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Abstract

Thermal infrared remote sensing data is vital for analyzing and mapping Land Surface Temperature (LST),
allowing for the capture of apparent surface temperature through radiant energy. The use of ArcGIS software
simplifies the calculation of LST. Landsat-8, and Thermal Infrared Sensor (TIRS) data with 100 m resolution have
been used for the calculation of LST of the study area. Landsat 5-8 data has been taken to understand the seasonal
comparison and yearly changes in LST. OLI Band 4, and 5 have been used for the calculation of the Normalized
Difference Vegetation Index (NDVI). The ultimate result shows that the surface temperature was low in the
densely vegetated areas, while it was high for the barren land. Satellite data from 2000 to 2025 for winter, summer,
and monsoon was compared to assess the changes in the surface emissivity. An integrated approach has been
taken for the mapping and monitoring of forest resources of the study area with the help of LST data and other
indices, i.e., NDVI and NDWI. This integrated approach enables the identification of areas susceptible to stressors
like drought, pest infestation, and land degradation, facilitating proactive management interventions.
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Introduction

One of the biggest environmental problems that people are currently dealing with is how these factors impact
people worldwide and increase their dependence on necessities. There is a lack of focus on some area in the
research depicting the connection between environmental causes and land surface temperature (LST). The surface
temperature and the physical characteristics of the land surface are directly correlated. Accordingly, for high-
altitude mountain landscapes, the Normalized Difference Vegetation Index (NDVI) is the best instrument for
measuring Land Surface Temperature (LST) (S Suresh et. al, 2016). One important variable and radiation
transmission in the atmosphere is land surface temperature (LST), which is measured via remote sensing and GIS
(P Rajendran et. al, 2015). The land use and land cover analysis plays a crucial role for the estimation of land
surface temperature analysis. The physical state, vegetation cover, and anthropogenic activities of a place are all
directly correlated with the land surface temperature (LST). Local climate also has impact of the surface
temperature. The conventional method for figuring out the surface temperature and its slow variations is to
analysing the climatic data collected from the meteorological department of any other observatories. Landsat OLI-
TIRS data from band 9 to band 11 (1-9 with 30m resolution, and 10-11 with 100 m resolution) has been collected
form USGS site for this current study.

Land Surface Temperature (LST) is the "skin" temperature of the Earth's surface, representing how hot the land
surfaces are at any given moment. LST is crucial for understanding the exchange of energy and water between
the land surface and the atmosphere. Land Surface Temperature (LST) is defined as a measure of how hot or cold
the Earth's surface would feel to the touch. It is the temperature of the "skin" of the ground, and it is mainly
influenced by albedo, vegetation cover, and soil moisture. From a satellite's perspective, the "surface" can refer to
snow, ice, grass, building roofs, or forest canopies. LST differs from the air temperature reported in daily weather
forecasts. This temperature is a key indicator of the surface energy budget, impacting the net radiation balance
and supporting various fields like hydrology, meteorology, and climatology. It also affects the rate and timing of
plant growth. LST measurements are essential for monitoring crop and vegetation health, assessing thermal stress,
and understanding energy exchanges between the land and atmosphere.

Objectives of the Study

The objectives of the current study are as follows:

To analyze temporal trends and spatial variability of Land Surface Temperature (LST) in Chamoli District during
summer seasons from 1990 to 2025 using Landsat satellite data.

To assess the impact of LST dynamics on local vegetation cover changes

Location of the Study Area:

