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Abstract Biomass burning aerosols influence atmospheric temperatures by absorbing solar radiation,
thereby altering the contrast between day and night temperatures. This study investigates the correlation
between these aerosols and day-night (D-N) temperature changes over India by applying principal component
analysis (PCA) in long-term (2003-2021) satellite observations (MODIS AOD, AIRS D-N temperature at
850 hPa, MOPITT CO) and MERRA-2 reanalysis data. Mode analysis for the premonsoon period identifies
biomass burning in northeast India as the dominant source of the second mode of AOD, BC AOD, and CO, with
strong covariations between BC AOD and AOD (R = 0.90) and between CO and AOD (R > 0.79). PCA of
satellite observations shows that long-term variation of AOD and D-N temperature at 850 hPa in the second
mode is strongly correlated (R = 0.83), highlighting the sensitivity of diurnal temperature variations to light-
absorbing aerosols. This strong relationship is further confirmed with MERRA-2 reanalysis data. Moreover,
high correlations (R > 0.85) between BC AOD and D-N temperature in the second mode validate the role of
biomass burning in driving long-term diurnal temperature contrast. Reconstruction analysis over northeast India
indicates that the BC AOD fraction accounts for approximately 42% of the D-N temperature variability during
the 19-year study period. These findings not only quantify the critical role of biomass burning aerosols in
modulating diurnal temperature variations across the Indian region but also provide satellite observation-based
insights that have the potential to constrain the aerosol radiative effects on the atmospheric temperature profile
in climate models.

Plain Language Summary Biomass burning from slash-and-burn agriculture and crop residue
burning releases small heat-absorbing particles into the atmosphere. These particles, especially black carbon,
are highly effective at absorbing sunlight and warming the air, which can lead to changes in day and night
temperature patterns. In this study, we used 19 years of satellite and reanalysis data to explore the relationship
between these particles and the difference between daytime and nighttime temperatures over India. We found
that during the premonsoon season, biomass burning in northeast India, particularly from traditional farming
practices like shifting cultivation, has a strong link with day-night temperature patterns. In fact, the fraction of
black carbon in total aerosol optical depth explained a considerable portion (~42%) of the variation of lower-
atmospheric temperatures between day and night. This study provides firsthand evidence by combining long-
term satellite and model data to study the relationship between burning-dominated particles and day-night
temperature differences in India and to quantify their impact from climate point of view.

1. Introduction

Light-absorbing aerosols originating from both natural and anthropogenic sources, such as black carbon (BC),
brown carbon, and mineral dust, exert a significant influence on the three-dimensional distribution of atmospheric
temperature by absorbing solar radiation, resulting in substantial atmospheric heating and surface cooling (Davidi
et al., 2009, 2012; Li et al., 2022; Wang & Christopher, 2006; Zhang et al., 2020). This influence is particularly
pronounced in regions with high aerosol concentrations, such as the Indian subcontinent, where biomass burning,
dust, and anthropogenic emissions are significant contributors to the overall aerosol loading (Jethva et al., 2019;
Pan et al., 2015; Sarkar et al., 2019). BC aerosol dominates (>75%) the aerosol absorption in this region
(Ramachandran et al., 2020), leading to high atmospheric heating rates of about 1.9-2.0 K Day ™", notably in the
megacity Delhi, primarily attributed to agricultural burning effects (Bisht et al., 2015). Recent observations
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further indicate aerosol-induced atmospheric heating rates of 0.48-0.72 K Day™" over the Indo-Gangetic Plain,
with aerosols accounting for more than 50% of the total warming of lower atmosphere in this region (Ram-
achandran et al., 2023). However, their association with the tropospheric day-night (D-N) temperature contrast,
defined as the difference between daytime and nighttime tropospheric temperatures, remains unexplored.

The northeastern part of India, particularly during the premonsoon season, experiences widespread biomass
burning activity associated with slash-and-burn agricultural practices, which leads to seasonally elevated con-
centrations of absorbing aerosols such as black carbon. Borgohain et al. (2023) reported that fire activity peaks in
March and April in this region, with an average of 65,000 fire counts and surface BC concentrations reaching up
to 3.15 pg m™>. Similarly, Badarinath et al. (2009) and Gogoi et al. (2017) showed that biomass burning during
the premonsoon period enhances aerosol loading and contributes to atmospheric warming in northeast India.
These studies provide a strong basis for examining the relationship between aerosols and temperature in this
region during the premonsoon season. In this context, the present study focuses primarily on biomass burning
aerosols, which make a substantial contribution to the light-absorbing aerosol loading and radiative effects over
northeast India during the premonsoon period. Given the complex topography and persistent, widespread biomass
burning activity, a comprehensive approach integrating both long-term observation-based and modeling ap-
proaches is essential to fully understand the signature of tropospheric diurnal temperature change induced by
these aerosols in this region.

Analyzing the day and night temperature change with aerosol optical depth (AOD) in climatological studies can
elucidate how biomass burning and other light-absorbing aerosols contribute to excess daytime heating compared
to nighttime. Unraveling this relationship will enable us to better understand the complex interaction between
aerosols and temperature dynamics throughout the day. If based on observational data, these insights could help
constrain the representation of absorbing aerosol heating and its vertical distribution in climate models, which
remain major sources of uncertainty in simulated aerosol radiative forcing (Myhre et al., 2013; Samset
et al., 2018). Previous studies have explored changes in atmospheric temperature profiles due to smoke loading
over various regions, particularly over oceanic areas such as the Amazon basin (Davidi et al., 2009) and offshore
southern Africa (Wilcox, 2010), as well as land regions like the Yucatan Peninsula and southern Mexico (Wang &
Christopher, 2006). More recently, studies over the Indian region reported that summertime surface temperature
maxima in northwest India correlate with the abundance of absorbing aerosols (Dave et al., 2020). Bharali
et al. (2019) revealed significant cooling within the boundary layer and slight warming above 1 km due to
absorbing aerosols during daytime over the Indo-Gangetic Plain. Additionally, weak correlations between diurnal
temperature changes (Tmax—Tmin) and variations in the BC burden have been observed in India and China across
winter and summer seasons through climate model simulations (Stjern et al., 2020). However, none of these
studies have explored the long-term mode variability between tropospheric D-N temperature contrast and
biomass burning-driven light-absorbing aerosols using either modeling or observational data, indicating a sig-
nificant gap in the literature regarding the aerosol radiative feedback on the diurnal variation of temperature and
meteorological parameters, such as temperature itself, on both global and regional scales.

