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1  Introduction

Land surface temperature (LST) refers to the quantity of 
thermal energy usually found within a shallow layer rang-
ing from a few millimeters to a few centimeters beneath 
the Earth’s surface (Liu et al. 2023; Li et al. 2013). It regu-
lates the net radiation budget by enabling the flow of heat 
and moisture between the terrestrial surface and the atmo-
sphere (Li et al. 2013). It is influenced by both terrestrial 
and atmospheric factors, and in turn, it impacts the weather 
and climate system from local to global scales. Its highly 
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Abstract
Land surface temperature (LST) is a highly dynamic and key variable of the Earth’s energy budget, which makes it crucial 
to understand its behavior from global to regional scales. It can be examined across extensive geographic regions using 
satellite or reanalysis datasets, offering high spatial and temporal resolutions with global coverage. Thus, the present study 
aims to analyze the comparative spatial distribution and trends in the daytime and nighttime mean LST over the six cli-
matic regions of India for the period 2003–2022 using satellite (MODIS and AIRS Aqua) and reanalysis (ERA5-Land and 
MERRA-2) datasets. The mean LST of satellites and reanalysis datasets are juxtaposed using various statistical methods, 
including the correlation coefficient (r), root mean square error (RMSE), percentage bias (Pbias), and mean absolute error 
(MAE). Additionally, the seasonal and annual LST trends are computed using Theil Sen’s Slope Estimator and Contextual 
Mann-Kendall (CMK) significance test. The findings show a very high correlation (> 0.85) in the daytime and nighttime 
LST of all four datasets. Furthermore, the RMSE values vary from 2.71  °C to 13.51  °C at an annual scale. However, 
nighttime LST is more consistent than daytime among the datasets. Across all datasets, a significant cooling trend is 
observed in annual daytime LST (MODIS Aqua: -0.115 °C/yr to MERRA-2: -0.004 °C/yr), except ERA5-Land (0.004 °C/
yr). For annual nighttime LST, all datasets indicate warming, ranging from 0.010  °C/yr (AIRS Aqua) to 0.049  °C/yr 
(MODIS Aqua), except MERRA-2 (-0.003 °C/yr). Annual daytime mean LST shows a cooling trend across most of the 
regions, with the largest decline in the North-West (-0.070 °C/yr) and West-Central (-0.064 °C/yr). In contrast, North-East 
(0.009 °C/yr) and Himalayan Region (0.014 °C/yr) regions exhibit slight warming in the daytime mean LST. However, 
nighttime mean LST indicates warming in all the climatic regions, except the Himalayan Region (-0.003 °C/yr). Overall, 
the study suggests the usage of nighttime LST data over daytime LST considering its consistency. The present study aids 
in refining the comprehension of LST trends, bolstering the credibility of these datasets for climate studies, environmental 
monitoring, and policy formulation, especially in the diverse landscapes of India.

Keywords  AIRS · Contextual Mann-Kendall Significance Test · Daytime/Nighttime Land Surface Temperature · 
Climatic Regions · ERA5-Land · India · MERRA-2 · MODIS · Theil-Sen Slope Estimator
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dynamic nature renders it one of the essential climatic vari-
ables of Earth’s energy exchange, water cycle, and associ-
ated environmental processes (GCOS 2016). Understanding 
spatio-temporal variations of LST offers vital insights into 
the dynamics of surface energy equilibrium, and serves as a 
pivotal indicator for environmental health, weather patterns 
(Dimri 2019), climate variability (Mal et al. 2022), urban-
ization impact (Cai et al. 2018), etc.

LST can be obtained from three sources: ground-based 
observations, remote sensing, and reanalysis datasets. 
Ground-based measurements offer high spatial and tempo-
ral accuracy, but they suffer from limited spatio-temporal 
coverage due to the scarcity and irregular distribution of 
observing stations (Latif et al. 2020). Therefore, conducting 
a comprehensive study of LST over a vast region and for 
an extended period is not feasible with station-based data 
alone. On a global scale, LST measurements from satellites 
and reanalysis datasets take precedence due to their supe-
rior spatial and temporal resolution (Wang et al. 2022; Liu 
et al. 2020). Satellite datasets encompass LST data derived 
from sensors like Landsat, Atmospheric Infrared Sounder 
(AIRS) Aqua, Moderate Resolution Imaging Spectroradi-
ometer (MODIS), and the Advanced Very High-Resolution 
Radiometer (AVHRR) aboard the National Oceanic and 
Atmospheric Administration (NOAA) (Tian et al. 2020; 
Wan 2019). Among these, satellites offering high spatial 
resolution data (e.g., Landsat-30 m) but sacrifice temporal 
resolution (Landsat-16 days), while those emphasizing high 
temporal resolution (e.g., MODIS-daily) compromise spa-
tial resolution (MODIS-1 km). Satellites are unable to pro-
vide data during cloudy weather conditions, which results in 
missing values and influences the findings. Another option 
for measuring surface temperatures with great temporal and 
spatial resolution on a worldwide scale is to use reanalysis 
datasets (Muñoz-Sabater et al. 2021; Bosilovich et al. 2015). 
These provide values in all weather conditions, making them 
more popular and useful in climate-related research. Some 
frequently used reanalysis datasets in LST investigations 
are the Modern-Era Retrospective analysis for Research 
and Applications (MERRA), MERRA-2, European Centre 
for Medium-Range Weather Forecasts (ECMWF) products 
(e.g., ERA5, ERA5-Land, etc.), Japanese 55-year Reanaly-
sis (JRA-55), etc. (Wang et al. 2022; Wen et al. 2022; Liu 
et al. 2020).

The spatial distribution and rate of change in LST at 
regional and global scales have been widely studied in the 
past, using satellite and reanalysis datasets (Wang et al. 
2022; Liu et al. 2020; Prakash and Norouzi 2020; Susskind 
et al. 2019; Zhou and Wang 2016). Over a global scale, 
both MODIS (0.26 °C/decade) and ERA5-Land (0.34 °C/
decade) analyzed a warming trend from 2001 to 2020 
(Wang et al. 2022). The LST trend derived from MODIS 

Aqua, AIRS Aqua, and ERA5-Land showed approximately 
0.02, 0.03, and 0.04 k/year across the globe from 2003 to 
2017 (Liu et al. 2020). Susskind et al. (2019) analyzed the 
global mean surface temperature using five datasets, includ-
ing AIRS, Goddard Institute for Space Studies Surface 
Temperature Analysis (GISTEMP), Hadley Centre/Climatic 
Research Unit (HadCRUT4), Cowtan and Way (C&W), 
and ECMWF Interim. Across all datasets, a warming trend 
(AIRS: 0.24, GISTEMP: 0.22, HadCRUT4: 0.17, C&W: 
0.19, and ECMWF: 0.20  °C/decade) was observed from 
2003 to 2017. Among continents, Asia exhibits a warm-
ing trend of 0.16  °C/decade and 0.20  °C/decade accord-
ing to MODIS and ERA5-Land, respectively (Wang et al. 
2022). The trend from the three datasets, namely MODIS 
Aqua, AIRS Aqua, and ERA5-Land, varies between − 0.2 
and 0.2 °C/year across Asia (Liu et al. 2020). Prakash and 
Norouzi (2020) have found a trend between 2 to −2  °C/
decade in daytime and nighttime MODIS LST over differ-
ent parts of India for 15 years (2003–2017). Susskind et al. 
(2019) show a cooling trend (range: 0 to −0.5 °C/decade) 
over most of India using AIRS data (2003–2017). Over the 
Ganga River Basin, a declining trend of −0.017 °C/year has 
been observed in the annual mean LST, using the MODIS 
dataset from 2001 to 2019 (Mal et al. 2022). Rani and Mal 
(2022) found both cooling and warming trends in daytime 
LST of MODIS in the western Himalayan region of India 
compared to eastern Himalaya during 2001–2019. Mal et al. 
(2023) revealed a consistent increase in daytime mean LST 
(0.020–0.024  °C/yr) across all seasons except winter and 
post-monsoon, as well as nighttime LST (0.013–0.049 °C/
yr) in the Indus River Basin using MODIS data from 2002 
to 2022. Additionally, the analysis indicated a significant 
divergence between daytime and nighttime LST, with night-
time LST (0.025 °C/yr) rising notably faster than daytime 
LST (0.0016  °C/yr), suggesting the presence of a distinct 
nighttime warming effect. In regions with limited data avail-
ability, particularly at smaller geographic scales, researchers 
have observed significant uncertainty arising from notable 
discrepancies in trends among different LST datasets. Using 
high-resolution spatial data enables the analysis of geo-
graphic patterns associated with localized warming, a cru-
cial aspect for conducting assessments of climate-related 
risks.

