DNN compiler that optimizes sparse DNNs and
marks distributed architectures. It can perform complex loop
transformations and uses dependence investigation to assure the
accuracy of optimizations. Tiramisu has also demonstrated its
performance on various standards like deep learning operations
(Convolution, ReLu, MaxPool, Sparse Neural Networks, etc.)
and linear algebra. However, the Tiramisu network, which itself
is a modified U-Net, is much larger and took longer to train. Fig,
6 shows the tiramisu architecture.
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x=-Hi(xi-1) 4)
in standard convolution, xl is compuled by applying a non-
linear transformation HI to the output of the previous layer xI-1.

xi=i(xi-1)+xi- (5)

ResNet introduces a residual block that sums the identity
mapping of the input to the output of a layer

;t|=H|([X| a,%2, . x0]) (6)

DenseNet input concatenates all previous feature outputs in
a feedforward fashion for convolution.

e

B Oonse Biock
B Tronsiion Down
——-» 3kip Connection

W cenvoution
B Tonsiion up
Concatenation

[ raimiibas B (115 |

Trawdiion Ui 1177
=1

T 1 T hodmion

Figure 6. Tiramisu Architecture [29]
A. Training Configuration

While data ingestion, standardize the input images by
clipping them to [0.0, 255.0] while the masks are one-hot
encoded according to the total number of classes. Random
augmentations are applied to the bunch of images and masks
before passing them to the model for training. This enlarges the
dataset and makes the model robust enough to encounter
dissimilar orientations than just the training data. And it prevents
overfitting when augmentations are done correctly. A custom
image data generator is created to fulfill the requirements of this
data ingestion pipeline. Table No.l represents Lhe

hyperparameters and other configurations for model training.
X Y PRED
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TABLE . 1 HYPERPARAMETERS AND OTHER CONFIGURATIONS USED FOR
TRAINING THE MODEL.

Hyperparameters & Values
Configurations
Train Batch Size 16
Validation Baich Size 16
Input Image Shape 128,128.3
Number of classes 4
Epochs 50
Loss Categorical Focal Loss*
Optimi Adam
Metrics Dice Coeflicient®
Class Weights [1.69941, 0.53043, 1.23977,
1.38949]
II. RESuULT

The algorithm for classification developed in U-Net,
Deeplabv3+ and Tiramisu was coded with python + OpenCV.
The experiment performed the best fine-tuning parameters for
U-net, Deeplabv3+ and Tiramisu with RGB bands of the dataset
of IRS LISS- Il multispectral remote sensing images. The
parameters which give very good performance are used to
develop the final model. The model also used data augmentation.

TABLE 2 EXPERIMENT RESULT
Sr.No Algorithm Optimizer EPOCH Accuracy
Trained
a U-Net Adam S0 B4
b Deeplabv3+ Adam 50 29
[ Tiramisu Adam 30 3

Table -2 shows the experiment results and accuracy with
different epochs. And from the outcomes, it was noticed that U-
net gives healthier results in classifying land use land cover
classes. Fig. 7 shows the predicted results.

Fig. 7 shows the land use land cover classification by the U-
Net model. Fig.7(b) show the classification of land use land
cover by Deeplabv3+ and Fig. 7(c) shows the result predicted by
the model Tiramisu. Water Bodies are black, Vegetation is light
green, Uncultivated Land is light blue, and Residential Areas in
yellow.

Fig. 8 shows the quantification for each respective class after
classification was performed. The values (0 - represent water, 1
represents vegetation, 2 represents uncultivated land and 3
represents the residential area.
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Figure. 7 Result

X Y PRED

{181 1.2038230895996094}
{@: 1.2038230895996094, 1: 83.2174301147461}

{@: 1.2038230895996094, 1: 83.2174301147461, 2: 3.7854061889648438}

{B: 1.2838230895996094, 1: 83.2174301147461, 2: 3.7054061

Figure. 8 Quantification

1. CONCLUSION

The proposed model achieved very good accuracy in the land
us¢ land cover classification using a deep learning approach.
Deep learning for LULC classification becoming more evident.
1t will deliver a cost-effective and time management resolution
than the visual understanding The grouping of maximum
Likelihood for ground truth masking and U-net for classification
gives better results. In the present study, we proposed a land use
land cover classification model built on U-Net, Deeplabv3+ and
tiramisu algorithms. The models were trained and tested on
LISS-IIT multispectral space-born image datasel. Experiments
show that model detected a total of 4 land use land cover classes

Atmiya University, Rajkot, Gujarat, India

35 11.87 53}

i.e., Water body, vegetation, uncultivated land, and residential
with very good accuracy. Results predicted by the model
confirmed that the U-Net classifier holds gigantic potential for
accurate detection of land use land cover classes than
deeplabv3+and tiramisu. The U-Net model achieves a very good
accuracy of 84 %.
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Abstract—Idennfication of land wse kmd cover 15 a very tmportant task. However, methods existing for the abave mention parpose are
labor mesmtives, ime-consaming, and costly. Remote sensing plays very important role i the mappings. classification of land cover feamines
and offers very noteworthy and sensed miormation. The present sisdy shows the semantic segmentation of Indian romoté sensing (IRS) LISS-
1 udtispreectral iersage and the comparison of theee slgorthas U-Ner, Deeplaby3+and Tiamisw. The deep neural network was used to perform
the stiudy. We present ional 3 insovative datasers. bl on these LISS-1H mmages that bas 4 different specrral bands (Band - 2 (Blue), Band-3
iCireen), Band-4 Red), and Band-3 (Nearly Infrared), FOC {falie color composite) mnnges and the ground truth mask tmages. Darsser has 13300
labelled inages. A fullyconvolutomal nerwork { FCN) with skip contrections i trained to fake sn input imsge of size 128 X128 X3 and outputs
a matrix of shape 128X 128 X 4 e, 2 one-hat encodied virsion of the mask. The experitment ilentifies 4 closes successfully (Water Bodie,
Vigetation, Uncoltivated Land and Resadential areas). The experiment showed that the U-Met alponthom has o very good capability for the
classification of LISS -1 images for bmd se lind cover class detection then Tinmisa and Deeplaby3= U-Met achieved accuracy H4%.
Diwelaby 3+ nchaeved 20% whencas Tiramisu achieved accumey 33%,
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L INTRODUCTION surface [25]. In 2006, Deep learmmg projected by Hinton et al.
[&] and confirmed trinimg complications of a deep neural
nctwork can be solved using one-by-one layer initialzation. And
efficiently applicable to the field of video and image processing,
a field of dats analysis [5). The deep leaming algorithms gives a
new way for remote sensing image explanation and a massive
number of deep lepming algorithm rescarch i the ficld of
remote scnsing image classification. Semantic Segmentation 15
defined as a pixel-level classification of images where & class is
ullotted 1o an individual pixel of the image.

Remotely sensed mmagery s an image data with mtervallic
Earth observation. The appealing benefis of deep ncural
networks have been presented 1n many remote-sensing
upplications,

Deep neural networks (DNNs) refer to end-to-end mappings
{te. from dats to information) by stackng a large number of

In new acras, satellite lmoges arc fetching an immense
substance of data for stodying the spatial and progressive
varebility of ecological simtions. The begraning of remote
sensing with multispectral images in digital format has tken o
new dimension in, mapping and monitoring of natural resources
of the Earth [%]. Remote sensing is the art-of discover and
understanding the datn or information from a long distince,
using sensors without communication with the object being
observed [22]. Land use land cover classification anticipates to
form space-bomn images into a precise class, which was reliant
on the disirbution of prediciable land use land cover classes.
Land use and land cover mapping are essential errands for
preparation and management.

Land use land cover classification using remoie sensing
images has been apphied 1n seveml studies, meloding surveys
involving environmental monitoring and change detection [3],
research on urbanization effects [24],[ 10} and dizaster mitigation
|26]. The spatial resolution of remote-sensing systems is low. so
it is probable to recognize the different classes on the Eanh's

filters leamied from massive samples. In deep leaming, mainly
Convolutional Neural Networks (CNNs), have been effectively
applied for image classification, targes detection, and scene
understanding [4][7][12]114][25). A fully ecnvolutional neural
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Abstract. Remote sensing mformation provides maportant and sensed data. The study represents
mgpmmmgzﬁﬂycmnMMMﬁtmmmm
Semantic Segmentation is a pixel-level classification of images where each pixel is 23signed 10 2
respective class. In this present study, 4 classes - Water Bodies, Vegetation, Uncultivated Land, and
Residential areas were identified. There are vanous types of machme Jeamning (ML) models as well
23 deep learmung (DL) models to handle segmentation tasks. In tha study deep neural network was
used A fully-convolutional petwork (FCN) with skip coanections is trained to t2ke 2n input image
of aize 256 * 236 * 3 and outputs a matrix of shape 236 * 256 * 4 i.e,, 2 one-hot encoded version of
the mask The experiment showed that the FCN classifier has 2 very good capability for land use
land cover class detection. The model identifies 4 classes with §1% of OAA.

Keywords: remote sensing, multispectral image, land use land cover classification, deep leaming,
E\:ﬂxtomvrmmlNuwt(FCN}

1 Introduction

In recent eras, the consumption of land resources has bacome 2 serious problem Remote sensing (RS) is the art of
firding and understanding data from 2 long distance, using sensors without communication with the object being
observed [35). Land Use Jand cover classification aims to organize space-bom images into an exact class, which
were reliant on the distribution of recognized land use land cover classes. [n the last few years variety of applications
like urban development, monitoring of nanural tragedies, and land use land cover analysis[10],[20],[21].[32] The
remote Sensed image consists of residential areas, agricultural land, uncultivated land, water bodies, 2nd other open
ares.

Hinton[15], et 2l. projected deep leaming and demonstrated training difficulties of 2 deep neural network can be
solved using one-by-one layer ininialization. Ard effectively 2pplicable to the field of video 2nd image processmng,
2 field of data analysis [9]. In the DL mechanism, the machines learn from the information themselves by growing
more lzyers of 2 network [33].

Fully-corvolutional networks are 2ppliad for the classification of the land use land cover of the South Gujarat region,
India. The success of the classifier was tested on physical data In the present study total of 4 classes have been
classified - Water Bodies, Vegetation, Uncultivated Land, and Residential areas. Semantic Segmentation is defined
23 2 pied-level classification of images where a class 13 allotted to 2n mdividual pixel of the image There 2re various
types of machine leaming models and deep leaming models to handle segmentation tasks. In this stady deep neural
network was 2pplied to handle this task A fully-corvolutional network (FCN) with skip conmections is trained to
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$ake 2n input image of size 256 x 256 x 3 and outputs 2 mawix of shape 256 * 236 * 4 i.e., 2 one-kot encoded version
of the mask. mmmﬁaouofsw.

2 Literature review

Deeplemmga)L)bdm;stomuhmlmnguquw where vanous layers of data processing phases in
ordered architectures are overburdened by unsupenvised leaming and pattern classification [27][5] pressnted
hy image classification with 2 hybod framework that contains deep leaming, and logistic regression. Zuo
et 2l zpplied deep belief networks [41), 2nd the result exposed the success of the model [25],[30] used CNN for
Land use land cover segmentation, where designated trzining data in each repetition with DL achieved good results
maeﬁdwq'ofwdmmmgdh'mﬁgmmm[42].[40]M;'mgtmlmd
multi-scale feature fusion on the controlled data. [6] studied Saliency Dual Anention Residual for achieving good
performance. [39) projected classification technique mchudes the neural network with random forest®RF) for Jand
use land cover classification. Alichin et al EfficcentNet-B3 CNN [1] tested it on six common Lard cover land use
datasets and showed the efficiency m space-bom mmage sceme classification. This resulted in an important
enhancement in overfitting and better 2ccuracy. [31] proposed stratezies that improved comvolutional neural
networks for 2erial image sezgmentation
Semantic sezmentation i the job of 2ppointing every pixel in an mage to the defined various classes It identifies
which substances are displayed 2nd where they are obtainable [28] DL and CNN beve tansformed the image
Mmmmxnmmwmmacmmm clasification [6]. [22] gives 2n
organized and mmtam&tmmofmhwmm&[mﬁxddnmmw
the command during training Many techniques are abridged in [36] 2nd new 2dvances are given detailed in [2],[26].

3 Materials and methods

31 Data collection

Multispectral space-born image (LISS - III) was usad for the study. It has more than 100 rm resolution ard
Jess the 10 bands. The LISS_ ITI image contains 2 total of 4 bands; the xpatial resolution is 30 meters. Quadrats of
30m * 30m size were [2id down across the study area. Data was collectsd om the webste https:/ bhuvan-
2pp3.onsc.gov.n The data were processed using the software ENVI4.7. A wide Seld study was completed to collect
environmental landscapes and circulation patterns of different land use and land cover. And the Longitude and
Latitude of the location for the respective class are recorded (GCPs). To record GCPS, the GPS device Gamin -
&Trex 30 is used for GCPs collection. The GCPs reserved for the respective category were reliant on the allocation
of recognized land use classes within the study area A LISS-III multispectral remote sensing mage conuists of 4
different bards iz separate uff files and the mumber of bands is Band - 2,34 and 3(Blue, Green, Red, and nexr
Infrared)

32 Pre-Processing

For the land use land cover classes inspection in the study, the LISS - III space-bom multuspectral images were
merged into 2 False Colour Composite (FCC) image. False-color composites (FCC) are created by stacking these
multtband TIFF images are on top of each other and take 2 stacked grouping of Band - 4, Band - 3, and Band - 2 10
generate FCC. After creating FCCs for each image, ground truth masks were created and used to train the deep
leaming model. These masks are created using the mammum Likelihood algorithm on 2 small region of interest for
exch class.
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Fig. 1 FCC Creation

False color composite
(FCC) Image

Both the FOC3 2nd their comesponding masks are resized 1o 1024 * 1024 pisels and then divided into
patches of size 256 * 256 pixels with a strding of 128, This will create 49 patches of size 256 * 256 for each
image

Pre-processing Steps:

1. False-color composites (FCC) are created by stacking these multiband TIFF images on top of each other,
Stacked Band - 4, Band - 3, and Band - 2 to generate FCC.