This study presents a unique approach to address this significant gap in existing literature. First, we aim to
unravel the relationship between mode variations of light-absorbing aerosols, primarily those associated with
biomass burning and D-N temperature contrast, which, to the best of our knowledge, has not been explored
before over the Indian region. Second, we adopt an integrated approach, utilizing long-term data sets from both
modeling and observational sources, to provide a comprehensive analysis on this subject. Third, we employ the
principal component analysis (PCA) method (details in Section 2) to examine the correlated mode variability
between temperature contrast and absorbing aerosols, as well as key spatiotemporal patterns of temperature
change attributing to the aerosol radiative feedback. Due to the orthogonality between different modes in PCA,
this approach is useful to identify the fingerprints (e.g., spatiotemporal variations) of aerosols on temperature
without detailed treatment of other confounding factors (e.g., variation of daily weather and meteorological
regimes). Unlike conventional correlation analysis, PCA reduces dimensionality and filters out short-term
fluctuations, allowing a mode-based interpretation of spatiotemporal covariability between aerosols and tem-
perature in noisy, heterogeneous data sets, especially in regions with diverse aerosol sources and complex
terrain, such as India.

A 19-year record (2003-2021) of satellite and reanalysis data in the 21st century is used to study the link between
major modes of variability in 3D distributions of aerosols and D-N temperature contrast over the Indian region,
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with particular emphasis on northeast India, where biomass burning is pronounced during the premonsoon season.
These major modes of variability, derived from PCA, represent a statistically robust approach, previously
employed to reveal dominant global aerosol patterns by Li et al. (2013) and to analyze land surface temperature
variability by Song et al. (2021). To our knowledge, this study is the first attempt of using PCA to unravel the
interconnected variation of biomass burning-driven light-absorbing aerosols and D-N temperature contrast.
Additionally, carbon monoxide (CO) data are used as a proxy to further aid, evaluate, and interpret the analysis of
the dominant mode of absorbing aerosols because CO and light-absorbing fine-mode aerosols (smoke, BC) often
have similar sources with incomplete combustion.

Section 2 describes the methodology employed in this study. Section 3 introduces the data sets used, including
AOD from Modern-Era Retrospective analysis for Research and Applications version 2 (MERRA-2) and
Moderate Resolution Imaging Spectroradiometer (MODIS) Level 3 products; day and nighttime temperature
from MERRA-2 and the Atmospheric Infrared Sounder (AIRS); CO column data from Measurements of
Pollution in the Troposphere (MOPITT) and MERRA-2; and speciated AOD data from MERRA-2, including
black carbon AOD (BC AOD), organic carbon AOD (OC AOD), and sulfate AOD. Section 4 presents our
findings, starting from the mode analysis of absorbing aerosols (Section 4.1) and D-N temperature and its
attribution (Section 4.2), followed by the mode analysis for reconstructed data (Section 4.3). The discussion and
conclusions are provided in Sections 5 and 6.

2. Methodology

The principal component analysis (PCA) for the aforementioned data sets in 2003-2021 is performed to explore
the correlated variations of biomass burning-driven light-absorbing aerosols and tropospheric temperature over
the Indian region. PCA, first introduced by Pearson (1901), is a statistical approach that employs orthogonal
transformations to create a new set of independent variables, called the principal components, which capture the
essential information of the original data, with Ist component explaining the highest variability, the 2nd
component explaining the second most variability, and so on (Hotelling, 1933; Jolliffe, 2002). PCA is widely
applied in climate and environmental studies to identify the dominant modes in spatiotemporal variations of
variables such as sea and land surface temperature, AOD, dust particles, etc. (Li et al., 2013; Lu et al., 2023; Song
et al.,, 2021; Khoir et al., 2022). This approach is particularly useful for unraveling aerosol-temperature re-
lationships in regions with diverse aerosol sources and complex terrain, such as over India.

If we consider a data matrix X of size N x M, where N is the number of locations and M is the number of ob-
servations, then the PCA is calculated by computing the eigenvectors of the covariance matrix C (Li et al., 2013)

1
C=1ry 1XXT )

Cis an N X N real, positive semidefinite matrix and can thus be expressed as follows:

C = EAET ()
Where E is an orthogonal matrix comprising the N orthogonal eigenvectors, often referred to as empirical
orthogonal functions (EOFs) and A represents a diagonal matrix containing the N eigenvalues of C. The principal
components (PCs) are determined by projecting the data matrix on the corresponding EOF and can be
computed as

P=X"E 3)
Matrix P has a dimension of M X N, whose columns represent the N principal components; thus, P and E satisfy

X=EPT 4)

Combining equations Equations 1, 2, and 4, we can write the diagonal matrix A as
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1
A=—P Pr )

The principal components are mutually orthogonal, and the eigenvalues of A represent their variances.

Before conducting the analysis, we preprocessed the data by removing the mean of each column of the data
matrix. We used monthly data covering the premonsoon months (March, April, and May) for each year from 2003
to 2021, with each month treated as an independent sample in the PCA, which allows us to focus on spatio-
temporal variability across seasonal observations.

In this study, PCA was applied separately to each data set (e.g., MODIS AOD, AIRS D-N temperature, MOPITT
CO, and MERRA-2 aerosol and temperature variables). To ensure consistency across data sets, we used monthly
Level 3 gridded satellite products (MODIS, AIRS, and MOPITT) at 1° X 1° resolution. MERRA-2 variables were
used at their original 0.5° X 0.625° resolution. Each data set was processed independently to identify dominant
spatial modes and their associated temporal variability using PCA. We then examined the temporal covariability
between principal components representing biomass burning related aerosol variability and those representing
temperature variability. In addition, MERRA-2 aerosol and temperature fields were reconstructed from the
selected principal mode to assess spatiotemporal correlations in the biomass burning-dominated region.

