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Abstract

Land Use Land Cover (LULC) change monitoring plays very significant role in planning, policy making, management programs required for
development activities at regional levels of any country. This study is an attempt to monitor LULC change of Vijayapura taluk, Karnataka,
India for the period of 25 years from 1995 to 2021 using Remote Sensing (RS) and Geographic Information System (GIS). Satellite Images
from Sentinel-2A MSI (Multispectral Imager), Landsat-5TM (Thematic Mapper) are used to generate LULC maps. Vegetation Change in the
study area is computed using Normalized Difference Vegetation Index (NDVI) and results show that vegetation rate is increased from 0.6%
in 1995 to 27.5% in 2021. Supervised Classification is carried out by using Maximum Likelihood Classification (MLC). 5 major classes
considered for classification are namely: Waterbodies, Cropland/Vegetation, Fallow Land, Built-up Area and Barren Land. ArcGIS
software tool is used for implementing the proposed study. Google Earth Pro used for accuracy assessment which is done by taking ground

truth values for corresponding Classifications. Results show that the proposed system is able to achieve 88.16% of overall accuracy.
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INTRODUCTION

While the terms land use and land cover are often used
interchangeably, each word has a distinct meaning. The
surface layer on the earth, such as trees, urban infrastructure,
water, bare soil, and so on, is referred to as land cover. The
function of the land, for example, recreation, wildlife habitat,
or agriculture, is referred to as land use. When used in
conjunction with the term "Land Use Land Cover," it refers to
the categorization or classification of human activities and
natural elements on the landscape over time using proven
empirical and statistical methods of analysis of suitable
source materials. [1]. Monitoring land use and land cover
change is important for ensuring sustainable development
over a period of time, particularly when it leads to inefficient
urban development policies and uncontrolled, sometimes
anarchic urbanization, which are often linked to
environmental threats. [1][2]. Remote sensing techniques are
commonly used to identify and track objects or events, as
well as to generate detailed charts, records, and statistical
data from Earth Observation images in order to provide
geo-information to policy makers, experts, and the general
public. For this reason, Land Cover Land Use (LCLU) maps
are a valuable source of geo-information [3]. Satellite based
data is being widely used as a basis for generating valuable
information for LULC in various research works [4][5][6][7].
Various techniques of LULC study and change detection
have been developed and implemented over the last few
decades in India and across the world [8][9][10][11][12] [13]

and [14]. In the present study Multitemporal Satellite Images
of Landsat-5TM of 30m resolution and high resolution(10m)
Sentinel-2A are used for generating LULC patterns of the
study area i.e. Vijayapura taluk situated in Karnataka, India.

Vijayapura is characterized by low rain fall, high
temperature and very low forest area. Natural vegetation
found here is dry deciduous or thorn type of forest and
agriculture is the main stay of people [15]. Due to the
introduction of ambitious projects from Government of
Karnataka like-

e From Water Resources Ministry to Rejuvenate and
Replenish Tanks to fill Tanks and there by increase
the ground water level [16].

e Working plan of Vijayapuara Forest Division from
2012-13 to 2021-22 [15].

There are noticeable changes in the LULC patterns of
study area which makes it more interesting. There has been
no attempt made previously to study the LULC in the
specified region therefore, the paper aims to utilize geospatial
techniques to detect the LULC changes in Vijayapura taluk
from 1995 to 2021.

Organization of paper: Section | gives the Introduction,
Section |1 briefs about Study Area and Datasets used, Section
Il and 1V explain the Methodology applied to carry out
NDVI Calculation and Supervised Classification, Section V
discuss the Results, Section V1 is the Conclusion.
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STUDY AREA AND DATA SET

Study Area

The present study is carried out in Vijayapuara taluk from
Karnataka State, India which was earlier called as Bijapur
and renamed by Government of Karnataka on 1/11/2014. The
latitude and longitude coordinates of Vijayapura are
16°15'47.35" N, 75°50'03.47" E with an area approximately
953.7km? as shown in Figure 1. Vijayapura is 556m above
sea level. The average annual temperature here is 26.5 °C and
rainfall is around 718 mm or 28.3 inch per year [17].
Agriculture is the main source of livelihood in the study area
and most of the population lies surrounding Vijayapuara city.

Location Map of Study Area

N N
Karnataka State Vijavapura Taluk

Figure -1: Location map of Vijayapura taluk, ‘Karnataka,

Data Set

Multitemporal high resolution Sentinel-2A MSI imageries
composed of 13 bands for the years 2015, 2021 and
Landsat-5 TM imageries composed of 7 bands for the years
1995, 2008 are used for LULC mapping of study region. One
of the main applications of Sentinel-2A and Landsat
composite is for LULC analysis [18]. All Satellite Images
used in the study are cloud free or with very less cloud
coverage (within 10%) and are downloaded from
open-source websites USGS earth explorer and Copernicus
Open Access Hub. Vector data used in the study to get shape
file for extracting Region of Interest is downloaded from
Karnataka Geographic Information System (KGIS) website.
Following table 1 gives the details of Satellite Images used.

