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Abstract

Land cover constitutes an important parameter for describing the Earth’s surface, which is
essential for monitoring and management of the natural resources. This parameter is influenced
considerably by changes due to natural as well as anthropogenic phenomenon. Changes in land
cover impacts on and links many parts of the human and physical environments. Land cover is
important for many planning and management activities and is considered an essential element
for modeling and understanding the earth as a system. Therefore the study of land cover plays an
important role at the local/regional as well as global level for monitoring the dynamics associated
with the earth. Monitoring and management of natural resources requires timely, synoptic and
repetitive coverage over large area across various spatial scales that help in assessing the
temporal and spatial changes. Remote sensing provides an up to date, reliable, spatial data at
regular time intervals, which are useful for land cover analysis. Geographic Information System
(GIS) helps in compilation, analysis and management of spatial data with attribute information.
Remote sensing data with better spectral and spatial resolution (Panchromatic, Multi Spectral
data, Hyperspectral data, etc.) and GIS technologies play an important role in evaluating spatially
the natural resource availability and demand. This paper explores various land cover techniques
that could be used for resource monitoring focusing on bio-resources considering the spatial data
of Kolar district, a semi-arid region in Karnataka state, India. Slope and distance based vegetation
indices are computed for qualitative and quantitative assessment of land cover using remote
spectral measurements. Slope based vegetation indices show area under vegetation range from
47.65 % to 49.05% while distance based vegetation indices shows its range from 40.40% to
47.41%.
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Introduction

Land cover relates to the discernible Earth surface expressions, such as vegetation, soil, water or
anthropogenic features, and thus describes the Earth’s physical state in terms of the natural
environment and the man-made structures (Xavier Baulies and Gerard Szejwach, 1998).
Essentially, land cover can have only one class or category at a given time and location, and can
be mapped using suitable remote sensing data with spectral signatures. Land use is an
expression of human uses of the landscape, e.g. for residential, commercial, or agricultural
purposes, and has no spectral basis for its unique identification. Thus it can not be explicitly
derived from image data, but only inferred by visual interpretation or assessed in the framework of
object-based contextual analysis

Land cover changes induced by human and natural processes play a major role in global as well
as at regional scale patterns of the climate and biogeochemistry of the Earth system. Humans
have left an impressive mark on the world's land over the past several centuries. With the



dramatic growth in world population, from roughly one billion in 1800 to well over five billion today,
pressure on land have greatly increased. The need for greater food production has led to a
massive increase in cropland. By the early 1990s, almost 40 percent of Earth's land surface had
been converted to cropland and permanent pasture. This conversion has occurred largely at the
expense of forests and grassland (Ramachandra and Shruthi, 2007). Variations in topography,
vegetation cover, and other physical characteristics of the land surface influence surface-
atmosphere fluxes of sensible heat, latent heat, and momentum of heated air particulates caused
by conduction, convection and radiation, which in turn influence weather and climate. The land
cover features can be classified using remotely sensed satellite imagery of different spatial,
spectral and temporal resolutions. This would be of great importance for the management and
planning of activities such as land-use development, natural resource exploitation and
engineering projects.

Implementation of sound management strategies is a prerequisite for sustainable utilization of
resources. The sustainable development of a region requires a synoptic ecosystem approach in
the management of natural resources that relates to the dynamics of natural variability and the
effects of human intervention on key indicators of biodiversity and productivity. A regional
database on natural resources is needed to support the information requirements of planning at
disaggregated levels for sustainable development. Natural resource inventory through land cover
mapping helps in describing the quality, quantity, change, productivity and condition of
bioresources in a given area. Also, it helps in identifying the reasons responsible for their
inequality in distribution, availability and demand. This aids the regional planners to incorporate
conservation measures for the resources as well as rehabilitation of degraded resources during
policy interventions (Ramachandra, et al., 2004, 2006). The detection and quantitative
assessment of vegetation is one of the major applications of remote sensing for environmental
resource management and decision-making. Remote sensing technology has been useful in
environmental studies involving monitoring of large areas and estimation of environmental
parameters, which are often the principal indicators of change in highly variable heterogeneous
landscape. It provides both reliable periodic observations and a synoptic view of the region
concerned, allowing high frequency repetitive surveillance and identification of problematic sites
and emergencies, respectively (James Campbell, 2002, Binaghi et al, 1999, Ramachandra
2007a). This helps in mapping and classification of land cover features, such as vegetation, soil,
water and forests, and also in assessing the extent and diversity of vegetation. Geographical
information system (GIS) helps in archiving, analysis and visualistaion of remotely sensed data
along with other collateral data (spatial as well as statistical). Remote sensing data along with GIS
and GPS (Global positioning system) help in land cover analyses (Ramachandra, 2007b).

