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a b s t r a c t

Forest ecosystems sustain biota on the earth as they are habitat to diverse biotic species, arrests soil
erosion, play a crucial role in water cycle, sequester carbon, and helps in mitigating the impacts of global
warming. Large scale land use land cover (LULC) change leading to deforestation is one of the drivers of
global climate changes and alteration of biogeochemical cycles with significant consequences in
ecosystem services and biodiversity. This has necessitated the investigation of LULC by mapping,
monitoring and modelling spatio-temporal patterns and evaluating these in the context of human-
environment interactions. The current work investigates LULC changes with temperature dynamics of
select protected areas in Western Ghats. The land use analyses reveal changes in the forest cover across
Kudremukh National Park (KNP), Rajiv Gandhi Tiger Reserve (RTR), Bandipur Tiger Reserve (BTR). KNP
region has lost evergreen forest cover during 1973e2016 from 33.46 to 27.22%, while BTR lost deciduous
cover from 61.69 to 47.3% due to mining, horticulture plantations, human habitations, etc. The LST in-
crease has impacted regeneration of species with the induced water stress, etc. CA-Markov modelling
was used for forecasting the likely land uses in 2026 and validation was done through Kappa indices.
Results highlight decline of evergreen cover in KNP (9%) and deciduous cover in RTR (2%) followed by
BTR (3%) with further expansion of plantations, which will impact biodiversity, hydrology and ecology.
Insights of LULC dynamics help natural resource managers in evolving appropriate strategies to ensure
conservation of threatened biota in Western Ghats.

© 2017 Elsevier Ltd. All rights reserved.
1. Introduction

Forest landscapes with diverse life forms are complex interac-
tive ecosystems that support economy evident from the estimate of
4.7 trillion dollars annually through goods and services from global
forest ecosystems (Krieger, 2001; de Groot et al., 2012). Unplanned
developmental activities have led to the destruction of pristine
forests and grasslands at regional as well as global scales (Lambin
and Meyfroidt, 2011) evident from barren hilltops, reduced dura-
tion of stream flow, etc. Anthropogenic forces have modified over
83% of the Earth's land cover threatening sustenance of biological
diversity (Sanderson et al., 2002 Fischer and Lindenmayer, 2007).
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The conversion of natural ecosystems is the second largest driver of
human-induced climate change, which accounts for 10% of
anthropogenic carbon dioxide (CO2) emissions (Le Qu�er�e et al.,
2013). Changes in forested landscape alter composition and
configuration, affecting respective ecosystem functions. Fig. 1 il-
lustrates various drivers of landscape degradation and its role in
climate change. LULC change alters the homogeneous landscape
into a mosaic of heterogeneous patches, which leads to the habitat
fragmentation with smaller and more isolated patches
(Ramachandra et al., 2016a). Consequences are reduction in natural
resources availability (Vinay et al., 2013), biodiversity (Hansen et al.,
2004), and changes in local climate (Chase et al., 2000; Bharath
et al., 2013; Ramachandra 2014) as well as to global climate
(Bagley et al., 2014; Val Martin et al., 2015; Halder et al., 2016). This
emphasizes the need for conservation of forests tomitigate changes
in the climate and to sustain water and food.

Protected areas (PA), national parks (NP), sanctuaries, nature
reserves, wildlife refuges, wilderness areas have been created
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Fig. 1. Consequences of LULC changes.
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through policy initiatives in order to protect the native habitat of
endemic species and to reduce the magnitude of land conversion.
Thus, PA system has evolved strategically to protect and maintain
biological diversity, cultural resources at local to global scales.
Maintaining ecological integrity in the protected area with buffer
region is essential as most of protected landscapes are open sys-
tems that face anthropogenic and other biotic threats from adjacent
areas. Alterations in landscape structure with a reduction in
contiguous forests would increase the likelihood of invasive plants
and animal range expansions, alter hydrologic regime (water
availability), which leads to the erosion of integrity of the protected
ecosystems. These are supposed to be managed through legal or
other effective means from extinction especially those on the brink
of extinction (Gaston et al., 2008). Globally, establishing PAs has
gained impetus for conservation and according to the International
Union for the Conservation of Nature (IUCN), nearly 13% of the
global land surface is now under some form of protection. Land use
land cover (LULC) mapping and monitoring of PAs can serve as
important indicators of landscape and environmental status, dis-
tributions, and patterns. PA networks, conservation reserves,
sanctuaries are created under various policy initiatives (Wild Life
(Protection) Act 1972, Forest Conservation Act 1980, Environment
(Protection) Act 1986, Biodiversity Act 2002) in order to conserve
the forests from unregulated exploitation. The landscape sur-
rounding protected areas also known as buffer region, influences
PA's ability to maintain ecosystem functions and achieve conser-
vation goals. The health of any PAs indirectly depends on sur-
rounding buffer regions (Kintz et al., 2006). Drastic LU changes in
buffer regions around PAs can reduce their effective size and limit
their ability to conserve biodiversity because of alterations in
ecological processes and the ability of organisms to move freely
among protected areas (Hamilton et al., 2013). LULC changes in
buffer zones surrounding protected ecological reserves will have
serious implications in the management and conservation of pro-
tected areas.