To the best of our knowledge, there hasn’t been a com-
parison of LST trends (daytime and nighttime LST) derived 
from satellite and reanalysis datasets specific to India, 
despite the existence of some global studies (Wang et al. 
2022; Liu et al. 2020; Zhou and Wang 2016). Therefore, this 
study aims to accomplish three primary objectives in the 
present study. Firstly, it seeks to analyze the spatio-temporal 
distribution of daytime and nighttime mean LST across six 
climatic regions of India using satellites (MODIS and AIRS 
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Aqua) and reanalysis (ERA5-Land and MERRA-2) datas-
ets of the period 2003–2022. Secondly, the study aims to 
analyze inter-dataset variability of LST and compare sat-
ellite and reanalysis datasets using various statistical indi-
cators. Lastly, it aims to assess the comparative seasonal/
annual trends in daytime and nighttime LST. The present 
study selected the period from 2003 to 2022 due to the avail-
ability of high-quality, continuous satellite and reanalysis 
data that align with the study objectives. This timeframe 
includes critical climatic events in India, such as multiple 
El Niño (2009–2010, 2015–2016) and La Niña (2010-11, 
2021–2022) events, as well as significant droughts (2009, 
2015) and heatwaves, which are crucial for analyzing long-
term LST trends (Mishra 2020; Han and Wang 2021; Null 
2024). Knowing that each dataset possesses unique charac-
teristics and employs different algorithms for LST product 
generation, analyzing multiple datasets will provide a more 
comprehensive understanding of the appropriate data selec-
tion for understanding LST patterns in India. The novelty of 
this paper lies in the lack of recent studies evaluating day-
time and nighttime LST datasets at both global and regional 
scales. The studies using different LST datasets are almost 
negligible in the context of the whole of India. The study 
also provides region-specific insights into LST (daytime 
and nighttime) behavior by focusing on six diverse climatic 

regions of India. Such granularity is often overlooked in 
broader, global studies that fail to capture regional subtle-
ties. The present study uses fine temporal (day vs. night) 
and spatial scales data, offering insights into regional and 
diurnal LST variations that were previously unexplored at 
this level of detail. By identifying discrepancies in trends 
among datasets, the study underscores the importance of 
dataset selection and potential biases in trend analysis in 
India. This study offers a comprehensive evaluation of satel-
lite and reanalysis data, elucidating the respective strengths 
and limitations of each approach. Further, this comparative 
analysis serves to deepen comprehension regarding the reli-
ability and accuracy of data, which are crucial for conduct-
ing rigorous scientific analyses. Consequently, an improved 
understanding of LST datasets in India is beneficial for 
managing natural resources, crop monitoring, urban plan-
ning, environmental monitoring, and human health.

2  Data and Method

The present study used four datasets of remote sensing 
(MODIS Aqua and AIRS Aqua) and reanalysis (ERA-5 
Land and MERRA-2) to analyze the spatiotemporal varia-
tions in LST across India and compare their results (Table 1; 

Table 1  Description of the datasets used in the present study
S.No Datasets Type of Data Spatial 

Resolution
Temporal 
Resolution

Spatial 
Coverage

Period Processing 
Method

Source

1. MODIS Aqua 
(MYD11A1 
v.061 L3)

Satellite 1 km Daily Global May 2002 
-Present

Split-window https:/​/lpdaac​
.usgs.g​ov/
pr​oducts/
myd11a1v061/

2. AIRS Aqua 
(AIRS3STM 
v006)

Satellite 1° × 1° Daily Global Septem-
ber 2002 
- Present

Least squares 
estimation using 
Singular Value 
Decomposition 
regularization 
on cloud-cleared 
radiances on 
AIRS 3 × 3 fields 
of regard (FoR)

​h​t​t​​p​s​:​/​​/​d​i​​s​c​.​​g​s​f​
c​.​n​a​s​a​.​g​o​v​/​d​a​t​
a​s​e​t​s​/​A​I​R​S​3​S​
T​M​_​0​0​6​/​s​u​m​
m​a​r​y​​​​​​

3. MERRA-2 Reanalysis 0.625° × 0.5° Hourly Global 1980 
- Present

Three-Dimen-
sional Variational 
(3D-VAR) 
Goddard Earth 
Observing Sys-
tem Model, Ver-
sion 5 (GEOS-5)

https:/​/gmao.
g​sfc.nas​a.gov​
/reanalysis/
merra-2/

4. ERA5-Land Reanalysis 0.1° × 0.1° Hourly Global 1950 
- Present

Four-Dimen-
sional Variational 
(3D-VAR) Car-
bon Hydrology-
Tiled ECMWF 
Scheme for Sur-
face Exchanges 
over Land (CHT-
ESSEL) Model

https:​​​//c​
ds.clim​ate.
cope​rn​icus.eu/
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and AVHRR provide both high spatial and temporal resolu-
tion, their data is available only from 2012 to 2015 onwards, 
respectively. Other satellite datasets are available, but they 
cater to specific regions, such as SEVIRI/MSG for Africa, 
MTSAT for Japan, and ABI/GOES-R for the Americas. In 
the case of reanalysis datasets, options such as NCEP-R1 
(2.5°×2.5°), NCEP-R2 (2.5°×2.5°), MERRA (0.667°×0.5°), 
MERRA-Land (0.667°×0.5°), ERA-Interim (0.75° x 0.75°), 
ERA5 (0.25°×0.25°), and JRA-55 (1.25°×1.25°) provide 
LST products (Li et al. 2023). However, they generally 

Figs. 1 and 2). All the given LST datasets are obtained for 
the period 2003–2022 due to data availability and managed 
consistency in comparison of mean and trend analysis. The 
present study selects LST datasets based on four criteria: (a) 
the common period of availability, (b) comparatively higher 
spatial and temporal resolution, (c) spatial coverage over 
India, and (d) consistency in data availability. Among satel-
lite datasets, Landsat (30 m) and ASTER (90 m) offer a high 
spatial resolution, but their temporal resolution is limited to 
16-day intervals (Li et al. 2023). Additionally, while VIRS 

Fig. 1  Extent of India including six climatic regions considered in the present study. The background shows the country’s land use/land cover of 
the year 2022 (derived from MCD12Q1.061 500 m)
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the MYD11_L2 swath product. The daytime and nighttime 
mean LST at seasonal and annual scales are computed by 
averaging the daily LST_Day_1km and LST_Night_1km 
values separately. Additionally, Goddard Earth Sciences 
Data and Information Services Center (GES DISC) monthly 
AIRS3STM v006 product, AIRS Aqua L3, has been chosen. 
The standard grided products are available at 1° by 1° from 
September 2002 and derived from the v6 L2 swath products 
(Tian et al. 2020). The monthly surface temperature layers 
(surfskinTemp_A and surfskinTemp_D) have been aver-
aged at seasonal and annual scales. The missing values in 
the remote sensing data are addressed by averaging daily 
observations to monthly and then seasonal scales (without 
interpolation). This approach helps to minimize gaps caused 
by cloud cover and provides a more comprehensive under-
standing of the general LST patterns in the study area.

