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Rapid population growth and associated land-use/land-cover (LULC) 
transformations exacerbate environmental stress on natural resources, 
underscoring the importance of continuous monitoring to support sustainable 
land and water management. This study examines the spatio-temporal dynamics 
of LULC changes and the interrelationships among LULC, the normalized difference 
vegetation index (NDVI), land surface temperature (LST), and soil temperature (ST) in 
the Thamirabarani River Basin in Tamil Nadu, India. Multi-temporal satellite datasets 
from Landsat-8 (30 m resolution) and Sentinel-2 (10 m resolution) were processed 
in Google Earth Engine for the period from 2015 to 2024. The change detection 
analysis presented significant increases in built-up areas (11.6%) and barren land 
(11.9%), indicating rapid urbanization and progressive land degradation. NDVI 
analysis showed a significant positive long-term trend across the basin (slope = 
0.00055, p = 0.0369), reflecting seasonal and interannual vegetation variability. 
Although, spatial analysis revealed a stable vegetation condition across the basin, 
minor reduction in vegetation was observed in urban and degraded areas, where the 
expansion of built-up and barren land has led to localized vegetation loss. Analyses 
of LST and ST showed substantial seasonal variations, indicating the critical role of 
vegetation cover in regulating land-atmosphere energy exchanges. NDVI exhibited 
a negative correlation with LST (R2 = 0.15-0.55), reflecting the cooling effect of 
vegetation which reduces surface heating through canopy shading and enhanced 
evapotranspiration. This suggests that vegetation activity partially controls LST and 
ST. The present results demonstrate the urgent need to implement integrated, 
sustainable land and water management strategies, including promoting climate- 
resilient agricultural practices, regulating urban expansion, and implementing 
systematic vegetation restoration programs, to maintain ecosystem stability and 
resilience in the basin under intensifying climatic and anthropogenic pressures.
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GRAPHICAL ABSTRACT 

1 Introduction

Accelerated demographic expansion and intensifying 
anthropogenic pressures have triggered unprecedented rates of 
land use/land cover (LULC) transformation and generated 
numerous impacts on ecosystem services, including 
biodiversity conservation, climate regulation, hydrological 
cycles, soil fertility, and food security (Ho et al., 2012; Jeong 
et al., 2014; Patil and Panhalkar, 2023; Yaghoobi et al., 2022). 
Human-environment interactions are particularly complex in 
developing regions, where rapid urbanization, agricultural 
expansion, and industrial development converge to exert 
multifaceted pressures on natural resource systems. LULC 
classification and change detection methodologies provide 
essential analytical frameworks for quantifying and 
characterising dynamic surface processes, including urban 
sprawl, deforestation, agricultural intensification, wetland 
degradation, and land abandonment, thereby enabling robust 
monitoring of landscape change across global scales (Loukika 
et al., 2021; Rehman et al., 2022; Thakur et al., 2025a). Such 
monitoring capabilities are critical for addressing interconnected 
global environmental concerns, including soil erosion, 
hydrological extremes (flooding and drought), biodiversity loss, 
carbon cycle disruption, and climate change adaptation, while 
also supporting evidence-based urban planning and sustainable 
land management strategies (Gaur and Singh, 2023; IPCC, 2023). 
Arid and semi-arid regions cover one-third of the global 
terrestrial surface, and are highly sensitive to land use and 
climate change (Bento et al., 2020).

Accurate LULC mapping and change detection are fundamental 
prerequisites for effective water resource planning, groundwater 
assessment, agricultural monitoring, and ecosystem service 
valuation (Khan A et al., 2025; Pande et al., 2024). Therefore, 
LULC change detection has become a key area of research in 
climate change science, natural resource management, and 
sustainable development planning over the past few decades 
(Asnawi et al., 2024; Binh et al., 2021). While traditional LULC 
mapping approaches based on analogue cartographic methods and 
extensive field surveys provide high reliability and ground-truth 
accuracy, they are inherently limited by substantial costs, labour 
requirements, temporal constraints, and restricted spatial coverage 
(Aldiansyah and Saputra, 2023). Revolutionary advances in remote 
sensing technologies, geographic information systems (GIS), and 
machine learning (ML) algorithms have addressed these 
methodological constraints, providing transformative alternatives. 
These alternatives enable rapid, cost-effective, and extensive 
classification of LULC with enhanced accuracy and 
reproducibility (Pande, 2022). Remote sensing platforms 
incorporating multispectral, hyperspectral, and synthetic aperture 
radar sensors provide multisource, multitemporal, and 
multiresolution datasets that are essential for monitoring LULC 
dynamics across different spatial and temporal scales (Jackson et al., 
2025; Mansourmoghaddam et al., 2023).

The evolution of classification methodologies has progressed 
from conventional statistical approaches to sophisticated ML 
frameworks. While traditional unsupervised clustering algorithms 
(e.g., K-means and ISODATA) and parametric supervised classifiers 
(e.g., maximum likelihood and minimum distance) are 
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computationally efficient and interpretable, they perform poorly 
when processing high-dimensional spectral data, mixed pixels, and 
complex landscape heterogeneity (Jangid et al., 2023; Talukdar et al., 
2020) In contrast, non-parametric supervised ML algorithms 
(including K-nearest neighbor, support vector machines, random 
forests, artificial neural networks, and regression trees) achieve 
higher accuracies by capturing complex data structures without 
assuming statistical data distribution (Abbas and Jaber, 2020; Tassi 
et al., 2021). Despite their strengths, these methods demand large 
volumes of training data and substantial computational resources, 
especially for generating land cover maps over extensive areas (Pan 
et al., 2022; Qu et al., 2021). The development of cloud-based 
geospatial platforms such as Google Earth Engine (GEE) has 
revolutionised Earth observation science by making petabyte- 
scale satellite archives and high-performance cloud computing 
infrastructure more accessible (Feizizadeh et al., 2023; Jamei 
et al., 2022; Khachoo et al., 2024). GEE’s integrated processing 
environment facilitates the real-time analysis of multi-temporal, 
multi-spectral datasets while eliminating the need for labour- 
intensive preprocessing such as atmospheric correction, 
mosaicking, resampling, and coordinate system transformations 
(Shafizadeh-Moghadam et al., 2021; Pokhariya et al., 2023). The 
portability and operational efficiency of GEE provide an opportunity 
to analyze land cover changes, vegetation and temperature 
variations (Liu et al., 2025). Seamless integration with advanced 
remote sensing and geographic information system methodologies 
has enabled the efficient, scalable, and temporally consistent 
monitoring of global and regional LULC dynamics across 
multiple spatial scales (Nigar et al., 2024).