SUPERVISED CLASSIFICATION

The aim of image classification is to extract features from
remote sensing data by converting it into more concrete
categories that reflect surface classes and conditions [19]. For
remotely sensed image processing, classification is a
commonly used research technique. There are three types of
approaches in this collection: supervised, unsupervised, and
hybrid.

India.
Table-1: Details of Satellite Images used in the work.
SI. No. Satellite Resolutl?Jr;:\dnd Bands Acquisition Dates Source
inel- 10 . .
1 Ezrlt\mel 2A MSI Bar: ds B2, B3, B4, B8 26/01/2021 https://scihub.copernicus.eu/
Sentinel-2A MSI | 10m . .
2 24/12/2015 https://scihub.copernicus.eu/
L1C Bands B2, B3, B4, B8 P P
3 Landsat-5 TM L1TP 30m 31/10/2008 - 145/48 https://earthexplorer.usgs.gov/
Bands B1 to B7 09/12/2008 - 146/48 | " P> plorer.tisgs-
30m 13/01/1995 - 145/48
4 Landsat- 5 TM L2SP https://earthexplorer. .gov/
andsa Bands B1 to B7 20/01/1995 - 146/48 pe-reartexplorer.tsgs.gov

The supervised classification method requires training
samples to define each class. The unsupervised classification
approach does not require any additional data because classes
are defined solely by spectral value differences. The
supervised and unsupervised classification methods are
combined in the hybrid classification process [20]. The
K-means, parallelepiped, ISODATA, MLC, and minimum
distance to means are examples of traditional classification
algorithms. MLC is the most precise classification scheme
among them [21], as it is known as a reliable and robust
classifier with high precision and accuracy. As a result, MLC
is the most commonly used pixel-based method for
classifying remotely sensed data [22] [23] [24].

MLC is a method for calculating the limit for a given
statistic from a specified class of distributions. Electrical

engineering can be traced back to the origins of MLC [25].
For the training samples, a normal distribution is assumed.
The probability density functions for each group are
generated by the algorithm. All unclassified pixels are
assigned membership based on the relative likelihood
(probability) of that pixel occurring within each category's
probability density function during the classification process
[26].

The process of classification used in this study is depicted
in the following figure 2

Image Mosaicking: As there is no availability of single
Satellite Image covering the study area, we have used two
Landsat-5TM images of path 145/48 & 146/48 and mosaic
them to get Region of Interest (ROI). The method of
combining photographs of the same scene into a broad
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picture is known as image mosaicking. The union of two
input images would be the product of the image mosaic
process [27].

In the present work ArcGIS geoprocessing tool Mosaic To
New Raster is applied on 2 Landsat-5TM images of 1995 and
2008 to get single raster image [28].

Band Composite: Satellite Images are captured in multiple
wavelengths of reflected light. We can combine different
bands of image into picture for better interpretation [29].
Band composite of bands B2, B3, B4 and B8 with 10m
resolution of Sentinel-2A images of 2015, 2021 and similarly
Composite of bands Bl to B7 with 30m resolution of
Landsat-5TM images of 1995, 2008 is performed on the input
data set.

Extract ROI: Add vector data to extract ROl from the
whole image using shape file.

MLC: Five major classes are considered for preparing
LULC maps in the study area namely: Water Bodies,
Cropland/Vegetation, Fallow Land which is pre-cultivated
area, Built-up Area and Barren Land. MLC is applied on the
extracted data sets to classify images.

e Training samples are selected for each class. Number

of samples selected range from 30 to 100 depending
upon particular class and image. For example, 25 to 30
samples for Water Bodies and 90 to 100 samples for
Cropland.

e Create signature file and save training samples.

e Perform Maximum Likelihood Classification of input

images using signature file.

e Calculate the area covered by each class.

Before selecting training samples Google Earth images are
investigated carefully.

Accuracy Assessment: Overall accuracy of classified
image is done by considering ground truth values from
Google Earth Pro and comparing them with the point file
created with random values in each class of the classified
image.

Landsat-5 TM L

Senlmel 2A MSI
Images

Images

‘ Im:ge!\';os:icking |

| Band Composite |(

Extract Region of Interest
using shape file

Supervised Classification using
Maximum Likelihood Classification

- =
S

N
| Accuracy Assessment ‘

Figure -2: Flowchart of Classification process carried out in
the study.