2 mmmctﬁ:m%‘mnmksmmmnmwmmmm
lemmgmodel'mm mmmwmwlwmo{mﬁt

3. Both the FCCs and their corresponding masks are resized to 1024 * 1024 pixels and then divided into patches of
size 256 * 256 pixels with 2 striding of 128. This will create 42 patches of size 256 * 256 for each image. Thus, the
size of our dataset would be 30 * 40 = 1470 maages.

4. These mages and masks are separated into two subgroups, one for training and another for validation 1,255
images are usad to train the modal while 215 mages are reserved for validation and evaluation.

(T LTI LT
& ll._.l.l..
EEEEEEEEEREE
AEMEEEARMERE
CENEIEUENEDE

Fig 2 seconzexiema a2ex o0
2.3 Methods

A maximum likelibood classifier (MLC) classification is used with space-born image data, in which 2 pixel with the
maximum likelibood is classified into the comresponding class. In MLC, 2 pixel is selected for a class basad on its
chance of fittmg. Mean vector and covariance metrics are the main constituent of MLC that can be recoverad from
training data [15).
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Following is a Discrimmant Functions Calculated for Each Pixel:

gi(0) =10 plw) = 1/2n T = 1/2(x = m)'E; (x =m))

Wherei1s class, x is n-dimensional data in which n represents the total rumber of bands. p{e ) represents the chance
that class o occurs i the mage, il is the determmant of the covariance matrix, Di-] is an inverse matrix the mean

vector represents by m,

P

Fig 3: Basic concept of ML[18]

After creating FCCs for each image, ground truth masks were created that will be used to train 2 model. These masks

2re crexted wsing the maximum Likelihood algorithm on a small region of interest for each class

=
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Fig. 4. Ground truth Mask
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Fully Convolutional Networks [7] are effectively applied in various fields, such as segmentation of an
image(24],[43], and mediciza] image analysis [4),(18), character recognition 3] FCN contains relative within 2n
entirely lnked Laver in the prior cradit for each activation while seen during neural networks[19). CNN and FCN
were 2pplied for the mangrove classification [11],[12),(37). FCN i broadly applied in pixel-based classification
[16] And used an encoder for feature extraction and a decoder to reestablish the. FCN 2lgonthm used with the RS

image gives 2 satisfactory outcome in mangrove mapping [17]

2.4 Training Configuration

While data ingestion 1 2. before passing the images and masks to the model for raming, we normalize the
input meages by clipping them to [0.0, 255.0] while the masks are one-hot encodad according to the total mumber of
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classes ie 4. In addition, random sugmentations are also applied to the batch of images and masks before pasuing
them to the model for training. This expands our dataset and makes the model robust enough to encounter different
onentations than just the training data. Deta augmentation is 2 factor that when done correctly, prevents overfitting
A custom image data generator i3 crexted to fulfill the requirements of this data ingestion pipeline

The following is the table of kyperparameters and other configurations used for training the model.

Table 1. hyperparameters and other configurations used for training the model

Hyperparameters & Configurations Values

Train Batch Size 16

Validation Batch Size 16

Input [mage Shape (236,236,3)

2 of classes B

Epochs 50

Loss Categonical Focal Loss*

Optimizer Adam

Class Weights [1.65041,0.53043, 123977, 1.38%49)
2.5 Model Structure

Semantic Segmentation is defined a5 2 pixel-level classification of images where 2 class is allotted to each pixel of
the imaze. In the present study, there are 4 classes - Water Bodses, Vegetation, Uncultivated Land, and Residential
areas. A deep neural network was wsed to handle this sk A fully-convolutional petwork (FCN) with skip
connections is trainad to take an image mput of size 256 * 236 * 3 and outputs 2 matrix of shape 256 * 236 * 4 1e,
2 one-hot encoded version of the mask The FCN is 2 U-Net architecture that contains an encoder pant and a deceder
part. The encoder part contzins § blocks znd each block 1s 2 (convolution + batch normalization + relu) layers stacked
on top of one another and tailed by a max-pooling except for the last block The output of this encoder part is then
inputted to the decoder containing 4 blocks. Each block in the decoder starts with an upsampling of the input followed
byal* ] convolution operation A skip connection is also used that concatenate: the output of the comesponding
encoder block to the output of the upsampling and convolution operation. The concatenated tensor is then 2zain
passed to two convolution layers similar to that of the comespording encoder block The output of the decoder pant
is finally fedto 2 1 * ] convolution with the amount of filters equivalent to the amount of classes which is 4.
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=l

Fig. 5. U-net Architecture

The arrows denote the various processes, the black containers denote the feature map and the gray contairers denote
the cropped feature maps from the contracting path.

E = Twixlog (Pusfx)) @

Where p, is the pixel-wise SoftMax function applied over the final fearure map.

A = _e

T Q

Ard 2, (x) denotes the activation in channel k

2.6 Algorithm steps

The steps of the FCN algorithm are s follows:

(1) The pre-processing steps inchude remotely sensed image alteration, registration, and the masking of the image
The images containing band- 2 to band - 4

(2) For waining and testing, 2 total of four types of classes were selected, such as Water Bodies, Vegetation,
Uncultivated Land, and Residential areas. This study used the ENVI image processing software (ROI Tool) to pick
the four types of classes.

(3) Total of four types of classes was uzed for the building and training of the model The model structure was shown

in fig-5. The model structure and parameters were kept for succesuive image segmentation or classification after
mining
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(4) The HON model whiuch was amod o stop -3 was applacd for classitication

(%) Find whether all the chnsficatons were thushed or noe. 1f all 1s dooe Saen the classification ouxome will be
dsplayod s tormunaie the stooreln

Fig. 6. Traising Legx

3. Rezuk and dizcunzion

Ihe enwiroament for the experiment & as Sollows: Windows | | operating sysiam and Envi 4.7 & used 10 prooess S

remote sensing nformution, sxch as seloction of training sanple, peneration of making, ex. The dgocrbm fo
Clss ikamon .l:\;lcﬁd in bully-Coanvolesooad Network (FUN) was codhed with python + Openl

Table-2: Experiasent revuk
[MIODEL Optizszer EPFOCH Teeal Tame Accuracy

Lot adum x 1 L Hr 30 Min Y

U adum L] 2 Hr 45 Min L]

Experenerne figured out the best ine-tuseng parameters tor Lot wath RGH bunds of the dataes of LISS. 1l
multispectral remoke sensing images. The parametens whach give vast perkomance are wsed W develop the fewl
aodel. The moded also wad duta saomentatacn, Tabde -2 shous the expenment results and accwracy with dilferere
epochn And Bom the cutoomes, it was desocted that Lloet gives better resadts in classtying land use land cover

Classes

Fig 1. 15 s FOC svage combased by LISS- LI multispectral spoce bom avege @ Bund - 4 Bund - 5, and Bund - 2
wang Xoods of ENVEA?, i wlich the chass Water Bodhes ane in blae, class Viegetataon is in red, class Unoddtnvned
Lasd i Ligthnt ved color, and class Readential Avca s i whiese, Fig. 7. () shows the Lind cover land wee classitication
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Fig 1. is a FOC smage combaed by LISS- [ sultspoctral space bom sngge @ Band - 4, Band - 3, and Rand - 2
wsang foods of ENVEAY, i which the class Water Bodies are in bhue, cliss Vegetataon is in red. class Unodtivined
Laed i Digghnt red color, and class Residential Area is i whise. Fig 7. (a) shows the Land cover lnd wse chassitication
sesudts 10 the south (agarat sopon, Inda by FON algoatiun repectively. In Fig 700) Witer Bodies are black,
Vegetanon is i bight green, Uncultivased Land & & light blue, and Residential Area is in yellow, Fig. 7. (b.) shows
S FOU srage and Fig 74c ) shows the grousd truds mask gencrased via the macimum hkelibood classifier. And
Fig 7. (d) shous the model predicticn for S 4 specified clisses.

Fig. 7. Classificacion of land cover land use in FCN slporichms

Ihe model dlassafled the muge o 4 dasses Le. Water Bodies, Vegetation, Uncultivated Land, and Residential
arcas with an OAN of 81 % aocuracy. The combeioa ol maxamoan Likelihood tor ground touth mesking and FON
for classaficanscn grves better resulis. Table! shous S truining configuratson for the model wd Fig 3. shous e
saeung kg, Fig.7. (a) shows the foc mmage, predicted. and suth srage respectively. B, 7. (d) shows S classitied
age whech & very o o Bg 7. () regarding Coound tnaeh masking, This research work was dose oo a ol of
10 HOC mages. FOC imuges and their nuoching musks ace resizad 10 1024 * 1024 posels and S divaded into
ponches of size 236 * 256 puels with a stnding of 128, Thus will creane 49 patches of siae 256 * 256 Koo cach sage.
s the e of the dataset would be 20 * 49 = 1470 mnages. A otal of 1,253 mages were used ke purpose of
eratning the model while 215 images ave reserved for validasion and evaluation.

4 Ceaclusion
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The advantages of using itelligene systens like deep leaming foc LULC classification becoming moce evident. It
will provide a cost-efioctive and time management solution than the visual imerpectation o other machune leanung
sechungaes currendly obtainsble today. In 2us paper, a bind-use Land oover classaficaeion model & presemiad, built o
an FON classifier whach is tramod and sested oo Land use Land cover LISS- 1 medtispectral space boon imege dataset.
Expernenes show Sat model able 10 desect bind wse Lind cover classes. A model can desect different classes with
very pood sccuracy. Outoomes ooofinned that the FON classafier holds nessive potential foc accurate detection of
band use hed cover classes. The moded identifhes 4 clsses with very good acouracy.
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Abstract

Measurement of land use and land cover is costly and time-consuming by
imperial technique. Remote sensing plays important role in the mappings and
classification of land cover features. Indigenous space-bom images can be used for
1dentification and mapping. Remote sensed imagery is most popular method to capture
data on Land Use Land Cover. Multispectral imaging is one of the most widely used
technologies for LULC mapping and monitoring. This paper proposes a model which
will help to classify and map land cover land use using remote sensing imagery. It also
Increase accuracy in the mapping and classification of land area land cover.

Keywords: Classification; Remote Sensing; Land cover land use, Satellite Image;

INTRODUCTION

Identification of Land cover land use and measurement of land cover land use
18 a very important task. However, techniques available for the above mention purpose
are labor incentives, time-consuming and costly. Images were taken with the help of
Space bom remote sensing platforms (Satellite) can be very helpful for the
Identification and measurement of land cover land. Furthermore, this method 1s cost-
effective and consumes a lesser amount of time. As we struggle to comprehend the
influence of anthropological activities on our earth, concerns over global land use and
land cover change are nsing [1]. For years remote sensing has been used as an
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mstrument to generate land use/land cover maps [2]. Many studies have been camed
out to produce land cover maps of several ecosystems using broadband multispectral
data [3] - [7]. Landsat TM imagery is predominantly used in the classification studies
of forest growth stages [8], [9]. Arroyo-Mora [10] has studied different successional
stages of dry deciduous forest with the help of a combined Landsat TM and IKONOS
data set. Asner et al. [11] attempted to monitor forest degradation and deforestation

over different types.

Remote Sensing plays an important role in providing the land coverage
mappings and classification of land cover features. Characteristics of land cover land
use, the difference of spectral reflectance of different land use, and difference in feature
charactenstics such as shape and texture are important parameters that should be
considered while working land cover land use areas with remote sensing. Therefore,
mage classification 15 an important tool for examine and assessing satellite images.