Beyond land cover mapping, LULC transitions influence land 
surface temperature (LST) and soil temperature (ST), critical 
biophysical parameters that regulate land-atmosphere energy 
exchanges and surface-subsurface thermal coupling (Guechi et 
al., 2021). LST is a key indicator used to assess surface energy 
balance dynamics, climate feedback mechanisms, and ecosystem- 
atmosphere interactions (El Garouani et al., 2021; Wang et al., 2024). 
Urban environments, characterised by impervious surfaces and 
reduced vegetation cover, exhibit high LST values (Park et al., 
2017; Park et al., 2018). This intensifies urban heat island effects 
and alters local climate conditions (Hu et al., 2023; Nse et al., 2020; 
Patel et al., 2024a). ST represents the subsurface thermal regime and 
is affected by atmospheric conditions, soil moisture content, 
vegetation canopy structure, and land management practices.

Vegetated landscapes have lower ST values than bare or 
urbanized surfaces due to shading and evapotranspiration cooling 
processes (Jeong et al., 2009). Vegetation indices like the normalized 
difference vegetation index (NDVI) provide robust indicators for 
investigating vegetation-temperature relationships and ecosystem 
health status. NDVI quantifies vegetation cover density and 
photosynthetic activity, capturing seasonal phenological cycles, 
soil moisture dynamics, and agricultural productivity patterns 
(Sohail et al., 2023; Patel et al., 2024b). LST-NDVI relationship is 
influenced by various factors such as dense vegetation, dry soil, 
wetlands, rock surfaces, and waterbodies, which largely depend on 
seasonal variations (Guha and Govil, 2021; Guha and Govil, 2022). 
LULC, LST, ST, and NDVI yield comprehensive insights into 
biophysical feedback mechanisms and support evidence-based 
strategies for environmental monitoring, sustainable agricultural 

planning, and climate adaptation measures (Zhang et al., 2021). 
Although previous studies have examined rainfall variability and 
hydrological extremes in the Thamirabarani River Basin (Mohan 
Kumar et al., 2022; Kaliraj et al., 2025), comprehensive 
spatiotemporal assessments integrating LULC dynamics, 
vegetation health, and thermal regimes remain lacking.

To address this gap, the present study investigates the 
Thamirabarani River Basin in Tamil Nadu, the only perennial 
river basin in the state, originating from the Pothigai Hills of the 
Western Ghats and discharging into the Gulf of Mannar near 
Punnaikayal in Thoothukudi district. It is the primary source of 
water supply for agricultural and domestic consumption in 
Southern Tamilnadu (Mohan Kumar et al., 2022). Anthropogenic 
climate change alters land-atmosphere-energy dynamics, leading to 
declining agricultural productivity and rising temperatures. 
Therefore, an integrated analysis of LULC, LST, NDVI, and ST is 
essential for developing adequate water and land management 
strategies. The research objectives are to: (1) quantify spatio- 
temporal LULC transformations for the period 2015, 2017, 2019, 
2021, and 2024 using multi-sensor satellite data, (2) examine the 
statistical relationships between NDVI and thermal parameters (LST 
and ST), and (3) evaluate spatial patterns of LST and ST across 
different LULC categories to elucidate biophysical interactions with 
vegetation dynamics and land surface energy balance.

2 Materials and methods

2.1 Study area

The Thamirabarani River Basin is located in the south of Tamil 
Nadu, India, between 8°26′45″ N − 9°12′00″ N and 77°09′00″ E − 
78°08′30″ E. It extends approximately 128 km in length with a 
variable width ranging from 20 to 85 km, and comprises a total 
watershed area of about 5,717 km2. The basin spans significant 
portions of the Tirunelveli, Thoothukudi, and Tenkasi districts, 
thereby integrating diverse physiographic and land-use 
characteristics central to hydrological and soil resource studies. 
Figure 1 represents the study area map.

Hydrologically, the basin is regulated by a system of eight anicuts 
and eleven irrigation channels, which together constitute the 
backbone of agricultural water distribution over the region. The 
basin is further subdivided into seven principal sub-basins - Chittar, 
Uppodai, Gadana Nadhi, Manimuthar, Pachaiyar, Upper 
Thamirabarani, and Lower Thamirabarani. The western sector, 
encompassing the high-altitude Western Ghats, is dominated by 
dense forest cover that plays a vital role in sustaining the basin’s 
hydrological regime. In contrast, the eastern region transitions 
progressively into fertile agricultural landscapes and low-lying 
coastal plains adjacent to the Gulf of Mannar. This spatial 
variation demonstrates a pronounced west-to-east gradient in 
physiography, land-use patterns, and water-resource dependency.

Climatically, the basin receives 986 mm of annual rainfall, 
influenced by the Southwest monsoon (June to September) and 
the Northeast monsoon (October to December). The temperature 
varies with the seasons, with an average maximum temperature of 
31.6 °C during the peak summer months (April to August), 
accompanied by a mean relative humidity of 71.7% and an 
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average of 6.3 h of sunshine per day. According to the National 
Water Commission (2017), these hydro-meteorological conditions 
significantly influence water availability, agricultural productivity, 
and ecological dynamics in the basin. This highlights the vital role of 
seasonal monsoon variability in regulating the sustainability of 
regional resources.