The accuracy of the National land cover map using a probability sampling design incorporating
three levels of stratification and two stages of selection assessed and reported for each of the four
regions comprising the eastern United States for both Level | and Il classifications. Overall
accuracies for Levels | and Il are 80% and 46% for New England, 82% and 62% for New
York/New Jersey (NY/NJ), 70% and 43% for the Mid-Atlantic, and 83% and 66% for the
Southeast (Stehman, et al, 2003). Evaluation of the performance of univariate and multivariate
decision trees (DT) for land cover classification considering training data from two different
geographical areas and two different sensors—multispectral Landsat ETM+ and hyper spectral
DAIS indicate that the performance of the univariate DT is acceptably good in comparison with
that of other classifiers, except with high-dimensional data. Classification accuracy increases
linearly with training data set size to a limit of 300 pixels per class in this case. Multivariate DTs do
not appear to perform better than univariate DTs. While boosting produces an increase in
classification accuracy of between three percent and six percent, the use of attribute selection
methods does not appear to be justified in terms of accuracy increases. However, neither the
univariate DT nor the multivariate DT is performed with high-dimensional data (Mahesh Pal, et al,
2003). Land cover discrimination was investigated through the analyses of fine resolution spectra,
convolved spectra (MODIS band passes), and vegetation indices-the normalized difference
vegetation index (NDVI) and the enhanced vegetation index (EVI). At these data levels, the
amount of data correctly classified into five major land cover types were 91% (full spectra), 78%
(red and NIR), 75% (NDVI), and 71% (EVI). NDVI and EVI together were capable of correctly
classifying 82% of the total data set (Ferreira, et al, 2004).



In India, spatial accounting and monitoring of land cover have been carried out since 2004 at a
national level at 1:250,000 scale, using multi-temporal IRS AWIFS (Advanced Wide Field Sensor)
with 4 bands (Green, Red, NIR and SWIR) at 56 m resolution images to address the spatial and
temporal variability in cropping patterns. The analysis of vegetation and detection of changes in
the vegetation pattern are keys to the natural resource assessment and monitoring. The
monitoring of land cover involves the computation of vegetation indices as a radiometric measure
of the spatial and temporal patterns based on the spectral responses of various land features.
Vegetation indices play an important role in the derivation of biophysical parameters, such as
percentage of vegetation cover, biomass production, etc. Their interest lies in the detection of
changes in land use and the monitoring of the seasonal dynamics of vegetation on regional scale.
Several indices have been developed for various applications and under quite specific conditions.
However, the use of these indices to characterize land cover can be limited by various physical
effects that affect the signal at the sensor, namely: atmospheric effects, effects of the optical
properties of the bare soil subjacent to the vegetation cover, etc. These factors increase or
decrease reflectance’s in the red and near infrared spectral bands and, consequently, limit the
detection of land cover changes using vegetation indices, which causes errors in the
interpretation and the analysis of the results. Primary objective of this investigation is to explore
and comparatively assess various techniques that could be adopted for an assessment of land
cover in a dry arid region. This analysis was carried out for Kolar district in Karnataka State, India.

Material and Methods

Study Area: The Kolar district in Karnataka State, India, located in the southern plain regions
(semi arid agro-climatic zone) and extending over an area of 8238 km? between 77°21’ to 78°35’
E and 12°46’ to 13°58’ N, was chosen for this study (Fig. 1). The field data, remote sensing data,
socio-economic data and other relevant information were available as a part of ongoing ecological
studies in the region. Kolar is divided into 11 taluks for administration purposes. Rainfall occurs
mainly during southwest and northeast monsoon seasons. The average population density of the
district is about 209 persons/km?. Kolar belongs to the semi arid zone of Karnataka. In the semi
arid zone apart from the year-to-year fluctuations in the total seasonal rainfall, there are also large
variations in time of beginning of rainfall, adequate for sowing as well as in the distribution of
drought periods within the crop-growing season. Out of about 2800 sq. km. of land under
cultivation, 35% is under well and tank irrigations. There are about 951 big tanks and 2934 small
tanks in the district. The district is devoid of significant perennial surface water resources. The
ground water potential is also known to be limited. The terrain has a high runoff due to limited
vegetation cover, contributing to erosion of the top productive soil layer and leading to poor crop
yield. The study area is mainly dominated by agricultural land, built up (urban/rural),
evergreen/semi-evergreen forest, plantations/ orchards, waste lands and water bodies.
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Fig. 1: Study area — Kolar district, Karnataka State, India



Data: The data sets needed to develop the vegetation database included village maps, Survey of
India toposheets (1:50,000, 1:250,000), IRS (Indian Remote Sensing Satellite) images
(multispectral) and information from field surveys (training data) using global positioning system
(GPS).