LULC changes involving conversion of land with vegetation
cover to other land uses (built up, agriculture, barren land) have
also increased land surface temperature (LST) (Mallick et al., 2008;
Pal and Ziaul, 2016) due to alterations in the degree of absorption,
surface temperature, evaporation rates, storage of heat, energy and
water balance processes (Li et al., 2016). LULC induced LST changes
play a vital role in many environmental processes affecting
microclimate through associated biophysical changes (D'Odorico
et al., 2013; Bharath et al., 2013). Moreover, warming aggravates
tree mortality, regeneration of species with the induced water
stress, which would further reduce forest cover (Allen et al., 2015).
Vegetation die-off will rapidly alter ecosystem nature and proper-
ties at a regional scale. Thus, it is essential to monitor LULC changes
to mitigate the impacts of changes in climate at a global scale.
Multi-resolution (spatial, spectral, radiometric and temporal)
remote sensing (RS) data with Geographical Information System
(GIS) andmodelling techniques provided a precise evaluation of the
spread and health of forest ecosystem and forecasting. Accurate up
to date LULC change information helps in addressing environ-
mental consequences, protecting natural resources and planning
(Ramachandra et al., 2016b). Modelling and visualization is
considered as a conceptual, mathematical approach to account
driving forces of change in a landscape such as socioeconomic,
political, natural and cultural factors (Verburg et al., 2004; Batty
and Torrens, 2005; Ramachandra et al., 2014). Cellular automata
(CA), Markov chain models, and agent-based modelling approaches
have been implemented for comprehensive projection of a region
(Matthews et al., 2007; Bharath et al., 2014). Since forest land use
changes are non-linear process, CA-Markov LULC models are effi-
cient in prediction compared to the traditional mathematical
models for decision making and planning (Mondal et al., 2016). It is
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simple and provides a better understanding of how nonlinear
process can aptly be simulated with less complexity (Pontius and
Malanson, 2005; Grinblat et al., 2016). CA-Markov modelling
technique exhibits better capabilities of descriptive power and
simple trend projection of spatial changes as compared to other
techniques (Chen et al., 2013). Objectives of the study are

(i) to analyze current status and trends in temporal LULC pat-
terns of forest cover in and around select PAs of central
Western Ghats (Karnataka) from 1973 to 2016,

(ii) assessment of temporal variations in temperature with
change in LULC,

(iii) modelling and visualization of spatial patterns of forests in
2026.
2. Materials and method