2.2 Datasets

A vast repository of Earth Observation datasets is accessible 
via the GEE platform (https://code.earthengine.google.com/), 
which combines multi-sensor and multi-temporal satellite 
archives to support large-scale environmental monitoring and 
analysis. In this study, LULC, NDVI, and LST products are 
retrieved from GEE. Landsat-8 Operational Land Imager (OLI) 
and Sentinel-2 Multi-Spectral Instrument (MSI) datasets, 
provided by the United States Geological Survey (USGS) and 
the European Space Agency (ESA)/Copernicus Programme, 
respectively, are used for LULC and NDVI analyses. ST data 
were obtained from the ERA5-Land reanalysis product, curated 
by the European Centre for Medium-Range Weather Forecasts 

(ECMWF) and distributed via the Copernicus Climate 
Data Store.

Geospatial analyses and cartographic mapping were conducted 
in QGIS (Quantum GIS, an open-source GIS software) and ArcGIS 
(a GIS software developed by Environmental Systems Research 
Institute) to complement outputs derived from GEE. Standard 
pre-processing routines were applied in GEE to ensure data 
integrity and spatial harmonisation, including cloud masking, 
mosaicking, median band compositing, and clipping to the study 
extent (Feng et al., 2022; Gündüz, 2025). Table 1 summarises the 
satellite datasets employed for LULC, NDVI, LST and ST 
assessments.

2.2.1 NDVI estimation
Landsat-8 and sentinel-2 images were collected from GEE with a 

cloud cover of ≤10% for NDVI estimation. The NDVI is one of the 
most widely used metrics for assessing vegetation condition and 
dynamics (Gunawan et al., 2023; Thakur et al., 2025b). It exploits the 
strong contrast between the near-infrared (NIR) and red reflectance 
bands to quantify vegetation greenness, with values theoretically 
ranging from −1 to +1 (Gelata et al., 2023). Healthy vegetation 
reflects more NIR and green light while absorbing more blue and red 

FIGURE 1 
Location map of the Thamirabarani River Basin in Tamil Nadu, India. The basin boundary and drainage network are delineated using the Shuttle Radar 
Topography Mission Digital Elevation Model (SRTM-DEM, 30 m resolution), with surface elevations ranging from −5 m to 1,757 m. The spatial distribution 
of rain gauge stations indicates the observational network. The map is referenced to the WGS 84 coordinate system and includes a north arrow and a scale 
bar to facilitate spatial orientation.
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light (Sharmin et al., 2024). High NDVI values are associated with 
healthy, dense vegetation, whereas low or negative values 
correspond to non-vegetated surfaces such as water bodies, bare 
soil, snow, or cloud cover (Guha et al., 2020a; Sharma et al., 2022).

2.2.2 LST estimation
The collection of Landsat eight surface reflectance images was 

conducted from GEE with a cloud cover of ≤10%. Surface 
temperature band (ST_10), i.e., Band 10 from the Landsat 8/ 
9 Thermal Infrared Sensor, were used for retrieving LST. The 
ST_10 band is scaled using scaling factors and converted from 
Kelvin to Celsius. Vegetation conditions were characterized using 
the NDVI, computed from surface reflectance band SR_B4 (red 
band) and SR_B5 (NIR band). The proportion of vegetation cover 
(Pv) was calculated using Equation 1, with threshold values of 
NDVImin = 0.2 and NDVImax = 0.5 (Ermida et al., 2020). 

Pv �
NDVI−NDVImin( )

NDVImax −NDVImin( )
(1)

where NDVImin is minimum NDVI value within the study area, and 
NDVImax is maximum NDVI value within the study area. Surface 
emissivity (Ɛ) values were calculated using Equation 2: 

Ɛ � 0.004Pv + 0.986 (2)

LST (°C) was derived using a mono-window algorithm (Imroah 
and Setiawan, 2024; Njoku and Tenenbaum, 2022) from Equation 3: 

LST �
Tb

1 + λ.Tbρ􏼒 􏼓 ln Ɛ( )
− 273.15 (3)

where λ is wavelength of emitted radiance, Tb is brightness 
temperature, Ɛ is emissivity, and ρ is constant (1.4388 m K).

2.2.3 Soil temperature estimation
Monthly ST gridded data with a native spatial resolution of 

~9 km and latitude-longitude grid resolution of 0.1 ° × 0.1 ° were 
obtained from the ERA5-land reanalysis product at a soil depth of 
0–7 cm, which is available via the Copernicus Climate Data Store for 
the period 2015–2024. The datasets were converted to a compatible 
format and clipped to the study area in ArcGIS. Missing values were 
corrected using Inverse Distance Weighting (IDW) interpolation, 
after which ST maps were generated for each month. The extracted 
raster was then used for a correlation analysis across different 
LULC classes.

2.3 Methodology

This section describes the methods involved in the pre- 
processing of satellite imagery, estimation of NDVI, LST, ST, and 
LULC classification. The detailed methodology is depicted in 
Figure 2. In particular, the LULC classification process is 
described below. An annual image collection of (Landsat-8 and 
Sentinel-2) was compiled using median composites for 2015, 2017, 
2019, 2021, and 2024. These annual composites were used further 
for spatial analysis of LULC, NDVI, and LST, representing year-wise 
conditions.

Furthermore, all monthly images from 2015 to 2024 were used 
to assess the correlation between LULC and LST. Similarly, ERA5- 
land monthly ST data were obtained for 2015 and 2024 to determine 
the relationship between ST and each LULC class. Correlation 
analysis of LULC and LST, LULC and ST were computed using 
Python programming, and spatial maps were generated using 
QGIS software.

Among medium-resolution images, Landsat-8 and Sentinel-2 
provided high temporal resolution, short revisit periods, and broad 
spectral coverage (Nasiri et al., 2022; Nikkala et al., 2022). LULC 
change dynamics were analysed for 2015, 2017, 2019, 2021, and 
2024 to examine the major land-use transitions in the 
Thamirabarani River Basin. All imagery was spatially subset to 
the basin extent and temporally filtered to maintain a maximum 
cloud cover remained below 10%. Median composites of the selected 
scenes were then generated to reduce atmospheric noise, seasonal 
variability, and residual cloud contamination.