IRS - 1C/D LISS-IlIl MSS (Multi Spectral Scanner) data in 3 bands (G, R and NIR, 0.52 to 0.86
pum) with a spatial resolution of 23.5 m were purchased from NRSA (National Remote Sensing
Agency), Hyderabad.

Methods: The study involved creation of base layers, such as district, taluk and village
boundaries, road network, drainage network, contours, mapping of waterbodies, etc. from the
Survey of India (SOI) topographic maps of scale 1:250000 and 1:50000. LISS-lIl MSS bands
were extracted and geo-registered using ground control points (GCPs). lindividual bands were
extracted using band extraction algorithm (written in C++) from MSS data, which was in BIL
(band interleaved by lines) format. An open source package Geographic Resources Decision
Support System (GRDSS) (http://wgbis.ces.iisc.ernet.in/grdss/index.php) developed earlier was
used to carryout land cover analysis. GRDSS has been developed with functionality such as
raster, topological vector, image processing, statistical analysis, geographical analysis, graphics
production, etc. GRDSS include options such as import/export of different data formats, Display,
Digital Image processing, Map editing, Raster Analysis, Vector Analysis, Point Analysis, Spatial
Query, which are required for regional planning such as watershed Analysis, Landscape
Analysis etc. This is customised to Indian context with an option to extract individual band from
the IRS (Indian Remote Sensing Satellites) data, which is in BIL (Band Interleaved by Lines)
format. IRS Satellite imageries of Path 100 - Row 63, Path 100 - Row 64 and Path 101 - Row 64
of LISS-III provide the entire image of Kolar district (Fig. 2).
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Fig. 2: Kolar district with IRS 1C/1D Path-Row details

Land Cover Analysis: Land cover analysis was done using different slope and distance based
vegetation indices (VI's). Vegetation Indices (VI) are used to quantify the abundance and vigour
of vegetation imaged by multispectral sensors. The differential reflectances in multispectral
bands provide a means of monitoring density and vigour of green vegetation growth using the
spectral reflectivity of solar radiation. Green leaves commonly have larger reflectances in the
near infrared than in the visible range. As the leaves come under water stress, become
diseased or die back, they become more yellow and reflect significantly less in the near infrared
range. Clouds, water, and snow have larger reflectances in the visible than in the near infrared



while the difference is almost zero for rock and bare soil. This helps in identifying observed
physical cover including vegetation (natural or planted). VI is computed based on the data
grabbed by space borne sensors in the range 0.6-0.7 (red band) and 0.7-0.9 (Near-IR band),
which helps in delineating the area under vegetation and non-vegetation areas. Broadly VI's are
categorized as Slope based VI and Distance based VI, which are discussed next.

Slope Based VI's: Slope based VI's computations are done using data acquired in visible red
and near IR bands. These values indicate both the status and abundance of green vegetation
cover and biomass. This is the first level of classification and aid in delineating areas under
vegetation from non-vegetation.

1. Ratio: RATIO vegetation indices (Rose J.W. Jr et al, 1973) separate green vegetation from soil
background by dividing the reflectance values contained in the near IR band (NIR) by those
contained in the red band (R).

Ratio = NIR / RED (1)

This clearly shows the contrast between the red and infrared bands for vegetated pixels
with high index values being produced by combinations of low red (because of absorption
by chlorophyll) and high infrared (as a result of leaf structure) reflectance. Ratio value less
than one is taken as non-vegetation while ratio value greater than one is considered as
vegetation. The major draw back in this method is the division by zero. Pixel value of zero
in red band will give the infinite ratio value. To avoid this situation Normalized Difference
Vegetation Index (NDVI) is computed.

2. Normalized Difference Vegetation Index (NDVI): NDVI overcomes the problem of Ratio
method (i.e. division by zero). It was introduced in order to produce a spectral VI that
separates green vegetation from its background soil brightness using IRS 1C MSS digital
data (Rose J.W. Jr et al, 1973, Rose J.W. Jr et al, 1974) and is given by,

NDVI = (NIR - RED)/(NIR + RED) )

It separates green vegetation from its background soil brightness and retains the ability to
minimize topographic effects while producing a linear measurement scale ranging from —1
to +1 with O representing no vegetation. This difference is sensitive to the presence of
vegetation, since green vegetation usually decreases the signal in the red due to
chlorophyll absorption and increases the signal in the NIR wavelength. It is preferred to the
simple index for global vegetation monitoring because the NDVI helps compensate for
changing illumination conditions, surface slope, aspect, and other extraneous factors. NDVI
variation could be attributed to several vegetation phenomena ranging from vegetation
seasonal dynamics at global and continental scales to tropical forest clearance, leaf area
index measurement, biomass estimation, percentage ground cover determination, and
photosynthetically active radiation estimation. These could be useful in various models to
study photosynthesis, carbon budgets, water balance, and related processes. Vegetation
NDVI typically ranges from 0.1 up to 0.6, with higher values associated with greater density
and greenness of the plant canopy. Surrounding soil and rock values are close to zero
while the differential for water bodies such as rivers and dams have the opposite trend to
vegetation and the index is negative

3. Ratio Vegetation Index (RVI): The ratio vegetation index is the reverse of the standard simple
ratio (Richerdson A.J et al, 1977),

RVI= RED/NIR 3)

The range for RVI extends from 0 to infinity. The ratio value less than one is taken as
vegetation while value greater then one is considered as non-vegetation area.

