N

O oo NOUL &~ W

10

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

33
34
35
36
37
38
39
40
41
42
43
44

Synergistic Fusion of Aerosol Optical Depth over India from Multi-Sensor
Satellite Retrievals with Ground-based Measurements

Shiba Shankar Goudal’z, Mukunda M. Gogoil, S Suresh Babu'

'Space Physics Laboratory, Vikram Sarabhai Space Centre, ISRO, Thiruvananthapuram,
695022, India

Research Centre, Department of Physics, University of Kerala, Thiruvananthapuram,
695034, India

Correspondence: Dr. Mukunda M Gogoi (dr_mukunda@vssc.gov.in)

Abstract

Synergistic fusion of aerosol parameters from multi-sensor measurements is crucial for
integrating diverse data sources and generating consistent representations of aerosol
distribution for accurate climate impact assessment. In this study, satellite observations from
MODIS (Moderate Resolution Imaging Spectroradiometer) and MISR (Multi-angle Imaging
SpectroRadiometer) are combined with ground-based measurements from the ARFINET and
AERONET to generate fused Aerosol Optical Depth (AOD) over India. The primary focus of
this study is to develop a fusion framework, involving the evaluation and comparison of two
approaches: geostatistical Universal Kriging (UK) and a novel hybrid Residual Kriging -
Machine Learning (RK-ML). Both methods share the same geostatistical foundation
(variogram-based spatial-modeling) but differ in how the mean structure of AOD is
estimated. In UK, satellite-derived AOD serves as deterministic trend for spatial prediction
and is effective when ground-based observations are well distributed, whereas RK-ML
considers ML (SVR) predicted AOD as prior and applies Ordinary Kriging to interpolate
residuals from real-time ground observations, maintaining a near-zero residual mean away
from observations which reduces distortion under sparse and uneven data conditions. Our
results highlight seasonal fused AOD maps resembling very close to ground-based AOD over
India. Leave-One-Out Cross-Validation (LOOCYV) is adopted as an evaluation strategy for
assessing performance, showing that fused AOD from both UK and RK-ML approaches
captures up to 100% of ground observations within the 95% confidence interval (+20),
indicating effectiveness in capturing regional aerosol variability. RK-ML demonstrates more
stable spatial patterns and improved LOOCV performance compared to UK, particularly in
regions with limited ground-based coverage.

Keywords: Aerosol Optical Depth, Universal Kriging, RK-ML, ARFINET, AERONET,
MODIS, MISR
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1. Introduction

Atmospheric aerosols play a significant role in introducing uncertainties into climate change
projections. Although various factors such as microphysical parameters and the chemical
composition of aerosols are important, aerosol optical depth (AOD), quantified by the total
amount of columnar aerosol loading in the atmosphere, is the most critical parameter for
understanding their climate forcing effects. With advances in technology and retrieval-
algorithms, the number of satellites and ground-based observations of AOD is increasing.
Although satellites are known to capture spatial heterogeneity of AOD, there could be bias or
uncertainty (Huang et al., 2021) compared to ground-based measurements. Even if different
satellites observe the same aerosol load over the same region nearly at the same time, the
retrieved AOD differs due to the differences in algorithms, calibration, and resolution of the
sensors (Kinne, 2009; Schutgens et al., 2020). The geographical complexity also challenges
satellites to accurately retrieve AOD over highly heterogeneous land surfaces. On the other
hand, data from ground-based sensors, though sparsely distributed, are more reliable than
satellite measurements due to improved accuracy of measurement and retrieval procedure
(Holben et al., 1998; Moorthy et al., 2007). Thus, the discrepancy between various satellite
measurements and between satellite- and ground-based measurements of AOD is a serious
concern in accurately characterizing aerosol loading over different parts of the globe (Wong
et al.,, 2013; Sogacheva et al., 2020). In this context, there is a considerable effort in
improving aerosol retrieval accuracy using approaches such as synergy processing of sun-
photometer and lidar observations (Jin et al., 2025), synergistic retrieval from multi-mission
space-borne measurements (Litvinov et al., 2025), gap-filling based on improved tensor-flow-
based method (Bai et al., 2024), and the application of physics-informed deep-learning
framework to multi-angle polarimetric measurements (Tao et al., 2023). Several studies have
reported that if the correlations between the AOD from multiple ground-based and space-
based sensors are sufficiently strong (Liu et al., 2004; Jiang et al., 2007; Prasad and Singh,
2007), then these observations can be used together for optimal characterization of aerosol
features over a broader region. Thus, there is a growing demand for fused products to address
limitations and achieve an optimal outcome, thereby strengthening reliability of aerosol
database (Kahn et al., 2023).

Several approaches have previously been developed for multi-sensor data fusion involving
satellite-to-satellite and satellite-to-ground observations. One notable method is the use of
point spread function (PSF) modeling for single scanning footprints (Gupta et al., 2008).
While PSF-based techniques are widely applied in image fusion, they face challenges in
achieving accurate spatiotemporal colocation across different satellite platforms and don’t
show applicability regarding ground based AOD fusion rather solely on satellite footprint as a
weighting factor for the merging of AOD from different sensors, such as MODIS (Moderate
Resolution Imaging Spectroradiometer), MISR (Multi-angle Imaging SpectroRadiometer)
and Clouds and the Earth’s Radiant Energy System (CERES). Statistical approaches such as
Maximum Likelihood Estimation (Kim et al., 2024; Nirala, 2008) and Bayesian Maximum
Entropy (Tang et al., 2016) have been applied to integrate satellite and ground-based
observations. These methods explicitly account for uncertainty; but, their practical
implementation is often limited by high computational demands, as they require large datasets
for effective sampling and detailed pixel-level uncertainty characterization to produce reliable
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fused products. Similarly, approaches such as the Ensemble Kalman Filter (Li et al., 2020)
improve uncertainty quantification and have been applied at the global scale; however, their
application is constrained by substantial computational cost and data requirements. These
limitations pose challenges for near-real-time applications and for achieving high regional
accuracy, particularly in regions with limited ground-based observational support. Least-
squares-based approaches, including adaptive weighted estimation (Guo et al., 2013) and
semi-empirical optical algorithms (Xu et al., 2012), offer computational efficiency; however,
their validation and broader applicability remain uncertain. More recently, machine learning
techniques, particularly deep neural networks (DNN) (Kim et al., 2024), have demonstrated
comparable performance, but their dependence on large training datasets and challenges in
generalization limit their practical deployment.

In this study, we have adapted the Kriging technique to produce optimal fused AOD products
over India. Among the various data fusion techniques, Kriging has gained significant
attention for its applicability under geostatistical framework and has long been recognized as
a robust and effective geostatistical technique for spatial estimation (Zimmerman et al., 1999;
Shi et al., 2007; Singh & Verma, 2019; Stein & Corsten, 1991; Zhao et al., 2017). Notably,
though geostatistical approaches provide a promising framework for data fusion, they are
constrained by high computational demands, particularly when incorporating both spatio-
temporal autocorrelation and covariance matrix inversion. Hence, reduced-rank methods such
as Spatial statistical data fusion (SSDF) (Puttaswamy et al., 2014; Nguyen et al., 2012)
alleviate computational burden but may introduce overfitting due to the large number of
parameters. In this context, Universal Kriging (UK) offers more stable AOD estimates near
domain boundaries owing to its simpler and more robust formulation (Puttaswamy et al.,
2014). Consequently, UK has been widely adopted for multi-sensor fusion integrating
satellite and ground-based observations (Chatterjee et al., 2010; Puttaswamy et al., 2014;
Lilla & Castrignano, 2019), although it does not explicitly account for sensor-specific
uncertainties. It has been extensively applied and validated across diverse domains within
atmospheric research. It has also been utilized for spatial mapping of nutrients over oceans
(Zhou et al., 2014) and as well as in mining, hydrology, electro-magnetic field mapping, and
remote sensing image processing (Rossi et al., 1994). The Kriging outcomes are also found to
be comparable with those from DNN (Chen et al., 2020; Kadow et al., 2020).

Previous research over the Indian region has estimated fused AOD from ground and satellite
based observations using Cressman method, which employs inverse distance weighting
(IDW), a widely used Geostatistical approach (Pathak et al., 2019). In this study, AOD
measurements carried out from more than 40 ground-based observatories of the Aerosol
Radiative Forcing over India Network (ARFINET; Fig. S1; Babu et al., 2013; Gogoi et al.,
2009), which constitutes the national network of aerosol observatories across India and the
largest such network in South Asia, are primarily used to integrate with the satellite-based
observations from MODIS (Moderate Resolution Imaging Spectrometer) and the MISR
(Multi-angle Imaging Spectro-Radiometer) to generate fused AOD using UK framework.
Additionally, ground-based AOD data from the AErosol RObotic NETwork (AERONET;
Fig. S2; Holben et al., 1998) are utilized to enhance the robustness of the database. While
Kriging approaches have been previously applied to generate fused AOD over northern India,
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the amount of ground data included in their studies was limited (Singh and Venkatachalam,
2014; Singh et al., 2016).