Classification was supported using spectral bands (Band 
2 – Band 7) from Landsat-8 and (Band 2−Band 8, Band 11, and 
Band 12) from Sentinel-2, which provide comprehensive coverage 
across the visible, NIR, and shortwave infrared (SWIR) domains of 
the electromagnetic spectrum (Ngondo et al., 2021). To further 
improve classification accuracy, a set of spectral indices was 
integrated as ancillary variables: NDVI for monitoring vegetation, 
Normalized Difference Built-up Index (NDBI) for detecting built-up 
and impervious surfaces, Modified Normalized Difference Water 
Index (MNDWI) for effectively extracting water bodies, and 
Enhanced Vegetation Index (EVI) for enhancing vegetation 
discrimination by minimising the effects of the atmosphere and 
soil background (Abdalkadhum et al., 2021; Gunduz, 2025; Patel S. 
et al., 2024). The combined use of spectral bands and indices 
substantially improved the separability of land cover classes, 
thereby strengthening the robustness and reliability of the 

TABLE 1 Description of Satellite data collection.

Parameters Datasources Resolution

LULC USGS Landsat-8/Collection-2/Tier-1/Level-2 [2015, 2017] 30 m

ESA/Copernicus harmonized Sentinel-2 MSI: Multispectral instrument, Level-2A (SR) [2019, 2021, 2024] 10 m

NDVI USGS Landsat-8/Collection-2/Tier-1/toa reflectance [2015–2018] 30 m

ESA/Copernicus harmonized Sentinel-2 MSI: Multispectral instrument, Level-2A (SR) [2019–2024] 10 m

LST USGS Landsat-8/Collection-2/Tier-1/Level-2 [2015–2024] 30 m

ST ERA5-Land/Copernicus climate data store [2015–2024] ~9 km

SRTM-DEM USGS Earth Explorer 30 m
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classification results. A summary of the spectral bands employed to 
calculate NDVI, NDBI, MNDWI in this study were presented 
in Table 2.

As noted in previous studies, supervised classification requires 
robust, representative training and validation samples (Liu et al., 
2020). For each reference period, training samples were randomly 
selected and subsequently merged into a unified dataset. A 

minimum of 50 samples was collected for each LULC category, 
after which a random column was generated to partition the dataset 
into training (80%) and validation (20%) subsets. The resulting 
training set was used to calibrate a Random Forest (RF) classifier. 
The LULC classification scheme was adapted from the National 
Remote Sensing Center (NRSC) standards and the National Water 
Mission report on the Thamirabarani River Basin (2017) to provide 
methodological consistency and regional relevance.

RF is an ensemble learning method that combines predictions 
from multiple decision trees and reduces computational time 
(Aldiansyah and Saputra, 2023). This algorithm produces 
accurate predictions by aggregating the outputs of individual 
trees (Nigar et al., 2024). The trained classifier was applied to 
composite imagery to generate LULC maps. For LULC 
classification, accuracy assessment is essential for evaluating 
model performance (Amini et al., 2022; Bar et al., 2020). An 
independent validation dataset comprising 20% of the total 

FIGURE 2 
Methodological framework for land use, vegetation, and temperature mapping. The study uses various satellite datasets (Landsat-8 and Sentinel-2) 
to monitor the change in LULC, vegetation, LST, and ST. Random Forest method was used to classify LULC and near infrared, red, and thermal bands are 
used to estimate NDVI and LST; whereas ST maps were generated from ERA-5 land gridded datasets. Correlation analysis was performed to examine the 
relationship among LULC, LST, ST, and vegetation index. For correlation analysis across different LULC classes, the datasets were spatially aggregated 
to match ~9 km resolution.

TABLE 2 Band information of satellite data used for LULC classification.

Datasets Bands used

Landsat-8 Band 2 (blue), band 3 (green), band 4 (red), band 5 (NIR) 
Band 6 (SWIR 1), band 7 (SWIR 2)

Sentinel-2 Band 2 (blue), band 3 (green), band 4 (red), band 5 (red-edge 1), 
band 6 (red-edge 2), band 7 (red-edge 3), band 8 (NIR), band 11 
(SWIR 1) 
Band 12 (SWIR 2)

Frontiers in Remote Sensing frontiersin.org06

Harani et al. 10.3389/frsen.2025.1732414

https://www.frontiersin.org/journals/remote-sensing
https://www.frontiersin.org
https://doi.org/10.3389/frsen.2025.1732414


samples was used for this purpose. The Kappa index is a widely used 
metric for assessing classification accuracy, while overall accuracy is 
used to validate image classification results (Digra et al., 2022; 
Tewabe and Fentahun, 2020). Overall accuracy (OA) and the 
Kappa coefficient (K) were calculated using a confusion matrix 
(Nasiri et al., 2022) via the following Equation 4 and Equation 5: 

Overall Accuracy �
Number ofCorrectlyClassified Samples

Number ofTotal Samples

(4)

Kappa �
Overall Accuracy−Estimated ChanceAgreement

1 −Estimated ChanceAgreement
(5)

Post-classification change detection is a widely used method 
for assessing temporal variations in LULC by comparing classified 
maps from different time periods. All LULC maps were 
harmonized to a common spatial resolution of 30 m before 
post-classification change detection. The Sentinel-2 derived 
LULC maps for 2019, 2021 and 2024 were resampled to 30 m 
using nearest neighbor resampling to match the resolution of 
Landsat-8 LULC maps (2015 and 2017), ensuring spatial 
consistency and improving the accuracy of change detection. 
In this study, QGIS plugin Modules for Land Use Change 
Evaluation (MOLUSCE) was used to analyse LULC transitions.