4. Normalized ratio Vegetation Indexes (NRVI): Normalized ratio vegetation index is a
modification of the RVI (Baret F et al, 1991) where the result of RVI-1 is normalized over
RVI+1.



NRVI=(RVI-1)/(RVI+1) (4)

This normalization is similar in effect to that of NDVI, i.e it reduces topographic, illumination
and atmospheric effects and it creates a statistically desirable normal distribution. Ratio
value less than 0.0 indicates vegetation area while greater than 0.0 values represents non-
vegetation.

5. Transformed Vegetation Index (TVI): TVI is a modified version of NDVI to avoid operating with
negative NDVI values (Deering, D.W et al, 1975). Adding 0.50 to NDVI value and taking the
square root of the result computes TVI value. The calculation of the square root is intended to
correct NDVI values approximate a Poisson distribution and introduce a normal distribution.

TVI = V(NIR-RED/NIR+RED) + 0.5 (5)

However negative values still exist for values less than —0.5 NDVI. There is no technical
difference between NDVI and TVI in terms of image output or active vegetation detection.
Ratio values less than 0.71 is taken as non-vegetation and value greater than 0.71 gives
the vegetation area.

6. Corrected Transformed Vegetation Index (CTVI): CTVI suppresses the negative values in
NDVI and TVI (Perry Charles R Jr. and Lautenschlager Lyle F. 1984). Adding a constant of
0.5 to all NDVI values does not always eliminate all negative values as NDVI values ranges
from — one to + one. Values that are lower than —0.50 will leave small negative values after
the addition operation. Thus CTVI is intended to resolve this situation by dividing (NDVI+0.50)
by its absolute value ABS (NDVI + 0.50) and multiplying the result by the square root of the
absolute value (SQRT[ABS(NDVI + 0.50)]).

CTVI=(NDVI + 0.5)/Abs(NDVI+0.5) * Y Abs(NDVI+0.5) (6)

The correction is applied in a uniform manner, the out put image using CTVI should have no
difference with the initial NDVI image or the TVI whenever TVI properly carries out the square
root operation. The correction is intended to eliminate negative values and generate a VI
image that is similar to, if not better than, the NDVI. Ratio value less than 0.71 is taken as
non-vegetation and value grater than 0.71 gives the vegetation area.

7. Thiam’s Transformed Vegetation Index (TTVI): The CTVI image is very noisy due to an
overestimation of the greenness, which can be avoided by ignoring the first term of the CTVI,
and it provides the better results (Thiam A.K, 1997) This is done by simply taking the square
root of the absolute values of the NDVI in the original TVI expression to have a new VI called
as TTVIL. It can be defined as:

TTVI = Vabs{(NIR-RED)/(NIR+RED)} + 0.5 @)

Ratio value less than 0.71 is taken as non-vegetation and value greater than 0.71 gives the
vegetation area.

Distance Based VI's: The main objective of the distance based vegetation index is to cancel
the effect of soil brightness in cases where vegetation is sparse and pixels contain a mixture of
green vegetation and soil back ground. This is particularly important in arid and semi-arid
environment such as Kolar district of Karnataka.

Distance-based Vegetation indices are evaluated on the basis of soil line intercept concept. The
soil line is a hypothetical line in spectral space that describes the variation in the spectrum of
bare soil in the image. The soil line represents a description of the typical signatures of soils in
red/near-infrared bi-spectral plot. It is obtained through linear regression of the infrared band
against the red band for sample of bare soil pixels. Pixels falling near the soil line are assumed
to be soils while those far away are assumed to be vegetation. Distance based VI's using the
soil line require the slope (b) and intercept (a) of the line as inputs to the calculation.
Unfortunately there has been a remarkable inconsistency in the logic with which this soil line has



been developed for specific VI's. For evaluating PVI2, PVI3, TSAVI1, TSAVI2, it requires red
band as independent variable for the regression while for evaluating PVI, PVI1, DVI, WDVI and
MSAVI requires infrared band as independent variable for regression.

