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Abbreviations: LST, land surface temperature; LULC, land 
use and land cover; NDVI, normalized difference vegetation index 

Introduction
Land degradation (LD) can be explored by evaluating various types 

of LULC, Soil health, plant diversity, Spectral vegetation indices using 
remote sensing and GIS techniques.1 Expert judgment, techniques 
based on remote sensing, and analyses of changes in land cover are 
some of the assessment techniques used to evaluate land degradation. 
Since land degradation identification is by its very nature subjective 
and region-specific, remote sensing-based techniques are becoming 
the standard method for large-area investigations.2 Continuous shifts 
in land use and land cover (LULC) have become a critical area of 
concern, primarily because of the ever-deepening relationship 
between human activities and ecological systems.3 To address existing 
methodological inconsistencies in Land Use and Land Cover (LULC) 
research, this study implements an. LULC dynamics play a critical 
intensity analysis framework role in sustaining water resources, 
mitigating soil degradation, and regulating sediment transport in 
coastal systems.4 Conversely, anthropogenic or natural shifts in these 
patterns trigger severe environmental repercussions, including global 

biodiversity decline, accelerated erosion, and hydrological cycle 
alterations. Furthermore, these structural transitions modify surface 
properties, ecosystem functions, and climatic patterns by disrupting the 
Earth’s fundamental biogeochemical processes and energy balance.5-7 

Mitigating land degradation has become a top priority for scientists 
and policymakers because of its far-reaching consequences across 
environmental and socio-economic sectors. Consequently, reversing 
this decline is vital for realizing SDG 15.3, a target specifically 
dedicated to neutralizing desertification, restoring damaged terrains, 
and establishing sustainable land management practices.8-10 Protected 
areas (PAs), including national parks, serve as critical focal points at 
the intersection of climate dynamics and sustainable development. 
These managed landscapes function as vital carbon reservoirs capable 
of sequestering substantial volumes of atmospheric carbon dioxide; 
however, they can conversely transition into carbon emitters if the 
organic carbon stored within vegetation and soil profiles is liberated 
back into the atmosphere.11 By buffering ecosystems against intensive 
land-use modifications, national parks facilitate prolonged carbon 
sequestration within both biomass and soil layers over medium-to 
long-term horizons. Within these reserves, high floristic diversity 
maintains ecosystem productivity and enhances overall structural 
stability.12  Protected areas are not entirely immune to human-
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Abstract

This study presents a multi-temporal, decadal assessment of land use land cover and 
environmental dynamics within four critical protected areas of Madhya Pradesh, India 
(viz. Bandhavgarh National Park (BNP), Kanha National Park (KNP), Satpura National 
Park (SNP), and Pench National Park (PNP). Utilizing a 30-year time series of Landsat 
satellite data (1995, 2005, 2015, and 2025), we evaluated the cascading impacts of land use/
land cover (LULC) changes on Land Surface Temperature (LST), Normalized Difference 
Vegetation Index (NDVI), and subsequent land degradation vulnerability. The LULC 
analysis revealed an omnipresent trend of forest contraction and human footprint expansion 
across all four ecosystems. BNP experienced the sharpest net loss in forest/vegetation 
cover, decreasing by 37.0 km2, while built-up areas expanded to account for 7.0% of the 
total landscape by 2025. KNP, SNP, and PNP exhibited similar trajectories, with forest 
areas shrinking by 20.1 km2, 26.56 km2, and 20.55 km2, respectively, heavily driven by 
encroaching agricultural activities and infrastructure development. Over the past 30 years, 
perennial surface water bodies have declined across all studied regions. Spatiotemporal 
regression analysis between NDVI and LST showed significant microclimatic shifts, with 
severely deforested areas exhibiting a strong inverse correlation between canopy density and 
land surface temperature, indicating pronounced localized warming. Predictive modeling 
using the Land Degradation Vulnerability Index (LDVI) further reveals that large portions 
of these habitats are under severe ecological stress. Even outside core protected zones, 
moderate-to-high degradation risks are widespread, driven by expanding agriculture and 
infrastructure, highlighting intensifying human pressure on forest ecosystems. Mirroring 
this trend, Kanha, Satpura, and Pench National Parks experienced forest contractions of 
20.1 km², 26.56 km², and 20.55 km², respectively. These changes were primarily driven 
by agricultural expansion and infrastructure development. Furthermore, the multi-temporal 
assessment reveals a significant and simultaneous decline in perennial surface water 
bodies across all four conservation landscapes over the three-decade study period. These 
findings underscore the increasing anthropogenic pressure on these critical wildlife habitats 
and provide vital vulnerability metrics for future conservation and habitat management 
strategies.