2.2  Reanalysis Data

In addition to satellite data, the study also includes two glob-
ally available reanalysis datasets including ERA-5 Land and 
MERRA-2 (Fig. 2). The Copernicus Climate Change Service 
(C3S) Climate Data Store (CDS) provides ECMWF ERA5-
Land products from 1950 onwards. It is monthly averaged 
by hour of day and provides skin temperature (SKT) at 0.1° 
(9 km) horizontal resolution (Muñoz-Sabater et al. 2021). 
The SKT denotes the theoretical temperature of the Earth’s 
surface necessary to maintain the surface energy balance. It 

have lower spatial resolution as compared to ERA5-Land 
(0.1°×0.1°) and MERRA-2 (0.625°×0.5°), and some (JRA-
55, ERA-Interim, MERRA) are also no longer actively 
distributing their data. MODIS and AIRS data are affected 
by cloud cover, while reanalysis data like ERA5-Land and 
MERRA-2 are based on models, which may introduce 
bias (retrieval algorithm bias, sensor calibration, number 
of observations, and modeling assumptions). The present 
study dataset selection balances these factors to capture both 
spatial and temporal patterns/trends effectively. It helps the 
researchers to understand the level of differences based on 
the data selection, particularly in the heterogeneous climatic 
and physiographic conditions of India.

2.1  Remote Sensing Data

The study incorporates two satellite datasets  (Fig.  2): 
MODIS Aqua (clear sky) and AIRS Aqua, both having 
global coverage considering their wider usage in recent 
times. From MODIS Aqua, the MYD11A1 v.061 level-3 
data is chosen which is provided by NASA’s Land Processes 
Distributed Active Archive Center (LP DAAC) from May 
2002 onward. Both MODIS and AIRS Aqua have overpass 
times at 01:30 (nighttime-descending) and 13:30 (daytime-
ascending). Wan (2019) mentioned that the C6 MODIS 
product outperformed the C4.1 and C5. It provides daily 
per-pixel LST and Emissivity with a pixel size of about 
0.01° (1 km). In MOD11A1, the pixel value is derived from 

Fig. 2  Methodological framework for the present study
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where N is the number of LST samples, Xoi is the ith 
observed LST value, XO is the average of the observed 
LST, XRi is the ith reference LST value, XRi is the average 
reference LST.

No single metric could capture all of the attributes of 
the variables. Some are robust with respect to some attri-
butes, whereas they are insensitive to others (Yang et al. 
2020; Entekhabi et al. 2010). Previous studies have typi-
cally relied on metrics such as r, RMSE, MAE, and Pbias for 
dataset comparison, recognizing their multiple advantages 
(Wang et al. 2022; Wen et al. 2022; Liu et al. 2020; Yang 
et al. 2020; Lee et al. 2013). For instance, Pbias is scale-
independent and captures both the magnitude and direction 
of bias, offering more information than many other metrics. 
Additionally, MAE is less sensitive to outliers compared 
to RMSE, making it a more robust choice in cases where 
extreme values might distort results. Pearson’s r, being a 
standardized measure, allows for easy comparison of rela-
tionships between datasets.

2.5  LST Trend Analysis

Trends in daytime and nighttime mean LST of India of all 
datasets are calculated at seasonal and annual scales for the 
period 2003–2022 (Fig. 2). The Theil Sen’s Slope Estima-
tor and Contextual Mann-Kendall (CMK) significance tests 
are used to estimate the trend and significance, respectively 
(Kendall 1975; Sen 1968; Theil 1950). The Theil-Sen slope 
(TSS) estimator, offers a non-parametric method for esti-
mating trends in time series data (Sen 1968; Theil 1950). 
It calculates the trend as the median of slopes derived from 
all pairwise observations, totaling n(n − 1)/2 calculations. 
One significant advantage of the TSS method is its robust-
ness against outliers (Rani et al. 2023). Unlike parametric 
techniques, which can be influenced by extreme values, the 
TSS estimator can reject up to approximately 29% of wild 
values without compromising the slope estimate, making 
it particularly suitable in the present study. The CMK test, 
a modification of the traditional Mann-Kendall (MK). It 

signifies the temperature of the uppermost surface layer (top 
7 cm), which lacks heat capacity and can promptly adjust to 
alterations in surface fluxes (Muñoz-Sabater et al. 2021). To 
align the ERA5-Land SKT with the satellite LST data, the 
average of SKT has been taken at 13:00 and 14:00 for day-
time and 01:00 and 02:00 for nighttime for each grid cell. 
Another reanalysis dataset used in the study is the MERRA-
2, provided by NASA’s Global Modelling and Assimilation 
Office (GMAO). It employs the Goddard Earth Observing 
System Model (GEOS) version 5.2.14. The present study 
has obtained MERRA-2 hourly M2T1NXFLX ‘effective 
surface skin temperature’ with longitudinal/latitudinal reso-
lution of 0.625°×0.5° (Bosilovich et al. 2015).

To understand the thermal changes (such as temperature 
trends) over a large-scale climate system, the maximum and 
minimum temperatures have been considered more suitable 
as compared to the mean daily average temperature (Mil-
drexler et al. 2011). It may be attributed to that, the maxi-
mum daily LST exhibits high sensitivity to Earth’s energy 
changes. Thus, the present study selected the MODIS Aqua 
and AIRS Aqua data, having overpass times of 13:30 (clos-
est to daily maximum: daytime) and 01:30 (closest to daily 
minimum: nighttime). Furthermore, to align the ERA5-
Land with the satellite LST values, the study has taken the 
average of SKT available at 13:00 and 14:00 for daytime 
and 01:00 and 02:00 for nighttime for each grid cell. Addi-
tionally, for MERRA-2, the related bands (band 2 − 01:30 
and band 14 − 13:30) of the product have been extracted.

2.3  Data Processing

The data of MODIS Aqua, AIRS Aqua, ERA5-Land, and 
MERRA-2 are preprocessed including filtering (date, time, 
and study area), resampling (to 1 km), and unit conversion 
(kelvin to °C) (Fig. 2). All the preprocessed data are com-
piled at seasonal and annual scales, following the Indian 
Meteorological Department (IMD 2023) seasonal classi-
fication i.e., January to February (winter), March to May 
(pre-monsoon), June to September (monsoon), and October 
to December (post-monsoon) (IMD 2023). Furthermore, 
descriptive statistics of seasonal/annual daytime and night-
time mean LST are calculated to understand its spatial and 
temporal variability across India from 2003 to 2022.

2.4  Comparative Statistical Indicators

After the mean estimation of daytime and nighttime mean 
LST of India, the intercomparison of all four datasets is done 
using statistical indicators, including the correlation coeffi-
cient (R), root mean square error (RMSE), percentage bias 
(Pbias), and mean absolute error (MAE) (Fig. 2). The cor-
responding equations for these parameters are as follows:
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characteristics of land use and land cover (LULC) are shown 
as it is the main determinants of LST conditions in an area. 
The present study has used the Food and Agricultural Orga-
nization (FAO) Land Cover Classification System (LCCS2) 
and merged the eleven LULC classes into six major classes 
(Fig. 1). Around 68% of the total area of India is under the 
herbaceous/croplands, whereas forest and barren occupy 
about 28% (Fig.  1). Urban and built-up lands, permanent 
snow and ice, and water bodies together cover less than 5% 
of the total area. The prevalence of cropland and vegeta-
tion highlights them as the most dominant land cover types, 
which can significantly influence LST in the high-elevated 
regions of the study area (e.g., HR). Additionally, the area 
under barren land can impact the LST in the semi-arid and 
arid parts of the country (e.g., NW) (Fig. 1).