The soil line calculated for a set of soil pixels through regression analysis taking red band and
infrared band as independent variable respectively and the relation is given as:

Y1=0.841333x + 10.781234 (red band independent variable) (8)
Y2=0.985684x + 9.501355(infra-red band as independent variable) 9)

The procedure requires that a set of bare soil pixels as a Boolean mask (value ‘one’ is assigned
to pixels representing soil while ‘0’ for others). Analysis is done by regressing the red band
against infrared band and vice versa. This provides slope and intercept of soil line.

8.Perpendicular Vegetation Index (PVI): PVI uses the perpendicular distance from each pixel co-
ordinate to the soil line and this was derived to define vegetation and non-vegetation for arid
and semi arid region (Richerdson A.J et al, 1977). The pixels, which are close to soil line, are
considered as non-vegetation while pixels, which are away from soil lines, represent vegetation.
PVI values for data taken at different dates require an atmospheric correction of data, as PVl is
quite sensitive to atmospheric variations. This can be defined as:

PVI= sin(a)NIR - cos(a)red (10)
Where, a: Angle between the soil line and the NIR axis.
PVI=(xp — x1)° + (y2y1)? (11)

Where, (x4, y1) is the co-ordinate of the pixel and (xy, y) is the coordinate of soil line point that is
perpendicular to pixel co-ordinate.

Perpendicular distance less then seven is taken as non-vegetation area while greater than
seven is taken as vegetation area.

9.PVI1: It was noticed that original PVI equation is computationally intensive and does not
discriminate between pixels that fall to the right or left of the soil line (i.e. water from vegetation).
Given the spectral response pattern of vegetation in which the infrared reflectance is higher
than the red reflectance, all vegetation pixels will fall to the right of the soil line. In some cases a
pixel representing non-vegetation (e.g. water) may be equally far from the soil line but it will fall
left side of the sail line.

In PVI the water pixel will be assigned a high vegetation index value. PVI1 assigns negative
values to those pixels, which can be delineated from vegetation. The mathematical equation for
PVI1 (Perry Charles R Jr. and Lautenschlager Lyle F. 1984) is written as,

PVI1 = (bNIR — RED +a) / V(b?+1) (12)

Where, NIR: reflectance in the near infrared band, RED: reflectance in the red band, a: intercept
of the soil line, b: slope of the soil line.

Infrared band is taken as the independent variable and the red band as dependent variable for
regression analysis. Perpendicular distance less then 6.5 is taken as non-vegetation area while
greater than 6.5 is taken as vegetation area.

10. PVI2: In PVI2, Red band is taken as independent variable over infrared dependent

variable for regression analysis (Bannari et al, 1996) given importance to the red band with the
intercept of soil line. Mathematically PVI2 can be represented as,

PVI2 = V{(NIR — a * RED +b) / V(a®+1)} (13)



Where, a: intercept of the sail line, b: slope of the soil line.
Here, pixels having less than —95.0 are grouped as non-vegetation area.

1. PVI3: PVI3 is improved version of PVI, where red band is taken as independent variable
on regression analysis and special attention was given to avoid the negative results (Qi, J. et al,
1994). PVI3 can be defined as,

PVI3= apNIR — bpRED (14)

Where, a: intercept of the soil line, b: slope of the soil line, pNRI: reflectance in the near infrared
band, pRED: reflectance in the visible red band.

12. Difference Vegetation Index (DVI): DVI weigh up the near-infrared band by the slope of
the soil line (Richerdson A.J et al, 1977) and is given as :

DVI= gNIR — RED (15)

Where, g: the slope of the soil line.
Similar to the PVI1, with the DVI, a value of zero indicates bare soil, values less than zero
indicate non vegetation and greater than zero indicates vegetation.

13. Ashburn Vegetation Index (AVI): AVI (Ashburn P, 1978) is presented as a measure of
growing green vegetation. Scaling factor is required for evaluating AVI. For IRS 1C data scaling
factor of one was chosen, as all bands are seven -bit. AVI can be represented as,

AVI=sNIR — RED (16)

Where, s: scaling factor.
AVI was evaluated for Kolar district using scaling factor as one for eight-bit MSS data set.

Soil noise: Soil reflectance spectra depend on type of soil. The vegetation indices computed
earlier assume that there is a soil line, where there is a single slope in red-NIR space. However,
it is often the case that there are soils with different red-NIR slopes in a single image. Also, if
the assumption about the isovegetation line (parallel or intercepting at the origin) is not exactly
right, changes in soil moisture (which move along isovegetation lines) will give incorrect answers
for the vegetation index. The problem of soil noise is most acute when vegetation cover is low.
The following groups of indices like SAVI, TSAVI1, TSAVI2, MSAVI1, MSAVI2 attempt to reduce
soil noise by altering the behaviour of the isovegetation lines. All of them are ratio-based, and
the way they attempt to reduce soil noise is by shifting the place where the isovegetation lines
meet. These indices reduce soil noise at the cost of decreasing the dynamic range of the index.
These indices are slightly less sensitive to changes in vegetation cover than NDVI (but more
sensitive than PVI) at low levels of vegetation cover. These indices are also more sensitive to
atmospheric variations than NDVI (but less so than PVI).