Keywords: National parks, LST, LULC, NDVI, digital elevation model, remote sensing, 
GIS
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induced pressures and are increasingly vulnerable to shifting climatic 
regimes.13-17 Consequences stemming from land use and land cover 
(LULC) dynamics present a significant challenge to the conservation 
efficacy and long-term viability of protected areas.18 Concurrently, 
an extensive array of environmental and biophysical modeling 
frameworks depend heavily on high-precision, contemporary 
LULC datasets to facilitate robust resource allocation and strategic 
planning.19-20 Systematic tracking of LULC transformations is 
therefore imperative for establishing sustainable landscapes and 
environmental stewardship. For instance, routine cartographic 
updates and multi-temporal remote sensing analyses can substantially 
enhance the monitoring of deforestation and land degradation rates in 
highly dynamic landscapes, such as those in West Africa, where rapid 
land cover transitions are common.21,22 Global initiatives, including 
REDD+ (Reducing Emissions from Deforestation and Forest 
Degradation) and the UNCCD (United Nations Convention to Combat 
Desertification) “Zero Net Land Degradation” target, directly address 
these challenges. These frameworks promote targeted intervention 
strategies aimed at mitigating and reversing the widespread trends of 
desertification and forest loss.23-25

The magnitude and spatial distribution of Land Surface 
Temperature (LST) are governed by an interconnected suite of 
environmental variables, including land use/land cover (LULC) 
characteristics, topographic elevation, and the partitioning of 
thermodynamic fluxes into sensible and latent heat components.26-28 
To assess the vegetative drivers within this system, the Normalized 
Difference Vegetation Index (NDVI) has remained one of the most 
widely utilized remote sensing metrics since its inception in the 
1970s. Driven by the expanding accessibility and enhanced resolution 
of satellite-derived Earth observation data, the scientific community 
routinely integrates NDVI into environmental modeling to quantify 
vegetation dynamics and subsequent thermal interactions.29-30 In 
environmental assessment, integrating LST and NDVI metrics 
provides critical insights for mapping desertification pathways and 
formulating strategies for sustainable geo-environmental green 
growth, particularly in mitigating land degradation. 

To implement this framework, a distinct thematic vector or raster 
layer was generated for each criterion using Geographic Information 
System (GIS) software. Within the spatial modeling environment, 
the attribution of layer weights varies by analytical context: under a 
natural vulnerability framework, all thematic criteria are allocated an 
identical, uniform weight. Conversely, when modeling environmental 
vulnerability, the assigned weights fluctuate dynamically to reflect the 
specific ecological sensitivity, operational significance, and localized 
utility of each theme layer within the study domain.31 In contemporary 
environmental science, geospatial technologies have emerged as 
highly efficient and powerful instruments for tracking land-use 
dynamics, identifying species composition, and evaluating biological 
diversity within fragile tropical ecosystems.1,32-34 These advanced 
geospatial frameworks provide reliable, objective, and empirical data 
essential for monitoring heterogeneous land-use systems, quantifying 
the spatial distribution of vegetation, and mapping rapid landscape 
modifications.35-40

Materials and methods
Study area

The selected national parks: Bandhavgarh National Park (1536.0 
km²), Kanha National Park (940.0 km²), Satpura National Park (524.0 
km²), and Pench National Park (257.03 km²) located in Madhya 
Pradesh and adjoining states, were chosen for this study. Multi-

temporal satellite data for the years 1995, 2005, 2015, and 2025 were 
used to assess Land Use Land Cover (LULC), Normalized Difference 
Vegetation Index (NDVI), Land Surface Temperature (LST), and 
Land Degradation Vulnerability Index (LDVI) across four major 
LULC classes: water bodies, forest/vegetation, agricultural land, and 
built-up areas.

The geographical boundaries of the study sites are as follows:

Bandhavgarh National Park (BNP): 23°33’6.71”N to 23°43’2.78”N 
and 80°52’41.99”E to 81°04’47.59”E

Kanha National Park (KNP): 21°56’56.06”N to 22°22’11.70”N and 
80°30’5.17”E to 81°01’31.34”E

Satpura National Park (SNP): 22°19’29.45”N to 22°35’41.92”N 
and 78°01’31.07”E to 78°22’31.50”E

Pench National Park (PNP): 21°32’57.46”N to 21°47’23.37”N and 
79°10’49.93”E to 79°19’35.25”E

The mean elevation of the watersheds is 762 m (BNP), 864 
m (KNP), 1325 m (SNP), and 681 m (PNP) above sea level. The 
geographic layout of the study domain and the locations of the selected 
national parks are illustrated through a Digital Elevation Model (DEM) 
in Figure 1. The region experiences a moderately humid tropical 
climate with distinct seasonal variations. A pronounced monsoon 
period brings heavy rainfall from July to September, followed by a 
pronounced dry season from April to June. A concise overview of the 
specific experimental protocols and technical workflows implemented 
to evaluate the diverse environmental parameters of this study is 
presented in the following subsections.

Figure 1 Layout map with digital elevation model of the study area.

Methodology
In the present study, Land Use/Land Cover (LULC) and land 

degradation dynamics were analyzed using integrated remote sensing 
and Geographic Information System (GIS) techniques. Satellite 
imagery was geometrically corrected and geo referenced using Survey 
of India (SOI) topographical maps at a scale of 1:50,000. The resulting 
maps were digitized, edited, and stored in ArcView GIS software. 
Drainage networks and stream ordering were automatically extracted 
using an ASTER Global Digital Elevation Model (DEM). The ASTER 
DEM datasets were downloaded from the USGS Earth Explorer portal 
and mosaicked to generate a seamless elevation surface covering the 
entire study area. The mosaicked DEM was subsequently processed 
in ArcGIS 10.3 using the Arc Data Management tools to delineate the 
study area boundary.