NDVI CALCULATION

The most widely used vegetation index is the normalized
difference vegetation index (NDVI), which is a good
indicator of large-scale vegetation cover and productivity
[30]. The NDVI is a measure of vegetation health based on
how plants reflect specific electromagnetic spectrum ranges.
A plant appears green to the naked eye because its
chlorophyll pigment reflects green waves when absorbing red
waves. A stable plant with lots of chlorophyll and cell
structures effectively absorbs red light and reflects
near-infrared light. A sick plant can do the polar opposite
[31]. It's used to improve the presence or absence of
vegetation cover by generating the normalized band ratio
[32]. The equation to calculate NDV1 is defined as

NIR stands for Near Infrared, and IR stands for Infrared.
NDVI values range from +1 to -1, according to this equation.
The non-vegetative surface is represented by negative values,
while the green cover is represented by positive values, and
the higher the positive values, the denser the green surface
[32].

The process of NDVI calculation used in this study is
shown in the figure 3.

e NDVI value for Sentinel-2A images is calculated with

bands B4 & B8 using NDVI=(B8-B4)/(B8+B4).

e Similarly, for Landsat-5TM images NDVI is
calculated with bands B3 & B4 using
NDVI=(B4-B3)/(B4+B3).

e Images are classified into following 4 categories
shown in table 2 based on values of NDVI.

e Combination of moderate and high values of
vegetation are used to determine the vegetation
change from 1995 to 2021.

Sentinel-2A MSI Landsat-5 TM L

Images | Images |

SR VA Read B3 & B4

Read B4 & BS bands of 2 images

bands

| Image Mﬂsll(.‘kl.llg |
Band Composite |<—
L
| CalculateNDVI |
Extract Region of Interest
using shape file

Classify image based on NDVI
values ranging from -1 to +1

Calculate Vegetation using NDVI
values ranging from 0.3 to 1

Figure -3: Flowchart for vegetation calculation using NDVI

calculation.
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Table -2: Vegetation classification with NDVI values.

SI. No. | NDVI range | Vegetation
1 -1t00 Very low

2 0t00.3 Low

3 0.3t00.6 Moderate
4 0.6tol High

RESULTS AND DISCUSSION

LULC Classification

Land Use Land Cover classification of Vijayapura taluk
for multi temporal images of 1995, 2008, 2015 and 2021
covering five major classes namely: Water Bodies,

Cropland/Vegetation, Fallow Land, Barren Land and
Built-up Area are shown in figure 4. Results from classified
maps indicate the spatial distribution of the area occupied by
different classes from year 1995 to 2021 and corresponding
changes in the LULC patterns which are highlighted with
different colors in figure 4.

Values for LULC of different classes in terms of area
covered in km?and changes in percentage is represented in
table 3. Results show that area covered by Waterbodies is
increased from 2.41 km? in 1995 to 6.82 km? in 2021 and
Built-up Area is increased from 11.6 % in 1995 to 20.03% in
2021. Figure 5 shows the graph indicating visual changes for
all 4 years from 1995 to 2021 in all 5 different classes more
clearly.

Maximun Likelihood Classification of

Vijayapura Taluk, Karnataka, India

Legend
B voterBoay

B cropland/Vegetation
B sanowLand

i:] BarrenLand

[ Builtp

Classification_1995

Legend

B VacerBody
B Cropland/vegetation
B sanovLana
[] BarrenLana
[ Buittup

Classification_2008

Legend

B occrBoay
B CropLand/Vegetation
B savow Lana
[ ] Barrenlana
[ Buittup

Classification_2015

Legend
. - 393 B v acerBoay
':é" i B cropLananvegetation
,( - B sanowiana
e

[ ] BarrenLana
[ Buitwp

Classification_2021

Figure -4: LULC change map for 1995, 2008, 2015 and 2021 of Vijayapura taluk, Karnataka, India.
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Table -3: LULC distribution of Vijayapura taluk, Karnataka, India.

1995 2008 2015 2021
Sl. No. LULC Classes Area | Area | Area | Area | Area | Area | Area | Area
km’) | (%) | (km) | (%) | (km) | (%) km’) | (%)
1 Water Bodies 241 0.25 | 3.45 0.36 2.84 0.29 6.82 0.71
2 Cropland/Vegetation | 284.13 | 29.79 | 360.92 | 37.84 | 391.48 | 41.04 235.79 | 24.72
3 Fallow Land 386.42 | 40.51 | 100.05 | 10.49 | 219.14 | 22.97 114.63 | 12.01
4 Barren Land 170.15 | 17.84 | 349.74 | 36.67 | 194.38 | 20.38 405.4 425
5 Built-up Area 110.63 | 11.6 | 139.56 | 14.63 | 145.89 | 15.29 191.12 | 20.03
Total 953.7 100 953.7 100 953.7 100 953.7 100
.ge . Accuracy Assessment
LULC Classification Y . . .
50 Accuracy Assessment is done by using error matrix by
considering points in the classified image as user values and
45

mapping those points to real time map of Google Earth Pro

40 which are considered as ground truth values and gives

35 producer values.