2.1. Study area

The Western Ghats is one among the 35 global hotspots of
biodiversity and it lies in the western part of peninsular India in a
series of hills stretching over a distance of 1600 km from north to
south and covering an area of about 1,60,000 sq.km. It harbors very
rich flora and fauna and there are records of over 4600 species of
flowering plants with 38% endemics, 330 butterflies with 11% en-
demics, 197 reptiles with 52% endemics, 529 birds with 5% en-
demics, 161 mammals with 12% endemics, 343 fishes with 39%
endemics and 248 amphibians with 62% endemics (http://wgbis.
ces.iisc.ernet.in/biodiversity/). Unplanned developmental activ-
ities during the post-industrialization period have threatened
biodiversity, ecology and water availability. In this context, the
government of India has created PAs network across wild habitats
in order to conserve and reduce impacts. Fig. 2 depicts the locations
of Kudremukh National Park (KNP), Rajiv Gandhi Tiger Reserve
Fig. 2. Study area - select protected ar
(RTR), Bandipur Tiger Reserve (BTR), which were chosen to un-
derstand the status of forests and LU dynamics. KNP comes under
the Global Tiger Conservation Priority-I (as per Wildlife Conserva-
tion Society (WCS) and World Wide Fund-USA) and is a habitat to
diverse endemic tax. RTR is also known as Nagarahole National
Park, sensitive habitat to elephants (connects to Nilgiri Biosphere
Reserve), and has been experiencing anthropogenic pressure,
evident from degradation of forests, intensified agricultural activ-
ities. BTR is the first NP to get status as tiger reserve (TR) in 1973,
which is also a habitat for numerous bird species (~250 species) and
mammals endemic to Western Ghats. Rampant habitat degrada-
tions are common phenomenon across PAs due to unplanned
developmental projects such as dams and interstate highways in
the ecologically sensitive habitats apart from other pressures such
as grazing, firewood collection and weed infestation (Eupatorium,
Parthenium, Chromolaena odorata), illegal hunting, poaching
(elephant poaching for ivory), etc. due to lack of effective eco-
management leading to a very frequent instances of human-
animal conflicts. Unauthorized occupation of forest lands for
cultivation in the buffer region has aggravated human-animal
conflicts leading to the frequent animal mortalities.

2.2. Method

Mapping, monitoring, modelling and visualization of LULC dy-
namics in the select protected areas with 10 km buffer in the central
Western Ghats has been carried out as discussed in Fig. 3. Remote
sensing (RS) data used in the study are Landsat MSS (1973), TM
(1992), OLI8 (2016), IRS p6L4X (2016), and online Google Earth data
(http://earth.google.com). Topographic maps have provided
ground control points to rectify RS data and scanned paper maps.
Survey of India (SOI) toposheets (1:50000 and 1:250000 scales)
and vegetation map of South India developed by French Institute
(1986) of scale 1:250000 was digitized to identify various forest
cover types and temporal analyses to find out the changes in
eas of Western Ghats, Karnataka.
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Fig. 3. Protocol for mapping, monitoring, modelling and visualization of LULC dynamics.
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vegetation. Pre-calibrated GPS (Global Positioning System - Garmin
GPS unit) used for field measurements. Land use analyses involved
(i) generation of False Color Composite (FCC) of RS data (bandse-
green, red and NIR) (ii) selection of training polygons by covering
15% of the study area (polygons are uniformly distributed over the
entire study area) (iii) loading these training polygons coordinates
into pre-calibrated GPS, (vi) collection of the corresponding attri-
bute data (training) from field, (iv) supplementing this information
with Google Earth and (v) 60% of the training data has been used for
supervised classification based on Gaussian maximum likelihood
(GML) algorithm, while the balance is used for accuracy assess-
ment. GRASS GIS (Geographical Resources Analysis Support Sys-
tem, http://ces.iisc.ernet.in/grass), a free and open source software
is used for analysis.

LST is estimated pixel-wise across varied land use categories as
per the standard protocol (Bharath et al., 2013) based on each land
use class emissivity that considers the amount of thermal infrared
energy radiated from the Earth's surface of many different types of
Earth surface processes, surface-atmosphere interactions. Estima-
tion of LST using emissivity will provide more accurate estimation
with appropriate calibration of atmospheric contamination by a
separation of surface emissivity and temperature from radiance at
ground level and atmospheric corrections (Li et al., 2013; Zak�sek
and O�stir, 2012; Mohamed et al., 2017 Inamdar et al., 2008;
Merlin et al., 2010). Emissivity is an intrinsic property of the sur-
face, potential for enhancing ability to monitor landscape changes
in environmentally sensitive zones as compared to other congruent
practices (Hulley et al., 2014). The surface temperature of the area is
calculated as per equation (3), through equations (1) and (2).