Furthermore, although satellite- and ground-based AOD measurements generally exhibit
linear correlations, regional and environmental factors introduce biases, noise and nonlinear
dependencies between explanatory and response variables. While nonlinear extensions within
the UK framework are feasible, they require sophisticated techniques to achieve optimal
performance, making hybrid approaches incorporating machine learning (ML) a compelling
alternative. Conventionally, the trend component in UK framework is modeled using low-
order polynomials (e.g., first or second degree), studies exploring non-linear trend modeling
are still relatively rare. For instance, Snepvangers et al. (2003) incorporated a logarithmic
trend to improve prediction of soil water content using net precipitation as an auxiliary
variable. Freier and Lieres (2015) proposed a Taylor-based linearization technique combined
with iterative parameter estimation to capture non-linear trend functions in UK. Freier et al.
(2017) further extended this approach to interpolate low-density, irregular biocatalytic data.
These techniques are effective when the functional form of the non-linearity is known a
priori. However, in most practical scenarios, such explicit formulations are unavailable due to
complex, unknown interactions between design factors and responses. In this context,
machine learning models, especially kernel-based methods such as Support Vector
Regression (SVR), offer an effective alternative for capturing nonlinear and implicit
relationships from data without the need of predefined functional forms. Considering the
usefulness of prior spatial information on AOD across the domain, a hybrid Residual Kriging
- Machine Learning (RK-ML) framework is adopted in this study, where SVR is used to
generate an initial prediction of AOD, which serves as a prior estimate. The preference for
SVR over decision-tree—based algorithms arises from its effectiveness for problems involving
a small number of features and limited datasets, enabling more reliable fused estimates even
when ground-based observations are sparse. While UK involves weighted regression with
spatial covariance structures (for spatial predictions), RK-ML employs ML based regression
and spatial covariance structure to produce more efficient and stable spatial patterns.

In this study, we primarily implement the UK framework over the Indian region to generate
monthly fused AOD. Additionally, we evaluate and compare UK with RK-ML while
integrating satellite and ground-based AOD observations over India. Based on this, the
sensitivity of the fusion to the density of ground-based observations is assessed,
demonstrating how sparse networks can introduce artifacts.

2. Data and Methodology
2.1 Ground-based AOD

The ground-based AOD is primarily obtained from ARFINET observations, having
continuous measurements across the Indian region since 1985 maintained under ISRO-GBP
(Babu et al., 2013; Gogoi et al., 2021). The spectral AOD measurements in the ARFINET
observatories are carried out using a Multi-Wavelength solar Radiometer (MWR) and the
handheld MICROTOPS-II Sun photometer. Both these instruments have been extensively
inter-compared, and their consistencies have been established (Kompalli et al., 2010). The
MWR is built on the principle of filter wheel radiometry. The measurements of direct solar
flux using MWR are made at ten narrow wavelength bands centered at 380, 400, 450, 500,
600, 650, 750, 850, 935, and 1025 nm. The AOD is estimated following the Langley
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Technique (Babu et al., 2007; Moorthy et al., 2007; Shaw et al., 1973) after subtracting the
contribution due to molecular scattering and absorption due to O3 and water vapor from total
optical depth. For this, the MWR raw data (voltage readings corresponding to the time of
acquisition) for the entire day are split into forenoon and afternoon. If the data span during
each half of the day is more than 3 hours, the Langley plot is made separately for both
forenoon and afternoon following cloud screening criteria. In order to estimate instantaneous
AOD corresponding to each MWR measurement, the time-weighted Langley Intercept (LI)
for the entire day is calculated from the forenoon and afternoon data as

Llgaity = (LIpy x Tey + Ly x Tan) / (Ten + Tan) (1)

Where, Try and T an are the durations of MWR measurements in the forenoon and afternoon.
Based on this, the instantaneous AOD (after correcting the contributions due to Rayleigh
scattering, Ozone, and water vapor) is estimated as:

AOD;ps = {(Llgqiry — InV)/m} — (T + To, + Tww) )

The accuracy of AOD estimates from MWR is based on the accuracy of the estimate of LI.
Since, LI is also a parameter of indirect calibration of the instrument, the temporal variability
of LI is examined to ensure performance of the system and qualify usable data. Typically LI
varies within 5% of the mean and up to 10% in worst cases. Fluctuations are more
pronounced at shorter wavelengths than at longer ones. Owing to these variations, total AOD
uncertainty ranges from 0.02 to 0.03, increasing at shorter wavelengths (<500 nm) and during
high AOD conditions (>0.5). Importantly, these errors are primarily statistical and
uncorrelated across channels, rather than systematic (e.g., dark current, detector offsets, and
molecular scattering/absorption modeling which are <0.1%). The instrument details, AOD
retrieval method, and error budget have been discussed elsewhere (Babu et al., 2013; Gogoi et
al., 2009; Moorthy et al., 2007).

Apart from MWR, AOD measurements are also obtained using handheld MICROTOPS-II
sun-photometer (Solar Light Company, USA) at five wavelengths (440, 500, 675, 870, and
936 nm). MICROTOPS-II provides AOD estimates with accuracy comparable to CIMEL Sun
photometers used in the AERONET network, with uncertainties ranging from 0.01 to 0.02, as
reported by Ichoku et al. (2002). In addition to ARFINET measurements, simultaneous AOD
products (version 3, level 2.0) available within the study region from AERONET
measurements are used. The CIMEL sun-photometers in AERONET measure AOD at 340,
380, 440, 500, 675, 870, and 1020 nm in a time interval of 5 to 15 min for cloud-free
conditions with an uncertainty ~ 0.01 - 0.02 (Eck et al., 1999; Holben et al., 1998; Giles et al.,
2019). To incorporate ARFINET and AERONET observations into the fusion experiment, the
AOD values were interpolated to 550 nm (corresponding to MODIS and MISR AOD) using
the methodology of Liu et al. (2004):

In <T'11/T/12> =—aln (Al/)q) 3)

Where, 73 and 75, are AODs at wavelengths A; and A, respectively and o is Angstrom
exponent. a is determined by applying linear least squares fit to the logarithmic values of
AOD measured at various wavelengths. For this study, values of a were estimated from the
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wavelength dependent relationship of AOD at 450 and 650 nm for MWR, and 440 and 670
nm pair for CIMEL. Using this, AOD at 550 nm was estimated; where the reference AOD
was taken at 500 nm wavelength (when 500 nm observations were unavailable, 440 or, 450
nm measurements were considered instead).

2.2 Satellite-retrieved AOD

The satellite-based AOD for this study is obtained from MODIS and MISR. MODIS data
(Collection 6.1 Level-2 AOD at 550 nm; ‘AOD 550 Dark Target Deep Blue Combined’;
spatial resolution of 10 km; over land) is obtained from NASA's Level-1 and Atmosphere
Archive and Distribution System Distributed Active Archive Center (LAADS DAAC). The
merged AOD product combines only high-quality Dark Target (DT; QA = 3 over land, QA >
0 over ocean) and Deep Blue (DB; QA = 2 and 3) retrievals to provide global 10 km
coverage. Over land, selection is based on Normalized Difference Vegetation Index (NDVI),
with DB used for bright (arid, semi-arid) surfaces (NDVI < 0.2), DT for vegetated (darker)
regions (NDVI > 0.3).In transitional zones, the higher-QA retrieval or their average is
applied, while over ocean only DT is used. Although this approach improves spatial coverage
and usability, uncertainties may arise in averaged regions and due to assumptions about
algorithm performance across surface types (Sayer et al., 2014). Sensitivity studies across
diverse land surfaces employing various algorithms have validated that integrating the DT
and DB methods yields enhanced accuracies, but errors persistently emerge over South Asia
(Gao et al., 2021; Tian et al., 2018; Wei et al., 2019). Furthermore, the performance of the
product has been evaluated across different seasons (Sharma et al., 2021). Overall, an
expected error of 0.05 = 0.15 x AOD for DT and 0.05 £ 0.20 x AOD for DB over the land
and 0.03 = 0.05 x AOD over the ocean is reported in most of the studies (Levy et al., 2005;
Sayer et al., 2013; Tian et al., 2018; Tian and Gao, 2019; Wei et al., 2019).

The MISR AOD (version V23) is obtained from Atmospheric Science Data Centre (ASDC).
MISR V23 products provide aerosol information with a spatial resolution of 4.4 km x 4.4 km
(Garay et al., 2017; Sayer et al., 2020; Witek et al., 2018, 2021). Theoretical sensitivity
studies and performances for MISR (Kahn et al., 2001; Tao et al., 2020) have projected
standard deviations of the measurement error associated with optical depth to be + (0.05 +
20%AO0ODagroNET), Showing a consistently narrower range over ocean compared to bright
land surfaces.

