o Z
% remote sensing ﬂw\p\py

Article

Aerosol Optical Depth Retrieval from MODIS Using a Physically
Informed Machine Learning Framework

Tianchen Liang !, Linqing Zou ?-*, Qiaoning He ! and Lin Sun 3

W) Check for updates

Academic Editor: Carmine Serio

Received: 3 July 2026

Revised: 15 August 2026

Accepted: 20 August 2026

Published: 24 August 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

School of Geography and Planning, Huaiyin Normal University, Huaian 223300, China

Hubei Key Laboratory of Quantitative Remote Sensing of Land and Atmosphere, School of Remote Sensing
and Information Engineering, Wuhan University, Wuhan 430079, China

College of Geodesy and Geomatics, Shandong University of Science and Technology, Qingdao 266590, China
*  Correspondence: zoulinging@whu.edu.cn

Highlights

What are the main findings?

e A physically informed random forest framework was developed for 1 km land AOD
retrieval by integrating MODIS observations with surface, meteorological, topographic,
and physically constrained aerosol-surface features.

e Independent evaluation for 2013-2014 achieved an MAE of 0.063, an RMSE of 0.096,
and 74.93% of retrievals within the MODIS expected-error envelope, showing bet-
ter agreement with AERONET than the matched MODO04 Dark Target and Deep
Blue products.

What are the implications of the main findings?

e  Regional and seasonal minimum-AQOD priors together with 6S-constrained time-series
clear-sky reflectance features improve retrieval transferability across heterogeneous
land surfaces and aerosol conditions.

e  The proposed framework provides spatially detailed and physically plausible 1 km
AOD estimates for global aerosol monitoring under clear-sky conditions.

Abstract

Retrieving aerosol optical depth (AOD) over land remains challenging because the relatively
weak aerosol signal in top-of-atmosphere (TOA) observations must be separated from
strong and spatially heterogeneous surface reflectance. Here, we develop a physically
informed random forest framework for global 1 km land AOD retrieval from MODIS.
The framework integrates multispectral TOA reflectance, surface properties, observation
geometry, meteorological conditions, topography, and physically informed aerosol-surface
features. Long-term Aerosol Robotic Network (AERONET) observations from 2001 to 2017
were collocated with MODIS and ancillary datasets for model development and evaluation.
Two physically informed features were introduced to improve retrieval robustness across
diverse aerosol and surface conditions, including minimum AOD derived from long-term
AERONET observations and time-series clear-sky reflectance (TSCR) in the blue, red, and
shortwave-infrared bands derived using the 65 radiative-transfer model. Independent
retrieval evaluation for 2013-2014 showed good agreement with AERONET observations,
with R=0.81, MAE = 0.063, RMSE = 0.096, and 74.93% of matched samples falling within the
MODIS land expected-error envelope, although increasing underestimation was observed
at high aerosol loading (AOD > 1). The proposed retrievals also showed better agreement
with AERONET than the MODO04 Dark Target and Deep Blue products. These results
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demonstrate the value of incorporating physically interpretable aerosol-background and
surface-reflectance information into data-driven retrievals for AOD over land surfaces.

Keywords: aerosol optical depth; MODIS; AERONET; random forest

1. Introduction

Atmospheric aerosols are complex mixtures of suspended solid and liquid particles
originating from both natural processes and anthropogenic activities [1,2]. As highly het-
erogeneous and temporally variable components of the Earth-atmosphere system, aerosols
affect the radiation budget by scattering and absorbing solar shortwave and terrestrial
longwave radiation [3-6]. They also act as cloud condensation nuclei and ice nuclei,
thereby modifying cloud microphysics, cloud lifetime, and precipitation processes [7]. In
addition to their climatic effects, aerosols are important carriers of air pollution [8] and
can degrade the accuracy of atmospheric correction and quantitative surface-parameter
retrievals [9]. Reliable characterization of aerosol spatiotemporal variability is therefore fun-
damental for climate research, atmospheric environmental monitoring, and remote-sensing
applications [10].