3  Results

3.1  Comparative Daytime and Nighttime Mean LST 
of Different Datasets

While considering the daytime mean LST of the entire 
region, it’s evident that the highest values occur during the 
pre-monsoon (33.11 °C), followed by monsoon (29.70 °C), 
post-monsoon (23.64  °C), and winter (22.28  °C) (Fig. 3). 
Both MODIS and AIRS Aqua exhibit nearly identical day-
time mean LST values across the respective time scales 
(Fig.  3a). The daytime mean LST of satellite datasets 
reaches approximately 40  °C in pre-monsoon, (MODIS: 
39.26  °C; AIRS: 41.05  °C), 33  °C during the monsoon 
(MODIS: 35.30 °C; AIRS: 31.99 °C), 29 °C in post-mon-
soon (MODIS: 29.51  °C; AIRS: 29.68  °C), and 29  °C in 
winter (MODIS: 28.73 °C; AIRS: 28.97 °C) (Fig. 3a). Over-
all, the annual daytime mean LST is 33.99 °C from MODIS 
and 33.17 °C from AIRS. Similar to the satellite datasets, 
both reanalysis datasets also exhibit comparable values in 
their respective seasons (Fig. 3a). From reanalysis, the day-
time mean LST registers around 26 °C in both pre-monsoon 
(ERA5-Land: 26.80 °C; MERRA-2: 25.34 °C) and monsoon 
(ERA5-Land: 26.01  °C; MERRA-2: 25.50  °C) (Fig.  3a). 
Additionally, daytime mean LST is close to 17 °C in post 
monsoon (ERA5-Land: 18.68  °C; MERRA-2: 16.68  °C), 
and around 15  °C in winter (ERA5-Land: 17.28  °C; 
MERRA-2: 14.14  °C) (Fig.  3a). On an annual scale, the 
ERA5-Land and MERRA-2 show a daytime mean LST 
of 23.02 °C and 21.41 °C, respectively (Fig. 3a). Compar-
ing the daytime mean LST of satellite datasets, AIRS tends 
to show slightly higher values than MODIS in all seasons 
except during the monsoon. However, on an annual scale, 
MODIS reports slightly higher daytime mean LST than 
AIRS. In the reanalysis datasets, ERA5-Land consistently 

incorporates spatial autocorrelation into the analysis (Neeti 
and Eastman 2011). By considering the geographical con-
text, the CMK test accounts for spatial autocorrelation by 
incorporating the spatial relationships between data points 
into the trend analysis, enhancing the robustness of the trend 
detection in spatial data. In the trend analysis, the present 
study averaged monthly LST values to seasonal scales 
and then estimated trends for each season separately. This 
approach retains the seasonal components by examining 
each season independently, rather than entirely removing or 
deseasonalizing them. Consequently, the analysis captures 
any distinct trends within each season, providing insights 
into how LST changes occur across different times of the 
year.

2.6  Classification of Climatic Regions of India

India, situated in South Asia, occupies a landmass spanning 
approximately 3.2 million km2 (Fig. 1). Its diverse topog-
raphy encompasses everything from mountains and plains 
to deserts and coastal areas, contributing to its rich natu-
ral heritage and cultural tapestry (Fig.  1). For analysis of 
LST, India has been categorized into six climatic regions, 
determined by its geographical, topographical, and climato-
logical homogeneity (Dimri 2019; Pal and Al-Tabba 2010) 
(Fig. 1). These regions include (i) Hilly Regions (HR), (ii) 
Northwest (NW), (iii) Central Northeast (CNE), (iv) North-
east (NE), (v) West Central (WC), and (vi) Peninsular (P) 
(Fig. 1).

Besides physiography, the LULC data for the year 2022 
is derived from the combined Terra and Aqua MODIS Land 
Cover Type MCD12Q1 v6.1 dataset, available at 500  m 
spatial resolution (Friedl and Sulla-Menashe 2022). The 

Fig. 3  Distribution of (a) daytime and (b) nighttime mean LST at sea-
sonal and annual scales across India (2003–2022)
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In both daytime and nighttime, India has experienced 
the highest LST in pre-monsoon and monsoon seasons 
due to several reasons like vertical rays of the sun on the 
Tropic of Cancer, increasing cloud cover, higher humid-
ity level, reduced evaporative cooling, etc. (Linacre and 
Geerts 1997). The difference in LST between daytime and 
nighttime is primarily due to differences in solar radiation 
and heat transfer processes (Linacre and Geerts 1997). The 
present study identified pre-monsoon as the warmest sea-
son followed by monsoon in daytime mean LST, whereas, 
monsoon is the warmest one in nighttime mean LST, with 
pre-monsoon following closely behind. Meanwhile, winter 
remained the coldest season, with post-monsoon trailing 
behind for both daytime and nighttime mean LST. These 
results are in line with previous studies conducted across 
different parts of India and its surrounding regions (Mal et 
al. 2022, 2023; Prakash and Norouzi 2020).

3.2  Comparison Evaluation of Daytime and 
Nighttime Mean LST of Different Datasets

The comparison of satellite and reanalysis datasets of day-
time and nighttime mean LST over India (2003–2022) are 
also studied to understand the associations among the data-
sets (Table  2). Overall, very high correlation coefficients 
(> 0.9) are found among all the datasets (except MODIS 
Aqua and MERRA-2 during at annual scale: r = 0.87), indi-
cating the close association of the datasets (Table  2). On 
an annual scale, the satellite datasets exhibit RMSE values 
higher by 0.47 °C during the daytime and 0.61 °C during the 
nighttime compared to the reanalysis values (Table 2). In the 
case of daytime mean LST, the MAE for satellite datasets is 
2.51 °C, which is lower than the value of reanalysis datas-
ets (2.74 °C) (Table 2). While in nighttime mean LST, the 
MAE value of satellite datasets is 1.05 °C higher than that of 
reanalysis (1.71 °C) (Table 2). Additionally, the Pbias val-
ues of satellite datasets are − 2.51% during daytime mean 
LST and 15.50% during nighttime, indicating the underesti-
mation and overestimation of LST on average, respectively 
(Table 2). In contrast, the reanalysis datasets suggest a sig-
nificant overestimation during daytime (9%) and an under-
estimation during nighttime (−8.70%) (Table  2). Overall, 
the daytime mean LST of India obtained from satellite data-
sets shows higher values in comparison to reanalysis data. 
Nevertheless, the mean LST during nighttime of satellite 
data is close to reanalysis data. This synchronization high-
lights the consistency in nighttime LST across all datasets 
compared to daytime observations. Essentially, giving pre-
cedence to nighttime LST data over daytime data improves 
the quality of results. The noticeable differences among all 
four datasets may be attributed to their utilization of differ-
ent algorithms and modeling techniques in data generation 

records higher daytime mean LST than MERRA-2 across 
all time scales. In both seasonal and annual contexts, the 
satellite datasets have consistently documented higher day-
time mean LST compared to the respective reanalysis data-
sets, which could be attributed to differences in their spatial 
resolution and method of data collection (Mal et al. 2022).

Unlike daytime observations, all four datasets indicate 
the highest nighttime mean LST values during the monsoon 
(22.03 °C), followed by pre-monsoon (19.56 °C), post-mon-
soon (13.27 °C), and winter (9.59 °C) (Fig. 3b). In nighttime 
mean LST, both satellite and reanalysis datasets regis-
ter nearly identical values across all time scales (Fig. 3b). 
Across India, the nighttime mean LST is about 22 °C during 
monsoon (range- MODIS: 20.36 °C; MERRA-2: 24.43 °C), 
19 °C in pre-monsoon (range- MODIS: 17.60 °C; MERRA-
2: 22.36  °C), 13  °C during post-monsoon (range- ERA5-
Land: 12.78  °C; AIRS: 14.36  °C), and 9  °C in winter 
(range- ERA5-Land: 8.34  °C; AIRS: 10.95  °C) (Fig.  3b). 
Additionally, the annual nighttime mean LST values are 
14.92  °C, 16.71  °C, 17.21  °C, and 18.63  °C for MODIS, 
ERA5-Land, AIRS, and MERRA-2, respectively (Fig. 3b). 
Between satellite datasets, AIRS has recorded higher night-
time mean LST values than MODIS at seasonal and annual 
scales. In the reanalysis, the nighttime mean LST observa-
tions from MERRA-2 are slightly higher than those from 
ERA5-Land across all time scales. Comparing satellite 
and reanalysis nighttime mean LST, the reanalysis datasets 
have slightly higher values than satellite ones during pre-
monsoon and monsoon seasons. However, winter and post-
monsoon satellite datasets registered slightly higher values 
than those of reanalysis. Overall, on an annual scale, the 
nighttime mean LST is higher in reanalysis than the satellite 
observation.