1. LITERATURE REVIEW

ANN classifier gave the highest OAA values of 81%. The image classification
done with the help of SVM showed OAA of 71% and SAM showed the lowest OAA
of 66%. SVM showed the highest OAA of 80% in classifying spectra coming from 165
processed bands [12]. Used SVM classification into land cover and land-use sectors.
Pre-processing contains Gaussian filtering & RGB to Lab colorspace image translation.
Segmentation is done using the fuzzy incorporated hierarchical clustering technique.
The cluster centroids are subjected to the trained SVM to obtain the land use and land
cover sectors [13). Correctness and consistency of Support Vector Machine (SVM)
classifier and compare its performance with Artificial Neural Network (ANN) classifier
for multispectral Landsat- 8 images of Hyderabad region. Overall precisions of Land
used and land cover classification approximately 93% for SVM and 89% for ANN
According to experiment results SVM has the better classification accuracy [14].
Artificial Neural Network classifier and Principal Components Analysis have been
used. After performing the tests, according to the Kappa index, the Artificial Neural
Networks are capable of being employed as pattem classifiers in multispectral images
[15). Collected image data from Landsat ETM+ and Terra ASTER images. Maximum
Likelihood (ML) and Artificial Neural Network (ANN) classifiers are used. Image band
combinations are given to the neural network for tramning and the success of the
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classification. According to the results, the ANN classifier yielded more accurate results
than the ML classifier [16). SMA (Spectral Mixture Analysis) to map coconut land-
cover. SMA was executed and assessed based on Landsat-§ ETM (Enhanced Thematic
Mapper Plus) data [17).
1. Land use/Land cover Mapping & Classification Model

The proposed model for classification and accurate mapping of land use land
cover using remote sensing images or space-bom images. Indian remote sensing
satellite 1mages will be acquired from archives of ISRO and preprocessed. After
geometric corrections GCPs will be laid down on mmages to perform supervised
classification. An inherent supervised classification mechanism was used to cluster
pixels in the dataset into classes corresponding to defined training classes. Non-linear
classifications algorithms (ANN, SAM, and SVM) were used to classify the image. Hits
from all comrectly classified pixels were used for accuracy assessment. Two measures
of classification accuracy (user’s and producer’s accuracy), overall accuracy (OAA),
and kappa coefficient were calculated.

The Model 1s intended to perform the following task.
1.1 Data Acquisition

12 Data Pre-processing
1.3 Identification and classification

Data Data Pre- Identification
Aoquisition processing ‘
Classification

Figure | : Land use land covers Mapping & Classification Model

3.1 Data Acqusition

It 15 a process of gathering information or procedure of collecting related
information. An extensive field survey was done to record ecological features and
distribution pattemns of different land use. Eight distinct land use classes have been
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identified in the study area. Quadrats of 30m»30m size (corresponding with a spatial
resolution of satellite sensor 30m) were laid down across the marked study area. The
numbers of points taken for each class were dependent on the distribution of identified
land use classes within the study area. Ground control Points (GPS) locations of all the
quadrats were recorded within an error of =4m. Images were taken from IRS (LISS III)
platform (Spatial Resolution 30 m). The numbers of points taken for each class were
dependent on the distnbution of 1dentified land use classes within the study area.

Band 4 (Red) Band 5 (Infrared)
Figure 2: LISS - ITI Image

-

3.1 Data Pre-Processing
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Data Pre-processing

Selection of

Spatial Subaset

Figure 3: Data Pre-Processing

3.2.1 Selection of Spatial Subset

In this section, the image is processed and converted into a rectangular shape.
Input the x and y coordinates of the upper left and lower right. Subset your data into 2
rectangle that contains the selected ROIs. The rectangle is the smallest rectangle that
will fit the ROIL You can mask the pixels in the rectangle that do not fall within the
ROL

3.2.2 Over Laying GCPs (Ground Control Points)

The Ground Control Pomnts (Ground Control Pomnts, GCPs) is an important
baseline data of Remote Sensing Image correction [19]. The quantity, distribution, and

Figure 4 Pre-Processing (False Color Composition (FCC)) Image

Atmiya University, Rajkot, Gujarat, India Page 107 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

3.1  Identification and classification

Identification & Classification

Tralaing sanple

selection

Fisal Classified
inape

Figure 5 Identification and classification

3.3.1 Training Sample Selection

It is the most important component of remote sensing classification and
measuring the quality of the region of interest (ROI). Accurate classification accuracy
1s dependent upon good training sample selection. .  Classification correctness is
mainly determined by ROI separability. High-quality classification training samples
(withhigh ROI reparability) determines the classification accuracy to a certain
extent [20].
332 Data Classification

To obtain correct as well as quick land cover detail remote sensing classification
1s very useful and widely applied in the area like a disaster or environment monitoring,
Land Cover Land Use, etc. Proposed model designed to work with supervised
classification. Supervised classification algorithms include classification methods
based on machine leaming, mcluding artificial neural network (ANN), support vector
machme (SVM), and decision tree.

333 Final Classified Image

The final classified image contains different classes of land useland cover
classification. The final image is classified into the classes like water bodies,
agricultural land, residential areas, grasslands, mangroves, etc. with different value
pixels.
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Figure 6 : FCC Image Final classified image (SVM)

1. CONCLUSION

The proposed model is concemed with the finding of different land cover land
use. It helps various govemment agencies to survey an area and future planning. That
will increase accuracy in the mapping and classification of land area land cover.
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Abatract

Measurement of land use and land cover is costly and time-consuming by imperial technique. Remote sensing plays
important role in the mappings and classification of land cover features. Indigenous space-born images can be used for
identification and mapping. Remote sensed imagery is most popular method to capture data on Land Use Land Cover.
Afulnspectral imaging is one of the most widely used rechnologies for LULC mapping and monitering This paper propose:
a model which will help to classify and map land cover land use using remote senszing imagery. It also increase accuracy in
the mapping and clasification of land area land cover.

Keywords:Classification; B S g: Land cover land use, Satellite Image;

INTRODUCTION

Idenrificarion of Land cover land use and messurement of land cover land use is a very impormnr msk. However, techniques
available for the above mention pwpose are labor incentives, time-consuming and costly. Images were taken with the belp of
Space bom remote sensing platforms (Satellite) can be very belpful for the Identification and measurement of land cover land
Furthermore, this method is cost-effective and consumes a lesser amount of time As we stuggle to comprehend the influence of
anthropological activities on our earth, concems over global land use and land cover change are rising [1]. For years remote
sensing has bean usad as an instrument to penerate land useland cover maps [2]. Many stadies have been carmad out to produce
land cover maps of several ecosystems using broadband multispectral data [3]- [7]. Landsat TM imagery is predominantly used in
the clasuficanon smdies of forest growth stages [8], [9]. Amoyo-Mora [10] has smdied different successional stages of dry
deciduous forest with the help of a combined Landsat TM and IXONOS data set. Asner et al. [11]Jattempted to momnitor forest
z and over npes

Eemote Sensing plays an imporamt role m providing the land coverage mappimngs and classification of land cover
features. Charscteristics of land cover land use, the difference of spectral reflectance of different land use, and difference m
Mmtldutmsncsmha\shnmnﬂuxmmmormwmmmmhcmmmmgm:mxm
use areas with remote sensing Therefore, image classificanon is an imp ool for 2 images
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Abstract

Lard Use and Land Cover (LULC) is an 2ssortment of actvities executad by humans on to the land. The present
study was carried out to evaluate supenvised classification mechanisms for classification complex Land use and Land
cover features using India Remote Sencing System-IRS (Linear Imagme Self-Scanming Semsor 3- LISS IIN)
multispectral data. It showed that Artificial neural networks (ANN) fared better 2cross 21l the land use and land cover
classes with an overall accuracy of 88%. It also revealed that Maxmum Likelihood (ML) and Support Vector
Machine (SVM) classifier is prone to miss classification of pixels in one or more classes. Qutcomes of the present
study are comforting the competence of IRS (LISS III) multispactral data for the accurate mapping of complex land
use and land cover features. Additionally, the ability of an ANN claasifier in the classification of complex features
using pnultispectral datz was re-established in the present snudy.

Keywords: land use and land cover, Multispectral satellite imagery, Antificial neural petworks (ANN), Support
vector machine (SVAL), Maximum Iikelihood (ML)

1. Introduction

Land Use 2nd Land Cover (LULC) is 2 collection of actions performed by humans on to the land, to gain
benafits using land resources. Land cover is termad 2s the vegetation or buildings which t2ke place on the eanth.
Examples of land covers contain agricultural land, forest, grassland, and wetland while land use refers to the
biophysical state of the earth's surface and immediate subsurface, contzining soil, topography, surface water, and
grourdwater, and human structures (Elaalem, Ezlit, Elfghi & Abushnaf, 2013). Land use is the utilization of the
laed by humans for economic 2ctivities like agriculture, forests, comstruction, and farming (Wagas et al
2019) Knowledge of land-use land-cover (LULC) change is essential in 2 number of fields based on the use of Erth
observations, such 23 urban and regional planning . emvironmental vulperability andimpact assessment , natural
disasters and hazards momitoring (Liou, Nguyen, & Li, ,2017), (Nguyen & Liou,2019),( Talukdar & Pal2018)
Mapping LULC change has been identified 23 an essential aspact of a wide range of activities and applications, such
23 in planning for land use or global warming mitization (Dutta, R2hman, Paul & Kundy, 2019)
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Remote Sensing is the sience of obtaining data about objects or zrezs from a distance With the quick development
of remote sensing technologies, its application has beer triad in 2 wide range of fields, for example, land surveying,
computer cartography, urban planning, geographic image retrieval, and others (Cheng, Han & Lu 2017), (Xiaetal,
2017), (Lu & Weng, 2007), (Rickards & Richards, 1999). Remote sensing techriques have also been recognized 25
2 powerful tool to accurately map the LULC pattem of a given landscape. The remote sensing images collected by
imaging satellites functioned by governments and businesses around the world Remote sensing can sipnificantly
contribute to providing a timely and accurate image of the agricultural sector, as the convenient and suitable for
gathering appropriate information over large areas with hish accuracy (Brisco , Brown, Hirose, McNaim, & Staenz
. 2014).

Remote Sensing provides the opportunity for raped acquisition of information ea LULC at 2 much-reduced
price compared to the other methods Like ground surveys. The satellite images have the advantages of multi-tamporal
availability as well 23 large spatial coverage for the LULC mappinz (Wittke Yu, Kamjalzinen, Hyyppd &
Puttonen 2019), (Viazz, Girdo, & Rocha, 2019). Multispactral remote sensing images collected by satellite present 2
massive opportunity for understanding the characteristics of the earth. Land use/land cover (LULC) identification
2nd mapping with remote sensing images have developad great interest among researchers from different disciplines.
Lard UseLand Cover refers to the utilization of land through actions like urban planning, matural resource
management, Water resource monitoring, environmental and agricultural analyses. Remote sensed imagery is the
most popular method to capture dat2 or Land Use Land Cover. Multispectral imaging is one of the most widely used
tecknologies for LULC mapping and monitoring Image classification is 2 process where decision rules are
developed and used to assign pixels into classes that have similar spectral and information features (Homer, Huang,
Yang, Wylie, & Coan, (2004), (L. Fang, He, Li, Ghamisi, & Benediktsson, 2017). The major objective of the present
study 12 to pe rform supervised classification such 23 Artificial Neural Network (ANN), Support Vector
Machine (SVM), 2nd Maxirum Likelihood (ML) on the images taken from IRS (LISS IIT) multispectral platform
Comparison of supervised classification results and identification of best classifier based on percentage accuracy.

2. Objectives

Ideraification of land use land cover measurement of area under cultivation for 2 various land cover land
use i3 very mportant task Measurement of cultivation area and other land use is costly and time consummg. Remote
sensing play tmportant role im mappine: and classification of land cover features. However, tachniques available for
the 2bove mention purpose is l2bor incentive, time consuming and costly. Images taken with the help of Space bom
remote senuing platforms (Satellite) can be very helpful for Identification of land cover and land use. Furthermore,
this method is cost effective and consumes lesser amount of time for the identification and classfication of land use
lard cover using multi spectral remote sensing images.

3. Materials and methods
3.1 Model Structure:

Figure | skows the model that explains the sequence of 2dopted methodology for classification of IRS
LISS -III multispectral image. The model consists of five stages that includes
Data acquisition: It is 2 process of gathering information or procedurs of collecting related information. An extensive
field survey was done to record ecological features and distnbution patters of different land e
Data Collection and Overlzying GCPS: The Grourd Control Poirts (Ground Cortrol Points, GCPs) is an important
baseline data of Remote Sensing Image correction (Ch2o Yang, 2018). The quantity, distribution, and accuracy of
GCPs play an miportant rols in comrecting Remote Sensing Images.

Atmiya University, Rajkot, Gujarat, India Page 116 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

Performed supenvised classification: To obtain correct as well s quick land cover demal remone sensing classificanon
is very useful and widely applied in the area like a disaster or environment monitoring, Land Cover Land Use, etc
Proposed model designed to work with supervisad classification. Supervised classification algonthms include
classification methods based on machine leamimg, inchuding arificial neural petwork (ANN), support vector
machine (SVM) and Maximum Likelihood (ML)

Ground verification validation: The common method for the validation is based on fisld examination and manual or
automatic image interpretation using the original or higher-resolution images. The ground reference, which i often
regarded 2s “ground truth”, however, contains erors, especially when 2 large amount of such ground references is
expected with the speculation of coming er2 of big geographic datz (Sun, Chen &, Zhou, 2017).

Accuracy assessment: ACCUraCY 2isessment is an mportant part of any classification technique. [t compares the
classified image into another datz source that is measured to be accurate or ground truth data.