Aerosol optical depth (AOD) is the key column-integrated optical parameter used to
quantify aerosol extinction and is one of the most widely used indicators in satellite aerosol
remote sensing [11]. Ground-based sun-photometer networks, especially the Aerosol
Robotic Network (AERONET), provide accurate, long-term measurements of AOD and
aerosol optical properties and constitute an essential benchmark for satellite aerosol product
validation and algorithm development [12-14]. However, ground-based observations
remain spatially sparse and cannot provide continuous aerosol monitoring over regional
to global scales. Satellite remote sensing offers broad spatial coverage, frequent revisit
capability, and long-term observational continuity. In particular, the Moderate Resolution
Imaging Spectroradiometer (MODIS) provides a long and stable observation record that
has been widely used for global aerosol monitoring and aerosol climatology studies [15,16].

Several operational and research algorithms have been developed for AOD retrieval
over land, including Dark Target (DT), Deep Blue (DB), the Multi-Angle Implementation of
Atmospheric Correction (MAIAC), the Simplified Aerosol Retrieval Algorithm (SARA), and
higher-resolution MODIS aerosol products [17-25]. These approaches have substantially
advanced global aerosol monitoring, but most of them still rely on a sequence of assump-
tions regarding surface reflectance, aerosol type, and radiative transfer. Over complex
land surfaces, retrieval accuracy and robustness remain constrained. Errors in surface
reflectance parameterization, aerosol-model selection, or regional empirical assumptions
can propagate through the retrieval chain. This problem is particularly pronounced over
urban areas, bright bare soil, arid and semi-arid regions, and rapidly changing land-cover
types, where surface spectral and directional reflectance are highly heterogeneous [11,26].

Machine learning provides a complementary pathway for AOD retrieval because it
can learn nonlinear relationships directly from multisource observations without explicitly
solving every component of the physical inversion. Recent studies using machine learning
have demonstrated the potential of data-driven and hybrid physical-statistical approaches
for improving AOD estimation from satellite reflectance observations [27-31]. Neverthe-
less, many previous machine learning-based aerosol retrieval studies have been regionally
focused, trained over relatively short periods, or driven primarily by top-of-atmosphere
(TOA) reflectance and limited auxiliary variables [29,32,33]. Such designs may not fully cap-
ture the seasonal variability, aerosol-type diversity, surface heterogeneity, and atmospheric
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background conditions required for robust global-scale AOD retrieval [34]. There therefore
remains a need for machine learning retrieval frameworks that combine long-term, globally
distributed observations with physically interpretable constraints on both aerosol and
surface contributions to the TOA signal. To address this need, this study develops a global
1 km land AOD retrieval framework that integrates MODIS multispectral TOA reflectance,
surface properties, observation geometry, meteorological variables, and topography with
physically informed features. In particular, regional- and season-specific minimum AOD
(AODyyip) is introduced to characterize the climatological low-aerosol background, while
time-series clear-sky reflectance (TSCR) provides a band-specific constraint on the surface-
reflectance background under relatively weak aerosol loading. These physically informed
features are intended to provide complementary aerosol and surface constraints beyond
those available from instantaneous satellite observations alone. A globally distributed
AERONET-MODIS collocation database spanning 20012017 is used to train and evaluate
the resulting random forest retrieval framework.

2. Materials and Methods
2.1. Data Sources

The retrieval framework integrates satellite radiance information, ground-based AOD
observations, and surface-related variables, including Global land surface satellite (GLASS)
visible black-sky albedo (BSA-VIS) and MODIS Normalized Difference Vegetation Index
(NDVI), meteorological background fields, terrain information, and quality-control datasets.
Table 1 summarizes the input datasets and their roles in the proposed framework.

Table 1. Input datasets used for 1 km land AOD retrieval.