Chamoli district, located in the state of Uttarakhand, India (fig 1), is part of the central Himalayas, renowned for
its rich biodiversity, cultural heritage, and scenic landscapes. However, the region's rugged terrain and fragile
ecosystem also make it particularly vulnerable to natural hazards such as landslides, earthquakes, floods, and
glacial lake outburst floods (GLOFs). This chapter examines the geoenvironmental setting of Chamoli and
evaluates its susceptibility to these hazards, providing a foundation for understanding the broader context of land
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cover change and hazard management. Chamoli covers an area of approximately 8,030 square kilometers, with
its terrain defined by towering Himalayan peaks, steep slopes, deep valleys, and glacial rivers. The district lies
between latitude 30°15'N to 31°5'N and longitude 79°05'E to 80°30'E, and includes significant peaks like
Nanda Devi (7,816 meters) and Trishul (7,120 meters). The region's geology is characterized by Precambrian
metamorphic rocks, such as schists, gneisses, and quartzites, intersected by tectonic fault lines, particularly the
Main Central Thrust (MCT). The active tectonic setting contributes to the region's high seismicity, exemplified
by the 1999 Chamoli earthquake (magnitude 6.8). Located in Seismic Zone V, Chamoli is highly susceptible
to earthquakes due to the active tectonic setting. The melting of glaciers and intense monsoons increase the risk
of glacial lake outburst floods (GLOFs) and flash floods. The high-altitude regions experience frequent avalanches
during winter due to heavy snow accumulation. Chamoli experiences a temperate to alpine climate, with large
variations in temperature and precipitation driven by altitude. The district receives most of its annual rainfall
(ranging from 1,500 to 2,500 mm) during the monsoon season. Heavy snowfall in winter, especially in areas
above 3,000 meters, further adds to the hydrological complexity of the region. The Alaknanda River and its
tributaries dominate Chamoli’s hydrology, making the area prone to flash floods and rapid snowmelt-induced
flooding.

Fig 1.
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Review of Literature

Land Surface Temperature (LST) Calculation and Remote Sensing Techniques:

Land Surface Temperature is taken as a critical parameter for the intensive study of climate change, earths surface
energy balance, study of urban heat island, etc. Various techniques and algorithms have been developed to retrieve
accurate LST from satellite data, leveraging the advancements in sensor technology and image processing
algorithms. Thermal infrared remote sensing is one of the primary methods used for LST retrieval. The study by
Sun and Pinker (2003) highlighted the estimation of LST from the Geostationary Operational Environmental
Satellite (GOES-8), demonstrating the effectiveness of satellite data in capturing thermal characteristics of the
Earth's surface. Similarly, the work of Anderson et al. (2008) showcased a thermal-based remote sensing technique
that enables the routine mapping of land-surface carbon, water, and energy fluxes, underscoring the versatility of
thermal infrared data in environmental monitoring (Anderson et al., 2008). These methods often require validation
against ground measurements to ensure accuracy, as demonstrated by Coll et al. (2005), who validated LST
derived from AATSR and MODIS data using ground measurements (Coll et al., 2005).

Key algorithms like the split-window technique and the Surface Energy Balance Algorithm for Land (SEBAL)
have been instrumental in LST retrieval. The split-window algorithm, evaluated by Coll et al. (2006), uses the
differential absorption of thermal infrared radiation in two adjacent spectral bands to estimate LST (Coll et al.,
2006). Du et al. (2015) further advanced this approach with a practical algorithm for estimating LST from Landsat
8 data, which has become widely used due to its accessibility and high-resolution thermal data (Du et al., 2015).
On the other hand, the SEBAL formulation developed by Bastiaanssen et al. (1998) integrates remote sensing data
with a surface energy balance model to derive LST and other surface parameters (Bastiaanssen et al., 1998).
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The integration of machine learning techniques has also enriched LST retrieval methods. Aires et al. (2001)
introduced a neural network approach that incorporates a first guess for retrieving surface temperature and
emissivities from satellite microwave observations, showcasing the potential of artificial intelligence in enhancing
remote sensing data accuracy (Aires et al., 2001). Moreover, the System for Automated Geoscientific Analyses
(SAGA) developed by Conrad et al. (2015) provides a robust platform for processing and analyzing geospatial
data, supporting the automated retrieval of LST and other parameters (Conrad et al., 2015).

Validation with in-situ measurements remains crucial for ensuring the reliability of satellite-derived LST. Duan
et al. (2019) emphasized this through their validation of the MODIS LST product, highlighting discrepancies that
can occur and the importance of continuous validation efforts (Duan et al., 2019). Similarly, Jackson et al. (1981)
utilized canopy temperature as an indicator of crop water stress, demonstrating the applicability of LST in
agricultural monitoring and the importance of accurate LST data (Jackson et al., 1981).

Urban heat island studies have particularly benefited from thermal remote sensing. Voogt and Oke (2003)
reviewed the thermal remote sensing of urban climates, pointing to its effectiveness in capturing temperature
variations related to urbanization (Voogt & Oke, 2003). Weng et al. (2004; 2009) further explored the relationship
between LST and vegetation abundance in urban areas, using remote sensing to better understand and mitigate
urban heat island effects (Weng et al., 2004; 2009).