RS LISS - B imagery aquisistion l

Figure 3 Model Structure

3.2 Study Area:

The study was performed in the South region of Gujarat state, India. Valsad district is located 2t 20» 23"
2'N73-5"25'E t020- 18" 7" N 73- 117 20" E (Figure 2). Vals2d District of Gujarat state in India It contams 2
hilly terrain with hills of moderate altinades from 110-360 m, an extension of the Sahyadn Range. The landscape of
the Valsad diswict is made up of Agriculture land (ciefly rice cultvars), Orchards of chiefly mango trees, and
residentia] areas (both urban and rural). It chiefly consiats of moist deciduous tropical types of forest (JL Kumar,
Patil & Soni, 2007). Teak (Tectona grandis L ) and Bamboo (Dendrocalamus strictus Nees ) are the dominant species
of the study area. Other ree species zrowing in the forest area of south Gujarat include Acacia catechu Willd,
Termimalia arjuna (Roxb.) Wight & Am , Bute2 monosperma (Lamk ), Holarrhena antidysenterica(R. ) Br, Mitrazyna
parvifiora (Korth), Delbergia laifolia (Roxb), Anogeissus latifolia (WalL), Bridelia retusa (L), Albiri2 lebbeck
(L). Madhuca indica (Gmel ), Garuga pinnataRoxb.), Peagamia pizmata (L) and Ficus racemos2 (L).
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Figare 2. (1) Map of Guj.(d-mapscom)  Figue 2(b) FCC Image
Figure 4 Study Area

3.3 Field data collection:

An extensive field survey was done to record ecological features and dismbution parterns of Land Use
Lard Cover. Five distinct vegetation classes have been identified in the study arez. Of these 5 classes, Agnculture
land, Water bodies, Barren land, Forest region, Residential area. A total of 150 (30 for each class) quadrats of 30 »
30 m n1ze (comresponding with 2 spatial resolution of LISS III data) were laid down across the marked study area
The mumbers of Ground Coatrol Points (GCP) taken for each class were dependent on the distribution of identified
vegetation classes within the study area. GPS locations of all the quadraes were recorded within 2n error of £ 4m.
3.4 Image acquisition and processing:

IRS LISS IIT data was obtained on 13th, January 21 2t the time of data acquisition, cloud cover was Jess
than 25%. The image was obtamed from National Remote Sensing Cantre, ISRO (bhuvan-2pp3 nrsc.gov.in). Image
2cquisition coincides exactly with the one covered by an extensive field survey. Additional image processing was
performed in ENVI V' 4.69. Image processing systems (IPS) are 2 very important key to suppon remote senting
zpplications and have increased in number and capability in the l2st many vears (Elzalem, Ezlit, Elfghi, Abushraf,
2013). Image processing techniques have baen developed to support the understanding of remote sensmg images
and to fetch as much mformation 23 possible from the images. The selection of spacific teckniques or algorithms
depends on the areas 23 per individual requirement.

3.5 Image Classification:

The image classification procedure works in a orgamized format where different tasks are to be
2ccomplisked in an ordered format to achieve the desired results and classifyying the image accurately (Lu, D. &
Weng Q., 2007). Inherent supervised classification mechanism from ENVI V 4.68 was used to cluster pixels in the
dataset into classes corresponding to defined training classes. Built-in complex noz-lmear classification algorithms
(ML, ANN, and SVM) from ENVI V4.6 were used to clasaify the image. Out of 2 total of 100 GCP 50 vsed as
training dara set while the remaining 50 used 23 test data set to c2lculate Over All Accuracy (OAA).

3.5 Maximum likelihood classification:

Maximu hikelikood (ML) classifier is the commonly nsed supenvised classification technique used with
remote senaing image data, in which 2 pixel with the mayimum likelthood is classified mto the corresponding class.
In ML, 2 pixel 13 selectad to 2 class according to its probability of fitting to 2 particular class. Mean vector and
covariance metrics 2re the maim constituent of MLC that can be recovered from training data (Richards, &
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Richards,1959). ML classification adopts that the statistics for each class in each band are normally
distributed and calculates the probebilicy that 2 given pixel belongs to 3 specific class. Unless you select 2 probability
threshold, all pixels are classified Each piel is 2ssigned to the class that has the highest probability (that is, the
mawimum likelihood). If the highest probebility is smaller than the threshold you specify, the pixel remains
urclassified

i

Figure § Bask concept of MLJARS, 1999)
Followmg is a Discriminant Functions Calculated for Each Pixel:

21 ®-nEple_i F120EE i 12z 1 )1 L 1C) (rem i) (1
Where:

1=class

X =n-dimensional data (where n is the pumber of bands)

plot) = probabilaty that class i occurs in the image and is assumed the same for all classes

|Zi| = determinant of the covariance matrix of the data in class i

Zi-] = ity mverse matrix

mi = mean vector

3.6 Support Vector Mackine

SVM is 2 non-parametric supervised machine leaming techmique and mitially aimed to solve the binary
classification problems (Maxwell, Wamer, & Fang, 2018).Support Vector Machine to perform supervised
classification on images wiing 2 support vector machine (SVA) to dentify the class associated with eack pixel SVM
is 2 classification system derived from statistical leaming theory. It separates the classes with a decision surface that
mayimizes the margin between the classes. It can be used for both linear 2nd non-linear purposes (Kamavisdar,
Saluja, & Agrawal, 2013). It is simple to identify and show correct results and works accurately even if the training
images are noisy (Sanghwi, Aralkar, Sanghvi & Saha, 2020).

The support vector machirs (SVA) provides a training 2pproach that depends only on those pixels in the
vicinity of the separating kvperplane (called the support pixel vectors). It also leads to 2 hyperplane posinon that is
in 2 sense optimal for the avzilable trzining patterns (Richards & Richards 1999). The surface is often called the
optimal hyperplane, and the data points closest to the hyperplane are called support vectors (Figure 4). The suppont
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vectors 2re the critical elements of the training set The classifier tested was SV has a number of options m kemel
selection such as Linear, Polynomial, Sigmoid, and Racial Basis Function (RBF) for SVM We have classified the
Eypenon image with e2ch REF because the RBF method exploits information about the inner products between
datz items (Vyas etal, 2011).

Figure 6 Graphic representation of the SVM method (Naik, Thaker & Vyas, 2021).

3.7 Artificial Neural Network (ANN)

A peural petwork classification zppears as shown in Figure 5. Being 2 layered classifier composad of
processing elements of the type thown . It is predictably drawn with 2n input layer of nodes 2nd an output Layer
from which the class category mformanon is provided Amid there may be ons or more so-callad hidden or other
processing layers of nodes. Usually, one hidden Lzyer will be adequate, although the pumber of rodes to use in the
hidden layer is often not readily determined (Richards & Richards .1999). The ANN is the most widely 2pplied
supervised classification, which can be professionally used in non-linear phenomena such 2s LULC changes with
the ability to work on big data analysis. It is currently one of the most used non-parametric classification (Talukdar
. Singha Mahato, Pal, Liou , & Rahman, 2020))

o o
® o0 o
® o o

Figure 7 A graphical representation of the Neural Network method (Naik Thaker & Vvas  2021).

L - L e

4, Results and discussion

Grourd truthing ard validation performed for classification using field survey of study area.
Confusion metrics generated about cla:sification 23 shown in Tablel, 2 2nd 3. Tables 1, 2, and 3 zhow ovenall
2ccuracy OAA (in the form of confusion matrix) of IRS (LISS III) image classified with the help of ANN, ML, and
SVM classifier respectively. Figure § shows the IRS (LISS III) image classified with the help of ANN, ML, and
SVM classifier respectively. Additionally, overall accuracy of the ANN classifier is more in comparison to ML and
SVM
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Table 1 Confusion matrix obtained using ANN classifier

Agnodure Farest  Resadentaal Wakr Harren Towl M Accuracy
Land Arcd Bodws Land
Agncultee 13 b 0 ] 0 15 S0
Laad
hovest I 13 0 | !} 15 606
Ressdential I 0 11 ] | 13 86,006
Altd
Waker Hodies 0 ] 0 14 | 13 LARE}
Huarren Land | 0 ] 1) 13 1§ Ab.60
loal 16 13 L) 15 13 15
o Accuacy 8128 8606 9 84 9111 86 66
0AA=6799%
Table 2 Confusion matrix obtained using ML classifier.
Agicalie  Forest  Resadestial Wkt Baren Towl ) Accuracy
Land Arca Hodis Land
Agncultue 1 1 0 0 l 15 (ER L]
Land
Farest | 12 | U | 13 8.0
Ressdential I 0 1l I 2 5] 1133
Aled
Water Bodics | | | 10 2 15 6,66
Burren Land | ] (1] | 12 13 $0.00
Total 15 6 I3 12 18 )
% Accuracy 13,13 1500 $46] §3.33 [
0AA =74.66%
Table 3 Confusion matrix obtained using SVM classifier.
Agicalie  Forest  Resadentaal Wt Bamen lowl o Accuracy
Land Area Hodus Land
Agnculture 1 ! 0 0 | 1 86,60
Land
hanest | 12 1 I 1] 15 $0.00
Ressdential l l 11 I l 15 3.5
Altu
War Bodics ] | | 12 | 13 $0.00
Burren Land | | 0 1] I3 1§ 86,066
Towl 16 W 13 14 16 s
%% Accuracy £1.24 1500 $46] 85.71 $1.28
0AA=5133%
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) LC B

Figure 8 Classified images (a.) FCC (b.) ANN (c.) ML (d.) SVM

observation of Figure 6 (b) reveals that IRS (LISS III) image classified with ANN classifier
is comparable with FCC image. ANN classifier is able to classify minor features such as shadowed forest
region (forest patches existing on the mountain slopes that ave situsted against the sunlight). It is
noteworthy that the ANN classifier is also able to classify water bodies more precisely in comparison to
the ML / SVM classifier (Table 1). Complex features such as shadowed forest patches and wivial water
bodies are accurately classified by ANN. ANN classifier is well imown for its ability to separate complex
land use classes with higher accuracy. It is noteworthy, that (Nurwauziyah, Umrok DianPutra, &
Firdaus, 2018), (Pathzk & Dikshit, 2003), (Macintyre, Niekerk & Mucina, 2020) achieved an accuracy
greater than 70 % for various kinds of multispectral data set. Earlier, (Prasad, Savithri, & Krishna | 2017)
accomplished an OAA of 89 % in land cover classification. Previously, (Madhubala, Mohan Rao &
Ravindra Babu ,2010) succeeded to attain an accuracy of 56 % with IRS LISS IIT data. Similarly,
(Kontoes , Raptis , Lautner & Oberstadler, 2000) attained a moderate accuracy of 72 and 74 %
respectively using 2 similar dataset for land use land cover classification. Table 4 represemts the
suitability of classifiers in land use land cover classification in previous work performed by the various
authors,

Table 4 Suitability of classifier in LULC classification as per the previous works

Sr.Ne Mechods uzed Bext Mechod Astbors
1 Random fores (RF)t, K-aearest S\ (Noi & kappss,2018)
machise (SVM) __ _

2 RF, S\ M S\ {Ma, L, Ma, Chesg Da& Lin20l))

3 SVAL ANN, Chassificacios and VAl (Pal RZisul2017)
regression tree (CART) __ _ _ __

] SVALRF, ANN ANN (Raczke & Zagajenska,2017)

3 ANN_SVM ANN (Abbaz_Abmad, Skab & Saeed 2017)

[ Mavinsum likebhood (ML), SVAL ANN ANN (Srvastava, Han Rice.Ramires, Bray

& Lham,20
3 REA0 ML mﬁm
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The present study also ANN achieved a decent OAA of 88 %,SVM achieved §1% and ML
classifier achieved 2 moderate accuracy of 75 %. However, hyper-classification of water bodies is clearly
vistble in IRS (LISS III) image classified with ML. Furthermore, the shadowed forest region is miss
classified as water bodies in most of the regions of the IRS LISS III image by ML classifier. However,
ML classifiers accurately disguise between agricultural land and residential area. Earlier, (Navin, &
Agilandeeswari, 2019) achieved an accuracy of more than 90 % for IRS (LISS IIT) images for a fewer
number of classes. (Sisodia, Tiwari & Kumar ,2014) accomplished an accuracy of greater than 90% for
Landsat ETM= imagery.

However, the current complex landscape OAA achieved in the present study is comparable.
S\'\ldnnﬁuschmﬁarmmbkonoﬂl% Earlier, (Macintyre Van Niekerk & Mucina, 2020)
achieved an accuracy of”-l%mththghﬂpofSem}-ImJnmﬂmgn (Lowe & Kuliami
,ZOIS)accowphshdanum of 87 %. (Nurwauziyah, Unroh Dian, Putra &m;o:s;mw
an accuracy of §7 % using multispectral satellite imagery. OAA attained for SUM in the present study is
comparable to the above-mentioned studies. However, it i3 apparent that over and miss classification of
residential area is clearly evident in IRS (LISS III) image classified with SVAML Critical observation
reveals the miss classification of Agriculture land into a residential area in IRS (LISS IIT) image classified
with SVAL

§. Conclusion

The study was carried out to compare the performance of three different classifiers (ML, ANN,
and SVM) over 2 complex landscape of the Valsad district of the South Gujarat region with IRS (LISS
[IT) imagery. It showed that ANN fared better across all the land use and land cover classes. It also
revealed that ML and SVM classifier is prone to miss classification of pixels in one or more classes. IRS
(LISS III) classified imagery from ANN are quite similar in showing the distribution of five land use and
land cover classes. The findings of the present study are reassuring the capability of IRS (LISS IIT)
multispactral data for the accurate mapping of complex land use and land cover features. Furthermore,
proficiency of ANN classifier in the classification of complex features using multispectral datz was re-
established in the present study.

6. References.

1. Abbas, A W, Ahmad A, Shah S, & Saeed, K. (2017, January). Parameter investigation of
artificial neural network and support vector machine for image classification. In 2017 I4th
Internarional Bhurban Conference on Applied Sciences and Technology (IBCAST) (pp. 795-798).
IEEE.