The present study observed that in both satellite and 
reanalysis datasets, the daytime mean LST is significantly 
higher than the nighttime mean LST at both seasonal and 
annual scales (Fig. 3). In satellite datasets, there is an aver-
age difference of about 17 °C between daytime and nighttime 
mean LST, whereas, the difference between the reanalysis 
daytime and nighttime mean LST is 5 °C only. This could be 
attributed to the fact that satellite data provides finer spatial 
and temporal resolution, capturing more detailed daytime 
LST variations, while reanalysis data is more generalized 
(Wan 1999,2019; Bosilovich et al. 2015; Tian et al. 2020; 
Thrastarson et al. 2020, 2021; Muñoz-Sabater et al. 2021). 
Satellites directly measure LST, leading to more extreme 
daytime measurements, whereas reanalysis models smooth 
out variations. Another possible reason could be atmo-
spheric conditions which affect satellite data, contributing 
to the higher observed daytime LST compared to reanalysis 
data.
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WC, P, NW, CNE, and NE (Fig. 5b, j, l, q). However, in HR, 
the range of pre-monsoon nighttime mean LST (−30 °C to 
15 °C) is consistent across both datasets (Fig. 5b, j, l, q). 
Similarly, during the monsoon season, except HR (−15 °C 
to 15  °C), all regions experience nighttime mean LST of 
15 °C to 30 °C according to all datasets (Fig. 5c, h, m, r). 
However, in other parts of NW, monsoon nighttime mean 
LST goes above 30 °C from MERRA-2 (Fig. 5c, h, m, r). 
Furthermore, in the post-monsoon period, nighttime mean 
LST ranges between 0 °C and 30 °C in all climatic regions 
except HR (< 0 °C) across all datasets (Fig. 5d, i, n, s). Annu-
ally, HR consistently experiences the lowest nighttime mean 
LST (< 15 °C) through both satellite and reanalysis datasets, 
while over other climatic regions, it ranges between 15 and 
30 °C in both satellite and reanalysis datasets (Fig. 5e, j, o, 
t).

The mean LST conditions of the present study align 
closely with the other studies covering the different parts of 
India and neighboring regions (Mal et al. 2022, 2023; Wang 
et al. 2022; Prakash and Norouzi 2020). The spatial varia-
tions in daytime and nighttime mean LST are mainly influ-
enced due to the physiography and LULC of the regions 
(Prakash and Norouzi 2020; Khandan et al. 2018; Mal et 
al. 2022; Chaudhuri and Mishra 2016; Singh et al. 2024; 
Mukherjee and Singh 2020). The elevated regions of the 
HR (dense vegetation) exhibit the lowest mean LST, while 
the semi-arid and arid regions (sparse vegetation) of India, 
such as the Thar Desert and the Deccan Plateau, register 
the highest mean LST in both daytime and nighttime. In the 
NE region, the eastern part, characterized by hills (dense 
vegetation and low urban growth), generally shows lower 
mean LST (both daytime and nighttime) compared to its 
western plains (Figs. 1, 4 and 5). The influence of urbaniza-
tion on mean LST, particularly in the form of Urban Heat 
Island (UHI) effects, has been well-documented across vari-
ous Indian cities over the past two decades (Naikoo et al. 
2022; Shahfahad et al. 2021; Siddiqui et al. 2021; Sultana 
and Satyanarayana 2018). These studies have highlighted 
the significant impact of land-use changes, including urban-
ization and deforestation, on UHI dynamics in several cities 
and other metropolitan regions.

3.4  Temporal Variability of Daytime and Nighttime 
LST

Over 20 years, there are noticeable variations in the 
annual daytime and nighttime mean LST across all datas-
ets (Fig.  6). Regarding daytime mean LST, all four data-
sets display a similar pattern over the period, albeit with 
variances in the mean values (Fig. 6a). Notably, the high-
est daytime mean LST across all datasets occurred in 2009 
(MODIS: 34.74 °C; AIRS: 34.05 °C; ERA5-Land: 23.62 °C; 

(Wang et al. 2022; Liu et al. 2020). Moreover, the variations 
are relatively high between satellite (only in cloud-free con-
ditions) and reanalysis datasets (in all conditions) (Wang et 
al. 2022; Liu et al. 2020). All these differences are reflected 
in the mean LST values between the four datasets in the 
present study as well.

3.3  Spatial Distribution of Daytime and Nighttime 
Mean LST

Across India, the regions of NW, WC, and P (encompassing 
the Thar desert and Deccan plateau) consistently exhibit the 
highest daytime mean LST in all the seasons (Fig. 4). Con-
versely, LST remains moderate over the northern NW, CNE, 
and NE (including the Indo-Gangetic-Brahmaputra plain), 
and lowest over the HR (Himalaya) (Fig. 4). Among the six 
climatic regions, WC and P (parts located on the eastern side 
of the Western Ghats) experience the highest daytime mean 
LST during winter (satellite: 30 °C to > 45 °C; reanalysis: 
15 °C to 30 °C), while the HR region recording the lowest 
values (satellite: −30 °C to 15 °C; reanalysis: < −30 °C to 
15 °C) (Fig. 4a, f, k, p). In the pre-monsoon period, except 
for HR (< 15  °C), the entire country experiences daytime 
mean LST of > 30 °C (some parts of NW and WC: >45 °C) 
based on satellite data (Fig. 4b, g). However, in reanalysis 
data, daytime mean LST values varied between 15 °C and 
45 °C across the country (except HR: < 0 °C) during pre-
monsoon (Fig. 4l, q). During monsoon season, according to 
satellite data, the entire country experiences daytime mean 
LST between 15  °C and 45  °C, except for the Thar des-
ert (> 45 °C) (Fig. 4c, h). However, reanalysis data show a 
variation from − 15 °C to 45 °C only across the study area 
(Fig. 4m, r). In the post-monsoon period, NW, WC, and P 
experience daytime mean LST between 30  °C and 45  °C 
based on satellite data, while reanalysis data show a range 
of 15 °C to 30 °C (Fig. 4d, i, n, s). Conversely, CNE, NE, 
and HR record temperatures between − 15  °C and 30  °C 
according to satellite data, and < −30 °C to 15 °C according 
to reanalysis datasets (Fig. 4d, i, n, s). Overall, the observa-
tions from satellite datasets at an annual scale vary from 
− 15 °C to > 45 °C (parts of NW, WC, and P: >45 °C; HR: 
< 15 °C), whereas in reanalysis, the values lie below 30 °C 
across the study area (except Thar desert: > 30 °C) (Fig. 4e, 
j, o, t).

Unlike daytime mean LST, nighttime mean LST of both 
satellite and reanalysis data are largely consistent within 
their respective climatic regions, (Fig.  5). During winter, 
nighttime mean LST is relatively high (> 15 °C) in regions 
such as P, WC, southern NW, and eastern CNE, while it is 
lower (< 15 °C) in the rest of the study area across all datas-
ets (Fig. 5a, f, k, p). In the pre-monsoon season, all datasets 
record nighttime mean LST between 15 °C and 30 °C across 
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Fig. 4  Spatial distribution of daytime mean LST at seasonal and annual scales across India (2003–2022)
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Fig. 5  Spatial distribution of nighttime mean LST at seasonal and annual scales across India (2003–2022)
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Choudhury 2024; Rao et al. 2021; Mishra 2020). Similarly, 
2016 experienced one of the strongest El Niño events on 
record, likely contributing to the elevated LSTs observed 
during that year. In contrast, La Niña conditions are gener-
ally linked to cooler temperatures (Null 2024). Additionally, 
regional factors, such as monsoon variability, significantly 
influence these temperature extremes; weaker or delayed 
monsoons can result in higher LSTs, whereas robust mon-
soon seasons typically lead to cooler surface temperatures. 
Throughout the study duration, the occurrence of years with 
values above and below the mean is roughly equal, making 
it inconclusive to determine whether the region is experi-
encing cooling or warming trends considering the regional 
annual mean. Therefore, the spatial distribution of trends 
in daytime and nighttime mean LST is analyzed for better 
understanding.