14. Soil-adjusted Vegetation Index (SAVI): SAVI is intended to minimize the effects of soil
background on the vegetation signal by incorporating a constant soil adjustment factor L in the
denominator of the NDVI equation (Huete A.R ,1988). L varies with the reflectance
characteristics of soil (i.e. color and brightness). The L factor chosen depends on the density of
the vegetation. For very low vegetation L factor can be taken as one while for intermediate it
can be taken as 0.5 and for high density 0.25. The best L value to select is where the difference
between SAVI values for dark and light soil is minimal. For L=0, SAVI equals NDVI. For L=100,
SAVI approximates PVI. Mathematically SAVI is defined as,

SAVI = {(NIR- RED) /( NIR+RED+ L)}*(1+L) 17)
Where, NIR: near-infrared band, RED: visible red band, L: soil adjustment factor.

Multiplicative term (1+L) present in SAVI (and MSAVI) is responsible for vegetation indices to
vary from — one to + one. This is done so that both vegetation indices reduce to NDVI when the



adjustment factor L goes to zero. Soil adjustment factor (L) of 0.5 was considered for Kolar
district, as vegetation density is medium.

15. Transformed Soil-adjusted Vegetation Index (TSAVI1): SAVI concept is exact only if the
constants of the soil line are a = one and b = zero, where a is slope of the soil line and b is y-
intercept of the soil line. As it is not generally the case some modification was needed in SAVI.
By taking into consideration of PVI concept (Baret F et al, 1989) SAVI is modified as TSAVI1.
This index assumes that the soil line has arbitrary slope and intercept, and it makes use of
these values to adjust the vegetation index and is written as:

TSAVI1=a(NIR-a*RED-b) / (RED + a*NIR — a*b + X(1+a°)) (18)

Where, NIR: reflectance in near infrared band, RED: reflectance in red band, a: slope of the soil
line, b: intercept of the soil line, X: adjustment factor which is set to minimize soil noise.

Red band is taken as independent variable for regression analysis. Ratio value less than —nine
is taken as non-vegetation while greater than —nine is taken as vegetation. With some
resistance to high soil moisture, TSAVI1 could be very good candidate for use in semi-arid
regions. TSAVI1 was specifically designed for semi-arid region and does not work well in areas
with heavy vegetation.

16. Transformed Soil-adjusted Vegetation Index (TSAVI2): TSAVI2 is modified version of
TSAVI which was readjusted with an additive correction factor of 0.08 to minimize the effects of
the background soil brightness (Baret F et al, 1989) and is given by,

TSAVI2= a(NIR-a*RED-b) / (RED + a*NIR — a*b + 0.08(1+a’)) (19)

Red band is taken as independent variable for regression analysis and is given preference with
soil line intercept.

17. Modified Soil-Adjusted Vegetation Index 1 (MSAVI1): The adjustment factor L for SAVI
depends on the level of vegetation cover being observed which leads to the circular problem to
know the vegetation cover before calculating the vegetation index which gives the vegetation
cover. MSAVI is the Modified Soil Adjusted Vegetation Index (Qi, J. et al, 1994) and provide a
variable correction factor L. The correction factor used is based on the product of NDVI and
WDVI. This means that the isovegetation lines do not converge to a single point. MSAVI1 is
written as,

NIR-RED (20)
MSAVI 1 = - * (1+L)
NIR+RED+L

Here, L: 1 - 2*s*NDVI*WDVI, s: slope of the soil line, NDVI: Normalized Difference Vegetation
Index, WDVI: Weighted Difference Vegetation Index, 2: Used to increase the L dynamic range,
range of L = zero to one.

18. Modified Soil-Adjusted Vegetation Index 2 (MSAVI2): MSVI2 was derived based on a
modification of the L factor of the SAVI (Qi, J. et al, 1994). SAVI and MSVI2 are intended to
correct the soil background brightness in different vegetation cover conditions. Basically, this is
an iterative process and substitute 1-MSAVI (n-1) as the L factor in MSAVI (n) and then
inductively solve the iteration where MSAVI (n)=MSAVI (n-1). MSVI2 uses an inductive L factor
to:

¢ Remove the soil “ noise “ that was not cancelled out by the product of NDVI by WDVI
and
e Correct values greater than one that MSAVI1 may have due to the low negative value
of NDVI*WDVI. Thus its use is limited for high vegetation density areas.
The general expression of MSAVI2 s,

MSAVI2= (2NIR +1 - V{(2NIR+1)? — 8(NIR — RED)}) / 2 21)



Where, NIR: reflectance of the near infrared band, RED: reflectance of the red band.