For Land Surface Temperature (LST) retrieval, thermal calibration 
constants and rescaling coefficients were obtained from the metadata 
files of each satellite scene. The overall methodological framework 
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of the study is illustrated in Figures 2-4. LST was derived using the 
SCP (Semi-Automatic Classification Plugin) in ArcGIS 10.3. Thermal 
Band 10 was used for LST estimation, while Bands 4 and 5 were 
employed to compute the Normalized Difference Vegetation Index 
(NDVI). Bands 2–7 were processed to generate the LULC raster layer, 
which was subsequently used to estimate surface emissivity values. 
Finally, linear regression models were developed to investigate the 
relationship between land cover characteristics and LST variations.

Selection of remote sensing data 

For the present investigation, Landsat 3, 5, 7, and 8 satellite 
datasets corresponding to 1995, 2005, 2015, and 2025 were 
utilized (Table 1). The Landsat program, developed by the National 
Aeronautics and Space Administration (NASA), provides long-term 
Earth observation data for environmental and land resource studies. 
The satellite imagery used in this study was obtained from the USGS 
Earth Explorer platform managed by the United States Geological 

Survey (USGS). Digital image processing and analysis were carried 
out using ERDAS IMAGINE 2014 software on a personal computer, 
while secondary spatial datasets derived from Survey of India (SOI) 
topographical maps were processed and analyzed in ArcGIS. Elevation 
and contour information extracted from the SOI topo sheets were 
used to prepare various physiographic maps of the study area. Image 
enhancement techniques were applied to improve the visual quality of 
the satellite imagery and facilitate the identification of lineaments and 
other surface features. Initially, the geometrically corrected images 
were subjected to unsupervised classification using the classifier 
tool available in ERDAS IMAGINE 2014. Four preliminary spectral 
classes were generated in this stage. Subsequently, a supervised 
classification was performed to obtain more accurate land-use and 
land-cover categories. The classified signatures were refined and 
organized within the signature editor, and suitable color schemes were 
assigned to effectively represent different LULC classes.

Table 1 Characteristics of the selected Satellite data

Satellite Sensor Path/Row Obtain date Band used Inclined 
angle

Swath width 
(Km)

Spatial 
resolution

Landsat 5
TM (Thematic 
Mapper)

143/044, 
143/045,

145/044,

09/01/1995

Visible (B4, B5) NIR (B6 & 
B7)

99.10

185 80 m

Landsat 7
TM (Thematic 
Mapper)

143/044, 
143/045,

145/044,

18/01/2005
Visible (B1, B2, B3,) NIR (B4)

SWIR (B5), Thermal (B6)
98.20 185 30 m

Landsat 8 Enhanced Thematic 
Mapper Puls (ETM+)

143/044, 
143/045,

145/044,

1/02/2015
Visible (B1, B2, B3,) NIR (B4)

SWIR (B5), Thermal (B6)
98.20 185 30 m

Landsat 9
OLI-2/TIRS-2 (or 
OLI/TIRS)

143/044, 
143/045,

145/044,

10/02/2025

Coastal aerosol(B1)

Visible ( B2, B3, B4) NIR (B5)

SWIR- 1 (B6), SWIR -2 (B7)

98.20 185 15m

Preparation of land use land-cover classes

Land cover classification of the study area was performed using 
the Maximum Likelihood Algorithm (MLA) through a supervised 
classification approach. The resulting Land Use/Land Cover (LULC) 
maps are presented in Figure 2, which illustrates the decadal 
transformations observed in the study area over a forty-year period. 

The spatial and temporal variations among the different land-use 
categories are summarized in Table 2 and represented in Figure 3-5. 
In the supervised classification process, image pixels were assigned 
to specific land-use categories based on their spectral characteristics. 
The LULC pattern of the study area was broadly divided into four 
major classes: forest/vegetation, agricultural land, built-up areas, and 
water bodies.

Table 2 LULC changes in Various National Park

Bandhavgarh National Park

Lulc Classes 
Area 
(K.m.2) 
1995

Area (%)
Area 
(K.m.2) 
2005

Area (% )
Area 
(K.m.2) 
2015

Area (%)
Area 
(K.m.2) 
2025

Area (%) Difference 2025 
Vs 1995 (km 2 )

Water Bodies 13.9 0.9 13.1 0.9 12.9 0.8 11.0 0.7 -2.9
Forest /
Vegetation 1384.5 90.1 1379.0 89.8 1362.0 88.7 1347.5 87.7 -37.0

Agriculture 49.7 3.2 54.0 3.5 62.1 4.0 69.5 4.5 19.8
Built – up 87.9 5.7 89.9 5.8 99.0 6.4 108.0 7.0 20.1
Total 1536.0 100.0 1536.0 100.0 1536.0 100.0 1536.0 100.0
Kanha National Park
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Lulc Classes 
Area 
(K.m.2) 
1995

Area (% )
Area 
(K.m.2) 
2005

Area (% )
Area 
(K.m.2) 
2015

Area (%)
Area 
(K.m.2) 
2025

Area (%) Difference 2025 
Vs 1995 (km 2 )