In practice, these techniques have been applied to various regional studies. For instance, Suresh et al. (2015)
analyzed LST variations in Devikulam Taluk, Kerala, India, leveraging Landsat satellite data to understand local
thermal patterns (Suresh et al., 2015). Similarly, Sajib and Wang (2020) compared four algorithms for estimating
LST in an agricultural region of Bangladesh, providing insights into the effectiveness of different methods in
varied landscapes (Sajib & Wang, 2020). Zhi-qiang and Qi-gang (2011) also demonstrated the utility of Landsat
images in studying land cover and LST changes, highlighting the adaptability of remote sensing techniques across
different geographic settings (Zhi-qiang & Qi-gang, 2011).

Overall, the body of literature underscores the critical role of remote sensing techniques in LST calculation.
Through continuous refinement of algorithms and validation processes, these methods provide essential insights
into environmental monitoring, urban planning, and climate studies, thereby supporting informed decision-making
in managing and mitigating temperature-related challenges.

Vegetation Indices and Land Cover Change:

The assessment of Land Surface Temperature (LST) is intricately linked to vegetation indices and land cover
changes, with remote sensing techniques offering valuable tools for this analysis. Key indices like the Normalized
Difference Vegetation Index (NDVI) and the Normalized Difference Built-Up Index (NDBI) are critical in
monitoring and assessing these changes. The NDVI, a widely used indicator developed for estimating vegetation
health and coverage (Crippen, 1990), plays a pivotal role in understanding land cover dynamics. By measuring
the density and health of vegetation, NDVI helps in discerning the extent and impact of vegetative cover on LST.
For instance, Huang et al. (2020) provide an extensive review of NDVI applications in various remote sensing
studies, highlighting its significance in the era of advanced satellite technology. Similarly, the study by Cantika
et al. (2020) examined the effects of NDVI and NDBI on LST in Cirebon City, Indonesia, revealing the inverse
relationship between vegetation cover (high NDVI) and surface temperatures, whereas increased built-up areas
(higher NDBI) corresponded to elevated LST (Cantika et al., 2020).

The role of NDBI is crucial for mapping urban areas and understanding their thermal impacts. The normalized
difference build-up index has been refined over the years to improve accuracy and automation in urban mapping
(Chunyang He et al., 2010; Zha et al., 2003). In heavily urbanized and rapidly developing regions, such as Lagos
metropolis, Nigeria, studies like that of Alademomi et al. (2022) illustrate the intertwined relationships between
LST, NDVI, NDBI, and urban expansion. Their findings underscore how land cover changes in rapidly urbanizing
areas significantly influence local climate patterns, particularly through the urban heat island effect.

Further, other indices like the Normalized Difference Water Index (NDWI) have been introduced to monitor water
content in vegetation, providing a more nuanced understanding of plant water stress and its implications on LST.
Gao (1996) outlined the NDWTI’s application in assessing vegetation liquid water from satellite data, which is
instrumental in drought-prone areas for monitoring plant health and predicting climate impacts. Land cover
changes due to human activities have been documented across various geographical settings, showcasing both
positive and negative impacts on the environment. Chen et al. (2019) highlighted that both China and India have
increased their green cover through conscious land-use management, contributing significantly to the global
greening effort. This greening potentially mitigates some of the adverse effects of urbanization by reducing LST
through enhanced vegetation cover.

From a methodological perspective, assessing these indices and their relationship with LST necessitates robust
data retrieval and analysis techniques. For example, remote sensing tools like those described by Kogan (2001)
for global vegetation assessment, and the operational models for surface heat flux retrieval discussed by Zhang et
al. (2008), have significantly advanced the ability to monitor and analyze these parameters accurately. Niclos et
al. (2009) provided preliminary results on LST retrieval using MSG-SEVIRI data, which further emphasizes the
importance of satellite-based remote sensing in environmental monitoring.