3. Data Sets
3.1. MODerate Resolution Imaging Spectroradiometer (MODIS)

MODIS instruments onboard NASA's Terra (since 1999) and Aqua (since 2002) satellites have been providing
continuous aerosol measurements for over 20 years. It acquires data in 36 spectral channels with wavelengths
ranging from 0.4 to 14.4 pm and spatial resolutions varying from 250 m to 1 km, achieving complete global
coverage every 1-2 days (Levy et al., 2007). Two operational algorithms, Dark Target (DT) and Deep Blue (DB),
are employed for retrieving AOD from MODIS, with comprehensive descriptions available in prior studies (Levy
et al., 2013a; Remer et al., 2005). Extensive validation of MODIS AOD has been conducted globally and
regionally, establishing its credibility and widespread utilization in aerosol and climate studies (Gupta et al., 2018;
Ma et al., 2016; Payra et al., 2023; Wei et al., 2019). For this study, we utilized gridded monthly Level 3 MODIS
Aqua (MYD08_M3) combined Dark Target and Deep Blue AOD product at 1° spatial resolution (Platnick
et al., 2015) over the Indian region during the period 2003-2021.

3.2. Atmospheric Infrared Sounder (AIRS)

The Atmospheric Infrared Sounder (AIRS) onboard NASA's EOS Aqua satellite is a grating spectrometer with
2378 infrared channels and four visible/near-infrared channels, providing 3D measurements of temperature,
water vapor, and other earth/atmospheric products throughout the atmospheric column (CHAHINE et al., 2006).
The swath width of AIRS is 1,650 km with a horizontal resolution of 13.5 and 2.3 km at the nadir for infrared and
visible/near-infrared channels, respectively (Aumann et al., 2003). Here, we have utilized AIRS L3 Monthly
Standard Physical Retrieval (AIRS-only) 1° X 1° V7.0 (AIRS3STM v7.0) daytime and nighttime air temperature
data at 850 hPa for the period 2003-2021. Level 3 air temperature products are gridded averages of the AIRS L2
air temperature onto 1° X 1° latitude/longitude grid cells, covering pressure levels from 1,000 to 1 hPa, and are
reported separately for ascending and descending orbits (Tian et al., 2020). The D-N temperature contrast in this
study is computed by subtracting the temperature in the descending (nighttime, 01:30 LT) mode from the
ascending (daytime, 13:30 LT) mode. Details regarding the L3 version 7 products, retrieval algorithm, and
validation can be found in various studies (Ding et al., 2020; Zhang et al., 2023).

As AIRS retrieves temperatures at fixed local times, the computed D-N temperature contrast may underestimate
the full diurnal temperature range. However, our study focuses on long-term spatiotemporal variability instead of
capturing the full diurnal amplitude. The consistent twice-daily sampling from AIRS provides a reliable basis for
comparing relative variations in D-N temperature contrast across regions and over time (Ruzmaikin et al., 2017).
Therefore, long-term AIRS observations remain suitable for analyzing D-N temperature contrast to investigate
aerosol-temperature covariability.
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Here, we selected daytime and nighttime temperature data at 850 hPa (~1,500 m) for this study. In regions where
biomass burning is prevalent during the premonsoon season, such as northeast India, terrain elevations generally
remain below 1,500 m (see Figure Sla in Supporting Information S1), making 850 hPa suitable for representing
free-tropospheric conditions while reducing the influence of surface heterogeneity and topographic effects on
temperature retrieval. Moreover, vertical profile analysis (Figure S1b in Supporting Information S1) shows that
the D-N temperature difference peaks around 850-925 hPa. Since 925 hPa can fall below the surface in elevated
areas, 850 hPa provides a more reliable and consistent level. Additionally, we found that the correlation between
MERRA-2 BC AOD and D-N temperature is strongest at 850 hPa (figure not shown), indicating that this level
best captures the thermal response to absorbing aerosols. These findings are consistent with previous studies that
reported enhanced aerosol-induced heating at altitudes of around 1-2 km (e.g., Kant et al., 2023).

3.3. Measurements Of Pollution In The Troposphere (MOPITT)

The Level 3 monthly column CO data at 1° X 1° latitude-longitude grid was obtained from Measurements Of
Pollution In The Troposphere (MOPITT) version 8 (MOPO3T_8) for the period 2003-2021. MOPITT, onboard
NASA's EOS Terra satellite, is a nadir-viewing gas correlation radiometer providing measurements of CO in
different layers of the troposphere since March 2000 on a global scale (Deeter, Edwards, Francis, Gille, Mao,
et al., 2019; Drummond, 1993). It measures upwelling radiation in both thermal infrared (TIR; 4.7 pm) and near-
infrared (NIR; 2.3 pm) bands (Drummond et al., 2022). MOPITT's spatial resolution is 22 km at nadir, with a
swath width of 640 km, equator crossing at 10:30/22:30 local time, and global coverage every 3 days. A detailed
description of the measurement technique and the retrieval algorithm can be found in various studies (e.g., Deeter
et al., 2003). The MOPITT CO data have been widely used for various applications such as long-term trend
analyses, interannual variability assessments, exploration of emission sources, and CO budget construction
(Girach & Nair, 2014; Strode & Pawson, 2013; Zhang et al., 2020). Extensive evaluations of MOPITT's per-
formance have been documented on both global and regional scales, including assessments over the Indian region
(Buchholz et al., 2017; Deeter et al., 2017; Emmons et al., 2009).