MERRA-2: 21.59 °C), followed by subsequent years mostly 
recording values below the 20-year average (Fig. 6a). Simi-
larly, a comparable pattern emerges in nighttime mean LST 
across the four datasets (Fig. 6b). Furthermore, the analysis 
indicates that daytime mean LST values from satellite data-
sets consistently surpass those from the reanalysis dataset 
throughout the entire period (Fig. 6a, b). Conversely, night-
time LST variations between datasets are relatively minimal 
(Fig. 6a, b). Additionally, the interannual variations of the 
all-India mean LST from 2003 to 2022 identified 2009 as the 
warmest year in the daytime, with 2016 following closely. 
Conversely, for the nighttime mean LST, the warmest years 
were 2010 followed by 2016. This same year was identi-
fied as the warmest in India (Prakash and Norouzi 2020), 
as well as on a global scale (Susskind et al. 2019). The 
inter-annual variability found in LSTs during the years 2009 
and 2016 can be attributed to large-scale climatic events. 
Specifically, the year 2009 was characterized by an El Niño 
event, which is often associated with higher-than-average 
temperatures in many regions, including India (Null 2024; 

Fig. 6  Temporal variations in 
daytime and nighttime annual 
mean LST of India from 2003 
to 2022 from MODIS Aqua, 
AIRS Aqua, ERA5-Land, and 
MERRA-2. Note: Significant 
El Niño events in 2009-10 and 
2015-16, and marked by major 
drought occurrences over India in 
2009 and 2015

 

1 3



S. Rani et al.

in the winter season (Fig.  7b). In pre-monsoon, MODIS 
Aqua (0.068 °C/yr), AIRS Aqua (0.004 °C/yr), and ERA5-
Land (0.020 °C/yr) show warming trend, while MERRA-2 
with a rate of change of −0.022 is observed a cooling trend 
(Fig. 7b). During monsoon, the highest nighttime mean LST 
trend is recorded in MODIS Aqua (0.072 °C/yr), followed 
by ERA5-Land (0.037 °C/yr), MERRA-2 (−0.022 °C/yr), 
and AIRS Aqua (−0.030 °C/yr) (Fig. 7b). In post-monsoon 
nighttime LST, all the datasets show warming trend, with 
the highest in MODIS Aqua (0.067  °C/yr), MERRA-2 
(0.061 °C/yr), ERA5-Land (0.050 °C/yr), and AIRS Aqua 
(0.043  °C/yr) (Fig.  7b). Over 20 years, the annual night-
time LST shows a significant warming trend of 0.011 °C/yr, 
0.031 °C/yr, and 0.049 °C/yr from AIRS Aqua, ERA5-Land, 
and MODIA Aqua respectively, while MERRA-2 shows 
the slight cooling trend (−0.002 °C/yr) (Fig. 7b). Overall, 
the daytime mean LST of satellite datasets shows a cool-
ing trend, while reanalysis show warming (except winter), 
in all time scales (Fig. 7a). However, nighttime mean LST 
shows consistency in trends between satellite and reanaly-
sis datasets in all the seasons except pre-monsoon (Fig. 7b). 
The divergence observed between daytime and nighttime 
LST trends can be significantly influenced by atmospheric 
processes, including boundary layer dynamics and aerosol 
concentrations. During daylight hours, solar radiation heats 
the surface, and fluctuations in boundary layer thickness can 
lead to increased variability in daytime LST. Furthermore, 
aerosols, which are typically more concentrated during the 
day due to anthropogenic activities, can impact the absorp-
tion and scattering of solar radiation, thereby contributing 
to differences in daytime LST trends. Conversely, nighttime 
LST is predominantly influenced by radiative cooling and 
is less affected by the processes occurring during the day.

3.5  Comparison of Trends in Daytime and 
Nighttime LST of Different Datasets

All datasets show an average cooling trend in daytime 
(range: −0.024 to −0.133 °C/yr), and mixed trends in night-
time (range: −0.081 to 0.055 °C/yr) mean LST of India at 
seasonal and annual scales during the study period (Fig. 7a, 
b). Trends in daytime mean LST of India show high varia-
tions among the different datasets compared to nighttime 
LST across seasons (Fig. 7a, b). In winter, the average sig-
nificant change rate of daytime mean LST (−0.133 °C/yr) 
derived from MODIS Aqua, AIRS Aqua, ERA5-Land, and 
MERRA-2 was approximately − 0.190, −0.176, −0.088, 
and − 0.080 °C/yr, respectively (Fig. 7a). Additionally, dur-
ing the pre-monsoon period, the trend from satellite data 
ranges from − 0.139 (MODIS Aqua) to −0.086 °C/yr (AIRS 
Aqua), while in the reanalysis, it varies from − 0.022  °C/
yr (MERRA-2) to 0.152 (ERA5-Land) (Fig.  7a). During 
monsoon, the satellite data shows cooling trend in day-
time mean LST (MODIS Aqua: −0.142  °C/yr and AIRS 
Aqua: −0.081  °C/yr), while reanalysis shows warming 
trends (ERA5-Land: 0.017 °C/yr and MERRA-2: 0.002 °C/
yr) (Fig.  7a). During post-monsoon, except MERRA-2 
(−0.031 °C/yr), all three datasets show cooling trend with 
highest in AIRS Aqua (−0.139 °C/yr), followed by MODIS 
Aqua (−0.105  °C/yr), and ERA5-Land (−0.036  °C/yr) in 
daytime mean LST (Fig. 7a). The annual daytime LST trend 
over the past 20 years reveals distinct variations among dif-
ferent datasets. ERA5-Land shows a slight warming trend of 
0.003 °C/yr, while the other datasets indicate cooling trends: 
MERRA-2 at −0.004  °C/yr, AIRS Aqua at −0.091  °C/yr, 
and MODIS Aqua at −0.115 °C/yr (Fig. 7a).

Nighttime mean LST shows the highest cooling 
trend through ERA5-Land (−0.152  °C/yr), followed by 
MERRA-2 (−0.141 °C/yr), and AIRS Aqua (−0.067 °C/yr), 
while MODIS Aqua (0.037  °C/yr) shows warming trend 

Fig. 7  Distribution of (a) daytime and (b) nighttime LST trends at seasonal and annual scales across India (2003–2022) (all values are significant 
at 0.1 level)
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data reveal a predominantly warming trend (0 to 0.5 °C/yr) 
in nighttime mean LST over most of India, except in the WC 
(Fig. 9c, m). Conversely, AIRS Aqua and MERRA-2 show 
a cooling trend (0 to −0.5 °C/yr) across large parts of the 
study area (Fig. 9h, r). In the post-monsoon, all four datas-
ets have shown nearly a similar rate of change (0 to 0.5 °C/
yr) and the same spatial distribution in nighttime mean LST 
(Fig. 9d, i, n, s). Additionally, all datasets show a cooling 
trend (~ −0.5 °C/yr) over the same regions (Fig. 9d, i, n, s). 
On an annual scale, all climate regions show variations in 
trend values through different datasets (Fig. 9c, j, o, t). For 
example, across HR, MODIS Aqua and ERA5-Land show 
a warming trend in most of the area, while a cooling trend 
from AIRS Aqua and MERRA-2 in the region (Fig. 9c, j, 
o, t). Additionally, NW, WC, CNE, P, and NE show warm-
ing trends from all datasets, except AIRS Aqua over WC 
and P (Fig. 9j) and MERRA-2 over northern NW and CNE 
(Fig. 9t). Overall, the nighttime mean LST shows a warming 
trend over the majority of India among all datasets across 
seasons, indicates the presence of ‘nighttime warming 
effect’ (Fig. 9). In contrast, daytime mean LST shows cool-
ing trend among all the datasets across seasons.