3 Results

3.1 Land use/land cover pattern

The spatial analysis of LULC change patterns was conducted 
for the Thamirabarani River Basin across 5-year periods: 2015, 
2017, 2019, 2021, and 2024 as shown in Figure 3. The major LULC 
categories identified include agricultural land, fallow land, barren 
land, built-up land, dense vegetation, and water bodies. Notable 
fluctuations were observed across these land cover classes during 
the analysis period. The western and southwestern regions of the 
basin, which coincide with the Western Ghats, were characterised 
by dense vegetation and extensive forest cover. However, a sharp 
decline was recorded in 2017, when the forest area decreased from 
826.20 km2 to 518.04 km2 as indicated in Figure 4a. This 
contraction corresponded to the deficient rainfall of 2016, a 
drought year that severely restricted vegetation growth. By 
2019, dense vegetation cover had partially recovered due to 
agricultural expansion into forest margins, particularly for 
plantation crops such as sugarcane and paddy, supported by 
irrigation systems. However, this recovery was short-lived; by 
2024, forest cover had again decreased from 1,291.91 km2 to 
1,057.49 km2 as shown in Figure 4a, driven by conversion to 
settlements, agricultural fields, and barren land. Similar dynamic 
trends were evident in agricultural land, with declines observed in 
2017 and 2019, likely linked to rainfall shortages. Subsequent 
expansions in 2021 and 2024 (from 1,510.02 km2 to 1,590.41 km2) 
demonstrated the resilience of agriculture as the primary source of 
livelihood in the basin. This pattern was evident in the Tirunelveli 
and Thoothukudi districts, where agriculture was sustained by 
two principal cropping seasons: Pishanam and Kar cultivation, 
supported by widespread irrigation systems for crops such as 
paddy, sugarcane, and banana.

From Figure 4a, it was evident that fallow land expanded 
considerably during the drought years, increasing from 
1,445.44 km2 in 2015 to 2,454.40 km2 in 2017, as a result of 
large areas of agricultural land being temporarily left 
uncultivated due to prolonged dry conditions or soil fertility 
restoration practices. Meanwhile, barren land and the built-up 
regions show consistent increase throughout the study period, 
indicating ongoing urban expansion, infrastructure development, 
and land degradation. The extent of water bodies also showed 
strong dependency on climate. Reduced water availability in 
2017 and 2019 coincided with mild to moderate drought 
conditions, resulting in decreased river discharge and storage 
capacity. In addition, the basin contains extensive saltpan areas, 
particularly in the downstream Thoothukudi district, which 
represents one of India’s largest salt-producing regions. The 
extent of the saltpans varies seasonally due to controlled 
evaporation of seawater in shallow ponds. The temporal 
analysis showed that the Thamirabarani River Basin undergone 
dynamic LULC transitions over the past decade. These changes 
were primarily driven by climatic variability, including rainfall 
fluctuations and drought episodes, as well as anthropogenic 
activities such as agricultural intensification, urbanization, and 
industrial expansion. This emphasises the complex interplay 
between natural and human-induced processes in shaping the 
basin’s landscape.

Consistent with these trend, agricultural and fallow land 
decreased significantly by 9.55% and 19.06%, respectively as 
shown in Figure 4b, indicating reductions in cultivable areas. 
These declines were linked to irregular rainfall patterns, land 
degradation processes, and urban development into 
agricultural zones. The trend in barren land was more 
complex, with a temporary contraction observed in 2021 
(1,106.33 km2) as indicated in Figure 4a. However, by 2024, 
barren land had expanded by 11.98% Figure 4b, indicative of 
intensified land degradation and vegetation loss. In contrast, 
built-up areas demonstrated steady and persistent expansion 
throughout the analysis period, with overall growth of 11.64% 
as shown in Figure 4b, underscoring the significant 
urbanization trajectory within the basin. Dense vegetation 
showed a modest increase of 4.04% from Figure 4b, which 
may be attributed to changes in canopy cover and climatic 
variation. The spatial extent of water bodies and saltpans 
shows modest increase during the analysis period primarily 
due to seasonal rainfall fluctuations, the construction of 
artificial storage structures, and coastal saltpan operations, 
particularly in downstream regions.

The reliability of the classification results can be confirmed 
through multi-temporal accuracy assessments. The overall 
accuracies achieved were 84.96% (2015), 80.91% (2017), 96.84% 
(2019), 97.86% (2021), and 91.97% (2024), with corresponding 
kappa coefficients of 0.81, 0.76, 0.89, 0.93, and 0.84, respectively. 
These values indicate a level of agreement ranging from strong to 
almost perfect between the classified outputs and the reference 
datasets. The results collectively validate the robustness and 
consistency of the classification framework: overall 
accuracies ≥80% verify the model’s high reliability, and kappa 
statistics reinforce the scientific credibility of the LULC 
assessments across all temporal periods.

Frontiers in Remote Sensing frontiersin.org07

Harani et al. 10.3389/frsen.2025.1732414

https://www.frontiersin.org/journals/remote-sensing
https://www.frontiersin.org
https://doi.org/10.3389/frsen.2025.1732414


FIGURE 3 
LULC pattern of Thamirabarani in 5 years (2015, 2017, 2019, 2021, and 2024)

FIGURE 4 
(a) Change in area for different LULC classes from 2015 to 2024. Both Y-axis represents the areal extent (km2) of various LULC classes while, area of 
saltpan class is plotted on a secondary axis. As the area covered by saltpan is comparatively small, the values are scaled down (~100) for better visualization 
(b) Percentage change in LULC class between 2015 and 2024. Long term change detection represents the net change between initial and final years, 
which can be obtained through MOLUSCE plugin in QGIS.
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3.2 Spatial changes in NDVI

Figure 5 shows the annual average distributions of vegetation 
health in the Thamirabarani River Basin from 2015 to 2024. The 
NDVI analysis effectively captures seasonal vegetation dynamics, 
highlighting the close relationship between rainfall variability, 
cropping patterns, and vegetative cover. The upstream region, 
influenced by the Western Ghats, consistently supported dense 
vegetation, whereas the downstream coastal regions showed 
lower NDVI values due to the predominance of agricultural 
land, fallow land and scattered settlement areas. This spatial 
distribution corresponds with the northeast monsoon, which 
brings peak rainfall, and initiates the primary cropping 
season. In 2015 and 2017, the central part of the basin showed 
lower NDVI values, possibly due to moisture stress and post 
harvesting practices. In 2019, extensive areas within the basin 
recorded low to very low vegetation, likely linked to monsoon 
dryness, rainfall variability, cropping cycles, reduced soil 
moisture availability, and settlement expansion. By contrast, 
significant improvements in vegetation cover, ranging from 
moderate to dense, were observed in 2021 and 2024. This 
improvement coincided with favorable northeast monsoon 
rainfall, which replenished soil moisture and supported 
intensive agricultural activity. Overall, regions with 
persistently low NDVI values were associated with barren 
surfaces, sparse vegetation cover, and agricultural stress.