3.4. MERRA-2 Reanalysis

We also utilized the Modern-Era Retrospective analysis for Research and Applications version-2 (MERRA-2)
monthly data, including AOD and its speciation (BC AOD, OC AOD, AAOD, and sulfate AOD), column CO, and
day and night temperature at 850 hPa from 2003 to 2021 over the Indian region. These column-integrated aerosol
variables are widely used in climatological studies to represent regional aerosol burden and radiative effects.
MERRA-2, a global reanalysis data set from NASA's Global Modeling and Assimilation Office (GMAO), en-
compasses earth observations since 1980, assimilating meteorological data and AODs from various ground- and
satellite-based sources (Gelaro et al., 2017; Randles et al., 2017). It utilizes the upgraded version (Version 5.12.4)
of the Goddard Earth Observing System Model, version 5 (GEOS-5) data assimilation system (Rienecker
et al., 2008) and provides meteorological and chemical fields at a resolution of 0.625° X 0.5° with 72 hybrid-eta
levels from the surface to 0.01 hPa. MERRA-2 assimilates bias-corrected AOD from MODIS, AVHRR, and
MISR (over bright surfaces), as well as from AERONET. It employs the Goddard Chemistry, Aerosol, Radiation,
and Transport (GOCART) aerosol module to simulate externally mixed aerosol mass mixing ratio tracers,
including dust, sea salt, BC, organic carbon, and sulfate (Randles et al., 2017). Anthropogenic BC, sulfate, and
primary organic matter (POM) emissions are obtained from AEROsol COMparisons between Observations and
Models (AeroCom) Phase II (Diehl et al., 2012), with further details provided in Randles et al. (2017). MOPITT
CO is not assimilated in MERRA-2. MERRA-2 has been shown to reasonably capture aerosol distributions over
India (e.g., Buchard et al., 2017; Kuttippurath & Raj, 2021; Pandey & Vinoj, 2021). A detailed description of the
MERRA-2 input observation system and validation of meteorological and chemical fields are available in several
previous studies (Bosilovich et al., 2015; McCarty et al., 2016).

4. Results

The distribution of AOD across the Indian region is significantly influenced by the prevalence of distinct aerosol
types that vary throughout the seasons (see Figures 1a—1d). While multiple sources, including dust, vehicular,
industrial, and residential emissions, contribute to aerosols across India, their relative influence varies regionally
and seasonally. During the premonsoon season (March-May), higher AOD is observed over northeast India,
primarily due to biomass burning emissions related to shifting or jhum cultivation practices (Figures la and le).
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Figure 1. Seasonal distribution of MODIS AOD over the Indian region from 2003 to 2021 (panels a—d), along with the spatial distributions of (e) total AOD, (f) black
carbon (BC), (g) organic carbon (OC), and (h) dust AOD from MERRA-2 reanalysis during the premonsoon period of 2003-2021.

MODIS daily fire detections (blue line) and their 30-day rolling mean (orange line) consistently peak between
March and May each year, further supporting the seasonal dominance and persistence of biomass burning in
northeast India (see Figure S2 in Supporting Information S1). Previous studies (e.g., Badarinath et al., 2009;
Borgohain et al., 2023; Gogoi et al., 2017) have also identified biomass burning as a key contributor to aerosol
loading in this region and season. This region exhibits high concentrations of carbonaceous aerosols, particularly
BC and OC AOD (Figures 1f and 1g), while dust AOD is largely confined to western India (Figure 1h). In
contrast, biomass burning in northwest India and anthropogenic emissions, mostly over the densely populated
Indo-Gangetic Plain, play a dominant role in the postmonsoon (September—November) and winter (December—
February) seasons (Figures 1c and 1d). Similarly, BC AOD, the key light-absorbing aerosol, also shows a distinct
seasonal pattern (See Figure S3 in Supporting Information S1). In the premonsoon season, BC is emitted mainly
from biomass burning in northeast India, while in the postmonsoon and winter season, it shows a more mixed
composition of biomass burning and anthropogenic emissions from highly populated areas (Figure S3 in Sup-
porting Information S1; David et al., 2018).

Given the clearer dominance of biomass burning during the premonsoon season, we conducted PCA specifically
for this period to investigate the correlation between light-absorbing aerosols and D-N temperature over this
region during 2003-2021. Focusing on the premonsoon period allows for a more robust analysis than other
seasons, where aerosol sources are more complex and entangled. Additionally, we did not include dust aerosols in
the PCA analysis, as their contribution is spatially limited to western India during the premonsoon season (see
Figure 1h) and does not significantly overlap with the biomass burning-dominated region of northeast India. To
identify the dominant patterns of variability in aerosol and D-N temperature, we first applied PCA over the entire
Indian region for the premonsoon season. This broader spatial domain allowed us to separate region-specific
aerosol modes. We then focused the reconstruction analysis over northeast India, where biomass burning aero-
sols are prevalent, to quantify their contribution to the D-N temperature contrast.

4.1. Mode Analysis of Light-Absorbing Aerosols

To understand the spatiotemporal variability of light-absorbing aerosols and their relationship to D-N temperature
contrast, we first applied PCA to satellite and reanalysis AOD data sets. The main goal of this analysis is to
identify the dominant patterns in aerosol loading, particularly those associated with biomass burning, and to
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Figure 2. The first two modes of PCA analysis for (a) MODIS and MERRA-2 AOD, (b) MERRA-2 BC and OC AOD, (c) MOPITT and MERRA-2 CO column, and
(d) AIRS and MERRA-2 D-N temperature data during premonsoon months (Mar—Apr—May) of 2003-2021 over the Indian region. The variance of each mode is shown
as a percentage at the top of each panel. The color scales indicate the sign and magnitude of the EOF loadings, with red indicating positive values and blue indicating

negative values.

distinguish them from other aerosol sources such as dust and anthropogenic emissions. This approach allows us to
isolate the modes dominated by biomass burning for further evaluation and attribution to the D-N temperature
contrast, particularly during the premonsoon season.

As described in Section 2, each PCA mode consists of a spatial pattern (EOF) and a corresponding time series
(PC). The spatial variability of MODIS and MERRA-2 AOD data over the Indian region during the premonsoon
period is predominantly explained by the first four PCA modes, accounting for 80%—93% of the total variance
(Figure 2a and Figure S4a in Supporting Information S1). Specifically, the first two modes together explain 73%
and 88% of the variance in MODIS and MERRA-2 data, respectively (Figure 2a). The spatial patterns corre-
sponding to these modes exhibit strong agreement between MODIS and MERRA-2 AOD (Figure 2a). In the PCA
maps (Figure 2), the red and blue color gradients represent the sign and magnitude of the EOF loadings, with red
indicating positive loadings and blue indicating negative ones. When the associated PC value is positive, AOD
increases in regions with positive loadings (red areas) and decreases in regions with negative loadings (blue areas)
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Figure 3. The PC time series of the first two modes for (a) MODIS and MERRA-2 AOD, (b) MERRA-2 BC and OC AOD, (c) MOPITT and MERRA-2 CO column, and
(d) AIRS and MERRA-2 D-N temperature data during premonsoon months (Mar—Apr—May) of 2003-2021 over the Indian region. Each point along the x-axis
represents an individual premonsoon month (March, April, and May) from 2003 to 2021. The y-axis represents the PC time series values (unitless). The data are treated

as independent observations in the PCA.