The MODIS and MISR datasets used in this study are both acquired from the Terra satellite
platform and therefore have nearly identical overpass times. This temporal consistency
ensures improved compatibility in the fusion process and minimizes uncertainties associated
with diurnal variability in aerosol loading. In contrast, inclusion of MODIS observations from
the Aqua satellite, which has a different overpass time, would introduce additional variability
related to diurnal aerosol evolution that requires explicit treatment. Addressing such effects is
beyond the scope of the present methodology-focused study and will be considered in future
work. In the fusion approach, MODIS AOD represents high-quality retrievals (QA = 2, 3),
while MISR exhibits minimal retrieval uncertainties (0.02—0.08) over ground stations.
Additional screening or filtering was not applied beyond these criteria, as it may attenuate the
inherent systematic bias between ground- and satellite-based observations. Quality-assured
and expected-error-based filtering can be considered as part of the future scope of the study to
enable more accurate inferences.
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2.3 Fusion Methodology

The geostatistical data fusion method used in this study combines spatial data from multiple
sources (satellite and ground-based, as detailed in Sections 2.1 and 2.2) with varying
resolutions, accuracies, and types of measurements. The aim is to enhance the overall
understanding and prediction of spatial variables (e.g., AOD) to produce a more accurate and
comprehensive representation of columnar AOD, with an emphasis on reducing inter-sensor
biases through integration with ground-based observations. For this, we have adapted UK
framework, where data interpolation relies on unknown functions (e.g., satellite derived
AOD) represented as trend models with spatial autocorrelation through variogram analysis.
Building on this framework, the fusion methodology is designed to operate under practical
observational constraints, such as differences in sensor characteristics (e.g., spatial coverage,
revisit frequency, and collocation with ground observations), which limit consistent data
availability at daily timescales. Hence, the analysis is conducted at the monthly scale to
improve spatial representativeness, reduce sampling gaps, and enhance statistical robustness.
Notably, the monthly satellite AOD products also retain sensor-specific biases and inter-
product inconsistencies. Thus, the fusion approach presented here is not primarily aimed at
gap-filling, but at generating a more accurate and internally consistent AOD dataset by
integrating complementary information from multiple sensors and ground-based observations.
Thus, even at the monthly scale, the proposed method adds value by reducing retrieval
uncertainties and improving the reliability of aerosol distributions, which is critical for
climate studies and radiative forcing assessments. The overview of the fusion method is
presented in Fig. 1, followed by a detailed description of each step in the following sections.

l | START - 1
Satellite-based AOD A ,,,,,,,,,,,,,,,,,, Correlafion Study Ground-based AOD
(MODIS, MISR) / (ARFINET)
___________________________________ Label
| Variogram analysis I Feature
1 ) . B ! Training data
|| Theoretical _ _ Experimental Spatial !
: variogram variogram lags :
g g g g i----- ! Building ML model (SVR)
R Nugget, Sill, Range Covariance matrix Hyperparameter Performance
Covariance matrix Tuning Evaluation
|
UK Fusion Module RK-ML Fusion Module lv
Universal Kriging r Test data Best SVR Model

(Gap filling in Satellite AOD)
(Regressor: latitude & longitude)

SVR prediction

1

1

: Ordinary Kriging

| | (Ground-SVR prediction
: residuals at station

| location)
1

1

1

1

1

1

1
1
1
1
1
1
1
1
: Spatial interpolation
1
1
1
1
1
1
1

Universal Kriging

et »  (Ground: Target, | L, SVR|predicted AOD

o o+ residuals

Satellite: Trend Model) Residuals | v
Spatial | l
Prediction : A
e e e emeeee e ====
Fused AOD Fused AOD
| END | Eno

Figure 1. Flowchart of fusion methodology: Universal Kriging (UK) and Residual Kriging -
Machine Learning (RK-ML). The machine learning best model is designed based on the long
term MODIS and MISR data which were collocated with ground-based observations.
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2.3.1 Correlation Analysis

As a first step of the fusion processes, the correlation analysis between the satellite and
ground-based AOD was made to understand the association/ biases between the two data sets
at different spatiotemporal scales. This is useful to understand the requirement of multi-sensor
data fusion. For this, a statistical spatio-temporal matching approach similar to those reported
elsewhere by Basart et al. (2009); Chu et al. (2002); Filonchyk et al. (2019); Ichoku et al.
(2002) was applied, in which satellite observations were spatially averaged at 0.5° spatial
resolution and compared with ground-based AOD averaged within a 30 minute time window
around the overpass time of the TERRA satellite which accommodated 14 to 15
measurements from MWR (data frequency 2 min) and 1 to 2 measurements from CIMEL
(data frequency 15 min) observations. Although satellite products such as MODIS (~10 km)
and MISR (~4.4 km) provide higher spatial resolution potentially capturing finer regional
variability in aerosol distributions, yet their direct comparison with ground-based point
measurements introduces representativeness errors due to scale mismatch. Aggregating the
data to a coarser grid (0.5°) reduces this mismatch by ensuring that both satellite and ground
observations represent comparable spatial scales, thereby improving the robustness of
validation and fusion. Thus, the choice of 0.5° represents an optimal choice, yielding higher
correlation and lower root mean square error (RMSE) (Figs. S3, S4), in addition to retaining
regional variability and ensuring sufficient data density within each grid cell for stable
statistical estimation and fusion. The consideration of 0.5° resolution is in line with approach
adopted by Tandule et al. (2026) for retrieving AOD from satellite observations, ensuring
improved representativeness and temporal consistency in comparisons between satellite-
derived and ground-based AOD. In addition, generating AOD at this resolution provides a
valuable reference dataset for comparison and validation against reanalysis products and
model outputs of AOD, where satellite observations are commonly assimilated as primary
inputs. Due to the differences in spatial coverage and revisit characteristics of MODIS and
MISR as well as temporal gaps in data availability from ground-based instruments (Figs. S5,
S6, S7), daily datasets often contained substantial spatial gaps over the study domain.
Therefore, AOD observations in this study were aggregated to a monthly scale to ensure more
consistent spatial coverage and improve the reliability of multi-sensor fusion analysis.

2.3.2 Variogram Modeling

Variogram analysis is used to quantify and model the spatial autocorrelation (i.e., spatial
dependence) of a dataset. It evaluates how the spatial variability between data points changes
as a function of lag distance, the distance separating two sample points in space. To capture
the spatial dependency of the data, geographical parameters such as latitude, longitude, and
elevation are often incorporated as covariates in the trend function, thereby incorporating the
spatial context of the sampling locations. This approach has been widely applied in studies
involving meteorological parameters (Chua and Bras, 1982; Holdaway, 1996; Nalder and
Wein, 1998). In the present context, spatial representation of AOD is fairly represented as a
trend function comprising of latitude, longitude, and elevation, which serve as proxies for
underlying spatial variations of geographical and atmospheric influences that significantly
affect aerosol distribution. However, it is important to note that most geostatistical methods,
such as Kriging, assume the underlying field to follow second order or, intrinsic stationarity
(mean is constant, and the covariance or, variance of increments depends only on spatial lag).
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However, real-world environmental and geophysical data often exhibit large-scale spatial
trends driven by physical and geographical factors, such as latitude, longitude, and elevation.
In the case of AOD, these variables act as key spatial predictors that capture dominant
regional gradients and can be used to model and remove the large-scale spatial trend. In the
presence of strong spatial trends, variogram may become unbounded or exhibit unrealistically
large ranges. These spatial trends violate the stationarity assumption which can lead to
unbounded variogram. To address this spatial detrending of the data is performed, which
isolates the local fluctuations or residuals from the spatial data set. This serves as an essential
step in geostatistical analysis to ensure a well-defined and bounded variogram, enabling
reliable estimation of sill, nugget, and range parameters for spatial covariance modeling. To
validate this assumption, we obtained the frequency distribution of satellite AOD and their
residuals (Fig. S8) after detrending. A nearly symmetric histogram of detrended residuals
indicates that the trend component has been effectively removed, which is a prerequisite for
second-order stationarity (Tang et al., 2016). Since the detrending in our study is purely a
spatial operation, the temporal dimension is not explicitly considered and is effectively
treated as constant during the detrending process. Consequently, the approach does not
involve long-term datasets or explicitly account for seasonal variability.

The semivariance, which measures the degree of spatial variability between pairs of sample
points as a function of their separation distance, known as the lag-distance (h), is calculated
as:

¥(he) = /5y Blz(x) — 2(x; + W) )

Where z(x;) and z(x;+h) are the values of the variables of interest at locations x; and x; + h (=
X;), respectively; n(h) is the number of pairs of points separated by the lag-distance h, which
1s given as:

h, = 7 cos™!(sin ¢; sin @; — cos @; cos ¢; cos(8; — 6;)) 5)

Where ¢, represent longitudes of locations x; and x;, and 6;; represent latitudes of locations X;
and xj; 7 is the mean radius of the earth. Following this, the empirical variogram is calculated
from the actual observational data, showing the relationship between semivariance and lag
distance for each set of observations. The experimental variogram is obtained after binning
semivariance at certain lags of the empirical variogram. The experimental variogram is then
fitted with a theoretical model to describe the spatial continuity of the variable. The
theoretical models considered in the present study include Exponential, Spherical, and
Matheron models; the mathematical expressions are given as:

Veneo ) =1 2 1 2 (1-exp (=) Zx z (();; (Exponential) (6)
0 hy = 0;

Yineo Nx) = | 072 + o 3h"/21 - 1h"3/213 0<h,<l; (Spherical) (7)
oF + 0 hy > 1;
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Y = 2 Matheron 8
Ytneo () 073 + 013 1—exp —hx /l2 hy > 0; ( ) ( )