3.3 NDVI trend analysis

The mean NDVI was calculated from 2015 to 2024 and the 
corresponding long-term trend is shown in Figure 6. Sen’s slope 
estimator, a non-parametric approach, was used to compute the 
slope of the trend line to evaluate the direction and extent of 
the change.

The temporal profile of NDVI showed a clear seasonal 
fluctuation, with peaks corresponding to periods of intense 
vegetative activity (e.g., cropping seasons) and troughs 
corresponding to phases of reduced vegetation cover. A sharp 
decline in NDVI values were observed in 2016 and 2017, 
coinciding with widespread vegetation stress caused by deficit 
monsoonal rainfall. Notably, 2016 was recognized as a drought 
year in the Thamirabarani River Basin, which substantially reduces 
vegetation growth. Between 2020 and 2024, NDVI exhibited greater 
variability, reflecting the combined influence of climatic fluctuations 
(e.g., rainfall and temperature anomalies) and land use changes. 
Despite this variability, the overall trajectory, represented by a sen’s 
slope value of 0.00069, suggests a slight increase over the period. 
This positive shift may be linked to seasonal cropping cycles and 
intensified agricultural practices. However, vegetation remains 
ecologically stressed in urban and degraded areas, highlighting 
the dual pressures of climatic variability and anthropogenic 
disturbances. Statistical validation confirmed the reliability of the 
trend, with a p-value of 0.00829 (<0.01) and a 95% confidence 

FIGURE 5 
Annual average NDVI maps of Thamirabarani river basin in 5 years (2015, 2017, 2019, 2021, and 2024).
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interval (CI) of 0.00017–0.00121. This confirmed that the observed 
increase in NDVI was statistically significant.

3.4 Analysis of LST

Figure 7 illustrates the spatio-temporal variation of LST in the 
Thamirabarani River Basin during the years 2015, 2017, 2019, 
2021, and 2024. The spatial distribution of LST across the basin 
shows that variability primarily influence by vegetation density, 
land cover characteristics, and topography. Coastal and vegetated 
regions were predominantly represented by green to blue shades, 
corresponding to lower surface temperatures. In contrast, barren 
surfaces, fallow lands and urbanized areas appeared in red to 
orange shades, indicating higher surface temperatures. The 
western portion of the basin, encompassing the forested hill 
regions of the Western Ghats, consistently experiences low to 
moderate temperatures, attributed to dense vegetation cover and 
cooler seasonal conditions.

In contrast, the basin’s central part recorded moderate to high 
temperatures, representing zones of maximum heat stress due to 
reduced vegetation and exposure of barren and agricultural lands. 
In 2015 and 2017, the basin exhibited moderate to high LST 
values, consistent with reduced vegetation cover and limited soil 
moisture availability. In 2019, 2021, and 2024, low to moderate 
LST values were observed across much of the basin, with higher 
temperatures concentrated in saltpan areas, urban areas and 
localized barren patches, underscoring the thermal impact of 
anthropogenic activities and land degradation. By contrast, 
downstream coastal regions recorded relatively lower 
temperatures, likely moderated by marine influence. Overall, 
the results demonstrate that the combined effects of seasonal 
dynamics, land cover distribution, and topographic variation 
governed LST variability. The findings also emphasized the 
progressive warming of bare and urbanized areas, and shifts in 
land-use patterns.

3.5 Correlation analysis

3.5.1 Correlation between NDVI and LST
Figure 8 illustrates the relationship between NDVI and LST 

across different months. Pearson’s correlation coefficient was used 
to analyze the correlation between LST and NDVI. NDVI and LST 
are very sensitive to climatic variations and changes in NDVI may 
alter the temperatures. Figure 8 confirms that NDVI has a negative 
correlation with LST during the year 2015 (R2 = 0.46), 2017 (R2 = 
0.55), 2019 (R2 = 0.46), 2021 (R2 = 0.24), and 2024 (R2 = 0.15), 
indicating that dense vegetation cover reduces surface temperature, 
likely due to relatively stable vegetation conditions. Areas with low 
vegetation exhibited higher surface temperatures, while densely 
vegetated areas exhibited lower surface temperatures, as 
vegetation reduces the amount of incoming radiation absorbed 
by the land surface and enhances evapotranspiration. However, 
moderate correlation during 2015 (R2 = 0.46), 2017 (R2 = 0.55), and 
2019 (R2 = 0.46), indicates that besides NDVI, other factors like 
topography, elevation, and local microclimatic conditions. In 
contrast, correlations for 2021(R2 = 0.24) and 2022 (R2 = 0.15) 
are weak, indicating that seasonal fluctuations, rainfall variability, 
and land surface heterogeneity weakened the vegetation- 
temperature relationship. Previous studies have reported that an 
R2 value of ≥0.40 is generally required to establish a strong 
association between vegetation indices and thermal characteristics 
(Sohail et al., 2023; Rahimi et al., 2025). These results indicate that 
variations in NDVI correspond to changes in LST, reflecting 
vegetation’s influence in regulating surface energy balance and 
land-atmosphere interactions. Numerous studies across various 
regions have reported such an inverse relationship between LST 
and NDVI (Thi Hong Ngoc et al., 2025; Anitha et al., 2023; Yue et al., 
2007; Sajan et al., 2023).