Pixel value less than 0.0 are under non-vegetation and pixel having greater than 0 are under
vegetation.

19. Weighted Difference Vegetation Index (WDVI): Like PVI, WDVI is very sensitive to
atmospheric variations (Richerdson A.J et al, 1977) and can be presented as,

WDVI= NIR - yRED (22)

Where, NIR: reflectance of near infrared band, RED: reflectance of visible red band, vy: slope of
the sail line.

Although simple, WDV is as efficient as most of the slope based VI's. The effect of weighting
the red band with the slope of the soil line is the maximization of the vegetation signal in the
near-infrared band and the minimization of the effect of soil brightness.

Land use analysis: Classification of remotely sensed data requires the assignment of each of
the pixels on an image to a class. The classification approach is based on the assumption that
each of the classes on the ground has a class-specific spectral response with each of the
classes varying in spectral patterns. There is substantive variation in the distribution of the pixel
reflectance values depending upon where the samples are drawn within a land use type (James
Campbell, 2002). The spectral information contained in the original and transformed bands is
then used to characterise each class pattern, and to discriminate between classes. Both
supervised and unsupervised classification approaches were tried to identify land use categories.
In case of supervised classification, known specific types of land-use are identified based on the
spectral reflectance patterns or signatures of different features information classes training sites.
With these a statistical characterisation of reflectance for each individual class were done, which
is known as signature analysis and it may be as simple as the mean or range of reflectance on
each band, or as complex as analyses of variance and covariance over all bands. After the
signature analysis is done the image is classified by examining the reflectance of each pixel and
making a decision about which of the signature it resembles most and assigning the appropriate
pixels to their respective class. Using the information from a set of training sites, Supervised
classification was done using Gaussian maximum likelihood classifier (GMLC) to classify the
data in to five categories (agriculture, built-up, forest, plantation and waste land). GMLC uses the
mean, variance and covariance data of the signatures to estimate a probability that a pixel
belongs to each class (Ramachandra, 2007b).

Accuracy Assessment: Accuracy estimation in terms of producer's accuracy, user's accuracy,
overall accuracy and Kappa coefficient were subsequently made after generating confusion
matrix. The Kappa coefficient is a measure of the difference between the actual agreement
between reference data and an automated classifier and the chance agreement between the
reference data and the random classifier as shown in equation (1) and equation (2). This statistics
serves as an indicator of the extent to which the percentage correct values of an error matrix are
due to “true” agreement versus “chance” agreement. It incorporates the non-diagonal elements of
the error matrix as a product of the row and column diagonal (Ramachandra, 2007a).

observed accuracy — chance agreement
1 — chance agreement ... (23)

o
k

r r
N Z Xii -Z (Xi+. X+i)
= i=1 i=1
f ... (24)
N2 -3 (Xi+ . X+) "
i =1
where r number of rows in the error matrix
Xii the number of observations in row i and column i (on the major diagonal)
Xi+ = total of observations in row i

o]
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X+i = total of observations in column i
N = total number of observations included in matrix
Results and Discussion

Land cover mapping was done for the Kolar district through slope and distance based
vegetation indices. It is found that vegetation is sparsely distributed in Kolar district because of
its semi-arid environment and pixels contain a mixture of green vegetation and soil background.
Hence, in addition to slope based vegetation indices, distance based vegetation indices have
been computed. This would cancel the effect of soil brightness in case where there is mixture of
green vegetation and soil background.

Slope based vegetation indices shows area under vegetation in Kolar district ranges from 47.65
% to 49.05%, while in distance based vegetation indices it ranges from 40.40% to 47.41%.
Table 1 provides area under vegetation considering slope and distance based vegetation
indices. NDVI for Kolar district is given in Fig.3.

Table 1: Land cover analysis of Kolar district with different VI aspects

Vegetation Indices Area in sq. km Areain %
Non-vegetation =~ Vegetation Non-vegetation  Vegetation

Slope based vegetation indices

RATIO 4312.92 4152.29 50.95 49.05
NDVI 4312.92 3888.34 52.59 47.41
RVI 4576.87 3888.34 54.07 45.93
NRVI 4312.92 3888.34 52.59 47.41
TVI 4599.14 3866.07 54.33 45.67
CTVI 4599.14 3866.07 54.33 45.67
TTVI 4599.14 3866.07 54.33 45.67
Distance based vegetation indices