Water Bodies 7.1 0.8 6.3 0.7 5.6 0.6 4.2 0.4 -2.9

Forest /
Vegetation 887.2 94.4 880.2 93.6 874.3 93.0 867.0 92.0 -20.1

Agriculture 6.9 0.7 9.8 1.0 11.1 1.2 14.3 1.5 7.4
Built – up 38.9 4.1 43.8 4.7 49.1 5.2 56.5 6.0 15.6
Total 940.0 100.0 940.0 100.0 940.0 100.0 942.0 100.0
Satpura National Park

Lulc Classes 
Area 
(K.m.2) 
1995

Area (%)
Area 
(K.m.2) 
2005

Area (% )
Area 
(K.m.2) 
2015

Area (%)
Area 
(K.m.2) 
2025

Area (%) Difference 2025 
Vs 1995 (km 2 )

Water Bodies 4.12 0.79 3.60 0.69 2.93 0.56 2.18 0.42 -1.94

Forest /
Vegetation 512.00 97.71 505.36 96.44 495.02 94.83 485.44 93.00 -26.56

Agriculture 2.62 0.50 4.02 0.77 8.01 1.53 13.25 2.54 10.63
Built – up 5.26 1.00 11.02 2.10 16.04 3.07 21.13 4.05 15.87
Total 524.00 100.00 524.00 100.00 522.00 100.00 522.00 100.00

Pench National Park

Lulc Classes 
Area 
(K.m.2) 
1995

Area (%)
Area 
(K.m.2) 
2005

Area (%)
Area 
(K.m.2) 
2015

Area (%)
Area 
(K.m.2) 
2025

Area (%) Difference 2025 
Vs 1995 (km 2 )

Water Bodies 2.2 0.86 2.01 0.82 1.89 0.74 1.5 0.58 -0.7

Forest /
Vegetation 249.9 97.23 243.65 94.79 236.58 92.04 229.35 89.23 -20.55

Agriculture 1.95 0.76 5.05 1.96 8.96 3.49 14.13 5.50 12.18
Built – up 2.98 1.16 6.32 2.46 9.6 3.73 12.05 4.69 9.07
Total 257.03 100.00 257.03 100.04 257.03 100.00 257.03 100

Figure 2 Comparative time-series maps displaying the classified habitat zones of Bandhavgarh, Kanha, Satpura, and Pench National Parks at 10-year intervals 
(1995, 2005, 2015, and 2025).
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Figure 3 Normalized difference vegetation index (NDVI) maps illustrating changes across the study area from 1995 to 2025.

Figure 4 Spatiotemporal variations in land surface temperature (LST) within the study region across four selected years between 1995 and 2025.
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Figurer 5 Spatial distribution of the land degradation vulnerability index across the selected study region.

Vegetation mapping and calculation of spectral indices 
using NDVI

In the present study, vegetation mapping and forest health 
assessment for the period 1995–2025 were carried out using the 
Normalized Difference Vegetation Index (NDVI). This technique 
was applied to evaluate the temporal variations in vegetation density 
and overall forest conditions throughout the study period. The NDVI, 
derived from multispectral satellite imagery, is widely used to identify 
vegetation characteristics, analyze land use and land cover patterns, 
and detect environmental changes over time. The index also facilitated 
the discrimination of major surface features, such as forest and 
vegetation cover, agricultural land, water bodies, and built-up areas, 
using suitable spectral band combinations from satellite data. Earlier 
research has demonstrated that NDVI is an effective indicator for 
interpreting natural resources, particularly for monitoring vegetation 
conditions, assessing plant health, and examining LULC dynamics.42 
The Normalized Difference Vegetation Index (NDVI) is one of the 
most commonly used indicators for assessing vegetation conditions 
using remote sensing techniques. It is derived by combining the 
reflectance values of two spectral bands that are highly responsive 
to vegetation characteristics, namely the red (RED) and near-infrared 
(NIR) bands. The NDVI values generally range between −1 and +1, 
with higher positive values indicating dense and healthy vegetation 
cover. The NDVI can be calculated using the following equation43-45 
where: 𝜌red and 𝜌Nir correspond to the reflectance of Red and near 
infrared bands of Landsat images, respectively.

Statistical analysis

In the present study, the correlation coefficient (R) was employed 
to evaluate the relationship between Land Surface Temperature (LST) 
and the Normalized Difference Vegetation Index (NDVI) for different 
study areas across each observation year, as illustrated in Figure 6. 

Two major indices, NDVI and LST, were analyzed to examine their 
spatial and temporal variations within the selected national parks. To 
establish measurable relationships between vegetation conditions and 
surface temperature, randomly selected independent pixels from the 
entire study area were used in the analysis.