. Data Period . . URL (Web Address, Accessed
Dataset Product/Source Resolution Used Use in This Study on 19 August 2026)
https:/ /ladsweb.modaps.
Terra/MODIS R e
MODIS TOA MODO2 L1B, 1 km 2001-2017 Spectral TOA eosdis.nasa.gov/missions-and-
Reflectance bands 1—7 reflectance measurements/products/
MODO021KM
.. https:
Ground AOD AERONET Site observations 2001-2017 T}*am.mg and / /aeronet.gsfc.nasa.gov/new_
Level 2.0 validation labels
web/webtool_aod_v3.html
Surface GLASS visible 1 km 2001-2017 Surface radiative  https://glass-product.bnu.edu.
albedo black-sky albedo background cn/introduction/abd.html
(S)I;’O;(l)etala;gll?;?; https:/ /cds.climate.copernicus.
Meteorology =~ ERAS hourly data 0.25° x 0.25° 2001-2017 ! eu/datasets/reanalysis-erad
column water .
-single-levels
vapor
https:/ /ladsweb.modaps.
Observation Solar/sensor eosdis.nasa.gov/missions-and-
MODO03 1km 2001-2017 viewing geometry i 8
geometry and eeolocation measurements/products/
8 MODO03
https:/ /ladsweb.modaps.
Terra/MODIS eosdis.nasa.gov/missions-and-
NDVI MOD13A2 1km 2001-2017 NDVI measurements/products/
MOD13A2
. . . https:
Elevation GMTED2010 DEM ~1km Static Elevation
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Table 1. Cont.
. Data Period . . URL (Web Address, Accessed
Dataset Product/Source Resolution Used Use in This Study on 19 August 2026)
Terra/MODIS }?ps: / /ladsv;zek{.rgoda?s. d-
Cloud mask MOD35_L2 1km 2001-2017 Cloud screening cosdis.nasa-gov wmlsswns ?n
Cloud Mask measurements/products/
MOD35_L2
Comparison Terra/MODIS Comparison eoshdt 2) fn/ 5/112;?)?; rerEJlsmy(;iz?as r.‘nd—
AOD MODO04_L2 10km 2001-2017 AOD product measurements/products/

Aerosol Product

MODO04_L2

2.1.1. MODIS TOA Reflectance

Terra/MODIS MODO2 Level-1B reflectance data were used as the primary satellite
input. MODIS provides high temporal sampling, near-global coverage every 1-2 days,
and measurements in 36 spectral bands with nominal nadir spatial resolutions of 250 m,
500 m, and 1 km [35]. In the coupled surface-atmosphere system, TOA reflectance contains
both aerosol path scattering and surface-reflected radiation attenuated by the atmosphere.
Aerosol-induced reflectance perturbations are generally stronger at visible wavelengths,
whereas near- and shortwave-infrared bands provide complementary constraints on the
surface reflectance background. Accordingly, the first seven MODIS reflective solar bands
were used as spectral predictors for AOD retrieval.

2.1.2. Ground-Based AOD Observations

Ground-based AOD observations were obtained from AERONET. AERONET provides
globally distributed, quality-assured sun-photometer measurements and has been widely
used as a reference for satellite aerosol validation [14]. In this study, AERONET Level 2.0
observations from 2001 to 2017 were spectrally interpolated to 550 nm using the Angstrém
exponent and used as supervised-learning labels. Only cloud-screened, calibrated, and
quality-controlled records were retained. The global distribution of the AERONET sites
used in the collocation database is shown in Supplementary Figure S1.

2.1.3. Surface Albedo

BSA-VIS fromGLASS product suite was included to characterize the surface radiative
background [36,37]. BSA-VIS is derived from the surface BRDF and represents directional-
hemispherical reflectance under direct illumination at a given solar zenith angle; therefore,
it was not treated as a geometry-independent surface reflectance. In the retrieval framework,
BSA-VIS was used together with solar zenith angle, sensor zenith angle, relative azimuth
angle, and scattering angle, allowing the model to account for variations in both surface
radiative background and acquisition geometry. GLASS albedo products provide long-term
global coverage and were used here for 2001-2017.

2.1.4. Meteorological Variables

Atmospheric-state variables were obtained from the ERA5 reanalysis produced by
the European Centre for Medium-Range Weather Forecasts [38]. Three variables were
extracted: surface pressure (SP), total column ozone (TCO3), and total column water vapor
(TCWYV). These variables characterize the pressure background, ozone absorption, and
water-vapor conditions, respectively, thereby improving model adaptability under different
atmospheric states.
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2.1.5. Ancillary Datasets and Quality Control

Ancillary datasets included observation geometry, vegetation condition, topography,
cloud masking, and MODIS aerosol products for comparison. Solar zenith angle, sensor
zenith angle, relative azimuth angle, scattering angle, and geolocation were obtained from
MODO03. Vegetation condition was represented using the 16-day 1 km MOD13A2 NDVI
product [39]. Terrain elevation was obtained from Global Multi-resolution Terrain Elevation
Data 2010 (GMTED2010) [40,41]. Because optical aerosol retrieval is highly sensitive to
cloud contamination, MOD35_L2 was used to mask cloudy pixels; only pixels flagged as
confident clear were retained [42]. MODIS MODO04_L2 DT and DB aerosol products were
used as comparison datasets after quality-flag screening [19].