Turner et al. (2003) proposed a framework for vulnerability analysis in sustainability science, which is essential
for integrating the information derived from NDVI, NDBI, and LST monitoring into actionable insights for urban
and environmental planning. This framework aids in understanding the broader implications of land cover changes
on ecosystem vulnerability and sustainability.
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The studies on vegetation indices and land cover change are vital for comprehensively understanding
environmental dynamics and mitigating adverse climatic impacts. By using indices like NDVI, NDBI, and NDWI
in conjunction with remote sensing data, researchers can effectively track and analyze changes in LST, informing
better land-use practices and urban planning strategies to enhance environmental sustainability.
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Materials and Methods

The methodological framework and data sources for assessing land surface temperature (LST) dynamics,
particularly in regions like the Himalayan terrain of Chamoli district, involve a robust integration of remote
sensing techniques, GIS, and various datasets. This approach allows for precise mapping, monitoring, and
interpretation of LST changes and their implications for vegetation cover. Remote sensing and GIS form the
backbone of this methodological framework. Bhatta (2011) underscores the critical role of these technologies in
environmental monitoring, providing detailed procedures for capturing and analyzing geospatial data. LST data
retrieval relies heavily on satellite datasets such as those provided by NASA's Landsat program. The Thermal
Infrared Sensor (TIRS) on Landsat satellites, mentioned on NASA’s website, is particularly valuable for capturing
thermal infrared data essential for LST analysis (NASA, 2019). Additionally, Duan et al. (2014) discuss the
generation of time-consistent LST products from MODIS data, which highlights the importance of continuous
and consistent data for accurate temporal analysis.

Vegetation indices and temperature data derived from MODIS (Didan, 2015) and other remote sensing products
like Landsat are crucial for vegetation cover monitoring.

The utility of Landsat imagery in studying land cover and LST changes has been well-documented by Zhi-qgiang
and Qi-gang (2011), establishing the feasibility and accuracy of using Landsat data in such studies.

The summer season generally provides the strongest predictive capacity for Land Surface Temperature (LST),
while winter offers the weakest. Many research indicates that the effects of land use/land cover (LULC) variables
on predicting LST show consistent directions across seasons, though the magnitude of these effects varies
seasonally. For instance, imperviousness is a consistent predictor of LST across all seasons, explaining about 50%
of the total variation in winter and up to 77.9% in summer. Vegetation-related variables, especially tree canopy,
are effective LST predictors during summer and fall, significantly contributing to LST reduction.

The most recent in the NRSA Landsat series is Landsat 8. The Earth Explorer website offers free access to data.
Landsat 8 OLI-TIRS with meta data (MTL) file for the study area (Path/Row — 145 / 039) and Landsat 5-7 data
for the year 2025, 2020, 2010, 2000, and 1990 have been collected from the USGS Earth Explorer website, fig 2
is showing the step by step method. In this study, the year-wise data from 1990 to 2025 has been collected with
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an interval of 10 years and for each year, seasonal (Summer, winter, and rainy season) images have been collected
to estimate LST and compute NDVI. Three separate maps have been generated for each of the seasons (Summer,
Monsoon, Winter). Mono window algorithm approach has been adopted for the to calculate the Land Surface
Temperature of the study area with the help of Arc GIS 10.6.1 software. Vegetation percentage, emissivity, and
Land surface Temperature all have been done by following steps,

Methodology used: surface covers i.e. vegetation cover, barren land, water bosies, build-up land, etc. are
distinguishable in standard false colour composite that is RGB 4,3,2. Table 1 is showing the formula to calculate
the NDVI, and NDBI from various landsat data.

Table 1. Formula of NDVI, NDBI from Landsat 4-8 data

Indices Formula Landsat 8 band Used Landsat 7 or 4-5 band
used
Normalized Difference NDVI = (NIR — Red) / | NDVI = (Band 5 — Band | NDVI = (Band 4 — Band 3)
Vegetation Index (NDVI) | (NIR + Red) 4)/(Band 5 + Band 4) /
(Band 4 + Band 3)
Normalized Difference NDBI =(SWIR-NIR) | NDBI = (Band 6 — Band | NDBI = (Band 5 — Band 4)
Build up Index (NDBI) / (SWIR + NIR) 5) / (Band 6 + Band 5) / (Band 5 + Band 4)

Calculation of Land Surface Temperature from Landsat 8 data: Table 2 and 3 are showing the metadata for
the calculation of LST from Landsat 4-8 imageries.

LST=(BT/( +(0.00115 * BT / 1.4388) * Ln(g)))

(BT/ (1 +(10.895 * BT ) / 14388 * Ln (¢))

Calculation of TOA (Top of Atmospheric) spectral radiance.

TOA (L) =ML * Qcal + AL

where:

ML = Band-specific multiplicative rescaling factor from the metadata (RADIANCE_MULT BAND_x, where x
is the band number).

Qcal = corresponds to band 10.

AL = Band-specific additive rescaling factor from the metadata (RADIANCE_ADD BAND x, where x is the
band number).