Land Degradation Vulnerability Index (LDVI) model

To evaluate the cumulative impact of ground-level environmental 
stressors on landscape decline, the Land Degradation Vulnerability 
Index (LDVI) model was constructed by examining all permutations 
of the prioritized environmental classes. The distinct geospatial 
criteria variables governing land deterioration were integrated 
within a Geographic Information System (GIS) environment using 
the weighted overlay tool located under the ArcGIS Spatial Analyst 
toolbox, with their specific distribution.38 A multi-criteria approach 
incorporating all combinations of the selected priority classes was 
adopted to develop the Land Degradation Vulnerability Index (LDVI) 
model. This model was designed to evaluate the combined influence 
of environmental and socioeconomic factors contributing to land 
degradation at the village level. Based on the LDVI assessment, 
the study area was categorized into different vulnerability zones, 
including very low, low, moderate, and high vulnerability. In addition, 
major land use and land cover categories, such as built-up areas, 
forests/vegetation, agricultural land, and water bodies, were identified 
and mapped within the analysis framework (Table 3 & Figure 5). 
Within the analysis framework, the study area was systematically 
classified into distinct vulnerability zones, ranging from very low to 
high. Furthermore, major land use/land cover (LULC) categories—
specifically built-up areas, forest/vegetation, agricultural land, and 
surface water bodies—were identified and mapped to facilitate the 
assessment. As previously clarified, this spatial analysis is strictly 
limited to the four identified National Parks located within the state of 
Madhya Pradesh, India.
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Table 3Area under different categories of Land Degradation Vulnerability Index classes.

Bandhavghar 
National Parks (1995 
- 2025)

Kanha National 
Parks (1995 - 2025)

Satpura National Park 
(1995 - 2025)

Pench National Park 
(1995 - 2025)

S.No. Description Area 
(Km2) Area (%age) Area 

(Km2)
Area 
(%age)

Area 
(Km2)

Area 
(%age)

Area 
(Km2) Area (%age)

1 Very low vulnerability 6.6 8.2 1.85 4.0 2.35 4.27 1.4 3.2
2 low vulnerability 2.0 2.5 3.65 7.9 1.89 3.44 2.5 6.0
3 Moderate vulnerability 7.1 8.9 3.43 7.5 3.65 6.64 2.0 4.7
4 High vulnerability 1.6 2.1 0.4 0.9 0.65 1.18 0.7 1.7
5 Built – up 18.7 23.4 12.35 26.8 13.12 23.85 7.4 17.3
6 Forest /vegetation 24.4 30.5 17.54 38.1 25.2 45.82 18.4 43.2
7 Agriculture Land 17.5 21.9 5.36 11.7 7.21 13.11 9.7 22.8
8 Water Bodies 2.0 2.4 1.42 3.1 0.93 1.69 0.5 1.1
	 Total 79.8 100 46 100 55 100 42.5 100

Result and discussion
Land use/land cover change from 1995 to 2025 (BNP)

Forest/vegetation, agricultural land, built-up areas, and water 
bodies were identified as the major LULC categories within 
Bandhavgarh National Park. The spatial and temporal distributions 
of these LULC classes for 1995, 2005, 2015, and 2025 are presented 
in Fig. 2, along with the statistical details of each category. In 1995, 
forest/vegetation represented the most dominant land cover class, 
occupying approximately 1384.5 km² (90.01%) of the total area, 
followed by agricultural land covering 49.7 km² (3.2%). Built-up 
land accounted for 87.9 km² (5.7%), and water bodies occupied 13.09 
km² (0.9%) of the park area. In 2005, forest/vegetation continued to 
be the dominant category, although its area slightly declined to 1379 
km² (89.9%) compared to 1995. In contrast, built-up land showed a 
marginal increase to 89.9 km² (5.8%). Agricultural land also expanded 
to 54 km² (3.5%), whereas water bodies slightly declined to 13.1 km² 

(0.9%), indicating conversion to other LULC categories. A similar 
trend was observed in 2015, when forest/vegetation still occupied 
the largest share of land, despite decreasing further to 1362 km² 
(88.7%). Built-up land increased to 99 km² (6.4%), and agricultural 
land expanded to 62.1 km² (4.0%). Water bodies declined slightly 
to 12.9 km² (0.8%), suggesting continued transformation into other 
land use categories. The same pattern persisted in 2025, with forest/
vegetation remaining the dominant class but reducing to 1347.5 km² 
(87.7%). Built-up areas increased to 108 km² (7%), and agricultural 
land expanded to 69.5 km² (4.5%). Meanwhile, water bodies declined 
to 11 km² (0.7%) owing to conversion into other land use classes 
(Table 2). Overall, the study indicated that built-up land increased by 
approximately 20.1 km² between 1995 and 2025. Agricultural land 
also recorded an increase of approximately 19.8 km² during the same 
period. Conversely, forest/vegetation and water bodies decreased by 
nearly 37.0 km² and 2.9 km², respectively, reflecting their conversion 
into other LULC categories over time.

Figure 6 Spatiotemporal regression analysis of NDVI versus LST in various national parks (BNP, SNP, KNP, and PNP) from 1995 to 2025.
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Land use/land cover change from 1995 to 2025 (KNP)