2. Brio,B.; Brown R.J.; Hirose, T.; McNaim H.; Staenz K. Precision agriculture and the role of
remote unsmg A. mwcm Jownal of Remote Sersing. 2014, 24, 315-

3 Dmu,D Ra.hnm,A. Paul,s K &,Km:,A.(leQ) Changing pattern of urban landscape
mdmeﬂeuonlndmﬁampcmmndmmdm.fmwmd Monitoring and
Assessmenz, 191(9), 1-15.

4. Elaalem M M, Ezlit, Y. D, Elfghi A, & Abushnaf F. (2013). Performance of supervised
classification for mapping land cover and land use in Jeffara Plain of Libya International
Proceedings of Chemical Biological & Environmental Engineering, 55, 33-37.

5. Cheng, G, Han, J., & Lu, X (2017). Remote sensing image scene classification: Benchmark and
state of the art. Proceedings of the IEEE, 105(10), 1865-1883.

6. Xia G.S.,HuJ, HuF., Shi B, Bai, X, Zhong, Y., ... & Lu, X (2017). AID: A benchmark data
set for performance evaluation of aerial scene classification JEEE Trauactions on Geoscience
and Remote Sensing, 55(7), 3965-3981 Homer, C., Huang, C., Yang, L., Wylie, B., & Coan, M.
(2004). DntlopmmtofaMluﬂoulhnd-cmudmbmfwtthuMSm

& Remote Sensing, 70(7), 829-840.

7. I, N.K, Kumar, R. N, Patil, N, & Soni, H. (2007). Studies on plant species used by tribal
communities of Saputara and Puma forests, Dangs district, Gujarat. Indian J Tradit Knowl, 6(2),
368-74.

8.  Kamavisdar, P, Saluja, S., & Agrawal, S. (2013). A survey on image classification approaches
and techniques. International Journal of Advanced Research in Compuzer and Communication
Engineering, 2(1), 1005-1009.

Atmiya University, Rajkot, Gujarat, India Page 123 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

8. Kamavisdar, P., Saluja, S., & Agrawal, S. (2013). A survey on image classification approaches
and techniques. Internarional Journal of Advariced Research in Computer and Commuwnication
Engineering, 2(1), 1005-1009.

9. Komtoes, C. C,, Raptis, V., Lautner, M., & Oberstadler, R. (2000). The potential of kemel
classification techniques for land use mapping in urban areas using Sm-spatial resolution IRS-1C
imagery. International Jownal of Remote Sensing, 21(16), 3143-3151.

10. Fang L. He N, Li S., Ghamisi P., & Benediltsson, J. A. (2017). Extinction profiles fusion for
hyperspecral images classification JEEE Trowactions on Geoscience and Remote
Sensing, 56(3), 1803-1815.

11.  Liow Y. A, Nguyen A. K & Li M H (2017). Assessing spatiotemporal eco-environmental
vulnerability by Landsat data. Ecological indicators, 80, 52-65.

12.  Lowe, B., & Kulkami A. (2015). Multispectral image analysis using random forest.

13. Lu,D.and Weng Q. 2007. A survey of image classification methods and techniques for improving
classification performance. Intemational Journal of Remote Senzing Vol. 28, No. 3, §23-870

14, MaL,;LiM;Ma X;Cheng L;Du,P;Lin Y. Amwcprmmdobnu-bmdlnd-mu
image classification. ISPRS J. Photogramm Remote Sens, 2017, 130, 277-203,

15. Macinnre, P, Van Niekerk, A, & Mucina, L. (2020). Efficacy of multi-season Sentinel-2
imagery for compositional vegetation classification. Intemational Joumal of Applied Earth
Observation and Geomformation, 83, 101980.

16.  Madhubala, M., Mohan Rao, S. K., & Ravindra Babu, G. (2010). Classification of IRS LISS-II
images by using artificial neural petworks. IJCA Special Issue on “Recent Trends in Image

ing and Pattern Recognition” RTIPPR.

17 Maithanj, S. (2015). Neural networks-based simulation of land cover scenarios in Doon valley,
India Geocarto International, 30(2), 163-185,

18.  Maxwell AE;Wamer, TA; Fang, F. Implementation of machine-leaming classification in
remote sensing: An applied review. Int. J. Remote Sens. 2018, 39, 2784-2817.

19, Naik A, Thaker, H, & Vvas, D. (2021). A survey on various image processing techniques and
machine leamingz models to detect, quantify and classify foliar plant disease. Proceedings of the
Indian National Science Academy, 87(2), 191-108,

20, Navin, M. 8., & Agilandeeswan, L. (2019). Land use land cover change detection using k-means
clustering and maximum likelihood classification method in the javadi hills, Tamil Nadu,
India International Journal of Engineering and Advanced Technology (IVEAT).

21.  Nguyen, KA Liow, Y.A. Mapping global eco-environment vulnerability due to human and

nature disturbances. MethodsX 2019, 6, 862-875.

Nguyen, KA; Liou, Y.A. Global mapping of eco-environmental vulnerability from human and

nature disturbances. Sci. Total Environ. 2019, 664, 995-1004.

Thanh Noi, P, & Kappas, M. (2017). Comparison of random forest, k-nearest neighbor, and

support vector machine classifiers for land cover classification using Sentinel-2

imagery. Sensors, 18(1), 18.

Nurwauziyzh, I, UD, S, Putra, 1. G. B., & Firdaus, M. L. (2018). Satellite Image Classification

using Decision Tree, SV and k-Nearest Neighbor. no. July.

Pal, S.; Ziaul, S K. Detection of land use and land cover change and land surface temperature in

English Bazar urban centre. Egypt J. Remote Sens, Space Sci. 2017, 20, 125-145,

Pathak and Dikshit (2005), Pathak, V., & Dikshit O. (2005). Neuro-textural classification of

Indian urban environment. Geocarto International, 20(3), 65-73.

Prasad, S. V. S, Savithri, T. S, & Kriskna I V. M. (2017). Comparison of Accuracy Measures

for RS Image Classification using SV and ANN Classifiers. International Journal of Electrical

and Computer Engineering, 7(3), 1180.

28.  Yanmg C,Li Q,Wu,G., & Chen, J. (2018, June). A highly efficient method for training sample
selection in remote semsing classification In2018 26th Inmtermational Conference on
Geoinformatics (pp. 1-5). IEEE.

20, Raczko, E.; Zagajewskd, B. Comparison of support vector machine random forest and neural
network classifiers for tree species classification on airbome hyperspectral APEX images. Eur. J.
Remote Sens. 2017, 50, 144-1354,

B

R

[ =]
~

Atmiya University, Rajkot, Gujarat, India Page 124 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

30. Remote Sensing Notes edited by Japan Association of Remote Sensing € JARS 1969

31.  Richards J. A, & Richards, J. A. (1999). Remote sensing digital image analysis (Vol. 3, pp. 10-
38). Bexlin: springer.

32.  Samghvi, K, Aralcar, A, Sanghvi, §., & Saha, I. (2020). A Survey on Image Classification
Techniques. Available at SSRN 3754116,

33, Sisodia P.S., Tiwarl, V., & Kumar, A (2014, May). Analysis of supervised maxi
classification for remote sensing image. In International conference on recent advances and
innovations in engineering (ICRAIE-2014) (pp. 1-4). [EEE.

34, Srivastava, PX,; Han, D,; Rico-Ramirez, MLA; Bray, M,; Islam, T. Selection of classification
techniques for land use land cover change investigation. Adv. Space Res, 2012, 50, 1250-1265.

35. Sun B, Chen X, & Zhou Q.(2017). Analyzing the uncertainties of ground validation for remote
sensing land cover mapping in the era of big geographic data. In Spatial Data Handling in Big
Data Era (pp. 31-38). Springer, Singapore.

36.  Talukdar, S.; Pal, S. Wetland habitat vulnerability of lower Punarbhaba river basin of the uplifted
Barind region of Indo-Bangladesh. Geacarto Int 2018, 1-30.

37, Viana, CM; Girdo, I; Rocha, J. Long-Term Satellite Image Time-Series for Land UseLand
Cover Change Detection Using Refined Open Source Data in a Rural Region Remote Sens, 2019,
11,1104

38.  Vyas, D, Krishnayya N. S. R, Manjunath K. R, Ray, . 8., & Panigraky, . (2011). Evaluation
of classifiers for processing Hyperion (EO-1) data of tropical vegetation. Intemational Joumal of
Applied Earth Observation and Geomnformation, 13(2), 228-235.

30, W. Zhou, S. Newsam, C. Li, and Z. Shao, "PantermnNet: A benchmark dataset for performance
evaluation of remote sensing image retrieval,” ISPRS joumal of photogrammetry and remote
sensing, vol. 145, pp. 197-209, 2018.

40.  Wagas, Muhammad Mohsin et al. 2019. “Estimation of Canal Water Deficit Using Satellite
Remote Sensing and GIS: A Case Study in Lower Chenab Canal System" Journal of the Indian
Society of Remote Sensing; 1-10,

41, Witke, S,; Yu, X; Karjalainen M.; Hyyppd, 1.; Puntonen, E. Comparison of two dimensional
multitemporal Sentinel-2 data with three-dimensional remote sensing data sources for forest
inventory parameter estimation over a boreal forest. Int. J. Appl Earth Obs. Geoinf. 2019, 76,
167-178.

Atmiya University, Rajkot, Gujarat, India Page 125 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

Publication Link: http://www.gdzjg.org/index.php/JOL/article/view/769

LT e——

Seopns
Accurate Identification of complex Land use and Land Cover Features Guangaiansi | gussg Taurs
using IRS (LISS III) Multispectral Image of Dptostectrasics Laser

Miray Desal® & Parag Shukla s |

Hepwords: land Use andland cover, Multispectral satelite imagery, Atificial

nisural netvnrks |ANN), Support vecior machine (Svh) Maimum fsibood FZ207AE
(ML),

Abstract

Make 2 Submissinn

Curreat lssue

A MG ke LET]
S TEE g @

"Wouozecase

Atmiya University, Rajkot, Gujarat, India Page 126 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

JOURNAL OF OPTOELECTRONICS LASER ISSN: 1005-0086

Volume 41 Issue 7, 2022
Accurate Identification of complex Land use and Land Cover Features using IRS (LISS Ill)
Multispectral Image
Nirav Desai*' & Parag Shukla®
“Research Scholar, Atmiya Universiy, Rajkot, INDIA
*Research Supervisor, Atmiya University, Rajkot, INDIA

ABSTRACT Land Use and Land Cover (LULC) is an assortment of activities executed by humans on to the land. The
present study was camied out to evaluate wmad dassrﬁum mechanisms for classification complex Land use
and Land cover features using India R g Sy IRS (Linear Imaging Self-Scanning Sensor 3- LISS Ill)
multispectral data. It showed that Antificial neural networks (ANN) fared better across all the land use and land cover
classes with an overall accuracy of 88%. It also revealed that Maximum Likekhood (ML) and Support Vector Machine
(SVM) classifier is prone to miss classification of pixels in one or more classes. OQutcomes of the present study are
comforting the competence of IRS (LISS Ill) multispectral data for the accurate mapping of complex land use and land
cover features. Additonally, the ability of an ANN classifier in the classification of complex features using multispectral
data was re-established in the present study.

: land use and land cover, Multispectral satellte imagery, Artificial neural networks (ANN) . Support vector
machine (SVM)., Maximum likelihood (ML).

I INTRODUCTION

Land Use and Land Cover (LULC) is a collection of act d by humans on to the land, to gain benefits
mmmmmmmahmwmmuhmmhm Exampiles of
wmmmmw h‘eﬂ.w&sland mmmkmaxmmsmmemhmmu
the earth's surf: g soil, b iphy. surface water, and groundwater, and
mmmsrucues{Ehaiem Eziit, Eifghi, & Abushnaf , 2013)Landusensmemiiubondmundbymmanslnr
economic activities like agriculture, forests, construction, and fafming (Wagas et al. 2019).Knowledge of land-
uufland—oowr(l.Ul.C)d‘wngorsuuﬂwmambordhldsbmdmhmdmomm such as
urban and regional p bility nt . natural disasters and hazards
monitoring (Liou, Nguyen&l.l. 2017), [Nguyen&Llou .2019).( Talukdar & Pal2018] Mapping LULC change has
been identified as an essential aspect of a wide range of activities and applications, such as in planning for land use or
global warming mitigation (Dutta, Rahman, Paul & Kundu, 2019)

Remote Sensing is the science of obtaining data about objects or areas from a distance. With the quick development
of remote sensing technologies, its application has been tried in a wide range of fields, for example, land surveying,
computer cartography. urban planning, geographic image retrieval, and others (Cheng, Han & Lu,2017), (Xia et al.,
2017), (Lu & Weng. 2007), (Richards & Richards, 1099). Remote sensing techniques have also been recognized as a
powerful tool to accurately map the LULC pattern of a given landscape. Tmnmﬁeunsngmagesoﬂmedby
imaging satellites functioned by go nts and busi es around the world. Remote sensing can
mnm.mﬂﬂysndmtehagedﬂuqnwmm”ﬂ\e ient and suitable for
appropriate information over large areas with high accuracy (Brisco , Brown, Hirose, McNaim, & Staenz .

2014).