\

In the above equations, 6% = g2 + o7, represents the total variance observed in AOD data at
larger lag distances (spatially uncorrelated AOD data). ¢ is nugget (y-intercept of the
variogram), which represents the semivariance at a very small lag distance, approaching zero.
Nugget (spatial variation at distances smaller than the smallest sampling interval) is indicative
of the presence of measurement error or noise in the data. A large nugget relative to the sill
(i.e., the semivariance value where the variogram levels off, representing maximum
variability or correlation between data points at a given spatial distance) suggests significant
measurement error or unresolved variability. This can indicate potential issues with data
quality. On the other hand, a small nugget implies that the data is relatively free of noise and
that most of the spatial variability is due to the structured spatial process. o/ is variance in
spatially correlated data, and this parameter gradually increases with increasing lag distances
until it reaches sill. / is the range parameter, the distance at which the semivariance reaches
the sill; up to this distance, data are spatially correlated with each other. The higher the range,
the more similar the values are at greater distances from each other. The spatial covariance
function can be derived from the variogram model as:

Cij = 0% = Vtheo )

2.3.3 Universal Kriging

Universal Kriging (UK) also referred to as Kriging with a trend model, extends Ordinary
Kriging by incorporating a deterministic trend component alongside the stochastic spatial
component. This approach is useful when there is an underlying trend in the data that varies
across the study area. The UK method uses both the spatial autocorrelation structure and the
deterministic trend to make predictions. The UK model can be expressed as:

Z=M,f+€ Or,€=27—M,pB (10)

Where, Z = [Z(x1),Z(x3), oo .., Z(x,)]T represent the values of the variables of interest at
locations x;,x2, ... ..x,, respectively. M. is the deterministic trend component of the model (n Xp)
where p is representing the number of regressors; and S is the unknown drift coefficient (p x1)
to be estimated; € is the stochastic component or stochastic residuals (nx1/), 1.e., mean zero
random fields.

In the present study, the trend component M. for fusion is defined as

1 MODIS,0p, MISRAODl\

1 MODIS,op, MISR40p,

M, = (In

1 MODIS,op, MISRaop,

This is similar to a multiple regression model, which is described through a combination of a
constant term and two sensor measurements that act as regressors to predict AOD at
estimation locations. The first component of this trend model represents the overall offset
(i.e., the mean of the portion of the AOD distribution that is not captured by MISR and
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MODIS). This constant term thereby represents any systematic offset between the combined
(MISR and MODIS) satellite-retrieved AOD and the ground-measured AOD.

Following equation (10), the expected value at prediction locations (x;) can be expressed as
the best linear unbiased prediction (BLUP):

Z(x5) = mif + CLCH(Z — M,p) (12)
Here, C.{(nxs) is the spatial covariance matrix of the residuals between the sample location
(i.e., measurement locations) and prediction locations (i.e., estimation locations) and C..(n xn)
is the spatial covariance matrix of the residuals between the sample locations (i.e.,
measurement locations) as obtained from equation (9). The unknown coefficient § can be
expressed as the generalized least squares (GLS) estimator from the covariance matrix,

p=M;C' M) M C' Z (13)

Alternatively, minimizing the mean square error (MSE) of all predictions among the
predictors of the form A’Z subjected to unbiasedness constraint, i.e., E(1'Z) = E(Z(x,)) for all
B, which is identical to ATM,8 = mI § and under conditions for minimizing variance (1’Z —

Z), Lagrange multipliers u(nxs) are used to solve the linear constraint equations as given
below,

i ol =[] a4

Here, M.(nxp) and M} (nxp) are trend models of AOD given by equation (11); my(pxs) is
trend model at s estimation locations; A(nxs) are the Kriging weights, u 1s the Lagrange
multiplier.

The system of equations is solved for Lagrange multiplier 4 and weights A to estimate AOD
at estimation locations. This can be expressed as:

L= 5T [ 9

-1 -1
r={est - ctm (Mics my)  MIcH e+ 3 M (MEC M) e (16)
A7 = CLCEH (Z ~ M) +mip (17)

The prediction variance associated with predicted values can be represented as

Var (Z(xs) — Z(xs)) =
0%y — CasCit Cps + (M5 — (M CH C, )T (M7 Cpy ' M) (mE — (M7 CMC)T)  (18)

The above weighting approach determines the values at prediction locations. Our foremost
approach involved creating a trend model for fusion. For this purpose, we generated a
complete satellite-based map of AOD from MODIS and MISR separately over the study
region using the UK method. In this framework, geographical parameters such as latitude,
longitude and elevation are treated as regressors (trend model), whereas observed satellite
data serve as response variables to fill the gaps in individual satellite datasets. Subsequently,
in the final spatial fused predictions, the ground-based AODs were treated as the response
variables, where the satellite data, along with the elevation model (used as additional
information), were used as regressors.
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2.3.4 Residual Kriging - Machine Learning (RK-ML)

The RK-ML approach is implemented in this study through a hybrid approach to generate
reliable estimates of fused AOD, with improved predictive accuracy using a limited number
of ground-based observations. Although UK and the proposed RK-ML approach appear
methodologically different, they share a common conceptual foundation. From a generalized
regression perspective, both methods rely on a covariance structure to characterize spatial
dependence among grid points. However, when the number of observations is limited, the
statistical parameters in UK can adversely affect predictions at estimation locations. To
overcome the limitations associated with limited observations, SVR is employed due to
robustness of its regularized formulation in both regression and classification tasks (Sifaou et
al., 2021), where predictions are learned from datasets within a historical training window.
These predictions provide prior information on ground-based AOD that is independent of the
spatial configuration of the current ground based-observations.

The best-performing SVR model is first identified based on a time window of five years of
data (simultaneous MODIS, MISR and ground measurements) for a specific month (season)
targeting consistent aerosol conditions. Subsequently, this model leverages spatially
interpolated features from MODIS and MISR data (gap filled AOD by UK) to generate SVR-
predicted maps to obtain a full generalized AOD map for that month. The discrepancies
between SVR-predicted values and observed ground measurements are treated as residuals,
which are then spatially modeled using Ordinary Kriging. The resulting residual predictions
are combined with SVR outputs to produce RK-ML-based fused products. This approach
provides a robust alternative to traditional UK-based data fusion techniques by capturing
complex relationships between predictors and target variables. The detailed RK-ML
methodology is given below.

SVR transforms features into a higher-dimensional space, making them linearly separable and
helps improving the prediction of target variables like ground based AOD. The use of SVR in
Kriging has been reported in previous studies to improve model predictions (Wang et al.,
2008; Baisad et al., 2023). The SVR model is represented by:

Zar =Wl@+b (19)

where ¢ is the kernel transformed input features, w is the nonzero vector normal to
hyperplane (the plane or decision boundary that best fits the n dimension input vectors while
maintaining a margin of tolerance (e-insensitive zone) around it) and b € R. This expression
assumes that Z,, exist when it approximates all w'p with ¢ precision for linearly separable
data. Along with it, the concept of soft margin loss function is considered which introduces
slack variable &(+ve) and &'(-ve) to allow some points lying inside the hyperplane.

Hence the optimization problem is subject to minimization of

Z—-wlp—-b<e+¢
§||w||2 +CY_(§+¢&) Suchthat{wTop+b—27>¢e+¢&* (20)
$i§i 20
The regularization constant C trades off between the model complexity and empirical error up
to which deviations larger than & can be tolerated. & ¢ are regression errors. The detailed
explanation of SVR model is available in the literature (Smola & Schélkopf, 2004; Brereton
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& Lloyd, 2010). In the present study, best model of SVR is decided from the minimum
RMSE between predicted AOD and real AOD after tuning its hyperparameters.

The residuals, which are the difference between collocated AOD of SVR predictions from
ground based AOD, are estimated from the difference between Z,,,.(x;) and Z, i.e., Zgy(x5) —
Z. These residuals under ordinary Kriging are modeled as J'(s) = u+ & () where u refers to
the mean values of residuals over study domain, which resembles similar mathematics of
universal Kriging, except M, and m; = I (eq. (10) to eq. (17)). Following this, the estimated
residuals at unknown locations are determined as §(x,) = A76(x,)

The weighting parameter A is obtained from the covariance matrices as follows

Al _ 1€ 177M[C
=5 o) 1] en
The ordinary Kriging estimation contains the spatial relation while the SVR prediction

contains the optimal estimations from features (Satellite) and labels (Ground AOD). The final
fused map can then be estimated as