4  Discussion

In both seasonal and annual analyses, satellite datasets 
consistently show higher daytime mean LST compared to 
reanalysis datasets. This divergence can likely be attributed 
to disparities in spatial resolution and data collection meth-
odologies between the two sources. When examining night-
time mean LST, reanalysis datasets tend to exhibit slightly 
high values compared to satellite data, particularly during 
pre-monsoon and monsoon seasons, possibly due to cloud 
interference in satellite observations. Conversely, during 
winter and post-monsoon periods, satellite datasets demon-
strate marginally higher values than reanalysis data. On an 
annual scale, reanalysis datasets consistently portray higher 
nighttime mean LST compared to satellite observations. 
The LST estimate disparity between the two datasets has 
been previously investigated across global and regional lev-
els using various approaches (Wang et al. 2022; Wen et al. 
2022; Liu et al. 2020; Retamales-Muñoz et al. 2019; Suss-
kind et al. 2019; Jiménez-Muñoz et al. 2016). The resem-
blance in the satellite datasets is primarily attributed to the 
fact that both rely on thermal infrared-based observations 
and undergo similar retrieval processes (Wang et al. 2022; 
Liu et al. 2020). Furthermore, they share the same limiting 
factors, such as providing observations only in cloud-free 
conditions. Similarly, the results from the two reanalysis 
datasets exhibit identical absolute values as they are both 
modeled datasets based on several surface and atmospheric 

3.6  Spatial Distribution of Seasonal/annual Trends 
in Daytime and Nighttime LST

Almost all climate regions of India have been exhibiting 
cooling trends in daytime mean LST across all seasons 
(Fig.  8). During winter, distinctive cooling trends in day-
time mean LST are observed across all climatic regions in 
the datasets (Fig. 8a, f, k, p). However, notable divergence is 
detected in parts of NW and NE, where all datasets indicate 
slight warming trends (range: 0 to 0.5 °C/yr) (Fig. 8a, f, k, 
p). Pre-monsoon trends in daytime mean LST from satel-
lite data indicate cooling across all regions (except a few 
patches in NW, HR, and P), while reanalysis data indicates 
cooling (0 to −0.5 °C/yr) only in CNE, and few patches of 
NW, WC, NE, and P (Fig. 8b, g, l, q). During the monsoon 
season, both cooling and warming trends are observed in 
daytime mean LST across all datasets, with MODIS show-
ing cooling in all climatic regions, whereas AIRS indicates 
warming (0 to 0.5 °C/yr) in HR and certain patches of CNE 
and NE (Fig. 8c, h). Reanalysis data also depict a mix of 
cooling and warming trends in daytime mean LST in spe-
cific patches of NW, CNE, and WC during the monsoon 
(Fig. 8m, r). Post-monsoon analysis reveals a cooling trend 
(0 to −0.5 °C/yr) in daytime mean LST across all regions 
(except eastern CNE, NE, and eastern HR) in satellite data-
sets (Fig. 8d, i). Furthermore, both reanalysis datasets in the 
same season exhibit a similar distribution in daytime mean 
LST trend (0 to 0.5 °C/yr: P, WC, CNE, and NE; 0 to −0.5: 
NW and HR) (Fig. 8n, s). Overall, daytime mean LST trends 
during winter appear more consistent (with wider coverage) 
across all datasets compared to other seasons (Fig. 8). At an 
annual scale, satellite data consistently show cooling trends 
in daytime mean LST across almost all climate regions of 
India, whereas reanalysis data indicate both cooling and 
warming trends (Fig. 8e, j, o, t). Additionally, satellite data-
sets have a more significant trend area than the reanalysis 
datasets.

During the nighttime, the rate of change in mean LST 
ranges between − 1 °C/yr and 0.5 °C/yr across all the datas-
ets (Fig. 9). In winter, the nighttime mean LST from satellite 
datasets shows a similar trend distribution, although there 
is variation in their trend values (Fig. 9a, f). Across all cli-
matic regions, the winter nighttime mean LST shows a simi-
lar trend (−0.5 °C/yr to 0.5 °C/yr) from all datasets, except 
HR from MERRA-2 (0 to −1 °C/yr) (Fig. 9p). During pre-
monsoon, NW shows a warming trend (0 to 0.5 °C/yr) in all 
datasets. MODIS Aqua shows a warming trend across all 
regions, whereas AIRS Aqua highlights cooling in HR, WC, 
P, and NE (Fig. 9b, g). In contrast, both reanalysis observed 
an almost similar rate of change (−0.5 to 0.5  °C/yr) and 
also covered nearly the same spatial distribution (Fig. 9l, q). 
During the monsoon season, MODIS Aqua and ERA5-Land 
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Fig. 8  Spatial variations of daytime LST trend at seasonal and annual scales across India (2003–2022)
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Fig. 9  Spatial variations of nighttime LST trend at seasonal and annual scales across India (2003–2022)
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LST trend is consistent with a prior investigation indicat-
ing increased LST across much of the country (Prakash and 
Norouzi 2020). Mal et al. (2022) also found a cooling trend 
in daytime mean LST at seasonal (except monsoon, MODIS: 
0.026  °C/yr; ERA5: 0.017  °C/yr) and annual scales over 
the Ganga River Basin from 2001 to 2019, using MODIS 
(winter: −0.078  °C/yr; pre-monsoon: −0.006  °C/yr; post-
monsoon: −0.040 °C/yr; annual: −0.017 °C/yr) and ERA5 
(winter: −0.020  °C/yr; pre-monsoon: −0.017  °C/yr; post-
monsoon: −0.027  °C/yr; annual: −0.017  °C/yr) datasets. 
Conversely, other studies are showing mixed trends in the 
different parts of India and neighbouring regions and thus 
align to some extent with the present study results (Mal et al. 
2023; Rani and Mal 2022; Zhao et al. 2019; Vinnarasi et al. 
2017). The variances observed can be ascribed to disparities 
in study parameters such as geographical scope, timeframe 
(particularly time of 1.30 and 13.30), and data sources. 
Many of the studies leveraging satellite data predominantly 
used Terra imagery exclusively or in conjunction with Aqua 
data. Conversely, evaluation based on reanalysis data com-
monly relied on daily averages rather than a particular time 
of the day. The previous studies found LST trend from − 3 
to 1.5 K/decade and from − 3 to 0.5 K/decade at global and 
India scales, respectively (Sharifnezhadazizi et al. 2019; Liu 
et al. 2020; Wang et al. 2022). These studies also observed 
both warming and cooling trends in LST worldwide, con-
sistent with the findings of the present study. The warming 
trends observed globally are less pronounced over Asia and 
India, with some data even indicating cooling trends. The 
contrasting trends between global and Indian land surface 
temperatures (LST) may suggest complex climate interac-
tions driven by atmospheric circulation patterns, regional 
human activities, and natural variability. This contrast high-
lights the importance of regional studies, as global averages 
can overlook localized effects that are essential for under-
standing climate impacts on biodiversity, agriculture, and 
water resources in specific areas.

The present study period shows cooling and warming 
trends in LST trend which can be attributed to changes in 
LULC conditions, aerosols concentration, rising precipi-
table water vapor (PWV), and extreme climatic events (Mal 
et al. 2022; Null 2024; Rani et al. 2024). The study area 
experienced a notable LULC change, with cropland expand-
ing significantly by more than 20%, replacing areas primar-
ily classified as barren land, which declined by about 35% 
during 2005–2023 (National Remote Sensing Centre 2024). 
In this period, built-up areas also rose by 6.5%, and snow 
cover increased dramatically by 113.82%. The observed 
land cover changes might be linked to the contrasting day-
time and nighttime LST trends in the region. The expan-
sion of cropland and built-up areas could be contributing to 
increased heat retention and slower cooling rates at night, 

parameters (Wang et al. 2022; Liu et al. 2020; Retamales-
Muñoz et al. 2019). However, the present study also reveals 
noticeable dissimilarities between the LST values (both 
mean and trend) of the satellite and the reanalysis, possibly 
due to discrepancies in their data acquisition methods (Li et 
al. 2023; Zhang et al. 2021). For example, satellite datasets 
are constrained to cloud-free conditions, whereas ERA5-
Land is based on modeled data, potentially contributing 
to these disparities. These differences may also stem from 
various other factors, including differences in data resolu-
tion, spatial coverage, and the assimilation of ground-based 
observations (Li et al. 2023; Muñoz-Sabater et al. 2021; 
Zhang et al. 2021; Zhou and Wang 2016). Comparing these 
variations between the two types of datasets in daytime and 
nighttime, it has been found that the differences are more 
pronounced in the daytime. It may be because of several fac-
tors like incoming solar radiation, more pronounced atmo-
spheric conditions (presence of aerosols, water vapor, cloud 
cover, etc.), surface heating, etc. (Zhang et al. 2021; Liu et 
al. 2017; Jiménez-Muñoz et al. 2016; Zhou and Wang 2016; 
Trigo et al. 2008). In contrast, the variation between satellite 
and reanalysis datasets tends to be lower during nighttime 
because, at night, atmospheric conditions are generally more 
stable (Zhang et al. 2021; Liu et al. 2017; Zhou and Wang 
2016; Trigo et al. 2008). Nighttime LST offers a more sta-
ble and consistent dataset due to minimized external influ-
ences, such as solar radiation and human activity, making it 
particularly valuable for long-term policy development. In 
the context of urban heat management, nighttime LST can 
assist in identifying areas that retain heat, thereby contribut-
ing to the urban heat island effect. Likewise, in agricultural 
planning, consistent nighttime temperatures are essential for 
evaluating plant stress and crop resilience. However, while 
nighttime LST is a valuable tool, relying exclusively on it 
may overlook significant diurnal variations, especially in 
regions with substantial temperature fluctuations between 
day and night. In such regions, daytime LST may reveal 
critical insights about temperature extremes, heat exposure, 
and their effects on human health and agriculture. Therefore, 
integrating both daytime and nighttime LST data is essen-
tial for a more comprehensive understanding and effective 
policy development, especially in areas with marked diurnal 
temperature variations.