2.2. Predictor Variables for AOD Retrieval

Global land AOD at 550 nm was retrieved at a spatial resolution of 1 km by establishing
a nonlinear relationship between AERONET AOD observations and collocated multisource
satellite and ancillary variables. The predictor set comprised multispectral TOA reflectance,
surface properties, observation geometry, atmospheric state, topography, and physically
informed aerosol-surface features:

AOD550 = f (TOA1_7, BSAys, NDVI, Observation geometry, Atmosphere, DEM, AOD\yin, TSCRpye,

TSCR(eq, TSCRswiR)

where TOA1_y denotes MODIS TOA reflectance in the first seven reflective bands. Surface
variables include BSAyjs and NDVI, while the observation geometry variables comprise
solar zenith angle, viewing zenith angle, relative azimuth angle, and scattering angle, which
were included to represent illumination- and viewing-dependent variations in the coupled
surface-atmosphere signal. Meteorological variables include TCWV, TCO3, and SP, and
terrain information is represented by DEM-derived elevation. The physically informed
features include AOD,y;, and TSCR in the blue, red, and shortwave-infrared bands. Prior
to model training and retrieval, all predictor variables were spatially referenced to a
common 1 km MODIS retrieval grid. Most spectral, surface, geometric, and topographic
predictors were available at a native or nominal spatial resolution of 1 km (Table 1). ERA5
meteorological variables were spatially matched to the retrieval grid by assigning each
ERADS grid-cell value to all 1 km MODIS pixels located within that cell. The overall retrieval
workflow is shown in Figure 1.

2.3. Construction of Physically Informed Features

Over land, TOA reflectance represents a coupled response of aerosol scattering and
absorption, gaseous absorption, observation geometry, and surface-reflected radiation. This
coupling makes the separation of aerosol and surface contributions inherently challenging,
particularly across heterogeneous land surfaces and varying aerosol conditions [43,44].
To reduce the reliance of the statistical retrieval on empirical relationships learned from
instantaneous observations alone, physical information was introduced at the predictor-
construction stage through two complementary variables: AODyi, and TSCR. AODpin
was designed to represent the climatological low-aerosol background, whereas TSCR was
designed to provide a band-specific constraint on the surface-reflectance background under
relatively weak aerosol influence. Unlike simple algebraic or empirical transformations of
instantaneous input variables, these predictors incorporate information from long-term
aerosol observations, time-series satellite measurements, aerosol-type priors, and radiative-
transfer calculations.
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Figure 1. Workflow of the proposed 1 km aerosol optical depth retrieval framework.

AQODnyin, was derived to characterize the climatological low-aerosol background.
Because a single global minimum-AQOD value cannot adequately represent the diver-
sity of aerosol environments over land, the global land area was divided into six
broad regions according to the large-scale spatial and seasonal characteristics of AOD
(Supplementary Figure S2). AODp,i, was then estimated independently for each region
and season using long-term, quality-controlled AERONET observations at 550 nm. For
each AERONET site, observations were first grouped by year and season, and the mini-
mum valid AOD was identified for each station-year-season combination. These annual
seasonal minima were then averaged across all available years to obtain a station-level
climatological low-AOD value for each season. Finally, the station-level values within
each geographical region were averaged using equal station weighting to derive the cor-
responding regional-seasonal AODyy;,. Station—year-season combinations without valid
observations were excluded. This procedure produced 24 AODy,, values for six regions
and four seasons (Supplementary Table S1). Each value was assigned to retrieval pixels
according to their region and season and subsequently used as an aerosol-background
prior in the TSCR estimation.

Seasonal aerosol type provided the second physical prior required for the radiative-
transfer calculations. Seasonal aerosol-type fields were derived from the MOD04 aerosol
product using a mode-composite approach. For each grid cell and season, all valid
aerosol-type retrievals were collected, and the most frequently occurring aerosol class
was assigned as the dominant type. Each class was associated with a corresponding set
of aerosol optical properties, including single-scattering albedo and asymmetry factor
(Supplementary Table S2), which were then used in the 6S radiative-transfer model [45].
Aerosol-type-dependent look-up tables (LUTs) were generated for the blue, red, and
shortwave-infrared (SWIR) bands to describe the relationship between TOA reflectance
and surface reflectance under the simulated aerosol and observation conditions.