and vice versa when the PC value is negative. This approach enables us to identify distinct aerosol patterns and
their associated temporal variability. Modes 3 and 4 contribute minimally to the overall variance, accounting for
~2%—-4% in MODIS and 1%-2% in MERRA-2 data (see Figure S4a in Supporting Information S1). Therefore, we
will focus our discussion only on the first two modes. Quantitatively, MODIS shows greater variability than
MERRA-2 in the first two modes (Figure 2a), which is consistent with previous studies, indicating higher
variability in MODIS data than other satellites (e.g., OMI and MISR) over regions, especially over the Thar desert
and the Indo-Gangetic Plain (Li et al., 2014). Mode 1 represents a mixture of biomass burning and dust aerosols
(Figure 2a). The westerly wind transports mineral dust from arid regions and the Thar desert in western India,
carrying it into the Indo-Gangetic Plain and northern India (Figure 1h; Kumar et al., 2015). Mode 2 is pre-
dominantly attributed to biomass burning activities in northeast India, especially from slash-and-burn agriculture
practices such as jhum or shifting cultivation (Figure 2a second column; Figure S2 in Supporting Information S1).
This mode highlights the presence of absorbing aerosols like BC and OC (see Figures 1f and 1g for the spatial
distribution of BC and OC AOD). To examine the temporal evolution of these modes, we analyzed the associated
PC time series shown in Figure 3a for the first two modes and in Figure S5a of Supporting Information S1 for
modes 3 and 4. There is a weak and consistent seasonal cycle in the first mode for both MODIS and MERRA-2
data (with a linear correlation coefficient R of 0.67), suggesting a stable mean state of emissions (Figure 3a top
panel). In contrast, significant variability is evident in the second mode (bottom panel in Figure 3a), reflecting
year-to-year changes in biomass burning emissions during the premonsoon season. This large temporal variability
is reflected in both MODIS and MERRA-2 data sets, with a correlation coefficient of 0.83 (bottom panel in
Figure 3a). The assimilation of bias-corrected AOD from MODIS into the MERRA-2 reanalysis enhances the
consistency between the data sets.
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Figure 4. Scatterplots showing (a and b) the relationship between PC2 BC AOD and PC2 OC AOD with PC2 AOD from MERRA-2, (c) the relationship between PC2
BC AOD and PC2 AAOD from MERRA-2, (d) the relationship between PC2 AOD from MODIS and PC2 CO from MOPITT, and (e) same as figure (d) but using
MERRA-2 AOD and CO data during the premonsoon period (2003-2021).

Since MERRA-2 closely resembles satellite observations, we extended our analysis using MERRA-2 data to
perform PCA on carbonaceous AOD (BC and OC AOD) over the Indian region (Figure 2b and Figure S4b in
Supporting Information S1). The first two modes together explain approximately 92% of the total variance
(Figure 2b). Mode 1 primarily reflects large-scale background variability in carbonaceous aerosols, whereas
Mode 2 highlights the influence of biomass burning, particularly over northeast India. Strong correlations be-
tween BC and OC time series in both modes (R = 0.95 for Mode 1 and R = 0.76 for Mode 2, Figure 3b) indicate
overall covariability of these species. However, the biomass burning signal is especially evident in Mode 2, where
the principal components of BC and OC AOD show strong covariation with Mode 2 AOD, with correlation
coefficients of 0.90 between BC AOD and AOD and 0.75 between OC AOD and AOD (Figures 4a and 4b).
Additionally, the combined contributions of PC2 BC and OC AOD show a strong correlation (R = 0.88) with PC2
AOD, further supporting these findings (Figure S6a in Supporting Information S1). This analysis indicates that
biomass burning is the driving factor of AOD variance, primarily through the contributions of both BC and OC.

To further investigate the dominant modes of absorbing aerosols, we expanded our PCA analysis for CO, a tracer
for biomass burning with similar sources to light-absorbing aerosols. Similar to AOD, BC, and OC AOD, modes 3
and 4 of CO account for only a small fraction (0.41%-1.21%) of the total variance (Figure S4c in Supporting
Information S1). The first mode of the MOPITT CO column reflects a combination of anthropogenic and biomass
burning sources, explaining 84% of the total variance, with a very weak cycle evident in the time series plots (top
panels in Figures 2c and 3c, respectively). Mode 2 is predominantly influenced by biomass burning in northeast
India, explaining 3% of the total variance (Figure 2c). Similarly, the PCA modes from MERRA-2 resemble those
of MOPITT CO, accounting for 97% of the variance; however, MOPITT shows greater variability across all
modes (Figure 2c). Both data sets indicate significant loading of biomass burning emissions from northeast India,
with a strong correlation of 0.84 between their Mode 2 time series (Figure 3c). Both the PC2 of MOPITT and
MERRA-2 CO exhibit strong correlations with the PC2 of AOD, with coefficients of 0.79 for satellite data and
0.80 for model data, reflecting their common biomass burning sources (Figures 4d and 4e).

CHUTIA ET AL.

9of 18

5UBD 17 SUOLIWIOD) BA 81D a|qedl |dde ay) Ag peussnob ae sap e YO ‘8sn JO S3|nJ 10j AReiq 17 8uluQ 43|11 UO (SUO N IPUOD-PUR-SLLLIBIAWI0Y" A3 | 1M ALeiq I Bu 1 JuO//SANY) SUO R IPUOD Pue SWB | 8Y)38S *[S202/2T/92] uo AriqiauliuQ AB|IM ' suonsinboy SeLes - satelqiemo| JO AIseAIuN -ennyd ewiyie Aq ZTySr0arse0z/620T 0T/10p/wod A8 [im Aelq 1 puiuosgndnbe//:sdny wouy pepeojumoq ‘T ‘9202 ‘96686912



NI

ADVANCING EARTH
AND SPACE SCIENCES

Journal of Geophysical Research: Atmospheres 10.1029/2025JD045412

To validate that the aerosols associated with Mode 2 are both biomass burning in origin and strongly absorbing in
nature, we extended our PCA analysis to include MERRA-2—absorbing aerosol optical depth (AAOD) and the
AAOD/AOD fraction, which provide direct proxies for aerosol radiative absorption. The second PCA modes of
both AAOD and AAOD/AOD closely resemble the spatial and temporal patterns of BC AOD and CO, with
particularly strong loadings over northeast India (Figures S7a and S7b in Supporting Information S1). The second
principal component of AAOD shows a strong correlation with that of BC AOD (R = 0.97), highlighting that BC
AOD is a strong indicator of absorbing aerosol variability during the premonsoon season in this region
(Figure 4c).