Forest/vegetation, agricultural land, built-up areas, and water 
bodies were identified as the principal LULC categories within Kanha 
National Park. The spatial and temporal distributions of these land 
use/land cover classes for 1995, 2005, 2015, and 2025 are presented 
in Figure 2, along with the statistical details of each category. In 
1995, forest/vegetation was the dominant land cover class, occupying 
approximately 887.2 km² (94.4%) of the total area. Agricultural land 
covered approximately 38.9 km² (4.1%). The remaining portion of 
the park consisted of built-up land covering 38.9 km² (4.1%) and 
water bodies occupying 7.1 km² (0.8%) of the total area. In 2005, 
forest/vegetation continued to be the major LULC category, although 
its area slightly decreased to 880.2 km² (93.6%) compared to 1995. 
Conversely, built-up areas expanded marginally to 43.8 km² (4.7%). 
Agricultural land also increased, reaching 9.8 km² (1.0%), whereas 
water bodies declined to 6.3 km² (0.7%) due to conversion into other 
land use categories. A similar trend was observed in 2015, with forest/
vegetation remaining the dominant class despite a further decline to 
874.3 km² (93.0%). Built-up land increased to 49.1 km² (5.2%), and 
agricultural land expanded to 11.1 km² (1.2 km ²). Water bodies further 
reduced to 5.6 km² (0.6%), indicating continued transformation of 
land cover. The same pattern persisted in 2025, when forest/vegetation 
still represented the largest land cover class but declined to 864.0 km² 
(92.0%). Built-up areas increased to 56.5 km² (6.0%), and agricultural 
land expanded to 14.3 km² (1.5%). Water bodies decreased to 4.2 
km² (0.4%) as parts of these areas were converted into other LULC 
categories (Table 2). Overall, the findings revealed a gradual increase 
in built-up land of approximately 15.6 km² between 1995 and 2025. 
Agricultural land also expanded by nearly 7.4 km² during the same 
period. In contrast, forest/vegetation and water bodies declined by 
approximately 20.1 km² and 2.9 km², respectively, reflecting their 
conversion into other land use and land cover classes over time. 

Land use/land cover change from 1995 to 2025 (SNP)

Forest/vegetation, agricultural land, built-up areas, and water 
bodies were identified as the major LULC categories within Satpura 
National Park. The spatial and temporal distributions of these land 
use/land cover classes for 1995, 2005, 2015, and 2025 are presented 
in Figure 2, along with the statistical details of each category. In 
1995, forest/vegetation was the dominant land cover type, occupying 
approximately 512.0 km² (97.71%) of the total area. Agricultural land 
covered approximately 2.26 km² (0.50%). The remaining portion of 
the park consisted of built-up land covering 5.26 km² (1.0%) and 
water bodies occupying 4.12 km² (0.79%) of the total area. In 2005, 
forest/vegetation continued to remain the major LULC class, although 
its extent slightly declined to 505.36 km² (96.44%) compared to 1995. 
In contrast, built-up land increased to 11.2 km² (2.10%). Agricultural 
land also expanded to 4.2 km² (0.77%), while water bodies decreased 
to 3.06 km² (0.69%) as portions of these areas were converted into 
other land use classes. A similar trend was observed in 2015, when 
forest/vegetation still represented the dominant category despite 
decreasing further to 495.02 km² (94.83%). Built-up areas increased 
to 16.04 km² (3.07%), and agricultural land expanded to 8.01 km² 
(1.53%). Water bodies declined slightly to 2.93 km² (0.56%), 
indicating continued land cover transformation within the park. The 
same pattern persisted in 2025, with forest/vegetation remaining the 
largest land cover class but declining to 485.44 km² (93.0%). Built-
up land increased further to 21.13 km² (4.05%), and agricultural land 
expanded to 13.25 km² (2.54%). Water bodies decreased to 2.18 km² 
(0.42%) owing to conversion into other LULC categories (Table 2). 
Overall, the study revealed a gradual increase in built-up land of 

approximately 15.87 km² between 1995 and 2025. Agricultural land 
also increased by approximately 10.63 km² during the same period. In 
contrast, forest/vegetation and water bodies declined by nearly 26.56 
km² and 1.94 km², respectively, reflecting their transformation into 
other land use and land cover classes.

Land-use/land-cover change from 1995 to 2025 (PNP)

Forest/vegetation, agricultural land, built-up areas, and water 
bodies were identified as the principal LULC categories within Pench 
National Park. The spatial and temporal distributions of these land 
use/land cover classes for 1995, 2005, 2015, and 2025 are presented 
in Figure 2, along with the statistical information for each category. 
In 1995, forest/vegetation was the dominant LULC class, covering 
approximately 249.9 km² (97.23%) of the total area. Agricultural land 
occupied approximately 1.95 km² (0.76%). The remaining area of the 
park consisted of built-up land covering 2.18 km² (1.16%) and water 
bodies occupying 2.2 km² (0.86%) of the total area. In 2005, forest/
vegetation continued to be the major land cover category, although 
its extent declined slightly to 243.65 km² (94.79%) compared with 
1995. Conversely, built-up areas increased to 6.32 km² (2.46%). 
Agricultural land also expanded to 5.05 km² (1.96%), whereas water 
bodies decreased to 2.01 km² (0.82%) owing to conversion into other 
land use categories. A similar trend was observed in 2015, when forest/
vegetation remained the dominant class despite a further decrease to 
236.58 km² (92.02%). Built-up land increased to 9.6 km² (3.73%), 
and agricultural land expanded to 8.96 km² (3.49%). Water bodies 
declined slightly to 1.89 km² (0.74%), indicating continued land 
cover transformation in the park area. The same pattern persisted in 
2025, with forest/vegetation continuing as the largest LULC class but 
declining to 229.35 km² (89.23%). Built-up areas further increased 
to 12.09 km² (4.69%), and agricultural land expanded to 14.13 km² 
(5.50%). Water bodies declined to 1.5 km² (0.58%) as portions of these 
areas were converted into other LULC categories (Table 2). Overall, 
the study indicated that built-up land increased by approximately 
9.07 km² between 1995 and 2025. Agricultural land also expanded by 
nearly 12.18 km² during the same period. In contrast, forest/vegetation 
and water bodies decreased by approximately 20.55 km² and 0.7 km², 
respectively, reflecting their conversion into other land use and land 
cover categories over time. The findings of the present study are 
consistent with observations reported in earlier research studies.46-49 