In parallel, seasonal minimum TOA reflectance was derived from the time series of
quality-controlled MODIS observations. For each pixel, season, and spectral band, the min-
imum valid clear-sky TOA reflectance was identified separately in the blue, red, and SWIR
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bands. This quantity was used as an observational proxy for conditions with relatively
weak aerosol influence and, together with AODy;, and the aerosol-type prior, provided
the observational constraint for estimating the low-aerosol surface-reflectance background.

TSCR was then retrieved by combining the seasonal minimum TOA reflectance with
the corresponding regional AODyyi, through the 6S LUT associated with the dominant
seasonal aerosol type. Specifically, for each pixel and spectral band, the appropriate
aerosol-type-dependent LUT was first selected according to the seasonal aerosol-type field.
The seasonal minimum TOA reflectance and the corresponding region—season-specific
AQODni,, were then used to identify the surface-reflectance value consistent with the 6S
radiative-transfer relationship. The retrieved surface reflectance was defined as TSCR.

Although both BSA-VIS and TSCR describe aspects of the surface radiative back-
ground, they provide distinct information. BSA-VIS represents broadband visible
directional-hemispherical albedo, whereas TSCR characterizes band-specific surface re-
flectance in the blue, red, and SWIR bands after accounting for the residual aerosol contri-
bution associated with AODyi,. BSA-VIS therefore provides a broadband surface-albedo
constraint, while TSCR retains additional spectral information relevant to aerosol-surface
signal separation. The two predictor groups are physically related but complementary. The
final physically informed predictor set comprised regional AODyi, and TSCR in the blue,
red, and SWIR bands.

2.4. Model Development

A random forest (RF) regression model was used to learn the nonlinear mapping
between multisource predictors and AOD [46]. RF can accommodate heterogeneous predic-
tors without feature scaling, capture nonlinear interactions among variables, and provide
stable performance at moderate computational cost. In addition, its feature-importance
diagnostics facilitate the interpretation of the relative contributions of individual predictors.
These characteristics make RF well suited to the large-scale AOD retrieval framework
developed in this study. The RF optimal parameters were determined using out-of-bag
(OOB) error. The final model consisted of 160 trees, with the maximum tree depth set to 20.
All predictor variables were considered when searching for the best split, the minimum
number of samples required to split an internal node was 2, and the minimum number of
samples per leaf was 1. After wavelength harmonization, spatiotemporal matching, cloud
screening, and invalid-value filtering, the available samples were separated temporally into
a model-development dataset and an independent evaluation dataset. Samples from 2001
to 2012 were used for model development, while a subset of the 2015-2017 samples was
reserved for independent temporal validation. After the model configuration was fixed, all
available samples from 2001 to 2012 and 2015-2017 were combined to train the final RF
model, whereas the 2013-2014 samples were excluded from model construction and used
exclusively for independent retrieval evaluation.

2.5. Validation

Model performance was evaluated in two stages. In the first stage, model fitting,
10-fold cross-validation, and independent temporal validation were used to evaluate the
predictive performance and temporal generalizability of the RF model. Samples from 2001
to 2012 constituted the model-development dataset. For 10-fold cross-validation, these
samples were randomly partitioned into ten mutually exclusive subsets. In each iteration,
nine subsets were used for model training and the remaining subset for validation, such that
each sample was used once for validation. In addition, a subset of the collocated samples
from 2015 to 2017 was withheld as an independent temporal validation dataset and was not
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used for model fitting or parameter selection. The RF model developed using the 2001-2012
samples was subsequently evaluated against these withheld 2015-2017 observations.

In the second stage, after the RF configuration had been fixed, all available samples
from 2001 to 2012 and 2015-2017, including those reserved for independent temporal vali-
dation in the first stage, were combined to train the final retrieval model. The final model
was then applied to MODIS observations from 2013 to 2014 to retrieve AOD. AERONET
observations from 2013 to 2014 were excluded from model construction and used only as
reference measurements for evaluating the retrieved AOD. Accordingly, all subsequent re-
trieval assessments, including station-level evaluation, overall comparison with AERONET,
comparison with MOD04 products, and analysis of retrieval errors as a function of AOD,
were based on the 2013-2014 retrieval results.