Overall, this analysis shows that the second PCA mode across multiple aerosol indicators, including AOD, BC
AOD, OC AOD, CO, and AAOD, captures a strong biomass burning signal over northeast India during the pre-
monsoon season. The consistent spatial and temporal patterns across these variables confirm that Mode 2 is
dominated by biomass burning related emissions. Moreover, the inclusion of AAOD and the AAOD/AOD
fraction highlights that BC AOD is a reliable proxy for absorbing aerosols. In the following section, we examine
how these absorbing aerosols covary with D-N temperature contrast during the premonsoon season.

4.2. Mode Analysis of Temperature and Its Attribution

The first two PCA modes of AIRS and MERRA-2 D-N temperature at 850 hPa, along with their corresponding
time series during the premonsoon months, are presented in Figures 2d and 3d. Together, these modes account for
81% and 90% of the total variance in AIRS and MERRA-2 data, respectively. Mode 1 appears to be driven by
topography (Figure 2d) and shows a weak cycle (Figure 3d), whereas Mode 2 exhibits significant variability with
a strong correlation (R = 0.84) between the AIRS and MERRA-2 time series (Figures 2d and 3d). In Mode 2
(Figure 2d, right column), northeast India shows positive loadings (red), indicating that when the PC time series
(Figure 3d) is positive, the D-N temperature contrast tends to be stronger in this region and weaker when the PC
values are negative. Contributions from Modes 3 and 4 are minimal (1%—2%), as indicated in Figure S4d of
Supporting Information S1. Therefore, we selected the Mode 2 D-N temperature, which best captures interannual
changes in temperature contrast during the premonsoon season, to further investigate the link between D-N
temperature variations and absorbing aerosols.

We conducted correlation analysis between the D-N temperature difference associated with the second principal
component (PC2) and the PC2 of biomass burning-dominated aerosol variables, as identified in Section 4.1,
including PC2 of AOD, BC AOD, OC AOD, and CO (Figure 5). A significant correlation is observed between
PC2 of AOD from MODIS and PC2 of D-N temperature from AIRS, with a correlation coefficient of 0.83
(Figure 5a). Similarly, the correlation between PC2 of MERRA-2 absorbing AOD and PC2 of D-N temperature is
0.84 (Figure 5b). These strong correlations from both the model and satellite data highlight the sensitivity of D-N
temperature differences to variations in light-absorbing aerosols and their interconnection via radiative feedback
processes. Larger temperature differences correspond to higher amounts of absorbing aerosols, implying that
these aerosols contribute to excess daytime heating. The strong agreement between satellite observations and
reanalysis data strengthens our findings, emphasizing the reliability of the relationship between absorbing
aerosols and D-N temperature contrast across different data sets.

Given the strong association between the second principal components of AOD and CO (Figures 4d and 4e), we
next analyze how the PC2 of the CO column, dominated by biomass burning, correlates with the PC2 of D-N
temperature difference (Figures 5c and 5d). We observe that CO exhibits a strong correlation (R > 0.81) with
D-N temperature differences in PC2 in both satellite and reanalysis data (Figures 5¢ and 5d). This finding supports
our hypothesis that the PC2 of AOD, which shows a strong covariation with the PC2 of CO, is dominated by
absorbing aerosols and is positively correlated with D-N temperature variations. Furthermore, high correlations
are observed between the PC2 of AAOD and the AAOD/AOD ratio with the PC2 of D-N temperature contrast
(R =0.90 and 0.93, Figures S7c and S7d in Supporting Information S1), highlighting the important contribution
of absorbing aerosols to the D-N temperature contrast. Additional analysis, presented in Figures 5e and 5f, reveals
a strong association (R = 0.72-0.89) between the PC2 of both biomass burning-dominated BC and OC AOD and
the PC2 of D-N temperature, further emphasizing their impact on D-N temperature variations. Moreover, the
combined BC and OC AOD in PC2 shows a strong relationship (R = 0.86) with the PC2 of temperature contrast,
supporting our hypothesis (Figure S6b in Supporting Information S1).
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Figure 5. Scatterplots illustrating various relationships during the premonsoon period of 2003-2021: (a) Relationship
between PC2 AOD from MODIS and PC2 D-N temperature from AIRS. (b) Same as (a) but with MERRA-2 AOD and
temperature data. (c) Relationship between PC2 CO from MOPITT and PC2 D-N temperature from AIRS. (d) Same as
(c) but using MERRA-2 CO and temperature data. (e and f) Relationship between PC2 BC and OC AOD with PC2 D-N
temperature form MERRA-2.

4.3. Analysis of Reconstructed Data

To further quantify the relationship between absorbing aerosols and D-N temperature variations, we reconstructed
AOD, BC AOD, and D-N temperature data using Mode 2 from MERRA-2 reanalysis. Because of the orthogo-
nality and linearity of the different modes in PCA, the reconstruction of the data by modes allows us to reveal the
mode-based relationship among multiple variables in their original physical space. Since the fraction of BC AOD
regulates aerosol single scattering albedo, that in turn affects the effectiveness of solar absorption (per unit of
AOD), we utilized Mode 1 to reconstruct the BC AOD fraction, which represents the relative contribution of BC
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Figure 6. Correlation maps showing the relationship between reconstructed (a) BC AOD and D-N temperature, (b) BC AOD fraction and D-N temperature, and (c) total
AOD and D-N temperature from MERRA-2 over northeast India during the premonsoon period (2003-2021). BC AOD, total AOD, and D-N temperature are
reconstructed using Mode 2, while BC AOD fraction is reconstructed using Mode 1. Regions where correlations are not statistically significant (p < 0.05) and where the

annual average BC AO

D is below 0.03, BC AOD fraction is below 0.05 and total AOD below 0.2 are masked out. Panels (d), (¢), and (f) show the spatial distribution of