Ll ¼ MLQcal þ AL (1)

http://ces.iisc.ernet.in/grass


Fig. 4. (AeC): Temporal land use analysis for KNP, RTR, BTR from 1973 to 2016.
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Ll represents the top of atmosphere spectral radiance (Watts/
(m2 srad mm)). l represents the wavelength of the thermal band.
Qcal is the DN value of the pixel under consideration. AL and ML are
offset and gain factor respectively whose value for TM is AL ¼ 1.238,
ML ¼ 0.055 and OLI is AL ¼ 0.1, ML ¼ 3.3420 � 10�4. K1 (Watts/(m2

srad mm)) and K2 (kelvin) represents the pre-launch calibration
coefficients. Value of K1 is 607.76 and K2 is 1260.56 (for TM), while
K1 for OLI (Band 11) is 480.8883 and K2 for is 1201.1442. TB repre-
sents the At-satellite brightness temperature. Emissivity correction
is carried out using surface emissivity for the specified LC derived
from the methodology described in (Stathopoulou et al., 2007. The
emissivity corrected land surface temperature (Ts) is computed
from equation (3).
TS ¼
TB

1þ
�
l� TB=r

�
lnε

(3)

where, l is the wavelength of emitted radiance for which the peak
response and the average of the limiting wavelengths (l ¼ 11.5 mm)
were used, r ¼ h x c/s (1.438 � 10�2 mK), s ¼ Stefan Boltzmann's
constant (5.67 � 10�8 Wm�2 K�4 ¼ 1.38 � 10�23 J/K), h ¼ Planck's
constant (6.626 � 10�34 Jsec), c ¼ velocity of light (2.998 � 108 m/
sec), and ε is spectral emissivity.

CA is used (Equation (4)) to obtain a spatial context and distri-
bution map is based on Markov transitional probability and area by
combining multi- criteria land allocations to predict land use
changes. The neighborhood effect is incorporated through diamond
filter of a kernel size of 5 � 5 pixels to create spatially explicit
contiguous weighing factors (Bharath et al., 2014; Chen et al., 2013;
Grinblat et al., 2016; Matthews et al., 2007; Pontius and Malanson,
2005). The temporal land use analyses provided spatial and
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temporal aspects of LU changes and transition probability map and
area matrix were generated based on Equations (5) and (6), Markov
process. The original transition probability matrix (denoted by P) of
land use type is obtained from two former land use maps (Grinblat
et al., 2016; Matthews et al., 2007; Pontius andMalanson, 2005). CA
coupled with Markov chain assisted in land use predictions of 2016
using the transitional probability and area matrix generated for
1973e1992. The validation has been carried out by evaluating with
reference land use maps of 2016 (actual) using Kappa index for
location and quantity. Based on these validations LU for 2025 was
visualized considering intermediate iterations of 3-year time
period. The CA model can be expressed as,

Sðt; t þ 1Þ ¼ FðSðtÞ;NÞ (4)

where, S is the set of discrete cellular states, N is the Cellular field, t
and t þ 1 indicate the different times, and F is the transformation
function of cellular states in local space.

The Markov model is a theory based on the process of the for-
mation of Markov random process systems for the prediction and
optimal control theory method. Based on the Bayes conditional
probability formula, the prediction of land use changes is calculated
by the following equation:

PðNÞ ¼ PðN � 1ÞPij (5)

where, P(N) is state probability of any times, and P(N�1) is
Fig. 5. (AeC): Variations in land use acros
preliminary state probability.
Transition area matrix can be obtained by,

Transition area Matrix P ¼
2
4
P11 P12 P13
« « «

PN1 PN2 PNN

3
5 (6)

where, Pij is the sum of areas from the ith land use category to the
jth category during the years from start point to target simulation
periods, and n is the number of land use types. The transition area
matrix must meet the following conditions

i. 0 � Pij �1
ii.

Pn
i;j¼0Pij ¼ 1.
3. Results

3.1. Spatio temporal land use changes

KNP region has witnessed an increase in deciduous forest and
scrub forest cover by 1.27% and 3.04% respectively at the cost of
evergreen forest (reduction by 6.24%) during 1973e2016 (Fig. 4A).
The increase in commercial plantation cover (4.48%) in buffer re-
gion and mining of iron ore (Kudremukh Iron Ore Company) are
major agents of changes in the forest cover. Lakya dam was con-
structed (for the operational purpose of mining industry- Kudre-
mukh Iron Ore Company)which has further submerged some of the
s three PAs for 1973, 1992 and 2016.



Table 1
Transition probability matrix for KNP for 1992e2016.