The present analysis of the annual daytime LST trend 
over NW, WC, HR, and the western part of CNE is consistent 
with an earlier study that reported a cooling trend (~ 2 °C/
decade) over western, south-western, and some parts of 
western Himalaya for the period 2003 to 2017 (Prakash and 
Norouzi 2020). Furthermore, they have found a warming 
trend (0 to 0.5 °C/decade) across the northeast and southern 
parts of the country, which aligns with our trend results over 
the respective regions (NE and P). The annual nighttime 
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the datasets can result in an underestimation or overesti-
mation of LST trends, particularly in heterogeneous land-
scapes. Cloud cover in satellite-derived LST could hinder 
the understanding of regional climate variations, especially 
in regions where cloud cover is frequent. Reanalysis mod-
els’ assumptions, such as the representation of land surface 
processes and boundary conditions, can introduce biases. If 
the assumptions do not accurately reflect local conditions, 
the model outputs may diverge from actual measurements, 
particularly in diverse climatic regions of India. Lastly, 
integrating datasets from different sources can introduce 
complexities, including discrepancies in data processing 
algorithms and methodologies. Variations in calibration and 
validation approaches can lead to inconsistencies between 
satellite and reanalysis outputs, complicating the interpreta-
tion of comparative trends. Future studies should consider 
integrating multiple satellite datasets to mitigate the dis-
crepancies among datasets, ensuring more consistent and 
reliable LST estimates across regions. Higher-resolution 
satellite datasets, particularly those with finer spatial and 
temporal resolutions, can provide more detailed insights 
into regional variations in LST, especially in heterogeneous 
landscapes. Incorporating cloud cover correction algorithms 
could further improve the accuracy of satellite-derived LST 
estimates, particularly in regions with frequent cloud cover, 
where traditional satellite data may be obscured. Addition-
ally, the integration of ground-based measurements through 
localized reanalysis models can help address biases caused 
by generalized assumptions in satellite data. These models, 
when combined with ground-based observations, allow for 
a more precise understanding of land surface processes and 
boundary conditions, which can refine predictions of LST 
and regional climate variations. By considering both higher-
resolution data and ground-based measurements, future 
studies could provide a more accurate and context-specific 
understanding of LST, addressing current limitations related 
to data resolution, cloud cover, and regional variability.

5  Conclusions

The comparative analysis of daytime and nighttime LST and 
its trends in India (2003–2022) using satellite and reanalysis 
data has unveiled multifaceted insights into the dynamics of 
environmental changes within the region. The juxtaposition 
of these datasets has provided a nuanced understanding of 
LST variations across diverse landscapes, climatic zones, 
and temporal scales. The key findings of the present study 
are as follows-.

1.	 In both satellite and reanalysis datasets, the daytime 
mean LST exhibits the highest absolute values during 

potentially leading to nighttime warming. On the other hand, 
the increase in snow cover (hilly regions) and the reduction 
in barren land might support daytime cooling. Snow cover 
tends to reflect solar radiation, and areas with reduced bar-
ren land may absorb less heat compared to other land types. 
Together, these shifts in land cover may help explain the 
cooling observed during the day and the warming at night, 
though other factors could also be at play. Increasing PWV 
typically lowers daytime LST through cooling effects from 
cloud cover, though in some cases it may cause slight warm-
ing. At night, however, higher PWV more reliably high LST 
due to stronger greenhouse warming and diminished radia-
tive cooling.

The implications of this study’s findings extend to various 
sectors, including environmental management, urban plan-
ning, and climate resilience, highlighting the need for con-
tinued refinement and integration of datasets to improve the 
ability to monitor and mitigate the impacts of changing land 
surface temperatures in India. For instance, cooling daytime 
LST may shift plant growth cycles, species distribution, and 
productivity, while nighttime warming could disrupt eco-
systems by altering energy balance. Faster daytime cooling 
could reduce evapotranspiration and retain soil moisture, 
benefiting arid regions. It may also help mitigate the Urban 
Heat Island (UHI) effect, lowering peak temperatures in cit-
ies. However, nighttime warming worsens UHI, increasing 
energy demand, heat stress, and health risks, especially for 
vulnerable populations. These trends could affect precipita-
tion, humidity, and global energy balance, potentially inten-
sifying heat waves and droughts. Future studies are needed 
to explore these impacts. The cooling daytime LST is found, 
especially in the northwest and west-central regions, may 
suggest regional factors such as increased cloud cover, 
changes in land use, or human activities that could be off-
setting the overall warming trends. Conversely, the rise in 
nighttime LST across most areas aligns more closely with 
global warming forecasts, which generally predict higher 
nighttime temperatures due to the atmosphere’s enhanced 
heat retention. This contrast underscores the diverse impacts 
of climate change, highlighting that global warming does 
not uniformly affect all regions. If the cooling trends in day-
time LST persist, they could challenge conventional views 
on climate change effects, warranting further examination of 
local climate dynamics. Over time, the interaction between 
cooling daytime and warming nighttime LST might neces-
sitate adjustments in local climate adaptation strategies and 
policy approaches.

The readers must consider the limitations of the present 
study while interpreting the findings. The time of all the 
datasets in the present study is 1.30 and 13.30 intending to 
capture the maximum thermal contrast between daytime 
and nighttime LST. The mismatch of spatial resolution of 
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primarily indicate a warming trend, although a few 
patches of cooling trend were there.

Overall, findings suggest that while satellite data provide 
consistent insights into LST trends at an annual scale, differ-
ences arise when comparing seasonal trends with reanalysis 
data. At an annual level, all datasets (except ERA5-Land) 
show comparable trends in daytime mean LST across their 
respective climate regions. However, variations are evident 
among the datasets in nighttime mean LST trends over spe-
cific regions. While both satellite-derived datasets (MODIS 
Aqua and AIRS Aqua) and reanalysis data (ERA5-Land and 
MERRA-2) have demonstrated commendable capabilities 
in tracking LST trends, disparities and discrepancies in cer-
tain regions and timeframes have been revealed. Satellite 
data exhibited higher spatial resolutions, capturing local-
scale variations in LST, whereas reanalysis data portrayed 
broader-scale trends with varying degrees of accuracy. How-
ever, despite their differences, the convergence of trends in 
several key areas signifies a degree of agreement between 
the datasets, thereby reinforcing certain observed tempera-
ture trends. These findings underscore the importance of 
amalgamating multiple data sources for a comprehensive 
understanding of LST dynamics. The present study provides 
valuable insights into the diurnal variations in LST, which is 
crucial for understanding surface heat flux and energy bal-
ance in different environments. It contributes to the broader 
global discourse on climate change and underscores the 
significance of reliable, integrated data sources in shaping 
effective policies and strategies for sustainable land use and 
environmental conservation.
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the pre-monsoon period, followed by the monsoon, 
post-monsoon, and winter seasons. In contrast, the 
nighttime mean LST reaches its highest levels during 
the monsoon season, followed by the pre-monsoon, 
post-monsoon, and winter seasons.

2.	 The comparison between satellite and reanalysis datas-
ets (for daytime and nighttime mean LST) has revealed 
a strong correlation coefficient across all datasets. 
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