Remote Sensing provides the opportunity for rapid acquisition of information on LULC at a much-reduced price
compared to the other methods like ground surveys. The satellite images have the advantages of multi-temporal
availability as well as large spatial coverage for the LULC mapping (Wittke Yu, Karalainen, Hyypp3, &
Puttonen,2019), (Viana..Girdo, & Rocha,2019). Multispectral remote sensing images collected by satellite present a
mmowhmmmdnum Land usefland cover (LULC) identification and
mapping with remote sensing images have developed great interest among researchers from different disciplines.
LandUseﬂ.sndCunrmmwhuﬁmtnnufhnthmﬁeurbanphnnng natural resource
Wvﬂmmmmmmwmmamm Remote sensed imagery is the
most popul o data on Land Use/Land Cover. Multispectral imaging is one of the most widely used
tedmoiognesiotLULC mma‘bdmomoru'lg Immdﬁsﬁmbnsamsmmmsmdewbped
and used to assign pixels into classes that have si and i (Homer, Huang, Yang,
Whylie, & Coan, (2004), (L. Fang. He, Li, G*umls;&ﬂeneddttsson 2017). Thmoh;emedﬂ\emuﬂtsndyns
to pe rform supervised classification such as Artificial Neural (ANN), Support Vector Machine (SVM). and
Maximum Likelihood (ML) on the images taken from IRS (LISS 1ll) multispectral platform. Comparison of supervised
classification results and identification of best classifier based on percentage accuracy.
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ABSTRACT

Identification of the effect of human activities on our planet concems over worldwide
land use and land cover change is very complex. Land Use and Land Cover refer to the
utilization of land through events like agriculture, different types of cultivation areas,
residential areas, and the physical features on the earth’s surface like the sea, mangroves
forest, vegetation cover, and water bodies. However, empirical techniques used for this
type of classification are cost-effective and laborious. This paper is focused on remote
sensing images and various supervised classifications to identify various Land
UseLand Cover. This research work aims to use images taken from IRS (LISS III)
platform to perform supervised classification. The study was performed to compare the
performance of Supervised classifiers Decision Tree and SVM to classify different land
use land cover classes. The Decision tree classifier gives better results than SVM for
the study area. The decision tree classifier achieved 89.97 %. and SVM 81.90 %. It
revealed that Decision Tree did better across different levels of occupancy of Land
use/Land Cover.

Keywords: remote sensing, multispectral satellite image, classification, Decision Tree,
SvM

1. INTRODUCTION

Remote Sensing 1s a science of obtaining information about objects or areas from a
distance, typically from aircraft or satellites. Satellite imagery is images of Earth
collected by imaging satellites functioned by govemments and businesses around the
world. A multispectral image captures image data within specific wavelength ranges
across the electromagnetic spectrum (EM). More than 100-nanometer resolution. Less
the 10 bands.

Land use 1s defined as a sequence of actions performed on to the land to carry out by
humans, with the purpose to gain products and/or benefits using land resources. Land
cover is defined as the vegetation or buildings which take place on the earth. Examples
of land covers include agricultural land, forest, grassland, and wetland. And land-use
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refers to the biophysical state of the earth’s surface and immediate subsurface,
containing soil, topography, surface water and groundwater, and human structures.
(Elaalem et al., 2013) Land use specifies how persons are using the land, whereas land
cover specifies the physical land type. Both the types of data are obtained from analysis
of the satellite images

As we struggle to recognize the effect of human actions on our planet, concems over
global land use and land cover change are rising. (Okin et al) Land Use/Land Cover
(LULC) classification is very important because it offers data for the monitoring of
natural resources in different geographical positions. For eras, remote sensing has been
used as a tool to produce Land UseLand Cover maps. (Chan et al, 2008). Actions
prevalent in an area can be obtained from Land Use / Land Cover (LULC)
classification. Land Use/Land Cover refers to the utilization of land through activities
like agniculture, different types of cultivation areas, residential areas, and the physical
features on the earth’s surface like the sea, mangroves forest, vegetation cover, and
water bodies. However, empirical techniques used for this type of classification are
cost-effective and laborious. Furthermore, practically it is impossible to obtain real-
time data by manual human resource-based techniques. Remote sensed imagery is the
most popular method to capture data on Land UseLand Cover. Remote sensing
imagery when used for Land Use/Land Cover classification one can get rid of all the
above-mentioned problems Image classification 1s an important technique in remote
sensing for image analysis and pattem recognition. Image classification is a process
where decision rules are developed and used fo assign pixels into classes that have
similar spectral and information features (Campbell et al,. 2008 )(homer et al,. 2004)(lu
etal, 2007).

This paper is focused on various supervised classifications. The main goal of this
research work 1s to use images taken from IRS (LISS III) platform to perform
supervised classification. We will use supervised classification mechanisms such as
SVM and Decision Tree and compare the result.

2. MATERIALS AND METHOD
2.1 Study area

The research was performed in Navsari and Valsad district situated in the South region
of Gujarat state, India. Navsari district is located at 21' 07’ N and 73' 40’ E whereas
Valsad district is located at 21 36" N and 72' 59" E (Figure 1).
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Figure 9. study area

2.2 Land Use Land Cover Definition

Land use 1s described as 2 sequence of activities performed on the land to carry out by
humans, with the purpose to acquire products and/or benefits using land resources.
Land cover is characterized as the vegetation or constructions which take place on the
earth. Examples of land covers contain agricultural land, forest, grassland, and wetland.
And land-use refers to the biophysical state of the earth’s surface and immediate
subsurface, contaming soil, geography, surface water and groundwater, and human
structures. (Elaalem et al., 2013) Land use denotes how persons are using the land,
whereas land cover identifies the physical land type. Both types of data are found from
the analysis of the satellite images.

2.3 Image acquisition and processing

LISS- IIT data was obtained on 18th, January 2018. At the time of data acquisition,
cloud cover was less than 25%. The image was obtained from National Remote Sensing
Centre, ISRO (bhuvan-app3 nrsc.gov.in). Image acquisition coincides exactly with the
one covered by an extensive field survey. Additional image processing was performed
in ENVI V.4.6. Image processing systems (IPS) are a significant key to help remote
sensing applications and have grown in number and capability in the last many years.
(Elaalem et al,, 2013. Image processing techniques have been built to support the
understanding of remote sensing images and to retrieve as much info as possible from
the images. The selection of specific techniques or algorithms depends on the areas as
per particular necessities.

2.4 Image Classification
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There are varous image classification methods for land use and land cover. The
classification technique can be "supervised” or "unsupervised”. Different land use and
land cover types can be split from an image using several image
classification algonthms using spectral features, 1.e. the “brightness™ and "color” value
contained i each pixel. The supervised classification contains classifications like
SVM, ANN, and Decision Tree. Each pixel in the entire image is then classified as
appropriate in one of the classes depending on how it is closed to its spectral features
in the training areas. In unsupervised classification, the algorithms group the pixels in
the image Into separate clusters, depending on their spectral features. Each cluster will
then be allocated a land use and land cover type by the analyst. All classifications were
performed using an inbuilt function of ENVI 4.6® image analysis software.

2.4.1 Decision Tree Classifier: A decision tree is built top-down from a root node
and contains separate.20ing the data into subsets that contain instances with parallel
values (homogenous). The decision tree classifiers are effective than single-stage
classifiers. With this classifier, decisions are made at several levels. Decision tree
classifiers are also labeled multi-level classifiers. In constructing a decision tree
classifier, it 1s necessary to construct an optimum tree to achieve the highest possible
classification accuracy with the minimum number of calculations (Kulkami, 2001)

2425VM:

SVM is a great classification technique that has been largely used in the field of
pattem recognition. The support vector machine optimization problem tries to
discover a good quality splitting hyperplane amongst two classes in the higher
dimensional space.

A supervised classification method was used to cluster pixels in the dataset mto
classes parallel to defined training classes. Built-in complex non-linear classifications
algorithm SVM was applied to classify an image. Decisions for the classification and
partition of all the land use classes were made by manual observation of reflectance
pattems of all land use classes. A cluster of (n) numbers of reflectance pattems of all
land use classes was plotted as a graph to identify decisive Digital Numbers of
respective bands.

SVM has many altematives in kemnel selection such as Linear, Polynomial, Sigmoid,
and Radial Basis Functions (RBF) for SVM. We have classified the LISS- III image
with each of these kemels. Kemel methods exploit information about the inner products
between data items. RBF was chosen for its accuracy in classification (Vyas et al.,
2011).

Model structure for image processing and classification is given in Figure 2.

3. MODEL STRUCTURE
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Figure 10 Model Structure
4. RESULT AND DISCUSSION

A supervised classification mechanism like Decision Tree and SVM was applied to
classify land use and land cover in the study area. The results confinmed that the study
area was classified into Agriculture land, Mangrove Forest, Residential Area, Water
Bodies, and Beach Land.

Figure 3. shows classified images coming from these classifiers respectively. The image
classified with decision tree showed OAA (89%) and SVM gave OAA (82%). Tables
show confusion matrices pre-pared for the image classified with the two classifiers

(Decision Tree and SVM). Accuracy values were highest for classes with standardized
distribution such as residential areas and water bodies. Both the tested classifiers

showed relatively lesser accuracies for vegetation classes (Mangrove and Agriculture
land) with the non-homogenous distribution. However, it 1s remarkable that in the
present study both the selected classifiers were able to disguise between two vegetation
vanable classes agnculture land and mangrove forest.
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Figure 3(b.) Decisson Tree

l AGRICULTURE LAND
MANGROVE FOREST
RESIDENTIAL AREA

l WATER BODEES
D BEACHLAND

legends

Figure 3(c) SVM

Figure 11 Result Image

Figure 4. shows the algonthm for the decision tree of all the land use classes. Earlier, (
Keshtkar et al.,2013) achieved an accuracy of 79 % for the classification of land use
and land cover pattens with the help of a decision tree classifier for multispectral data
set. Classification accuracy achieved mn the present study is far better than mentioned
above. Previously, ( Punia et al 2011) concluded that the decision tree classification
gave better accuracy in companison to earlier studies. Results in the present study are
In agreement with this conclusion.
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SVM classifier in the present study achieved a reasonable accuracy number of 81%
lesser than Decision Tree. Earlier,( Prasad et al., 2017) accomplished a higher accuracy
of 93 % for the IRS LISS III data set. Furthermore, (Macmtyre et al. 2020) and
(Venkatalakshmi et al., 2005) achieved an accuracy of 73% and 90% for various kinds
of multispectral data set. The present study was unable to attain a higher accuracy
percentage for SVM.

Figure 12 Decision Tree

Knowledge-based Decision Tree classification increased the outcomes as compared to
the other supervised classification methods. The Decision Tree classification method is
simple and does not depend on the understood hypothesis conceming the association
between the spectral information and class proportions. The outcomes of this study
prove that the Decision Tree can find the complex relationships amongst spectral bands
and classes. And also can identify the most appropriate mixture of bands in increasing
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the class separability. Also, the structure of the Decision Tree is interpretable and shows
the hierarchical relations among bands and class proportions. The results of
classifications LISS-III image along with ancillary data demonstrate that Decision Tree

Apnculturs  Mangrones Reudential Water Deach
Land Forest Aren Bodwes Lamd

Figure 13. Percentage area occupied by § classes in the image subset classified with different classifiers

Table - I: Confusion matrix obtained using Decision Tree clauifier.

Agriculture | Mangrove | Residential | Water | Beach | Total | % Accuracy
Land Forest Area Bodies | Land
iculture

:El:d 4 5 1 o | o | s4| ssss
;"""‘" 3 5 0 3| o | s | ssss
orest
Residental
Area 2 0 50 o | 2 | | o2
“a . 0 2 0 53| o1 | s6 | oss
Beach Land

0 2 3 BEAEEEET
Total

53 57 54 so | 48 | 2
0% Accuracy

8275 92 | o250 | 930|937

0AA=89.97 %, Kappa Coefficient = 0.83.
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Table II: Confusion matrix obtained using SVM classifier.

Agricultu | Mangrove | Residential | Water | Beach | Total | 9 Accuracy
_ reland | Foret | Ares | Bodies | Land
L"“""’"" “ 7 3 o | o | 5| s
and
—. 6 2 0 6 | o || mm
orest
Residential B
po 4 0 4 o | 2 | se| sess
Water Bodies | 0 7 0 B 1 [ %] Bn
Beach Land

0 3 4 s | o | s |
Total

5 56 52 s | 4 [2m
9% Accurs

Y| o2 | o0 | ses | &5 | ssn

OAA = % 62.01, Kappa Coefficient = 0,76,

The image classified with Decision Tree showed the highest OAA 89% and SVM
showed 82% OAA. Tables I and I display confusion matrices prepared for the image
classified with the two classifiers. Accuracy values were highest for residential areas
and water bodies. Both the tested classifiers showed relatively lesser accuracies for
beach land. The decision tree showed higher accuracy in water bodies and residential
areas. And showed the same accuracy in agricultural land and mangrove forest, where
SVM showed higher accuracy in residential areas and water bodies. Among the two
classifiers tested, the Decision tree fared better for all land use land cover classes
while SVM showed lesser performance. Figure 5. shows percentage area classified as
each land use land cover class in the two classifiers

5. CONCLUSION

The study was carmied out to compare the performance of classifiers (Decision Tree and
SVM). Among both the classifiers, the Decision tree gives a better result than SVM for
the study area. The decision tree achieved 89.97 % and SVM achieved 81.90 %. It
revealed that Decision Tree did better across different levels of occupancy of Land
use/Land Cover. The findings of the present study are encouraging for Land use and
land cover using spacebome multispectral data.