EF DF SF FP HO AG WB BU OA

Evergreen Forest 0.803 0.117 0.011 0.000 0.066 0.000 0.000 0.000 0.002
Deciduous Forest 0.000 0.619 0.065 0.011 0.236 0.015 0.000 0.006 0.049
Scrub Forest 0.000 0.059 0.546 0.014 0.048 0.058 0.000 0.011 0.264
Forest Plantation 0.000 0.045 0.246 0.535 0.000 0.000 0.006 0.000 0.168
Horticulture 0.000 0.205 0.014 0.005 0.611 0.119 0.000 0.014 0.032
Agriculture 0.000 0.048 0.034 0.001 0.046 0.611 0.000 0.013 0.248
Water Bodies 0.000 0.000 0.000 0.000 0.000 0.000 0.470 0.318 0.212
Built-Up 0.000 0.000 0.000 0.000 0.163 0.023 0.015 0.584 0.216
Open Area 0.000 0.001 0.156 0.120 0.022 0.142 0.006 0.014 0.539

T.V. Ramachandra et al. / Journal of Environmental Management 206 (2018) 1253e1262 1259
forest area. RTR region has lost deciduous forest from 52.72% to
42.77% (1973e2016), with an increase in agriculture cover 6.29%,
built-up area by 0.35% (Fig. 4B). The open area has increased by
2.14% due to increase in rampant grazing activities and over-
exploitation of natural resources. Water bodies show an increase
from 0.36% to 2.01% due to the construction of Taraka dam in 1984.
BTR shows an increase of 18.71% scrub forest cover with a sharp
decline of deciduous cover from 61.69 to 47.30% (Fig. 4C). The ever
increasing human intervention in the form of tourism activities,
plantations of teak, eucalyptus and frequent forest fires responsible
for greater transition in this region. The human settlements in the
buffer region contribute to 1.08% of the total region. Overgrazing
has created more forest blanks (open spaces) in the core and also in
the buffer region (increase in open areas by 2.16%), and these re-
gions are infested with weeds such as Parthenium hysterophorus
(Congress weed), Chromolaena odorata (Devil weed) affecting
Fig. 6. (AeC): Temporal pix
native flora of BTR. Fig. 5 (AeC) provides the relative share of
temporal land uses in KNP, RTR, BTR during four decades.
3.2. The role of LU changes on LST

Temperature and the mean temperature across the region was
analyzed pixel-wise for 5 broad categories - (i) Vegetation includes
evergreen forest, deciduous forest, scrub forest and forest planta-
tions; (ii) Agriculture includes horticulture and agriculture; (iii)
water bodies (lakes, streams, rivers); (iv) Built-up and (v) Open area
(fallow land), by reclassifying earlier 9 land use categories (Figs. 4
and 5). Thermal signatures of different LU types in the study area
helped in understanding the role of respective LU category to heat
phenomenon. In KNP, the average temperature across the National
Park has increased by around 4� C due to the loss of evergreen
forest which has allowed the soil beneath the canopy to get
el level LST across PAs.



Fig. 7. (AeC): Simulated and predicted land uses in PAs.
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exposed to sunlight and absorb more heat, leading to a rise in mean
temperature. The dam has a lot of deposits of dumped iron ore
waste which has led to the rise in temperature of the water body as
well. The mean vegetation temperature is increased by around 9� C
in RTR due to removal of native forest and increase in teak, euca-
lyptus plantations, which exposes the ground to direct sunlight.
This region contributes to a highest change in temperature among
the study area. BTR shows that there is an increase of around 1� C in
the region during the 1992e2016 due to transition of forest cover.
RTR and BTR areas are infested by various non-native species which
has led to a reduction in water retaining capability of the soil with
rise in temperature. There were incidences of forest fire (natural
and man-made), due to which the surface gets exposed and heats
up more which further increases the temperature. The increase in
temperature has also enhanced the chances of forest fire again, as it
is a cyclic process (Vlassova et al., 2014). The intensified LULC
changes induces prolonged drought, which can trigger large-scale
landscape changes through vegetation mortality due to water
stress (Fensham and Holman, 1999; Ruthrof et al., 2016), loss of
productivity (Cooper et al., 2017) and land surface conditions for
decades (Breshears et al., 2005; Kulakowski et al., 2011).
3.3. Modelling and visualization of land use

Modelling and visualization of LU dynamics in 3 PAs were
analyzed using CA-Markov and validationwas done through Kappa
statistics. Transition probability matrices were generated for PAs as
shown in Table 1, simulated and current land use maps were vali-
dated. Fig. 6 shows the simulated 2016 and predicted land uses for
2026. Table 2 shows the percentage of various land use categories.
Modelling LU in KNP region shows evergreen forest will continue to
degrade and will cover only 23.04% by 2026. The same trend



Table 2
Simulated and predicted Land use details of PAs for 2016 & 2026.