BC AOD, BC AOD fraction, and total AOD, respectively, over northeast India during the same period.

to the total aerosol loading (Figure S8a in Supporting Information S1). This mode closely resembles the spatial
pattern of the BC AOD fraction (Figure 6e), highlighting the significant influence of biomass burning in
northeastern India, and exhibits a strong correlation (R = 0.91) with D-N temperature variations, as depicted in
Figure S8b of Supporting Information S1. By focusing on the modes that are predominantly influenced by
biomass burning aerosols, this reconstruction enables us to isolate the impact of absorbing AOD on the spatial and
temporal distributions of D-N temperature contrast while minimizing interference from other aerosol sources.

A statistically significant correlation analysis was conducted over northeastern India, where biomass burning is
particularly prevalent during the premonsoon season (Figures 6a—6c). We masked out regions where the annual
average BC AOD fraction and BC AOD were below 0.05 and 0.03, respectively. The reconstruction revealed a
significant positive correlation (R = 0.20-0.88) in the upper part of northeastern India between BC AOD, BC
AOD fraction, and D-N temperature contrast at 850 hPa, indicating that higher BC levels correspond to greater
D-N temperature differences (Figures 6a and 6b). This finding is further supported by the spatial distribution of
BC AOD and its fraction, which show higher values in the upper northeastern region, where absorbing aerosols
are largely driven by biomass burning (Figures 6d and 6e). Significant positive correlations with D-N temperature
contrast are observed in those areas where both BC AOD and its fraction show higher values (Figures 6a and 6b).

Similarly, total AOD and D-N temperature contrast also show significant positive correlations in this region
(Figure 6¢), emphasizing that the overall aerosol burden contributes to enhanced diurnal temperature variations.
In contrast, the lower part of northeastern India and Bangladesh displays higher sulfate AOD and its fraction,
indicating the prevalence of scattering aerosols (Figures S9a and S9b in Supporting Information S1). The cor-
relation between BC AOD and D-N temperature contrast is largely insignificant in regions where sulfate aerosols
dominate, and a negative correlation is observed between the sulfate AOD fraction and the D-N temperature
contrast in those areas (Figure S9c in Supporting Information S1). Notably, the similar patterns observed for both
BC AOD and the BC fraction of total AOD versus D-N temperature contrast highlight the important role of
absorbing aerosols in increasing daytime heating more than nighttime cooling, resulting in a larger diurnal
temperature range. This effect is consistent with previous studies (e.g., Wang & Christopher, 2006; Wilcox
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et al., 2016), which showed that smoke absorption significantly increases atmospheric heating due to reduced
turbulent mixing and surface influence. By isolating the dominant PCA modes associated with biomass burning
aerosols, our reconstruction highlights the statistically significant covariability between absorbing aerosol loading
and D-N temperature contrast during the premonsoon season over northeast India. Nevertheless, other contrib-
uting factors, such as cloud cover, which reduces daytime maximum temperature and suppresses the diurnal
temperature range (Dai et al., 1999); land surface properties, including soil moisture and vegetation cover, which
alter the surface energy balance (Shen et al., 2017); and boundary layer dynamics, which regulate nighttime
cooling efficiency (Acevedo & Fitzjarrald, 2001), can also influence D-N temperature variability. Such processes
may modulate or interact with aerosol-radiation effects and contribute to the overall temperature dynamics. Our
focus here, however, is to demonstrate that changes in D-N temperature patterns can, in part, be statistically
explained by the spatial and temporal distributions of light-absorbing aerosols.

5. Discussion

Figure 7 provides an overview of the workflow and key findings of the study, illustrating the data sets, statistical
analyses (PCA, correlation, reconstruction, and regression), and the stepwise progression from analyses over the
entire Indian region to northeast India specific analyses. Our findings highlight the important role of biomass
burning aerosols in regulating D-N temperature contrast, particularly during the premonsoon season when
emissions from biomass burning in northeast India are most intense. During this period, slash-and-burn agri-
cultural farming methods like jhum or shifting cultivation in northeast India significantly contribute to aerosol
loading in this region.

Previous studies by Mondal et al. (2021) investigated the impact of absorbing aerosols on summertime surface
temperature maxima, particularly in northwest India; however, their influence on D-N temperature variations
over the Indian region has not been investigated. Our findings provide new insights into this relationship by
revealing a significant positive correlation between absorbing AOD and D-N temperature contrast, particularly
over regions where biomass burning is prevalent. The reconstruction analysis indicates that absorbing aerosols
contribute to enhanced daytime warming due to increased solar radiation absorption, which leads to boundary
layer stabilization and reduced turbulent mixing. At night, the absence of solar radiation and the limited inter-
action of absorbing aerosols with longwave radiation significantly reduce their radiative heating effect, resulting
in weaker nighttime warming, thereby increasing the diurnal temperature range. These mechanisms align with
previous model-based research demonstrating that aerosol-induced radiative effects can modify temperature
profiles (Ramanathan et al., 2007). However, our study provides an observational constraint on this relationship,
highlighting the need for more accurate integration of aerosol-induced warming effects in climate models.

To quantify the contribution of absorbing aerosols to D-N temperature variations, we examined the percentage of
D-N temperature variability explained by BC AOD and the BC AOD fraction (Figure 8). Our results show that BC
AOD accounts for 27% of the variability in D-N temperature contrast, with a correlation coefficient of 0.52, while
the BC fraction of total AOD explains nearly 42% of the variability, with a stronger correlation coefficient of 0.65
(Figures 8a and 8b). This implies that the BC fraction of AOD is a more effective indicator than BC AOD itself in
representing the heating effect of absorbing aerosols. The BC fraction represents the relative dominance of light-
absorbing particles within the total aerosol burden, essentially capturing the aerosol absorption efficiency and the
balance between light-absorbing and scattering aerosols that governs atmospheric heating and, consequently, the
D-N temperature contrast (Ramachandran & Kedia, 2010). In contrast, BC AOD represents the column-integrated
optical depth attributable specifically to BC particles, indicating their overall atmospheric burden and contri-
bution to solar radiation absorption. Additionally, linear regression analysis shows that especially in regions
where biomass burning emissions are prevalent, small changes in BC AOD and its fraction can have a substantial
impact on the D-N temperature contrast, further emphasizing the important role of aerosol absorption in regu-
lating D-N temperature patterns. The remaining unexplained variability may be contributed by other meteoro-
logical and surface processes, such as cloud cover, land surface properties, boundary layer dynamics, and
scattering aerosols that primarily reflect solar radiation and induce surface cooling, all of which can affect the
diurnal temperature cycle (Acevedo & Fitzjarrald, 2001; Dai et al., 1999; Shen et al., 2017).