Z = S(XS) + str(xs) (22)
The hyperparameters of the SVR model were optimized using a grid-search strategy as part of
the training process. In this approach, predefined values for key hyperparameters - such as the
regularization parameter (C), kernel type, gamma (1) and epsilon (¢) - were combined to form
all possible parameter configurations, and each configuration was evaluated. For every
hyperparameter combination, model performance was assessed using the negative mean
squared error (neg-MSE) as the evaluation metric. This metric quantifies prediction error, and
allows selection of the best model by maximizing the score. Due to the limited size of the
dataset, leave-one-out cross-validation (LOOCV) was used during training instead of k-fold
cross-validation. Even though other cross-validation approaches, such as site-based, temporal,
or sample-based validation, can also be used to assess model robustness, the LOOCV was
considered the most suitable approach in this study considering the limited number of
samples and the uneven spatial distribution of ground observations. In LOOCV, the model is
trained repeatedly on all samples except one, which is used for validation. This procedure is
repeated so that each data point serves once as a validation sample. This approach maximized
the use of available data while providing an unbiased estimate of model performance. Based
on this procedure, a linear kernel was identified as the optimal choice for the RK-ML models,
which were subsequently evaluated on independent test sets (20% for MODIS, N = 318; 10%
for MISR, N = 71). For MODIS AQOD features, the best model configuration was C = 1,
gamma = ‘scale’, kernel = ‘linear’; for MISR AOD features, the optimal configuration was C
= 100, gamma = ‘scale’, kernel = ‘linear’. The use of a linear kernel suggests a predominantly
linear relationship between satellite observations and ground-based AOD. Inclusion of the
regularization parameters C and gamma controls overfitting and penalizes noisy inputs,
enabling the ML framework to generate more reliable estimates. These estimates were further
corrected using spatial residuals from RK, allowing RK-ML to outperform UK under
conditions of limited or biased AOD observations. The final models were evaluated using
correlation coefficient (R), R?, mean absolute error (MAE), and RMSE on both training and
test sets (Table S1). Results indicate that training and test performances were comparable
(with training R? values either lower or close to test R?), correlation coefficients were
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consistently high, and errors (RMSE, MAE) were low. These outcomes confirm that the SVR
models did not suffer from overfitting and generalized well to unseen data, despite the limited
sample size. Although other machine learning algorithms, such as Random Forest (RF) and
XGBoost, can also be integrated within the RK-ML framework, a sensitivity analysis
conducted on MODIS test dataset indicated that SVR achieved comparable or better
performance metrics (R, RMSE; Supplementary Fig. S9).

3. Results and Discussions
3.1 Regional distribution of AOD from ground- and satellite-based observations

The analysis of spatial distribution of AOD is crucial for understanding the consistency of
measurements across different sensors. The large-scale spatial variations in the data help
identifying overall spatial trends over latitude-longitude and geographic elevation.
Emphasizing spatial trends is also critical for assessing the mathematical assumptions
underlying Kriging and variogram analysis, which rely on the condition of second-order
stationarity within the sampled data. In view of this, ground-based AOD at 500 nm was
considered for long-term comparison of MODIS and MISR AOD at 550 nm as the closest
approximation. The typical AOD patterns over different regions over India, derived from 10
years of ground-based MWR and MICROTOPS-II sunphotometer measurements in the
ARFINET, is illustrated in Fig. 2.

Winter AOD(500nm)

Pre-monsoon
r r r 1 .D

Latitude(°N)
Latitude(°N)

65 70 75 80 85 90 95 100 65 70 75 80 85 90 95 100
Longitude(°E) Longitude(°E)

AOD(500nm)

_Monsoon 1.0

Post-monsoon

Latitude(°N)
Latitude(°N)

65 T-I] -TIS B-I] 8-5 Q-IJ 9_.5.“160 - 56-5 T-I] -7I5 B-I] 8-5 Q-IJ 9_.5.“160 -
Longitude(°E) Longitude(°E)

Figure 2. Long-term (2011-2020) ground-based AOD at 500 nm from MWR and

MICROTOPS-II sunphotometer measurements in the ARFINET over the Indian region. The

seasons are winter: December, January, February (DJF); Pre-monsoon: March, April, May

(MAM); Monsoon: June, July, August, September (JJAS); Post-monsoon: October,

November (ON). The different regions considered for representing Indo-Gangetic plane

14



543
544

545
546
547
548
549
550
551
552
553
554

555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584

585

(IGP), North-west (NW), North-east (NE), Peninsular India (PI), and Central India (CI) are
provided (Fig. S10).

Various factors such as the relative dominance of natural and anthropogenic sources, local
and synoptic meteorology cause observed spatio-temporal variations in AOD at a particular
location. Over most of the locations in the Indo-Gangetic Plains (IGP), AOD shows
consistent high values (> 0.6) throughout different seasons. This is similar to the observations
reported by Lodhi et al. (2013); Singh et al. (2020); Tiwari et al. (2018). Next to the IGP, the
north-eastern (NE) India experiences higher AOD with peak during the pre-monsoon season.
Similar pattern is reported elsewhere (Gogoi et al., 2009). In Peninsular India (PI), AOD is
highest during the pre-monsoon period, followed by a significant reduction during the
summer monsoon. This is similar to the earlier studies by Kalluri et al., (2016); Kumar et al.,
(2009); Sinha et al., (2013); Vachaspati et al., (2018).

The spatial patterns of a decadal average (2011-2020) satellite-based MODIS and MISR
AOD (Figs. 3, 4) also shows persistent high AOD values in the IGP and its outflow regions
across all seasons. In PI, the presence of elevated mountain ranges such as the Western and
Eastern Ghats, coupled with its proximity to the Indian Ocean, results in regional-scale AOD
variability. During the pre-monsoon and monsoon periods, oceanic and coastal regions
exhibit higher AOD levels compared to the winter and post-monsoon periods. Though
dominant spatial patterns are same in long term AOD from both space-borne sensors and their
differences with ground-based AOD over same spatial grids are minimal, the discrepancy
persists, especially over northern India and during monsoon period (Figs. S11, S12). As
cloud-haze misclassifications may act as one of the factors for the observed differences
between satellite- and ground-based AOD in the monsoon periods, haze/cloud discrimination
criteria following Jiao et al. (2023) was applied to MODIS AOD. A significant impact of haze
over the peninsular region is seen during monsoon (Supplementary Figs. S13, S14), though it
shows negligible influence during the other seasons. This is clearly seen from the difference
maps between the MODIS and ground-AOD over different ground locations, showing
minimal changes before and after the haze removal. This exercise suggests that cloud-haze
misclassification is not the primary factor driving the observed differences, except under
monsoon conditions. Under such a scenario, localized discrepancies may arise due to spatial
sampling limitations of the ground-based observations. As the ARFINET stations are sparsely
and unevenly distributed, particularly across regions of high aerosol loading in northern India,
this may result in the apparent lack of complete regional representation of ground
observations. Additionally, discrepancies between MODIS and MISR AQOD are also seen
owing to fixed and multi angle retrievals, especially in Pre-monsoon period over the NW
region, where MISR AOD is significantly different from MODIS. There are also some
pockets where low AOD region observed by MODIS is alternatively represented as a region
of higher AOD in MISR observations, particularly in proximity to the IGP outflow. Previous
studies over similar geographic regions have indicated that the frequency of observations,
cloud masking, and geographical factors impact both MODIS and MISR observations,
stemming from algorithm assumptions related to cloud masking and SSA. Overall, the spatial
patterns of AOD from ground- and satellite-based observations reveal the following:

15



586
587
588
589
590
591
592
593
594
595
596
597
598

599
600
601
602
603
604
605
606

607
608

609

e During the pre-monsoon period, northern India experiences increased AOD.

¢ During the winter season, cold temperatures, a low boundary layer height, and humid
air create hazy conditions with high AOD (Nair et al., 2020). Along with it, winds
over the IGP are mostly north-westerly, with an anti-cyclonic pattern over central
India, driving aerosols to peninsular region.

e The post-monsoon AOD also remains high, similar to winter levels, particularly in the
IGP due to biomass burning (Kumar et al., 2012; Lodhi et al., 2013; Subba et al.,
2021).

e The spatial patterns of AOD across different seasons are well captured by both
ground- and satellite-based observations. However, notable differences exist between
the two. While MODIS tends to overestimate AOD over the IGP, it generally
underestimates AOD over the PI, NE, and NW regions. MISR significantly
underestimates higher AOD regions.

Despite the above constraints, the general agreement in magnitude and temporal variability
supports the reliability of both datasets for the fusion framework. Thus, our approach
explicitly accounts for such discrepancies by integrating the broad spatial coverage of satellite
observations with the higher accuracy of ground-based measurements. In this context, ground
observations are treated as local constraints rather than complete spatial representations,
thereby minimizing the regional sampling gaps in the ground network. Consequently, the
final fused AOD represents a bias-corrected satellite-retrieved AOD constrained by ground
observations.
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Figure 3. Long-term (2011-2020) satellite-based AOD (at 550 nm) from MODIS over south-
Asian region.

16



610
611

612

613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634

Pre-monsoon AQDHES0nm)

___Winter

Latitude (°N)
Latitude (°N)

65 70 75 80 85 90 95 100 65 70 75 80 85 90 95 100
Longitude (°E) Longitude (°E)
Monsoon st-monsoo

Latitude (°N)

65 70 75 80 85 90 95 100 65 70 75 80 8 9 95 100
Longitude (°E) Longitude (°E)

Figure 4. Similar analysis as in Fig.3 but for MISR.