References:

[1] A D.Kulkami Computer Vision, and Fuzzy Neural Systems. Upper Saddle River, NJ: Prentice-
Hall, 2001.

[2] Campbell J. B, & Wynne, R. K. (2008). Introduction to Remote sensing 4th Edition

[3] Elaalem M M, Ezlit Y. D, Elfghi A, & Abushnaf F. (2013). Performance of supervised
classification for mapping land cover and land use in Jeffara Plain of Libya Muernational
Proceedings of Chemical, Biological & Envirownenzal Engingering, 53, 33-37.

Atmiya University, Rajkot, Gujarat, India Page 136 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

[4] G.R.D.M B.O. Okin, "Practical limits on kyperspectral vegetation discrimination in arid and
semiarid environment " Remote Sensing of Environmenz, vol. 77, p. 212-225,, 2001.

[5] Homer, C. Huang C. Yang L. Wylie, B., & Coan, M. (2004). Development of 2 2001 national
land-cover database for the United States. Photogrammetric Engineermg & Remote
Sensing, 70(7), 829-840.

[6] 1. P.D.Chan "Evaluation of Random Forest and Adaboost tree-based ensemble classification
and spectral band selection for ecotope mapping using airbome hyperspectral imagery.," Remote
Sensing of Emvironment, vol. 112, p. 20993011, 2008.

[7] Keshdar, H R, Azamivand H., Arzani, H, Alavipanah, S. K., & Mellat, F. (2012). Land cover
classification using IRS-1D data and a decision tree classifier. Deser, 17(2), 137-146.

(8] Kontoes, C. C., Raptiy, V', Lautner, M., & Oberstadler, R. (2000). The potential of kernel
classification techniques for land use mapping in urban areas using Sm-spatial resolution IRS-1C
imagery. International Jownal of Remote Sensing, 21(16), 3145-3151.

[0 Lu D, & Weng, Q. (2007). A survey of image classification methods and techniques for
improving classification performance. Jnternational Journal of Remots sensing, 25(5), 823-870.

[10) Macintyre, P., Van Niekerk A, & Mucina, L. (2020). Efficacy of multi-season Sentinel-2
imagery for compositional vegetation classification. Jnernarional Journal of Applied Earth
Obzervation and Geonformation, 85, 101980.

[11] Madhubala M, Mohan Rao, §. K., & Ravindra Babu, G. (2010). Classification of IRS LISS-III
images by using artificial neural networks. LJCA Special Issue on "Recent Trends in Image
Procescing and Pattern Recognition” RTIPPR.

[12] Maithani S. (2015). Neural networks-based simulation of land cover scenarios in Doon valley,
India. Geocarto Internarional, 3(2), 163-185.

[13]) Pathak and Dikshit (2005), Pathak V., & Dikshit O. (2005). Neuro-textural classification of
Indian urban environment. Geocarto International, 20(3), 65-73.

[14) Prasad, S. V. S., Savithri, T. S., & Krishna I. V. M. (2017). Comparison of Accuracy Measures
for RS Image Classification using SVM and ANN Classifiers. Internanional Jowrnal of Electrical
and Compuzer Engingering, 7(3), 1180.

[15] Punia M., Joshi P. K., & Porwal, M. C. (2011). Decision tree classification of land use land cover
for Delhi, India using IRS-P6 AWIFS data Expert gystems with Applications, 38(5), 5577-5583.

[16] Venkatalakshmi K & Shalinie 5. M. (2003, January). Classification of multispectral images
using support vector machines based on PSO and k-means clustering. In Proceeding: of 2005
International Conference on Inteliigent Sensing and Information Processing, 2005. (pp. 127-
133). IEEE.

[17) Vyas, D, Krishnayya N. 5. R, Manjunath K R., Ray, S. 5., & Panigrahy, S. (2011). Evaluation
of classifiers for processing Hyperion (EO-1) data of ropical vegetation. Jnternanional Jownal of
Applied Earth Obzervation and Geoinformation, 13(2), 228-235.

Publication Link:
http://hebgydxxb.periodicales.com/index php/THIT/article/view/1345

Atmiya University, Rajkot, Gujarat, India Page 137 of 168



Design and Development of a Model for Classification and Mapping of Land
Use/Land Cover Using Multi Spectral Space Born Remote Sensing Images

JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY
ISSN: 03676224 Vol. 54 Iss. 10 2022

A LAND USE/LAND COVER CLASSIFICATION OF IRS (LISS - 11D
MULTISPECTRAL DATA USING DECISION TREE AND SVM CLASSIFICATION
MECHANISM

i Nirav Desai”' & Parag Shukla®
'Rescarch Scholar, Atmiya University, Rajkot, India
*Research Supervisor, Atmiya University, Rajkot, India

ABSTRACT

ldentification of the cffect of buman activitses oo owr planet concerms over workdwade land wse and land cover
change is very complex. Land Use and Land Cover refer 1o the wtilization of land through cvents like
agriculture, diff types of calt areas, dential areas. and the phrysical features on the carth’'s surface
ke the sea. mangroves forest, vegetation cover. and water bodies. However, emguncal technsgues used for this
type of clasification are cost-cffective and laboriows. Thes paper s focused on remote seosing images and
vanoces supervised clasafications to identify vanious Lasd Useland Cover. This research work aims to use
images taken from IRS (LISS 1) platform 1o perform supervised classification. The study was performed o
compare the performance of Supervised classifiers Decision Tree and SYM 10 classify different land wse land
cover classes. The Decioon tree classifier gives better resalis than SVM for the study arca. The decaision tree
clasafier achieved 89.97 %, and SVM 81,90 % It revealed that Decision Tree did better across dafferess levels
of occupancy of Land wsefland Cover.

Key d I satellite image. classification. Decision Tree, SVML

L INTROBUCTION
R of ob snf abowt oby or areas from a distance, typecally from
MumhhumumdMMﬂb’mm;mMM

governments and bexinesses around the world. A multispectral image capeures image data withan specific
wavelength ranges across the clectromagnetx spectrum (EM). More than 100-nanometer resolution. Less the 10
bands.

Land use is definad as a of xt perfe d on to the land 1o carry out by bumans, with the parposc
0 gain prod and‘or benefits usang Lend es. Land cover is defined as the vegastion or buikdings which
wmummaumpmamummwmwmmmmmmm
bad-we refers to the aopbyscal state of the carth's surf,

wpography. surface water and groundwater. nllhunm (Elaalem et al. “ﬂllhi..dntwﬁn
how perwnas are usag the lind, whereas land cover specifies the phivucal land type. Both the types of data e
obtained from analysis of the sascllite images.

Mueawghb:w&dhﬂdhammwplﬂ.mmgwumﬂhﬂ
mtrcMﬂmrmthludlhdLMCm«twmdu i is very img

offers data for the ing of in differemt peographical postions. Fnrtmmm'
has been wied as a ool 10 produce Land Use/Land Cover maps. (Chan ot al. 2008). Actioas prevalent in an arca
cmhtohanndﬁmhﬂUnJLni(‘mtrtLL-'l.(‘lchuﬁcmLMUMCmar:‘u\nodt
mammhmmmmmwa t areas, s d arcax, and
e physical features on the canh's sarface like the sea, gt foress, cover, and water bodies.
However. mﬂm»ﬂhmhwdcwmnmcﬁmuwmmm
practcally ot 1 imposuable to obtain real-ume data by manual human resowrce -based technugues. Remote sensed
imagery is the most popular method 10 capture data on Land Use/land Cover. Remote sensing imagery when
wed for Land Usefland Cover classification one can get rid of all the above-mentioned problems lmage
classification is an important technique in remote sensing for image analysis and pattern recognition. kmage
classification is a process where decision rules are developed and used 1o assign pixels into classes that have
simular spectral and informaton featares (Campbell et al, 2008 homer et al, 2004 il et al, 2007y

This paper is focused on vanous supervised ¢lassifications. The main goal of this rescarch work is $0 use images
uken from IRS (LISS 1) platform to perform supervised classification. We will use supervised classification
mechamesms such as SVM and D Tree and the result.

L
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Abstract. Automated plant dise2se identification i an enduring research subject. Leaves are avzilable for most
of the season and they have 2 flat (2d) surface that's why pracucally it is phyzible to detact disezse symptoms
using mage analysis. Data collection and pre-processing are the most significant and crucial stages to obtzin the
data that can be taken as accurate and appropriate for further processing. Machine leaming techniques require 2
large amount of data for training. The present paper focuses on process standardization for the creation of 2n
image dataset of Mung bean plant leaves and pre-processing steps to enhanced captured images. The diseases in
leaves result in lozs of economic, and production status m the 2zricultural mdustry worldwide. The identification
of dizease i leave: using image processing, reduce the reliance on the farmers for the safeguard of agricultural
crops. In this paper creation and segmentation process of Mung bean plant leaf, performed. Present Dataset will
be availzble to be used by ressarchers to save their time, efforts, 2nd cost related to dataset creation. Segmentation
of mages will mtensify the accuracy of the identification of various diseases.

Keywords: Mung bean, Leaf, Imaze analyss, Image Dataset. Disease [dentification, Pre-processing,
Sezmentation
Introduction

Pulses play important role in nutritional requirements, Pulses kelp to reduce inanition among the poor
masses, They provide minerals, vitamins, energy, dietary fiber, the protein required for the health
condition. Pulses contain substantial amounts of essential nutrients like calcium, iron, and lysine
(Gowda et al 2013). Latest research studies suggested that consumption of pulses may have likely
health benefits as well as reduced risk of hypertension, gastrointestinal disorders, cardiovascular
diseases, cancer, diabates, mdomopomm(lacobund(}aﬂ:hum&n

(Gaston & O'Neill, 2004) projected possibility of plant species identification using artificial
intelligence and digital image processing techniques. Ever since many studies have proposed various
methods for automated plant and plant disease identification. (Rzanny, Seeland, Wildchen, & Mader,
2017a) explored many approaches for image acquisition and pre-processing to improve the quality of
plant organ images to train classifiers for the classification process.
This paper proposes an image dataset of Mung bean plant leaves to camry out an image-based plant
disease identification and classification. There are no standard plant leaves image dataset for Mung
bean leaves is available. The database is created manually by capturing mung leaves images using
various smart mobile phones in a controlled environment. How leaf images are acquired and pre-
processed does have a substantial effect on the accuracy of the classifier rained on them.

Literature Review

Various effective and novel methods have been projected in recent times for the automatic
identification of plant and plant organ diseases. Methods are exploring visual cues present in almost
all of those pars, like fruits (Aleixos N, 2002) (Corkidi G, 2005) (Lopez-Garcia F, 2010), stems, roots
(Smith SE, 1991), kemels (Ahmad IS, 1999), and leaves. (Amruta Ambatkar et al., 2017) proposed a
method for rose diseases detection using an §-connected boundary detection algorithm for edge
detection. (Sannakki et al, 2012) compared binary morphology and Sobel edge detector algorithms
that detect edges and proved that morphology is more effective compared to others. (Sabu, Sreelumar
& Nair, 2017) used HoG (Histogram of oriented Gradients) and SURF (Speeded Up Robust Fearures)
together with a k-NN classifier to identify plants. (Wang et al. 2013) aimed at 2 new algorithm that
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segments a single leaf from real-time video and achieved clear and accurate edges. (Kumar, Surva &
Gopt, 2017), conducted the research that considered both front and backside of leaves with fresh and
dried leaves and extracts features and test them using Support Vector Machine (SVM) and Multi-
Layered Perceptron (MLP) classifiers. (Dahigaonkar & Kalyane, 2018) done related work by
m\mmm‘mmmmcﬂmmﬂmmm
(Misale et al. 2011) achieve 93% accuracy by exwacting geometric features of 2 leaf for detectng
various stages and deficiencies in the plant. (Arivazhagan et al. 2013) proposed an algorithm that
detects and classify an unhealthy region of leaves and segmented only diseased region with the help
of an SVM classifier and obtained ©4.74% accuracy. (Venkataraman & Mangayarkarasi, 2017)
performs classification and identification of plants using various statistical parameters, texture
features, and SVAL (Aitwadkar, Deshpande & Savant, 2018) used Artificial Neural Network (ANN)
for automatic identification of plants. (Batvia, Patel & Vasant, 2017) used Convolution Neural
Network (CNN) for automatic identification of plants,