Correction value of Band 10 =0.29

TOA =0.0003342 * “Band 10” + 0.1-0.29

Brightness Temperature conversion

BT =(K2/(In(K1/L)+1))—273.15

K1 = Band-specific thermal conversion constant from the metadata (K1 CONSTANT BAND x, where x is the
thermal band number).

K2 = Band-specific thermal conversion constant from the metadata (K2 CONSTANT BAND x, where x is the
thermal band number).

L=TOA

Therefore, to obtain the results in Celsius, the radiant temperature is adjusted by adding the absolute zero (approx.
-273.15°C).

BT =(1321.0789 / Ln ((774.8853 / “%TOA%”) + 1)) — 273.15

NDVI = (Band 5 — Band 4) / (Band 5 + Band 4)

Calculate the proportion of vegetation Pv

Pv =Square (NDVI — NDVImin) / (NDVImax — NDVImin))

Pv = Square((“NDVI” - 0.216901) / (0.632267 — 0.216901))

Calculate Emissivity &

€=0.004 * Pv + 0.986

Calculation of Land Surface Temperature (Landsat 5-7):

Conversion DN to Radiance

l s ot CAL - QCALMIN) + LMIN
+ = (OCALMAX = QCALMIN (QCAL = QCALMIN) + LMIN,

Covert Radiance into BT (In Kelvin)
. K2
4
In +1
(I )

Convert Degree Kelvin into Degree Celsius
C=K-273.15
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Table 2. Metadata of TIRS and OLI (Landsat 8, Landsat 4-7)

Details of Metadata of TIRS and 2025 2020

OLI (Landsat 8, Landsat 4-7)

Sensor OLI TIRS OLI TIRS

Date of Acquisition 2025-05-23 2020-05-25

Sun Elevation 68.42668260 68.59794333

Path/Row 145/39 145/39

Band 9 2 9 2
Resolution 30 m 100 m 30 m 100 m
Radiance-Mult-Band-10 3.3420E-04 3.3420E-04
Radiance-Mult-Band-11 3.3420E-04 3.3420E-04
Radiance-Add-Band-10 0.10000 0.10000
Radiance-Add-Band-11 0.10000 0.10000

K, for Band 10 774.8853 774.8853
K, for Band 11 480.8883 480.8883
K. for Band 10 1321.0789 1321.0789
K, for Band 11 1201.1442 1201.1442

Table 3. Metadata for the calculation of LST

Details of Metadata of TIRS and | 2010 2000 1990

OLI (Landsat 8, Landsat 4-7)

Sensor ™ ™ ™

Date of Acquisition 2010-05-22 2000-05-10 1990-03-04
Sun Elevation 66.82788495 65.41171305 40.18636694
Path/Row 145/039 145/039 145/039
Band 8 8 7
Resolution 30m 30m 30m
Radiance-Max-Band-6 12.650 12.650 15.303
Radiance-Min-Band-6 3.200 3.200 1.238
Quantize-Cal-Max-Band 6 255 255 255
Quantize-Cal-Min-Band 6 1 1 1

K for Band 6 666.09 666.09 607.76

K, for Band 6 1282.71 1282.71 1260.56

Results and Discussion

The fluctuation in surface temperature of various surface patterns is shown by the thermal energy radiated by the
earth's surface, which influences aspects such various land use types, plant cover, and soil in the research region.
Changes in surface temperature regulate how much heat and water are exchanged with the atmosphere, which
leads to climatic change in the area. Although some climatic phenomena are minor contributors to temperature
variation, other factors, such as the rapid development of tourism, the conversion of land, kitchen firewood
combustion, periodic removal of firewood, such as eucalyptus, and the replacement of forests with settlements
and restaurants, among others, play a larger part. Data from remote sensing technologies, like as Landsat 8 TIRS,
has proven to be useful for estimating LST. The findings allow us to make more accurate estimates of the study
area's microclimate, hot spots, and most temperature-vulnerable places, as well as to take the appropriate scientific
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steps to slow the rise in temperature, such as planting trees, inspecting cars often for pollution, reducing the amount
of plastic that is burned, etc.