PVI 4666.95 3798.26 55.13 44.87
PVI1 4783.66 3681.55 56.51 43.49
PVI2 4728.17 3737.04 55.85 44.15
PVI3 4976.69 3488.49 58.79 41.21
DVI 4825.18 3640.03 57.00 43.00
AVI 4312.92 3888.34 52.59 47.41
SAVI 4312.92 3888.34 52.59 47.41
TSAVIM 4576.87 3888.34 54.07 45.93
TSAVI2 5045.25 3419.96 59.6 40.4
MSAVI 4312.92 3888.34 52.59 47.41
WDVI 4671.59 3793.62 55.19 44.81

Land cover maps were verified through field investigations using calibrated (with known
benchmarks and digital SOI topographic maps) GPS. Overall accuracy and the kappa statistics
were computed. Validation of classified data indicates that the distance based vegetation index
TSAVI1 is suitable for dry (semi arid) regions with scanty vegetation cover (Fig. 4) while NDVI is
suitable for the regions with relatively good vegetation cover. Overall accuracy of land cover
classification is 88.5%. in the case of TSAVI1 (in regions dominated by soil). While it is 90% for
NDVI in the region with good vegetation cover and 54% in the regiond dominated with soil.
Comparative analyses of vegetation indices indicate that slope based vegetation index NDVI is
appropriate for the regions with a good vegetation cover.
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Fig. 3: NDVI of Kolar district
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Fig. 4: TSAVI1 of Kolar district

Land use analysis was done by both Supervised classification (accuracy 94.67 %) and
unsupervised classification (accuracy 78.08 %) approaches. Supervised classification was done
using Gaussian maximum likelihood classifier (GMLC) to classify the data in to five categories
(agriculture, built-up, forest, plantation and waste land) as depicted in Fig. 5. The composition of
land use categories (agriculture, forest, plantation, built-up and wasteland) are listed in Table 2.
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Table 2: Land use details of Kolar district

Supervised Unsupervised

Categories Area (in ha) Area (%) Area (in ha) Area (%)
Agriculture 233519 28.34 222416 27.00
Builtup 131468 15.96 70970 8.62
Forest 68300 8.29 85295 10.35
Plantation 70276 8.53 84716 10.28
Waste land 320284 38.88 360450 43.75

Accuracy Estimation: Accuracy estimation in terms of producer's accuracy, user's accuracy,
overall accuracy and Kappa coefficient were calculated after generating confusion matrix for

supervised classification (table 3) and unsupervised classification (table 4).

Table 3: Error matrix resulting from classifying training set pixels

Categories Agriculture Builtup Forest Plantation Waste land  Row Total
Agriculture 42 1 0 0 0 43
Built up 0 16 0 0 0 16
Forest 0 0 20 3 0 23
Plantation 0 0 2 34 0 36
Waste land 2 0 0 0 30 32
Column Total 44 17 22 37 30 150
Table 4: Error Matrix for Unsupervised Classification.
Categories Agriculture Builtup Forest Plantation Waste land  Row Total
Agriculture 33 0 0 0 1 34
Built up 0 17 0 0 4 21
Forest 0 0 38 13 0 51
Plantation 0 0 0 28 0 28
Waste land 8 8 5 2 30 53
Column Total 41 25 43 43 35 187

The producer’s accuracy, user's accuracy corresponding to the various categories and overall

accuracy results obtained are summarized in table 5.
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Table 5: Producer’s accuracy, user’'s accuracy and overall accuracy.

Supervised Classification Unsupervised Classification
Category Producer’  User’s Overall Producer's  User's Overall
__ accuracy  accuracy  accuracy  gccuracy  accuracy  accuracy

Agriculture 95.45 97.67 80.49 97.06

Builtup 94.11 100.00 68.00 80.95

Forest 90.90 86.96 94.67 88.37 7451 1807
Plantation 91.89 94.44 65.16 100.00

Waste land 100.00 93.75 85.71 56.60

A ~ value was computed (0.931577) which is as an indication that an observed
classification is 93 percent better than one resulting from a chance.

Conclusion

In this study, we evaluate various techniques used for land cover mapping. All these techniques
perform only if all the radiometric problems (drift of the sensor, atmospheric effects, etc.) are
corrected for remote sensing imagery. NDVI shows an excellent linearity as a function of the
rate of vegetation cover. NDVI performs better than all other indices in regions with relatively
good vegetation cover, while TSAVI1 shows the sensitivity to the optical proprieties of bare soil
subjacent to vegetation cover and is suitable for dry (semi arid) regions. This analysis shows
that 45.93% of area is under vegetation and 54.07% under non-vegetation. Both supervised and
unsupervised classification approaches were tried to identify landuse categories in the district.
The level of accuracy in supervised classifier was 94.67% compared to unsupervised classifier
(78.07%).
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