Table ]. Summarizes the ressarches camied out in recent times

[Researche | Cultor | Primary | No.of | Plan | Clasuif | Image Acquinicen | | Accerac
n ¢ Feature | Image: | ¢ der/ Dataset ¥
Comzid | Org | Techsi
- eved s | que
®.P. Paddy | Shape, NA Leal | K- Custom NA
Narmadba Caolor means | (Smasphiooes o
& digital camera)
GArulvad
i)
(Hadayseul | Toaur | Cobor 40 Leal | ONN | Custom (Sanart S6.92%
ohetal, o Phooe)
2018)
(Kawacher | Rice Color [T Leal | Decrio | Exnting (*Rice leaf | 97.91%
Akmed et aTre | discases data ser™
al, 2019) tps.archave. K. u
voduml dateets Ra
cel
Leal* Dewcases.)
(V.N.T. Camola | Texture W00 | Leaf | SVM | Custom (On-Semi 91.84%
Leecal, radish VITA 2000 camera
019) & wnec)
Hadcey
( Malt- | Color NA Leal | K- Custiom (Digital 2T
Sridhatks | Spocics mcan camera o Mobsde
aC ecal, Phoac)
| 2015)
(G. Rasal Calor 4 Leal | SVM Custom (EOS 5D TN
Dkingra ot Mark 110, 22.3
al, 2019) megapinel CMOS
- ensoc)
(G. Saleemn | Mulu. | Color L) Leal | KNN Eanting (Favia) 914N
ecal, Species 623 Custom 961N
2018)
(Y. San, Tea Texture 1308 leal | SVM | Custom (digal SLR | 95.5%
| 2019) Plant camera)
. CGreeah | Calor, NA Leaf | SVM, | Custom (Camera) %
Sivazakeki, | ouwe Texture ANN T
20) Crop
(Alajed et Rice Calor NA Leal | PNN Custom QLA
| al, 2013)
(Aniad e¢ | Muze | Texture 20 Leaf | Muducl | FEusting (Pant KL%
al, 2015) ass Village)
SVM
T(Survawag | Tcow | Color ISIG0 | Leal | ONN | Exntig (Pl S
ecal, o Vil )
| 2015)
o | Rie Caolor NA Leal | kNN Custom (Dugatal Th A%
al, 2017) Camnna)
Mudn- Color 73 Leat k- Custom NA
bal G et Spevies meuns
Lal 2015)
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[ (Tocker et | Sunfla | Shape 10 Leal | Thwesh | Custom (IMC-76 NA
al, 18%7) wer & olding | color OCD)
[ Out
(Zhang ec Citrus Color, SO0 Leal AdaHe | Custom LS
| al.2011) Texiuge ont (DigialCanera)
(Wamgee | Whent | Color, 188 Leaf | PNN Custom (Digital W29
al 20 & Textuge Camera)
- Grape | & Shape
(Zhanget | Cucum | Color 100 leaf | SVM Custom 2%
al, 2016) ber Approx.
1m e Alfala | Color, 99 Leal | SVM Custom (Digital e,
al, 2016) Texture Camera) Approx.
- & Shape
(Devecal, | Bewl Color 2 Leal | Orsa Custom NA
2016) Vi
(Youssefee | Vepeu | Color, 54 Leaf | SVM Custom (Digital ETD
al, 2016) bl Textuge Camera)
{rop & ﬂlﬁh_:
(Al ecal, Citrus Color & 1 Leal Bagged | Custom (DSLR 99PN
2017) Texture Iree Camena)
Classufi
= 31
(Tippanaa | Mulu Color SO0 Leal | KNN Custom (Digital TSO4%
varetal, Species PNN Camena) '124%
| 2017)
(Kaur ec Mudu. GLOM NA Leal SVM NA 93.16
al, 2017) Spevies | Featwes U8 180,
(AMondal et | Okra & | Tentwe PAOKr | Leat | Naives | Custoo (Digital NA
al, 2017) BRitter a) Bayes | Camera)
gourd 'MBant Classfi
<f e |
gosend)
(AMaecal, | Cocsen | Color 9l Leal | Color | Customs (Digital NA
017) ber map Camera)
(ALOtmibs | Basl Stanstical | 10 Leaf | NN Custom (Digital Sy
ecal, & Feature Caacra)
| 2017) Panley
(Alammeg | Apple | GLOM NA leal | SVM NA AN
almiecal, Features
2017)
(Choshaz | Plam Reguoa 276 leaf | NN Fanting (Plant S621%
ecal, Leat Growing Village)
2018)
(Zhang ec Apple | Color 150 Leaf | k- Custom S04 3%
al l2018) | & (Apple meam (Apple)
Cucun ) 9L15%
ber 150 {Cucumb
(Clacu er)
| mber)
(Picon et Wheut | Color 178 Leaf | Decp Custoon (Mobek 98%
al, 201§5) Canvol | Phones)
wion
(Jumior e¢ | Mulu. | Shape [T Leaf | RNN NA EX 9%
al., 20185) Specics
¥ et Citrus Tentuge L0 Leal | SVM Custom (Digital NA
al, 20185) Camena)
(Nababa e | Ou! Prodabelt | NA Leal | Naive | NA o,
al, 2018) Palm » Rayes
Function
et | Tooat | Color SO00 Leaf | NN Custom (Digital K0
| al, 2018) o Camena)
(Sabu ec Multi- SURF 0 Leaf | kNN Custioon NA
i Nl':) S_p(\.'l.cs HOW
(Vigaymbr | Malu. Texture 1) Leaf | Desim | Custom NA
e & Species ey
017)
(Pushpa, Mudu- Shape & 20s Leal NA Customn 9L.75%
Azsod & Species | Edee
Nambiar,
[ 2616)
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[ Nambr,

2019

(Kemar & | Mulu. | Shape, S0 Leal | Unigue | Custom NA
Talaila, Species | Textuse 1

2.!!! & Colx

(Kemar, | Mulu. | Colock | 1200 | Leaf | SVM | Custoo (Scamned Wy
Suma & Species | Texure Images)

Gopt,

| 2017)

(Dabsgaon | Mulu. | Color, 123 Leal | SVM | Custom 9080,
kar & Species | Textae

Kalyane & Shape

| 2015)

(Vemkatar | Malu. | Textuse 1 Leaf | SYM Custom NA
amas & Species

Mazgayar

karasi,

2017)

{Aiewadks | Mulu. | B, 50 Leal | ANN | Customn 4%
T, Species | Color

De:bpande

& Savant,

2018

(Barvia, Malti. | Shape 4000 | Leaf | ONN | Custom NA
Patel & Spocies approx.

Vazaze,

217

(Vemkaesr | NA Shupe 3 Leaf | ANN, | Custom NA
amaz & SVM

Mangayar

karasi,

2016

(Arus & Malu | Colrk | 2%0 Leal | SVM | Custoos (Digital 9T
Christophe | Species | Textuse canca)

r Dursiraj,

2017)

Used Abbreviations; SV\: Support Vector Machine, ANN: Artificial Neural Networks, PNN:
Probabilistic Newral Networks, KNN: k-nearest neighbors, CNN: coavolutional neural network.

A detailed study of the research work done during the last few vears on leaf images are summarizad
in Table 1. From the information presented in Table 1 main point noticeable i3, researches in the field
of plant disease identification mostly focuses on a single plant organ leaf. Also, the researchers are
forming a custom dataset for their research work as there is no standard dataset available for Mung
bean plant organs. The abbreviations used are summarized in the last row of Table 1. Below mentionad
Table 2 contains a list of some existing plant image datasets.

Table 2. Existing plant image datasets

Dacazet Orzaz No.of Species | Culeure No. of
| Image:
Flavia Leaf 3] Mulo-Spece: 1597
Pharvillage Leaf 3 Bell Paper, Porata, | 15442
Tomato
Oxford_fower102 | Flower T Flowers o0
Swedik Leaf 5 15 tree clases s
| New Plant Diesse | Leal 1 Fruic & T
Vegeables
[ Coffee-datasee Leaf 1 Colice T
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The main point to note in Table 2 is that none of the above plant organ image datassets are dedicated to
the Mung bean plant leaf organ. This research addresses the need for a benchmark dataset for Mung
bean plant organs.

MATERIALS AND METHODS

Dataset Collection

The crucial necessity for accurate plant disease identification is 2 standard dataset of plant organ
images. The dataset creation consists of stages as follows:

. Plant Selection
. Capturing Images
. Dataset Creation.

For this research, the Mung bean plant is under consideration as it is a local crop of the South Gujarat
Region. In the present work the leaf dataset consists of four types of healthy and diseased Mung bean
leaf images; these are Cercospora Leaf Spot, Yellow Mosaic Virus, and Powdery Mildew, These were
collected from The Navsani Agriculture University at Navsari, Gujarat, India for reflective study. A
pictorial assassment of the above-mentioned study site is shown in Fig. 1.

Fig. 1. Study Site of Mung bean Plants

Leaf :amples are acquired indoor to minimize the effect of lighting conditions. Leaves were digitally
captured in a controlled environment using Oppo AS 13MP and MI Note & Pro 64MP smartphones.

The Database consists of 1500+ images which include 400+ healthy and 1000+ diseased leaves. The
diseases considered are Cercospora Leaf Spot, Powdery Mildew, and Yellow Mosaic Virus. Fig. 2
represents the healthy and diseased Mung bean leaves.
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o

Fig. 2. Healthy & Diseased Mung Bean Leaves

System Model and Discussion

The system model is constst of four crucial steps as follows:

1) Pre-processing: Pre-processing helps to bring out useful information from an image.

2) Segmentation: Segmentation is used for locating objects in the image and 1o detect bounding lines
of the image, background subtraction,

3) Feature extwaction: In this phase, unique characteristics of an object or group of objects are
collected.

4) Classification: Classification 13 the phase where training and testing take place. It 1s where the
decision takes place using fearures extracted from the previous phase,

From the zbove four phases first, two phases have been discussed in detall in the following sub-
sections and the remaining two phases will be implemented in the future, For implementation
OpenC\’ an open-source computer vision library with Python is used.

111 a) Pre-processing:. Afterimage acquisition the pre-processing phase takes place. In
this phase, image enhancement will be done. For this various operations are camied out in a series:
RGB image Acquisition and color transformation, normalization' resize of image size Augmentation,
masking green pixels, Segmentation. This phase makes changes in the image and makes it appropriate
for segmentation.

Resize an image

. Resizing refers to the scaling of an image. It helps to reduce or increase no of pixels from an image.
Fig. 3 represents the image resize phase,

&
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Augmentation

. Augmentation encompasses 2 wide range of techmiques used to generate new taining samples from
the original ones. It helps us to increase the size of the Dataset for training. Image sugmentation

artificially creates waining images through a combination of multiple transformations. The result of
image augmentation is displayed in Fig. 4.

)\
‘ ) s

Fig. 4. (2) Onzmal Image, (b) Augmented images

(2

112 b) Segmentation:. mage sepmentation is the first step in image analysis and pattem
recoguition it is 2 critical 2nd essential step and i3 one of the most difficult tasks in mmage procesumg, as it
determines the quality of the final result of the analysis (Tagtap et al, 2014). During the segmentation phase, the
mage will be divided into several segments so that the analysis process becomes ezsy. In this study, edge
detection i performed usng the canny() edge detector 2nd [nteractive foreground extraction is performed using
Grebour() algorithm. Fig § depicts the edge detection and Fig. 6 depicts the Foreground exwaction process

- |
|
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Fig. 5. (a) Original images, (b) Extraction of Boundary

Fig. §. (2) Original images, (b) Extraction of Eoundary

Steps for segmentation

q |9]o]¢

(a) Input Im-  (b) Sumple (c) Separate (d)Finalmask  (e) Output
age masked mmage  foregroundand  mmage mmage after
background masking

Fig. 6. Segmentation Process

The GrabCut algorithm segments object from the background in an image. The user has to mark 2
rectangular area as the primary input. The outer part of this rectangle is considered as background and
pixels in the outside area are considered as kmown background and inside are unimown background.
A model is then created using this data, to find out whether the uimown pixels are foreground or
background. Fig. 7 represents some of the segmented images.

= ) ¢

(a)
. .
L)

Fig. 7. (2) Onigmal [mages, (b) Segmented Images

GrabCut is one of the extensively used algorithms for removing background in images. The automatic
GrabCut technique was experimentally tested using a dataset of Mung bean leaf images as shown in
Fig. 7. This work can be used in regions like plant leaf image classification, plant leaf diseass detaction
from plant leaf images.

CONCLUSION
We considered the creation of the Mung bean plant organ image dataset Dataset will be released to

be used by researchers 1o save their tme, efforts, and cot associated with dataset creation.
Segmentation of the image will increase the accuracy of identification of healthy and diseased pixels.
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Summary

Introduction

Remote sensing (RS) is the method of discovers and understanding the
information from an extensive distance, using sensors deprived of communication
with the object. Satellite imagery is pictures of Earth composed by imaging satellites
operated by governments and businesses around the world. Land use refers to the
biophysical state of the earth’s surface where land covers contain grassland,
agriculture land and forest. This study perform classification techniques to identify 4
land use land cover classes (Water bodies, Agriculture land, Residential area,

Uncultivated land) using deep learning techniques.

Chapter 1 Introduction

This chapter gives overview of the research work, its scope, objectives, need etc.
in detail. Also chapter covers remote sensing, types of sensors and different types of
remote sensing images. False composite color (FCC) images and image processing
techniques and are also covered in this chapter. The summary of the overall thesis is

also discussed.

Chapter 2 Literature Review

Study of the previously done work up to now in the area of land use land cover
classification and mapping is discussed in this chapter. It contains research articles,

electronic documents. conference articles and web resources.

Chapter 3 Methodology

In this chapter land use land cover classification model is discussed in detail.
Components and subcomponents of model are explained in detail in this chapter. This

chapter also describes development of the model.
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Chapter 4 Results and Conclusion

This chapter contains outcomes of the projected model applied on IRS LISS- III
multispectral image dataset. Furthermore this chapter presents conclusion of projected
study work.

Conclusion

Results and conclusion are deliberated in detail in chapter 4 built on various
parameters. This chapter presented the outcomes related to the numerous proposed

models.
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