30 Google Earth is a strong and appealing source of positional

25 data that can be used for research and preliminary studies
with sufficient precision and at a low cost. Data availability

20 . Lo .
that allows users from various disciplines to collaborate in

15 order to extract positional data. Google Earth encourage

1 experts to conduct research in order to test and evaluate
positional data derived from Google Earth. [32].

Error matrix for overall accuracy of classified images from

1995 1995 to 2021 is represented in the table 4 by considering 245

2008 2015 points which is equal to 88.16%. Table shows that water

2021 bodies, Built-up Areas are classified clearly and major

B Water Bodies misclassified points are from Cropland to Fallow land.

B Cropland/Vegetation Accuracy for individual year is calculated similarly using

_ _ error matrix and the corresponding values are 85.71% in
Figure -5: LULC changes during 1995, 2008, 2015and 1995, 91.8% in 2008, 85% in 2015, 90.16% in 2021

o u1 O

2021. respectively.
Table -4: Error Matrix to Calculate Overall Accuracy of classification from 1995 to 2021.
Water | Crop Fallow Barren | Built-up | Total
LULC Class Bodies | Land/Vegetation Land Land Area (User)
Waterbody 46 0 1 1 0 48
Crop Land 0 39 9 0 0 48
Fallow Land | O 6 41 1 0 48
BarrenLand | O 1 3 47 0 51
Built-up Area | 0 2 3 2 43 50
Total
(Producer) 46 48 57 51 43 245
Overall Accuracy Vegetation Calculation with NDVI
_ Total number of correctly classified pixels % 100 NDVI distribution of study area for the years 1995, 2008,
Total number of referance pixels 2015 and 2021 for Very low, Low, Moderate and High
vegetation classes is shown in layout figure 7. Corresponding
216 - - -
= % 100 = 88.16% graph representing the comparison of NDVI change is shown
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in figure 6. Results from classified maps show that there is
increase in the vegetation from 0.69% in 1995, 12.15% in
2008, 17.13% in 2015 and 27.52% in 2021.Which means
there is 26.83% growth in the vegetation during study period,
this growth is shown with the graph in figure 5.

Increase in Vegetation %
30 [VALUE]

25

20 va
15 12.15

10

5 [VvALU

0

1995 2008 2015 2020

Figure -5: Increase in Vegetation from 1995 to 2021.

VEGETATION COMPARISION USING NDVI

MVery low({-1100] =Low{>0100.3) HModerate{>0.3t00.6) ®Hgh[>0.6101)

943.74

777.47
787.07

2015

Figure -6: Compariosion of Vegetation Change from 1995 to
2021.

Vegetation Comparision Using NDVI

NDVI_1995 |

NDVI_2015

NDVI 2008

b

NDVI_2021

Figure -7: NDVI distribution layout for vegetation of Vijayapura taluk, Karnataka, India for 1995, 2008, 2015 and 2021.
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CONCLUSION

The present study is the analysis of LULC change of
Vijayapura taluk, Karnataka, India over the period from 1995
to 2021.Work is being carried out using multitemporal high
resolution Sentinel-2A and Landsat-5TM images with the
help of ArcGIS 10.5 software. Classification is done using
pixel-based supervised classification scheme called MLC
which is considered to be one of the most accurate, widely
used algorithm. Results show that there is increase in Water
Bodies from 2.41 km? to 6.82 km? due to Water Rejuvenate
and Replenish plan, Built-up Area is increased from 11.6% to
20.03% due to urbanization, major area is covered by
Cropland and Fallow land 70.3% in 1995, 48.33% in 2008,
64.01% in 2015 and 36.73% in 2021. Barren land is increased
from 17.84% to 42.5% in 2021. Vegetation comparison is
done using NDVI which shows there is increase in the
vegetation from 0.69% in 1995 from 27.52% in 2021. Present
study has achieved overall accuracy of 88.16% and as there
are no previous works on LULC change done for Vijayapura
taluk, results and interpretations of this work are critical for
potential Land Use Land Cover practices in the study region.

The spatio-temporal analysis is being done by using RS
and GIS techniques which is otherwise very tedious work
using conventional mapping techniques. The work can be
further extended by using unsupervised classification
techniques and by using NDVI values and other vegetation
indices for classification to achieve more accurate results.
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