3.5.2 Correlation between LULC and LST
Figure 9 presents the correlation between LST and different 

LULC classes across multiple months in 2015 and 2024. Due to 

FIGURE 6 
Trend analysis of NDVI in the Thamirabarani River Basin using monthly NDVI values.
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persistent cloud contamination, data for June, September, 
October, and November were excluded from the analysis in 
both years.

Figure 9a shows that, barren land, built-up land, and fallow 
land exhibited higher LST values during July and August, 
primarily due to reduced vegetation cover, extensive exposure 
of bare soils, and the prevalence of impervious surfaces. In 
contrast, the other LULC categories maintained moderate to 
low LSTs during most months, with cooler conditions 
prevailing outside the peak summer season. Densely vegetated 
areas consistently recorded lower LST values, reflecting the 
cooling effect of canopy cover, shading, and higher 
evapotranspiration rates.

In 2024 (Figure 9b), the highest LST values occurred in April, a 
pre-monsoon period characterized by dry climatic conditions, 
sparse vegetation, and limited soil moisture recharge, all of which 
contributed to intensified surface heating. The remaining months 
displayed low to moderate LST, associated with sparsely 
vegetated surfaces and seasonal climatic moderation. Overall, 
the comparison revealed an apparent intensification of LST 
across the barren, built-up, and fallow land classes, 
highlighting increasing thermal stress on non-vegetated 
surfaces. Conversely, vegetated areas continue to mitigate 
surface heating, underscoring their critical role in regulating 
land–atmosphere energy exchanges and buffering the impacts 
of climatic variability and land cover change.

3.5.3 Correlation between LULC and soil 
temperature

Figure 10 presents the correlation between ST and different 
LULC classes across multiple months for 2015 and 2024. In 2015 
(Figure 10a), dense vegetation exhibited relatively low soil 
temperatures, primarily due to canopy shading, evapotranspiration, 
and enhanced soil moisture retention.

Agricultural areas recorded moderate ST values from March to 
September, coinciding with the dry season, when evapotranspiration 
rates were elevated and soil moisture availability declined. Barren 
land also showed moderate ST, reflecting the effect of sparse 
vegetation, where exposed surfaces absorbed heat during the day 
and released it rapidly at night, intensifying diurnal variability. 
Similarly, built-up areas displayed moderate ST during the same 
period, likely moderated by scattered vegetated patches and 
agricultural fields within settlement zones. During the monsoon 
season, the lowest ST values were observed across all classes, 
coinciding with peak rainfall from the northeast monsoon, which 
replenished soil moisture. Fallow lands and water bodies exhibited 
low to moderate ST values, while saltpans consistently showed 
higher ST values due to crystalline salt surfaces that trap heat 
and reflect solar radiation, thereby intensifying near- 
surface warming.

By 2024 (Figure 10b), a general increase in ST was observed 
across nearly all LULC classes. The rise was particularly evident in 
agricultural land, barren land, built-up land, fallow land, saltpans, 

FIGURE 7 
Annual average LST maps of Thamirabarani river basin in 5 years (2015, 2017, 2019, 2021, and 2024).
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and water bodies during April, a pre-monsoon month characterized 
by intense solar radiation, elevated air temperatures, and limited soil 
moisture recharge. In contrast, dense vegetation maintained lower 
soil temperatures, underscoring the buffering capacity of canopy 
cover and soil moisture storage in moderating land-atmosphere heat 
exchanges. The results from this study underscore the critical role of 
land cover type, seasonal variability, and climatic conditions in 
regulating soil thermal regimes. The observed warming trend 
across non-vegetated surfaces highlights increasing thermal stress 

over recent years, closely linked to climate variability, reduced soil 
moisture availability, and anthropogenic land-use changes.

4 Discussions

The Thamirabarani River Basin comprises diverse land cover 
types with agricultural land accounting for 57% of the total area 
(Kaliraj et al., 2024). The Thamirabarani River Basin has undergone 

FIGURE 8 
NDVI-LST correlation of Thamirabarani river basin in 5 years (2015, 2017, 2019, 2021, and 2024).

FIGURE 9 
Relationship between LST and LULC classes in (a) 2015 and (b) 2024, represents the influence of each class with respect to land surface temperature.
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notable substantial transformations between 2015 and 2024, 
underscoring its vulnerability to agriculture stress, land 
degradation and climatic variability. The western part of the 
basin experiences high rainfall than the central and southeastern 
parts of the basin (Mohan Kumar et al., 2022). Therefore, western 
parts of the basin exhibited stable vegetation condition throughout 
the year. The concurrent rise in fallow land reflected increasing 
water scarcity, while marginal increases in built-up and barren land 
highlighted the effects of urban expansion and land degradation. 
Fluctuations in the extent of water bodies further underscored the 
consequences of deficit rainfall and urban sprawl, reinforcing the 
need for enhanced water management strategies (Ngondo et al., 
2021). In addition, variability in saltpan areas in the downstream 
basin reflected human interventions that exacerbate local climatic 
pressures (Schauer et al., 2023). As shown in Figure 4, agricultural 
land maintained a stable condition and fallow land exhibited 
decreasing trends, whereas barren and built-up classes steadily 
increased, indicative of agricultural stress, settlement expansion 
and progressive land degradation. Variations in land use types 
and emissions of carbon serves as a primary factor contributing 
to temperature variations (Sun and Wu, 2025). The classification 
framework was robust, yielding overall accuracies above 80% and 
kappa coefficients ranging from strong to almost perfect agreement, 
thereby confirming the reliability of the classification results (Sellami 
and Rhinane, 2023).