Landsat 8 TIRS and OLI images with meta data (MTL) file for the study area (Path/Row — 145/ 039) and Landsat
5-7 data for the year 2025, 2020, 2010, 2000, and 1990 have been downloaded from USGS Earth Explorer website.
The images were already rectified to WGS-1984-UTM-Zone 44N. The next step involved is the conversion of
DN (Digital Number) to the physical measure of Top of Atmospheric Reflectance (TOA) given in the metadata
file and the Thermal band to At-Satellite Brightness Temperature. The file with the extension. MTL provided in
the Landsat 8 image set contains the thermal constants needed to convert TIRS data to the at-satellite brightness
temperature. TIRS band data is used to convert spectral radiance to brightness temperature by processing thermal
constants provided in the metadata file.

The provided Land Surface Temperature (LST) data for Chamoli District between 1990 and 2025 reveals a
discernible warming trend, particularly in the minimum and mean summer temperatures. Fig. 3 and Table 4 show
that the minimum temperature has notably increased from —40.960C in 1990 to —22.930C in 2025, suggesting a
reduction in extreme cold events, which could influence the length of the growing season and alter vegetation
patterns. While the maximum temperatures show some variability, peaking at 48.930C in 2010 before a slight
decrease, the overall trajectory of mean temperatures indicates a warmer environment over the decades. The
consistently high standard deviation values across all years point to significant spatial and temporal heterogeneity
in LST within the district, which could be attributed to diverse topographical features, land use patterns, or varying
responses of different land covers to climatic shifts.

Table 4. Land Surface Temperature Values

Minimum Maximum
e Mean Standard

Year of Acquisition Temperature Temperature o o

“C) ¢C) Temperature (°C) | Deviation
2025 Summer -22.93 40.81 13.25 10.36
2020 Summer -19.87 45.68 15.76 12.56
2010 Summer -24.27 48.93 17.32 13.35
2000 Summer -25.62 47.04 12.04 11.05
1990 Summer -40.96 25.82 -4.33 13.37

Fig 3

Land Surface Temperature of
Chamoli District, 1990-2025
Data Used: TIRS/OLI, TM
(Landsat 8, Landsat 4-7)
Path/Row 145/039
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This observed warming trend and temperature variability carry significant implications for the vegetation cover
in Chamoli District. Higher minimum temperatures may lead to earlier spring thaws and extended periods of
growth, but simultaneously, increased mean and potentially maximum temperatures could exacerbate water stress,
especially for vegetation not adapted to warmer conditions. Such changes can directly influence plant phenology,
species distribution, and overall ecosystem health. The spatial variability in LST, as indicated by the standard
deviation, suggests that some areas may be experiencing more pronounced warming or heat stress than others,
potentially leading to localized vegetation degradation or shifts in dominant plant species. Therefore, a
comprehensive understanding of these temperature dynamics is essential for predicting and mitigating the impacts
on the region's diverse vegetation.

The value of NDVI is ranges between -1 to 1. High near infrared can be estimated by the high value of NDVI
which is a clear indication of dense vegetation, and negative value represents water bosy. In the table below, the
result has been depicted in a clear format. Table 5 is showing the NDVI classes based on the range of NDVI
values, Fig 4

Table 5. NDVI Feature classes based on NDVI Valus calculated in ArcGIS

NDVI Value Feature represents

-1to0 Water bodies

-0.1t0 0.1 Snow cover, barren land, sand, etc.
0.2t00.5 Grass land, or shrubs

0.6t0 1.0 Dense vegetation cover

Build-up Index is the index for analysis of urban pattern using NDBI and NDVI. Built-up index is the binary
image with only higher positive value indicates built-up and barren thus, allows BU to map the built-up area
automatically, Fig 5.

Fig. 4
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Fig 5

Normalized Difference Bulld-Up
Index
Chameli District, 1990-2025
) Data Source:
L= Landsat 8 OLITIRS
q Landsat7 ETM
Landsatd-5 T™M
Path/Row: 145/039

To further investigate these findings, two primary objectives for a study on "Assessment of Land Surface
Temperature Dynamics of Chamoli District Using Landsat Data: Implications for Vegetation Cover Monitoring"
would be to: 1) analyze the temporal trends and spatial variability of Land Surface Temperature (LST) in Chamoli
District during summer seasons from 1990 to 2025 using Landsat satellite data, and 2) assess the impact of these
LST dynamics on local vegetation cover changes and evaluate the implications for ecological health and climate
adaptation planning. These objectives would enable a detailed exploration of the relationship between temperature
shifts and vegetation response, providing crucial insights for environmental management and conservation efforts
in the region.
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