3.2 Inter-comparison of satellite- and ground-based AOD

Having examined the spatial distribution, a quantitative evaluation of the associations or
biases between satellite and ground-based AOD at different periods is carried out for the
years 2012, 2016, and 2021. The three different years were selected such that way that the
AOD for 2012 and 2021 provides the decadal variability, while 2016 represents an
intermediate period between these two years, enabling us to better assess the progression and
variability of AOD over a long period. The scatter plots (Supplementary Figs. S15-S17; the
number of ground stations included in the correlation studies is given in Table 1) between
MODIS/ MISR and ground-based AOD highlight moderate to strong correlations (~ 0.8-0.9)
in winter (January) and post-monsoon (November), while moderate correlations (~0.54-0.77)
between the two are observed in pre-monsoon (May). The RMSE between MISR and ground-
based AOD is higher (> 0.2) during winter and post-monsoon, whereas higher RMSE values
between MODIS and ground-based AOD are observed during the pre-monsoon period. The
prominent locations contributing to mean errors and weak correlations with ground
observations are situated in the NW and IGP regions. The quartile-plots (Figs. S18-S20)
clearly support these observations highlighting significant spatio-temporal variability in
AQOD, with both sensors displaying higher AOD over terrestrial regions, particularly in the
IGP, its outflows, and South (Peninsular) and Central India. The third and fourth quartiles are
more representative for AOD over land regions than in surrounding areas like oceans and
elevated terrain. Data with respect to longitude and latitude show that higher AOD values are
mostly confined to 20°-30°N latitude and 80°-95°E longitude. Notably, MODIS consistently
recorded significantly higher AOD values than MISR, with notable dissimilarities in quartile
patterns over northern India during May.
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Both the correlation and quartile analyses highlight the advantages and limitations of MODIS
and MISR observations. For example, MISR tends to underestimate high AOD conditions in
urban regions compared to MODIS, even though it can effectively separate surface
contributions under low aerosol loading, as also reported by Tao et al. (2020). Under high
AOD conditions, the benefit of multi-angle measurements becomes limited, as thick aerosol
layers smooth out surface reflectance signals, potentially leading to an underestimation of
AOD due to misattribution of aerosol contributions to surface reflectance. In contrast, when
dust loading is dominated by coarse and non-spherical particles (in May), MISR demonstrates
enhanced sensitivity to aerosol microphysics, hence relatively better performance than
MODIS (as shown by scatter plots). This difference may be attributed to the advantage of
multi-angle observation capability of MISR, consistent with findings from Middle Eastern
validation studies (Farahat, 2019; Garay et al., 2017).

Table 1: Number of ground stations data used in different months of the year 2012, 2016, and
2021.

2012 2016 2021 2012 2016 2021 2012 2016 2021
Jan Jan Jan May May  May Nov Nov Nov
21 26 16 22 25 13 27 26 16

3.3 Fusion of satellite- and ground-based AOD

3.3.1 Variogram Analysis

For the fusion of satellite- and ground-based AOD, the experimental variogram (using eq.2) is
first obtained from the gridded satellite data. As mentioned in section 2.3.2, a well-fitted
variogram is essential for determining appropriate geostatistical parameters. Thus, the
determination of variogram parameters like sill, range, and nugget are not unique but depend
on the theoretical models used. The choice of fitting is determined through a least square
approach, selecting the best fit based on the minimum of sum squared errors (SSE). However,
the availability of a large number of satellite data sets has made this task easier. The
variogram depicted in supplementary Figs. S21-S23 demonstrate a flattening of variance after
a certain lag (interval between distances), affirming the effectiveness of our implemented
detrending method. AOD values within the range highlight spatial correlation, wherein the
correlated AOD values are influential in determining missing AOD values.

The variogram parameters obtained from the fitted theoretical model are given in Tables 2
and 3. The variogram parameters corresponding to different sensors exhibit noticeable
variation across months and years, reflecting differences in their retrieval characteristics and
ability to represent AOD. For instance, both MODIS and MISR AOD show shorter spatial
correlation lengths and low sill values in May compared to January and November. Such
reduced sill or, range values indicate the influence of long-range dust or smoke transport
processes over some regions, which dominate during this period in the study region.
Conversely, longer ranges indicate that the sensor retrievals capture more spatially
homogeneous values, suggesting an improved ability to represent regional variability. In this
study, we prioritize MODIS variogram because of their higher sill and range values, which
demonstrate stronger spatial dependency (Isaaks, 1991; Vieira et al., 2009). Nevertheless,
sensitivity tests indicate that using variogram derived from either MODIS or MISR produces
only negligible differences (~0.01) in the fused AOD estimates (Fig. S24). At this stage, it is
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also to be noted that geographically weighted or local variogram approaches can better
represent spatial heterogeneity, particularly over complex terrains such as the Himalayas and
Western Ghats. However, in the present study, this approach was not feasible due to the
limited availability of ground-based AOD observations, especially across high-altitude
regions. The sparse coverage restricts the stability and generalizability of local variogram
fitting, particularly at regional boundaries where different models would be required. For this
reason, we adopted a single variogram model, following the approach used for large regions
(e.g., eastern and western USA; Chatterjee et al., 2010), which provides a more consistent
framework for regional-scale fusion.

Table 2: Parameters obtained from variogram in different seasons (January, May, and
November) of different years (2012, 2016, and 2021) from MODIS.

Year Month MODEL Nugget sill Range (in km)
2012 Jan Matheron 0 0.033954 848.5
2016 Jan Exponential 0.000015 0.057399 453.3
2021 Jan Exponential 0 0.052327 854.0
2012 May Matheron 0 0.026499 555.6
2016 May Matheron 0 0.029704 489.1
2021 May Matheron 0 0.034273 378.3
2012 Nov Matheron 0 0.030027 548.3
2016 Nov Spherical 0 0.029582 1080.7
2021 Nov Exponential 0 0.040153 696.2

Table 3: Parameters obtained from variogram in different seasons (January, May, and
November) of different years (2012, 2016, and 2021) from MISR.

Year Month MODEL Nugget sill Range (in km)
2012 Jan Exponential 0.000062 0.011589 645.6
2016 Jan Spherical 0.000177 0.017749 1060.6
2021 Jan Matheron 0 0.027958 927.9
2012 May Matheron 0 0.016100 371.1
2016 May Exponential 0.001741 0.018171 463.0
2021 May Matheron 0.000833 0.017896 533.5
2012 Nov Exponential 0.000022 0.014509 638.7
2016 Nov Matheron 0 0.018378 583.0
2021 Nov Matheron 0.0000925 0.019104 516.4

3.3.2 Spatial interpolation of AOD

Monthly mean AOD gives the advantage of having full regional picture of columnar aerosol
load over south-Asian region. However, it is observed that both MODIS and MISR AOD
show gaps in some of the regions, either due to consistent cloud coverage or due to complex
orography coupled with highly reflective land masses (e.g., snow-covered regions of the
Himalayas). Hence, UK with geographic parameters as regressors applied to fill these missing
areas (which are found to be ~ 2-11%) to obtain a complete spatial picture of AOD over the
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south-Asian region. Kriging gives a probability map and the associated variance is higher in
the gap regions than in the regions where values exist. Thus, the interpolated values and
variances are not unique, as they depend on the variogram and trend models used in the
interpolation. On the other hand, the variogram can have uncertainties that stem from factors
such as lag spacing, the quantity of data points, and model fitting, as highlighted by
researchers (Derakhshan and Leuangthong, 1982; Koushavand and Deutsch, 2008).

The spatial distribution of 0.5° gridded monthly mean raw and predicted (after spatial
interpolation) AOD from MODIS and MISR is shown in supplementary Figs. S25-S30. The
performance metrics (in terms of R and RMSE) of this gap-filling approach are demonstrated
through sensitivity studies, considering different spatial gaps in the data (Fig. S31). It is
observed that the predicted AOD largely depends on the availability and spatial distribution
of nearby observed data points. Regions such as the IGP, the Himalayan region, peninsular
India, and oceanic areas generally show better performance, where smoother spatial gradients
of AOD and more consistent regional aerosol patterns improve the reliability of the spatial
predictions. Based on these sensitivity studies, the predicted AOD field appears to provide a
reliable spatial representation with acceptable uncertainty as the interpolation (gap filling) is
made over a relatively small fraction of missing values based on a large number of observed
data points around the gap areas. Overall, it is to be noted that, our proposed approach is not
intended solely to enhance spatial coverage, but to generate a bias-corrected and internally
consistent AOD dataset through the optimal integration of complementary satellite products.

3.3.3 Fused AOD

The monthly fused AOD is generated using the UK fusion method, where satellite data are
treated as trend model. This retains the overall spatial signatures of AOD from each satellite
sensor. The optimal AOD values are determined by the weights obtained from spatial
relationships, along with the trend of the satellite-based AOD at the estimation locations.
Figs. 5-7 show the fused maps of AOD at different seasons of the years 2012, 2016, and
2021. The regional average values of fused AOD, along with AOD from individual sensors,
are given in Supplementary Tables S4, S5, and S6.

Throughout the observation period, the fusion maps highlight the significant influence of
ground-based AOD. As shown in Table 4 (Figs. S32-S34), the fused AOD is more aligned to
ground-based AOD with a correlation of R ~ 0.994-1 and RMSE ~ 0.009-0.04. On the other
hand, correlation between MODIS/MISR and fused AOD shows little improvement compared
to that between MODIS/MISR and ground-based AOD (Table 5, 6; Figs. S32-S34). This
indicates the robustness of the fusion approach keeping ground-based AOD as an anchoring
reference.