Spatial-temporal patterns of canopy density
To evaluate the spatiotemporal changes in biomass vitality and 

greenness across the four studied protected areas—Bandhavgarh 
National Park (BNP), Kanha National Park (KNP), Satpura National 
Park (SNP), and Pench National Park (PNP)—a decadal Normalized 
Difference Vegetation Index (NDVI) analysis was conducted for 
the years 1995, 2005, 2015, and 2025 (Figure 3). The geographic 
distribution of NDVI values across a 30-year observation horizon 
highlights both natural phenological baselines and targeted areas 
of structural degradation. Analysis of the multi-temporal maps 
revealed that BNP’s maximum NDVI values experienced a steady 
upward shift, climbing from 0.719 in 1995 to 0.799 in 2005, 
0.819 in 2015, and reaching 0.875 by 2025. This incremental gain 
indicates the densification of the core forest canopies. However, 
the lowest spectrum of NDVI dipped from -0.178 (1995) to -0.245 
(2025), indicating an increasing polarization of the landscape. This 
highlights that while core zones are consolidating, bare surfaces, 
built-up expansions, and degraded edges are becoming more starkly 
defined. The KNP demonstrated highly stable vegetative profiles. Its 
peak NDVI value moved progressively from 0.627 (1995) to 0.691 
(2005), 0.751 (2015), and stabilized at 0.767 in 2025. Concurrently, 
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the lower boundary of the index dropped slightly from -0.129 to 
-0.187 over the three decades.  The KNP demonstrated highly stable 
vegetative profiles. Its peak NDVI value moved progressively from 
0.627 (1995) to 0.691 (2005), 0.751 (2015), and stabilized at 0.767 
in 2025. Concurrently, the lower boundary of the index dropped 
slightly from -0.129 to -0.187 over the three decades. The spatial 
distribution indicates a highly contiguous, high-density vegetative 
block in the central and northern interiors, which visually supports 
its low landscape vulnerability metrics. PNP features a robust, well-
distributed canopy envelope that corroborates its position as a park 
with the highest percentage of forest cover (43.2%). The maximum 
NDVI values rose systematically from 0.714 in 1995 to 0.732 in 2005, 
0.752 in 2015, and capped at 0.771 by 2025. The lower value bounds 
transitioned from -0.112 (1995) to -0.187 (2025), which were largely 
confined to localized peripheral pathways and seasonal water body 
boundaries.

Spatiotemporal distribution of LST and its variations 
with LULC types

The spatial distribution of Land Surface Temperature (LST) for 
the four study periods—1995, 2005, 2015, and 2025—is illustrated in 
Figure 4. The results indicated noticeable temporal variations in the 
LST across all the selected national parks.

In Bandhavgarh National Park, the maximum and minimum LST 
values recorded in 1995 were 23.72 °C and 13.17 °C, respectively. 
In 2005, the maximum temperature increased to 24.41 °C, whereas 
the minimum temperature reached 14.19 °C. In 2015, the maximum 
LST further increased to 27.72 °C, whereas the minimum value was 
13.17 °C. By 2025, the highest and lowest LST values were 37.97 °C 
and 13.11 °C, respectively. Similarly, in Satpura National Park, the 
maximum and minimum LST values in 1995 were 24.30 °C and 16.31 
°C, respectively. In 2005, these values changed to 25.50 °C and 15.94 
°C, respectively. In 2015, the maximum LST was 25.59 °C, whereas 
the minimum temperature was 18.94 °C. In 2025, the maximum and 
minimum LST values were 29.75 °C and 15.04 °C, respectively. In 
KNP, the maximum and minimum LST values during 1995 were 
24.41 °C and 14.19 °C, respectively. In 2005, the maximum LST 
increased to 25.85 °C, whereas the minimum value was 14.32 °C. 
In 2015, the maximum and minimum LST values were 23.45 °C 
and 15.23 °C, respectively. By 2025, the maximum LST remained 
at 25.85 °C, whereas the minimum temperature declined slightly to 
13.24 °C. In Pench National Park, the maximum and minimum LST 
values in 1995 were 25.11 °C and 19.12 °C, respectively. In 2005, the 
values increased to 27.06 °C and 18.41 °C, respectively. In 2015, the 
maximum LST was 28.54 °C, whereas the minimum value was 17.96 
°C. In 2025, the highest and lowest LST values were 31.63 °C and 
16.17 °C, respectively. The findings revealed that the central portions 
of all study areas experienced relatively higher LST values, whereas 
temperatures gradually decreased toward the peripheral regions. This 
spatial variation is mainly associated with the expansion of built-up 
areas and other impervious surfaces, which contribute significantly to 
the increase in surface temperature.50-51 

Assessment of land degradation vulnerability index 
(LDVI) across protected areas