To the best of our knowledge, this is the first study to employ a multiyear data set of D-N temperature alongside
AOD, using PCA to assess the relationship between absorbing aerosols and D-N temperature contrast over India.
By combining both satellite observations and reanalysis data sets, our study presents a more observationally
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Figure 7. Workflow and key findings of the study, showing the data sets, statistical analyses (PCA, correlation, reconstruction, and regression), and the stepwise
progression from analyses over the entire Indian region to northeast India-specific analyses. Color coding indicates yellow/orange for all-India PCA steps/results, green
for northeast India-specific steps/results, blue for data sets, and brown for key quantitative results.

constrained assessment of the spatiotemporal variability of light-absorbing aerosols and D-N temperature contrast.
Our analysis over a 19-year record provides direct observational evidence that biomass burning aerosols, partic-
ularly black carbon, play a vital role in regulating D-N temperature variations over northeastern India. This
contribution is further supported by the significant fraction of D-N temperature variability explained by the BC
fraction of total AOD. The 850 hPa temperature level (~1.5 km) is physically meaningful for this analysis, as it lies
within the lower troposphere where most biomass burning aerosols are concentrated. Over India, BC concentra-
tions have been shown to decrease with altitude, with the majority confined below ~3 km (e.g., Kant et al., 2023;
Safai et al., 2012). While our analysis uses column-integrated aerosol properties such as AOD, AAOD, and BC
AOD, the spatial pattern of BC concentrations at 850 hPa closely resembles that of column-integrated BC AOD and
shows strong correlation (R = 0.87) with D-N temperature contrast, supporting the vertical representativeness of
our approach (see Figure S10 in Supporting Information S1). Although uncertainties in MERRA-2 may influence
the absolute magnitude, their overall influence on our results is likely minimal. Our analysis is based on long-term
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Figure 8. (a and b). Scatterplots illustrating the relationship between reconstructed BC AOD (Mode 2) and the BC AOD fraction (Mode 1) versus D-N temperature
(Mode 2) from MERRA-2 data over northeast India during the premonsoon period (2003—2021). The plots display the Pearson correlation coefficient (R), the
percentage of variance explained, and the mean + standard deviation for both axes. Gray dots represent data at each spatial grid point from the 19-year MERRA-2
record, while the overlaid colored shading indicates the density of data points within each bin, highlighting regions of higher data density.

monthly climatology and focuses on dominant mode patterns, which help minimize sensitivity to short-term
fluctuations. Furthermore, the consistent patterns observed across satellite observations and reanalysis data sets
strengthen confidence in the aerosol-temperature relationship identified in this study.

Overall, our analysis provides important evidence that absorbing aerosols, particularly those from biomass
burning, play a key role in modulating the D-N temperature contrast over northeast India during the premonsoon
period. By applying the well-established PCA approach that filters out short-term fluctuations, we are able to
assess, from a statistical perspective, whether long-term satellite and reanalysis data reveal a detectable impact of
light-absorbing aerosols on D-N temperature. These findings also provide important insights that have the po-
tential to better constrain aerosol radiative effects on atmospheric temperature profiles in climate models. We
emphasize, however, that the results represent a statistically significant covariability between biomass burning
aerosol indicators and D-N temperature contrast during the premonsoon season in this region, rather than a
comprehensive source attribution for the entire Indian region. Other physical factors, such as land-atmosphere
interactions, boundary layer processes, and cloud cover, may also influence this variability and should be
considered in future observational and modeling studies.

6. Conclusions

The study investigated the correlated variability between light-absorbing aerosols and D-N temperature variations
over India, with a particular focus on the premonsoon season over northeast India, by employing PCA on long-
term satellite and reanalysis data for the period 2003-2021. Our analysis revealed that during the premonsoon
season, biomass burning in northeastern India is the major contributor to Mode 2 AOD, along with BC AOD and
CO. The second mode of D-N temperature contrast shows significant variability and exhibits a strong correlation
(R > 0.83) with the second principal component of biomass burning-dominated AOD and BC AOD. The con-
sistency between satellite observations and reanalysis data strengthens our findings, highlighting the associated
spatiotemporal variability between burning-dominated aerosols and D-N temperature contrast across multiple
data sets. The mode reconstruction analysis further verifies this relationship and reveals a significant positive
correlation between absorbing AOD and D-N temperature contrast, suggesting that higher levels of absorbing
aerosols are associated with greater D-N temperature differences. Linear regression analysis shows that BC AOD
explains 27% of the variability in D-N temperature contrast (R = 0.52), while the BC fraction of total AOD
accounts for 42% (R = 0.65) in the 19-year long-term data record over northeast India.

This study provides firsthand information on the relationship between mode variations of light-absorbing aerosols
and D-N temperature variations over India by applying PCA to a multiyear data set combining both satellite and
reanalysis data. Our findings highlight the important role of biomass burning aerosols, particularly BC, in
modulating regional temperature dynamics. The results reveal statistically significant covariability between
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biomass burning aerosol indicators and D-N temperature contrast during the premonsoon season over northeast
India, indicating that part of the observed variability in D-N temperature can be statistically detected and
explained by the spatial and temporal distributions of these aerosols. By applying the well-established PCA
approach that reduces dimensionality and filters out short-term fluctuations, this study not only quantifies the
impact of biomass burning aerosols on D-N temperature variations in this region but also provides valuable
satellite-based insights that can help better constrain aerosol radiative effects in climate models.
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