The notable outcomes from fused AOD maps are the distinct spatial features compared to
those obtained from individual space-based sensors. For example, during January 2016, the
significant overestimation by MODIS (AOD ~ 1.7) relative to ground-based AOD (~ 1.2) is
adjusted in the fused AOD distribution, thus correcting the bias but maintaining the spatial
heterogeneity. Similarly, in Jan 2021, MODIS and MISR significantly underestimated AOD
over peninsular India (MODIS AOD ~ 0.36 and MISR AOD ~ 0.30) as compared to ground
AQOD (e.g., AOD at GOA ~ 0.95). The fused AOD corrects this bias toward values closer to
ground-based observations, retaining continuous flow of aerosols toward the Arabian coast.
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739  Figure 5. Monthly fused AOD (at 550 nm) maps [(a), (f) and (k)] in January for the years
740 2012, 2016, 2021; [(b), (g) and (i)] and [(c), (h) and (m)] - the deviations of MODIS and
741 MISR AOD from the corresponding fused AOD; [(d), (i) and (n)] variance; and [(e), (j) and
742 (0)] - ground-based AOD (ARFINET is represented by circle and AERONET by diamond
743 shapes) used to generate fused maps. Blue indicates overestimations, and red means an
744  underestimation of fused AOD from satellite retrieved AOD. The white dots in variance plots
745  show the ground station locations.
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747  Figure 6. Similar analysis as in Fig. 5, but for the month of May in 2012, 2016, and 2021.

21



748

749
750

751

752
753
754
755
756
757
758
759

760
761
762

I _— | [ . -
000 024 048 072 09 120-10 =05 0.0 0.5
a) Fused AOD (2012

e -
1.0 -1.0  -05 00 05

-001 000 001

1.0 -0.02
d) Variance (2012

| _— |
00Z0.00 024 048 072 096 120

@l Ground AOD (2012)
By e

_(b) Fused -MODIS (2012) (¢ Fused - ISR (2012)
E T z L 8 = B3
e .~ o
A f it ﬁi‘ ¢ ’ g2
! o } . 3 Pl ?L . *
Ll | [P %\‘%‘"j’ o © Q&.\E“
¢ ,/12' . g 0 ﬂ"%
3, J(/L ‘ #\%‘l tﬁ;{; /ﬁf 5
\ ‘ Ag l \ ‘ i LAy
‘o e LY VAR st L 2
S oY Bl N hd
:z%f -MODIS (2016) (h) Fused - MISR (2016) . 31 |Ground AOD (2016)
5 31\ ; ";’?
L - i "2—\
e ~— ~ | ey ¢~ o o P
g . »Agt.—%(: 2l mﬁf ) 5 o%fa» 7
E J // U&‘;\\ "\ MS |I:'\_ O{v__// ':“"
S & Y
1 _'- i ) k"\: i {\ Lo @ "'f\_ ‘.!"‘;
(1) Fused - MODIS (2021) (m) Fused - MISR (2021) Sfl;fnd AOD (2021
225, REA =
iy T x\? 1 ?
2 2 o~ ol . A il T
ey ‘? KON ¢ eowy
2, ) \g‘ T Q{: s S
y <A ¥
//Aj‘ \g % L S \ A L \“
L Ty ¢ \ of "X
L3 N j i ¥ \ ¢

Longitude({°E) >

Figure 7. Similar analysis as in Fig. 5, but for the month of November in 2012, 2016, and
2021.

Table 4: Comparative analysis of ground-based vs. fused AOD at ground station locations.

Ground & Fused

=
] N
< =
~ § Correlation RMSE MAE Slope Bias
g Jan 0.998 0.014 0.011 1.024 0.003
I May 0.998 0.014 0.011 1.012 0.003
Nov 0.996 0.025 0.017 1.026 0.004
o Jan 0.994 0.032 0.023 1.026 -0.006
< May 0.984 0.04 0.026 1.074 0.004
Nov 0.994 0.026 0.018 0.994 -0.003
! Jan 0.999 0.022 0.015 1.03 0.008
Q May 0.998 0.022 0.016 1.049 0.009
Nov 1 0.009 0.007 1.003 0.002

Similar observations are also evident during the pre-monsoon period. However, during this
period, the fused AOD maps retain more of MISR spatial patterns in 2016 and 2021, while
resembling MODIS in 2012. Notably, the discrepancies seen near coastal regions in May
(2021), particularly across the peninsular zone, may be attributed to higher cloud fractions
(Fig. S35), introducing greater uncertainty in aerosol-cloud discrimination (Lang et al., 2026),
thereby leading to inaccuracies in satellite-derived AOD estimates. The fused AOD, which
primarily incorporates the information from the availability and spatial proximity of ground-
based measurements, effectively corrects this bias.

During the retreating monsoon season, the association of satellite and ground AOD is good,
with similar spatial distribution over northern regions, while significant differences exists
over southern parts. In the spatial map of fused AOD, the bias correction is clearly seen. In
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November 2016, over the NW and IGP, a significant bias correction in satellite AOD is
observed, which is clearly indicated by the observed difference between fused AOD and
satellite measurements. Similarly, AOD on the east coast of peninsular India is corrected by
fused AOD, which was otherwise underestimated by MISR (though retaining the spatial
pattern). Here, the fused map showed enhanced AOD attributed to observations from ground
stations, viz. Chennai (CHN) and Kadapa (KDP), which were underestimated by both
MODIS and MISR.

Table 5: Error and bias analysis of MODIS AOD with respect to ground and fused AOD at
ground station locations.

g s - MODIS & Ground MODIS & Fused
= [= 7| Correlation RMSE MAE Slope Bias | Correlation RMSE MAE Slope Bias
N Jan 0.781 0.144 0.106 0.858 0.074 0.789 0.142 0.105 0.890  0.067
5 May 0.770 0.128 0.102 0.704 0.147 0.788 0.122 0.096 0.732  0.137
Nov 0.846 0.155 0.120 0.872 0.049 0.871 0.140 0.108  0.924  0.030
o Jan 0.792 0.250 0.164 1.096 -0.037 0.822 0.237 0.154  1.175 -0.083
§ May 0.542 0.269 0.207 0.776 0.184 0.583 0.259 0.208 0910 0.127
Nov 0.773 0.157 0.121 0.759 0.064 0.787 0.153 0.115 0.774  0.055
—_ Jan 0.861 0.199 0.138 0911 0.010 0.879 0.185 0.127 0958 -0.011
§ May 0.752 0.236 0.152 1.030 0.038 0.778 0.230 0.147  1.120  0.004
Nov 0.944 0.143 0.120 0.761 0.082 0.947 0.139 0.115 0.766  0.082

Table 6: Error and bias analysis of MISR AOD with respect to ground and fused AOD at
ground station locations.

5| g = MODIS & Ground MODIS & Fused
; = ~ | Correlation RMSE MAE Slope Bias | Correlation RMSE MAE Slope Bias
o Jan 0.884 0.115 0.090 0.676 0.049 0.897 0.106 0.082  0.704  0.042
S5 May 0.643 0.159 0.132 0.437 0.189 0.656 0.154 0.129 0452 0.184
Nov 0.760 0.223 0.175 0.466 0.098 0.780 0.212 0.168 0.492  0.089
o Jan 0.783 0.270 0.206 0.421 0.010 0.818 0.263 0.203  0.454  0.081
§ May 0.662 0.167 0.129 0.606 0.153 0.736 0.140 0.117 0.736  0.098
Nov 0.814 0.186 0.143 0.515 0.079 0.834 0.185 0.144  0.528 0.072
— Jan 0.824 0.346 0.267 0.372 0.131 0.838 0.332 0.258 0390 0.123
§ May 0.772 0.205 0.160 0.458 0.147 0.805 0.185 0.147  0.502  0.130
Nov 0.944 0.251 0.186 0.492 0.092 0.948 0.248 0.182 0495 0.091

Over the IGP, where ground-based observations are more abundant than in other regions of
India, the regional mean fused AOD generally lies between MODIS and MISR values. This
reflects that the fusion process balances the biases between the tendency of MODIS to
overestimate and MISR to underestimate aerosol load in this region. In contrast, over
Peninsular India, which has the second-highest number of ground stations after the IGP, the
fused AOD is higher than both MODIS and MISR, suggesting that satellite based
underestimation is further adjusted in this region. Over northwest India during May, when
dust loading is high, the fused AOD is closer to MISR, consistent with previous studies
showing that MISR performs better than MODIS in dust-dominated regions due to its multi-
angle capability. However, over the NE, CI, and NW regions, the fused AOD remains higher
than satellite estimates. Fused AOD estimates over the Himalayas and oceanic regions are not
analyzed in detail due to the lack of sufficiently distributed ground-based observations.
Overall, the fused AOD is constrained locally on ground-based AOD, which are generally
considered more accurate than satellite-based observations whereas satellite retrievals exhibit
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discrepancies due to variations in aerosol types and their source contributions (Li et al., 2025;

Wang et al., 2025).
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Figure 8. The regional mean values of MODIS, MISR, and fused AOD. On the y-axis, AOD
values are shown as mean + standard deviation. Values are provided in Table S4-S6.