The quantitative distribution of the Land Degradation Vulnerability 
Index (LDVI) classes alongside major Land Use/Land Cover (LULC) 
features is structured to isolate zones under immediate ecological 
threat (Table 3 & Figure 5). The empirical assessment of the Land 
Degradation Vulnerability Index (LDVI) across the four protected 
areas from 1995 to 2025 reveals distinct environmental vulnerability 
patterns across the region. The spatial extent of degradation risk varies 

noticeably among the evaluated landscapes. Among the evaluated 
conservation systems, Bandhavghar National Park exhibits the highest 
relative vulnerability footprint, with 1.6 km2 accounting for 2.1% of its 
total geographic extent categorized under severe degradation risk. This 
is followed by Pench National Park, which registers 0.7 km2 (1.7%) 
within the high vulnerability zone. Conversely, KNP demonstrates 
the lowest severe risk exposure, restricting high vulnerability to a 
minor 0.4 km2 (0.9%) footprint. For SNP, the high vulnerability class 
encompasses 0.9 km2, representing a proportionate share of 0.65% of 
its landscape matrix. Moderate land degradation risk is widespread 
across all four parks, indicating ecosystems under transitional stress. 
Bandhavgarh National Park (BNP) records the largest area in this 
category (7.1 km² or 8.9%), followed by Satpura National Park (SNP) 
at 7.5 km² (3.65%), Kanha National Park (KNP) at 3.43 km² (7.5%), 
and Pench National Park (PNP) at 2.0 km² (4.7%). Areas with strong 
ecological resistance (very low and low vulnerability) are critical for 
core habitat protection. BNP supports the largest stable zone at 8.6 
km² (10.7%). KNP has 5.5 km² of stable areas (very low: 1.85 km² 
/ 4.0%; low: 3.65 km² / 7.9%), while PNP has 3.9 km² (very low: 
1.4 km² / 3.2%; low: 2.5 km² / 6.0%). SNP shows 4.0 km² (2.35%) 
under very low vulnerability and 7.9 km² under low vulnerability. 
Dense forest and vegetative cover serve as the primary defense 
against soil erosion and runoff. PNP exhibits the highest proportion 
at 43.2% (18.4 km²), followed closely by KNP at 38.1% (17.54 km²). 
In comparison, Bandhavgarh National Park (BNP) has the lowest 
relative forest canopy cover at 30.5%, despite supporting the largest 
absolute forest area (24.4 km²). Satpura National Park (SNP) follows 
with 38.1 km² of forest and vegetative cover, representing 25.2% of 
its total area. Surface water bodies remain a limited but ecologically 
vital resource across these landscapes. Kanha National Park (KNP) 
records the highest proportion of open water at 1.42 km² (3.1%), 
followed by BNP at 2.0 km² (2.4%), Pench National Park (PNP) at 
0.5 km² (1.1%), and SNP at 3.1 km² (0.93%). Among the four parks, 
BNP is the largest (79.8 km²), followed by SNP (55 km²), KNP (46 
km²), and PNP (42.5 km²). Importantly, the summation of all LULC 
classes and vulnerability layers across the parks consistently totals 
100%, confirming the statistical integrity and consistency of the 
multi-temporal satellite datasets used for assessing long-term land 
degradation trajectories in Central India.

Correlation of LST with NDVI data

The study indicated that most areas within the national parks 
showed lower NDVI values, whereas regions covered by dense 
vegetation recorded comparatively higher NDVI values. This 
pattern suggests an inverse relationship between NDVI and Land 
Surface Temperature (LST), as the central and more developed areas 
exhibited relatively higher LST values. Hence, NDVI was found to be 
negatively correlated with LST, implying that increasing urbanization 
significantly influences the surface thermal environment. The analysis 
further demonstrated a notable correlation between NDVI and LST 
with correlation coefficients of (r = 0.0018, 0.0045, 0.0117, and 
0.0134 for BNP during 1995, 2005, 2015, and 2025, respectively), (r 
= 0.03194, 0.0445, 0.0049, and 0.1231 for SNP), (r = 0.0261, 0.0006, 
0.0876, and 0.0243 for KNP), and (r = 0.0678, 0.0096, 0.2444, and 
0.0067 for PNP), as presented in Fig. 6. The findings obtained in 
the present investigation are therefore consistent with the outcomes 
reported in earlier studies.54-58

Conclusion 

This investigation assesses landscape changes, microclimatic 
variations, and eco-environmental vulnerabilities over three decades 
(1995-2025) in four protected areas of Madhya Pradesh, India: 
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Bandhavgarh National Park, Kanha National Park, Satpura National 
Park, and Pench National Parks. Combining multi-spectral Landsat 
data with geospatial indices, it reveals significant anthropogenic 
impacts, including a consistent decrease in forest canopy and an 
increase in human activity. BNP faced the most severe degradation, 
losing 37.0 km² of forest, while built-up areas expanded to 7.0% 
by 2025. Similar losses were noted in the other parks, driven by 
agriculture and ecotourism. Diminishing water bodies and altered 
Land Surface Temperatures indicate destabilized microclimates, with 
a strong inverse relationship between vegetation density and thermal 
emissions. Predictive modeling highlights widespread ecological 
stress across these regions, with agriculture and infrastructure 
developments threatening corridors and biodiversity, despite varying 
resilience levels among the parks.
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