Category KNP RTR BTR

Simulated 2016 Predicted 2026 Simulated 2016 Predicted 2026 Simulated 2016 Predicted 2026

Evergreen Forest 28.53 23.04 1.19 5.32 1.95 1.06
Deciduous Forest 20.05 18.95 47.01 40.16 43.58 44.09
Scrub Forest 5.06 5.69 6.58 7.16 17.72 31.00
Forest Plantation 0.41 0.48 0.94 1.15 0.13 0.13
Horticulture 29.83 36.16 13.21 17.16 3.35 3.32
Agriculture 7.27 5.62 21.85 25.13 30.73 14.62
Water Bodies 0.13 0.13 2.00 1.98 1.37 1.38
Built-Up 0.66 0.99 1.39 0.98 0.75 1.21
Open Area 8.06 8.93 5.84 0.96 0.40 3.21
Total 100 100 100 100 100 100

KAPPA 0.74 0.81 0.75
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continues for deciduous with loss of 6%. Commercial plantations in
the region will increase tremendously and will cover almost 1/3rd
of the total region. Deciduous forest will cover 40.16% with in-
creases in scrub forest cover by 2026 in RTR region. Agricultural and
Horticultural activities are predicted to remain same. Evergreen
forests show a slight increase as it is present on the hill tops, thus
making it difficult for humans to intervene. BTR region also would
experience the degradation of forests with 3.21% reduction in de-
ciduous cover by 2026. Scrub forest will be the second land use
after deciduous forest to dominate the region and would cover 31%.
All these regions depict an increase in built-up area and horticul-
ture, which signifies increased human interventions, and the
continued forest vegetation degradation. This will have a cascading
impact with increments in temperature, disturbing the biodiver-
sity, species regeneration, etc. and may lead to vegetation die-off. It
will be difficult for the sustenance of native cover in changed
environment leading to an extinction of endemic species. Imple-
mentation of conservation norms with rigid protection measures,
enrichment of degraded forest patches with the native vegetation,
enriching the Gomala Lands (grass lands) are necessary to sustain
natural resources in PAs. The government needs to take appropriate
mitigation measures in the animal movement paths by (i) creating
water bodies, (ii) growing fodder crops, (iii) restrictions of inap-
propriate crops and (iv) eviction of an unauthorized occupation of
forest lands. Human interferences are evident either through di-
versions of natural drains or senseless commercial crops, which
have further complicated the conservation of endangered fauna
(see Fig. 7).

4. Conclusion

PAs are characterized by high levels of biodiversity and ende-
mism. LULC changes are perceived as a major agent of landscape
transitions in PAs. Mapping, monitoring and modelling will help in
framing appropriate management policies to preserve ecosystem
functions and resilience. All studied regions depict an increase in
built-up area and horticulture that signifies increment in human
interventions. KNP show loss of evergreen cover from 33 to 27% by
2016 and higher loss is witnessed in RTR region's deciduous cover.
LU changes have altered ecological functions of PAs such as
microclimatic moderation evident from the enhanced LST with
time. The impacts in these ecologically fragile regions are long-term
and non-reversible. The increase in temperature is observed in RTR,
KNP signifies there will be more adverse effects in near future. The
modelling prediction for 2026 reveals the loss of evergreen cover in
KNP (27e18%), deciduous cover in RTR (42e40%) followed by BTR
(47e44%) due to increasing in horticulture and grazing activities.
The results of this study would help local authorities to understand
the current situation and visualize the possible future conditions to
adopt appropriate conservation strategies for management of PAs.
The management plans are to be prepared to mitigate anthropo-
genic impacts in PAs and to address human-animal conflicts
through ecosystem-based management approaches including
awareness programs (outreach) in the core and buffer zones.
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