With a view to assessing the improvement in the fused AOD estimates over MODIS and
MISR, further analysis is carried out on regional scale considering different sub-regions over
the study domain. Fig. 8 shows the regional mean values of fused AOD along with AOD
from individual satellite sensors. It is observed that the fused AOD significantly improves the
biases in AOD from individual sensors. For example, in January 2012, MODIS AOD was
significantly higher than fused AOD over IGP, while MISR AOD was closer to fused AOD
over NE and CI regions. This indicates that the overestimation by MODIS in the IGP and the
underestimation by MISR in the NE and CI regions are effectively corrected by the fusion
framework. Similarly, in 2016, MODIS significantly overestimated AOD (~ 0.99 + 0.31) in
the IGP region. However, this was corrected in the fused AOD ~ 0.87 + 0.16, which also
closely matches ground-based AOD (~ 0.86). During the pre-monsoon period, MISR AOD
during 2012 and 2016 is closer to fused AOD; whereas in 2021, MODIS is closer to the fused
AOD over the NE, IGP, and PI regions than MISR, except over the CI and NW regions. This
behavior is consistent with the lower RMSE of MISR relative to ground-based AOD. Post-
monsoon analysis reveals MODIS AOD is closer to fused AOD over IGP with an
overestimation in 2012 and 2016, and an opposite pattern in 2021. MISR AOD is lower than
fused AOD in all these periods. These observations clearly indicate the regional level bias
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810  corrections in the individual satellite sensors, resulting in a more accurate representation of
811  aerosol features in terms of fused AOD.

812  3.3.4 Performance analysis and cross-validation

813 The accuracy of fusion can be concluded from the cross-validation analysis. This is
814  characterized by LOOCV method.
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816  Figure 9. Predicted AOD (magenta points) with error bars 10 (blue line), +20 (red line),
817  along with ground-based (black diamond), MODIS (yellow square), and MISR (green cross)
818  AOD at different stations. For station names refer Table S7 and S8.

819  Figure 9 shows the predicted AOD values at each ground location during each leave-one-out
820 process. The prediction model performances analyzed in terms of mean prediction error
821 (MPE) and root mean square prediction error (RMSPE) are given in Table 7. The predicted
822  AOD values (as magenta points) at each of the ground locations with standard error bars + 1o
823  (blue line), = 20 (grey line) are also shown in Fig. 9, along with AOD from the ground (black
824  diamond), MODIS (yellow triangle), MISR (red cross) observations. The figure shows that
825  more than 80% of ground AOD are within £+ 26 (95% Confidence interval) of predicted AOD.
826  The highest accuracy was achieved in 2021 November and 2012 May (100%), and the lowest
827 in 2016 May (76%), indicating the importance of the association between different sensors
828  during the fusion process. The enhanced accuracy of the model for fused estimations required
829  good correlation and reduced errors, as indicated in Tables 4,5, 6 & 7.
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Table 7: Accuracy assessment of the predicted AOD through LOOCV. Here % describes
how many ground AOD (actual values) are covered within the range of predicted AOD.

Year Month Correlation RMSPE MPE Ground AOD within +o Ground AOD within +20

(in %) (in %)
N Jan 0.852 0.108 0.091 76.19 95.24
S May 0.809 0.118 0.093 77.27 100
Nov 0.676 0.215 0.152 59.26 77.78
- Jan 0.708 0.213 0.160 65.38 84.62
S May 0.367 0.219 0.170 56 76
Nov 0.793 0.146 0.109 65.38 88.46
_ Jan 0.893 0.162 0.121 81.25 81.25
§ May 0.451 0.302 0.212 61.54 84.62
Nov 0.964 0.108 0.086 87.50 100

3.3.5 Machine Learning enhanced Geostatistical data fusion

To understand the influence of number of ground measurement points in the generation of
fused map, sensitivity studies has been carried out by varying the number of ground based
measurement points. The number of ground points from maximum of 27 ground locations has
been reduced to 22, 13, 8, and 6 respectively. The corresponding variations in the fused
outputs are provided in Supplementary Figs. S36-S38, and Table S9 and a representative
case is shown in Fig. 10. The figure clearly explains the changes in prevailing spatial pattern
of aerosols according to changes in number of ground points, indicating that both UK and
RK-ML methods are suitable for generating fused AOD, when the ground measurements are
sufficient (Figs. 10-c, e, f, g). Notably, when data points are fewer, UK overestimates AOD in
mainland regions relative to RK-ML predictions (Figs. 10-d, h, 1, j). This indicates an inherent
limitation in UK method, alike to multiple linear regression models, which are highly
susceptible to noise in predictor variables. In contrast, RK-ML demonstrates greater
robustness by first modeling the deterministic component using a machine learning regressor
(in this case, SVR), followed by Ordinary Kriging (OK) of the residuals to capture the
stochastic component. This two-step approach effectively leverages machine learning for
optimized estimation under noisy conditions, while OK incorporates spatial variability of
residuals obtained from observations, resulting in more reliable spatial predictions. Thus, the
advantage of RK-ML for limited ground-points is due to outperformance of OK in
comparison to UK, as discussed on basis of different surface types (Zimmerman et al., 1999).
Overall, the applicability of UK and RK-ML depends on their ability to capture realistic
spatial patterns from spatially representative data points (e.g., ground-based AOD) in order to
produce accurate fused AOD distributions. However, as these estimations inherently carry
increasing uncertainties with distance from ground observation sites, the resulting maps show
elevated uncertainties in areas with sparse ground coverage. As illustrated in Fig. S36,
increasing station density enhances the similarity between fusion maps from both methods
near the observed ground locations, while locations farther away show greater differences.

In terms of confidence intervals within £1c and +20, the performances of UK and RK-ML
approach are further evaluated in Fig. 11. The RK-ML predictions are more consistent with
the original ground-truth observations within +1c confidence for both sufficient (27) and
limited (6) numbers of ground observation points. On the other hand, the performance of UK
is consistent with ground-truth observations only when the observations are higher in number.
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Figure 10. Fused AOD using Universal Kriging [UK, (e), (h)], and Residual Kriging -
Machine Learning [RK-ML, (f), (i)] approach for combined MODIS and MISR data sets (a &
b) with different number (27 and 6) of ground-location points (¢ & d). The difference
between UK and RK-ML predictions ((g), (j)) are shown respectively. Blue color in
difference map indicates where UK predictions exceed those of RK-ML, and vice versa for
red.
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Figure 11: Line plots of LOOCYV results from UK method (blue line) and RK-ML method
(red line), covering the ground AOD (black dots) for 27 points (top panel line plots) and 6
points (bottom panel line plots) within 16 (dark shade) and 2o (light shade). For station
names and details, refer to supplementary Table S8 and S9.
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This is because in UK, the spatial variability is estimated through weights obtained from
multiple (sufficient) ground-locations and satellite regressors; hence, trend modeling becomes
more robust when a larger number of points are available. These observations clearly
suggests that the large number of ground stations are crucial for best representation of fused
AOD products from UK, while RK-ML is a good choice in case of limited number of ground
observations as it can capture nonlinear relationships and penalize erroneous AOD values.

4. Conclusion

In this study, a data fusion framework for aerosol optical depth (AOD) over India is
developed through the evaluation and comparison of two variogram-based geostatistical
approaches, namely Universal Kriging (UK) and a novel hybrid residual Kriging—machine
learning (RK-ML) method. These approaches differ primarily in the manner in which the
mean AOD structure is estimated. Despite inherent differences among instruments, the
implemented approach capitalizes on their complementary features, statistically combining
two different satellite-based measurements (MODIS and MISR) with ground-based
(ARFINET and AERONET) observations, demonstrating enhanced AOD estimation with
reduced uncertainties compared to relying on a single instrument. The significant outcomes of
this study are as follows:

e MODIS and MISR observations exhibit good but variable associations with ground-
based AOD measurements influenced by seasonal and geographic differences.

e Variogram analysis reveals different autocorrelation length implying capability of
each sensor to get the spatial variability or auto correlation structure in different
periods. In some of the months, MODIS shows higher spatial range as compared to
MISR, while the opposite 1s seen during the rest of the months. On the other hand, sill
is always higher in case of MODIS.

e Spatial interpolation of AOD through variogram analysis provides very good
predictions at the missing grids of the satellite observations, emphasizing the
effectiveness of the universal Kriging method.

e The fused AOD maps reveal distinct results, highlighting the significant impact of
ground-based AOD on the fusion process. The near-perfect correlation (R ~ 0.99)
between fused and ground-based AOD suggests effective bias correction in MODIS or
MISR datasets, which otherwise significantly overestimated or underestimated aerosol
measurements across certain parts of the study region. Incorporating a greater number
of ground-based measurements enhances the fused results.

e Leave-One-Out Cross-Validation (LOOCV) of the UK approach suggests that 95%
confidence interval (+2c) of the fused AOD captures up to 100% of ground
observations, indicating effectiveness in capturing regional aerosol variability. On the
other hand, RK-ML demonstrates more stable spatial patterns and improved LOOCV
performance compared to UK, particularly in regions with limited ground-based
coverage. The establishment of additional ground-based stations is recommended to
strengthen the representation of air quality, especially in regions with high
heterogeneity. This methodology can be implemented to get the fusion maps of finer
spatiotemporal resolution.
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