The NDVI dynamics further demonstrated the influence of 
rainfall variability, agricultural stress, land degradation, and rising 
temperatures (Santhosh and Shilpa, 2023). Reduced soil moisture 
conditions negatively affected vegetation health, amplifying thermal 
and climatic stress across the basin. Although the long-term trend of 
NDVI indicated a slight but significant increase (slope = 0.00055, p = 
0.0369) across the basin, this reflects vegetation fluctuations 
interrelated with seasonal and interannual dynamics. In contrast, 
spatial analysis revealed a stable vegetation condition across the 
basin over the period (2015-2024), with localized reduction in 
vegetation cover observed in built-up and degraded areas. The 
slight positive NDVI trend may indicate modest recovery in 

vegetation health, likely supported by cropping cycles and 
irrigation practices. The spatial distribution of LST was strongly 
modulated by land cover and topography. Higher LST values were 
consistently observed in settlement zones, reflecting the urban heat 
island effect. Meanwhile, the Western Ghats region maintained 
lower LST owing to dense vegetation cover and elevation- 
induced cooling. Rising temperatures in urban and agricultural 
areas intensified agricultural stress, highlighting the fragile nature 
of basin’s ecosystems, where even minor climatic variations can have 
significant ecological consequences (Kaliraj et al., 2025; Kulkarni 
and Vijaya, 2021).

The correlation analysis of LST and NDVI revealed a negative 
correlation across years, consistent with urban heat-island effects 
(Jabbar and Yusoff, 2022). Weak correlations were associated with 
surface heterogeneity and rainfall variability, while moderate 
correlations reflected the close dependence of NDVI and LST on 
rainfall patterns and cropping cycles (Alademomi et al., 2020). Similar 
findings were reported in the Lower Son River Basin, where weak to 
moderate NDVI-LST correlations highlighted the coupled dynamics 
of vegetation health and surface temperature (Singh et al., 2024). 
Land-use changes, such as agricultural expansion, urbanization, and 
deforestation, significantly influence the relationship between NDVI 
and LST by altering vegetation cover and surface temperature regimes 
(Shamsudeen et al., 2022; Jiang et al., 2025). Moreover, areas with 
high NDVI have lower surface temperatures than areas with low 
NDVI, supporting spatial interpretation because vegetation acts as an 
efficient absorber of incoming radiation that is utilized for 
evapotranspiration and facilitates heat exchange between surface 
and atmosphere (Viju, 2023).

The correlation between LST-LULC classes revealed 
consistently higher values in barren, built-up, and fallow land 
classes, where limited vegetation precludes evaporative cooling. 
Conversely, vegetated areas and water bodies maintained lower 
LST, highlighting their role in local cooling (Ullah et al., 2023). 
The correlation between LULC and ST further emphasized 
vegetation’s buffering capacity. Dense vegetation was associated 
with moderate ST, supported by evapotranspiration and soil 

FIGURE 10 
Relationship between ST and LULC classes in (a) 2015 and (b) 2024, represents the influence of each class with respect to soil temperature.

Frontiers in Remote Sensing frontiersin.org13

Harani et al. 10.3389/frsen.2025.1732414

https://www.frontiersin.org/journals/remote-sensing
https://www.frontiersin.org
https://doi.org/10.3389/frsen.2025.1732414


moisture storage. In contrast, barren land exhibited higher ST values 
due to limited soil moisture availability, while saltpans consistently 
recorded elevated ST because crystalline salt surfaces absorb and 
reflect solar energy (Safaee and Wang, 2020). Fallow lands and water 
bodies maintained lower ST values, reinforcing their role in local 
thermal moderation.

Overall, these findings indicate that LULC dynamics strongly 
regulate vegetation cover and surface thermal patterns. Expanding 
urban and barren areas intensify surface heating, increasing the risk 
of destabilizing the fragile basin ecosystem. The results emphasize 
the urgent need for integrated land and water management 
strategies, improved regulation of urban growth, and adaptive 
measures to enhance the basin’s resilience to climate change. 
LULC, LST, ST, and LST-NDVI correlations were assessed for 
the entire basin, providing detailed insights into spatio-temporal 
shifts and identifying critical areas. Nevertheless, the study 
acknowledges certain limitations. Obtaining continuous, cloud- 
free datasets at specific temporal resolutions remains challenging, 
particularly during the monsoon season, when cloud cover is 
extensive, and data availability is limited. Additionally, processing 
long-term multi-sensor datasets is computationally intensive, which 
can constrain the scalability of such analyses in larger basins.

5 Conclusion

This study investigated LULC dynamics, vegetation variability, 
and the interactions of LST and ST with different LULC classes in 
the Thamirabarani River Basin. The LULC change detection results 
revealed that built-up land and barren land increased by 11.64% and 
11.9%, respectively, highlighting rapid urban expansion and 
progressive land degradation within the basin. Analysis of NDVI 
maps also demonstrated fragmented losses in vegetation health, 
closely associated with the expansion of metropolitan areas and 
evidence of agricultural stress. Meanwhile, stable vegetation 
condition was observed in the western and southern parts of the 
basin, dominated by forest and farming areas. Long-term NDVI 
trend analysis indicated a slightly increasing but fluctuating pattern, 
reflecting the combined influence of seasonal variability and climatic 
drivers on vegetation dynamics. Similarly, LST maps effectively 
captured seasonal temperature variations, strongly influenced by 
land cover type and topographic conditions. Vegetated areas and 
water bodies consistently maintained lower LST and ST values due 
to shading, evapotranspiration, and moisture availability. In 
contrast, built-up and barren areas exhibited higher temperatures, 
reflecting the impacts of reduced vegetation, increased impervious 
surfaces, and land degradation.

Overall, the finding demonstrates that LULC transitions over the 
study period have severely affected vegetation patterns and that LULC 
plays a critical role in regulating both surface and soil temperatures. 
These results emphasize the far-reaching ecological consequences of 
land cover change, underscoring the need for sustainable land and 
water management practices to protect vegetation, mitigate land 
degradation, and preserve ecosystem balance.

Beyond scientific understanding, the outcomes of this study 
offer valuable applications for drought monitoring, precision 
agriculture, urban heat-island assessment, and climate change 
adaptation planning in the Thamirabarani River Basin. Future 

work should explore integrating high-resolution optical and 
hyperspectral datasets with advanced ML and deep learning 
techniques to enhance further the accuracy and reliability of 
LULC, NDVI, LST, and ST analyses.
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