For satellite-ground collocation, AERONET observations acquired within £30 min
of the MODIS overpass were averaged to reduce temporal sampling differences between
satellite and ground-based measurements. The retrieved AOD from the 1 km grid cell
containing each AERONET site was then matched with the corresponding temporally
averaged AERONET AOD. Performance was quantified using the Pearson correlation
coefficient (R), root mean square error (RMSE), mean absolute error (MAE), relative mean
bias (RMB), and the fraction of samples falling within the expected-error envelope (EE).
The EE was defined as +(0.05 + 0.15 x AOD_AERONET), where AOD_AERONET denotes
the collocated AERONET AOD at 550 nm.

In addition to the overall sample-level evaluation, station-level validation was per-
formed globally using the 2013-2014 retrieval results to assess regional retrieval perfor-
mance under different aerosol and surface-background conditions. The proposed retrievals
were also compared with the MODO04 Dark Target (DT) and Deep Blue (DB) products using
collocated AERONET observations, with differences evaluated in terms of RMSE, MAE,
and EE.

3. Results
3.1. Model Fitting and Validation

The RF model showed strong fitting performance during training. For the fitting
samples, model-predicted AOD agreed closely with AERONET observations, with R = 0.99,
RMSE = 0.037, MAE = 0.022, and 98.49% of samples falling within the EE (Figure 2a).
The 10-fold cross-validation performance was lower than the fitting result but remained
stable, with R = 0.81, RMSE = 0.109, MAE = 0.067, and 74.1% of the samples within the EE
(Figure 2b).

To further assess the temporal generalizability of the RF model, samples from 2001 to
2012 were used for model development, while a subset of the collocated samples from 2015
to 2017 was withheld for independent temporal validation. The independent validation
yielded R = 0.789, RMSE = 0.116, MAE = 0.071, with 70.84% of the samples falling within the
EE (Figure 3). Although the validation performance was slightly lower than that obtained
from 10-fold cross-validation, the overall agreement was comparable, indicating that the
RF model maintained relatively stable predictive performance when applied to temporally
independent observations from years not included in model development.
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represent the MODIS expected error, the 1:1 line and the linear regression line, respectively.
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Figure 3. Density scatterplot for independent temporal validation using the 2015-2017 samples. The

color scale indicates sample density, the red dashed lines show the MODIS expected-error envelope,

and the black solid line represents y = x.

To quantify the contribution of individual predictor groups, controlled leave-one-

group-out ablation experiments were performed using the full model as the reference
(Table 2). The full model achieved R = 0.79, RMSE = 0.116, MAE = 0.071, and 70.84% of
the samples within the EE (Figure 3). Removing TOA reflectance produced the largest

deterioration in retrieval performance, with R decreasing to 0.665, RMSE increasing to 0.153,

and the within-EE fraction decreasing to 57.80%, demonstrating that multispectral TOA

observations provide the primary information for AOD retrieval. The removal of surface
variables and DEM also resulted in a substantial performance loss (R = 0.75, RMSE = 0.127,
and within EE = 66.91%), highlighting the importance of characterizing surface reflectance

and topographic variability. The physically informed features also contributed appreciably
to the retrieval. Removing the regional minimum AOD reduced R from 0.79 to 0.74 and
increased RMSE from 0.116 to 0.128, while the within-EE fraction decreased from 70.84% to
66.65%. Removing TSCR resulted in R = 0.76, RMSE = 0.123, and 68.10% within EE. When
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regional minimum AOD and TSCR were simultaneously excluded, the performance further
degraded to R = 0.716, RMSE = 0.137, MAE = 0.083, and 63.40% within EE. The larger
degradation caused by removing both feature groups indicates that regional minimum
AOD and TSCR provide complementary constraints on the aerosol background and surface-
reflectance state, respectively, with regional minimum AOD showing a somewhat larger
marginal contribution.

Table 2. Controlled leave-one-group-out ablation results for quantifying the marginal contribution of
different predictor groups.

Experiment R RMSE MAE Within EE (%)
Full model 0.79 0.116 0.071 70.84
w /o Meteorology 0.78 0.119 0.073 69.60
w/o Surface + DEM 0.75 0.127 0.078 66.91
w/o0 TSCR 0.76 0.123 0.075 68.10
w/0o minAOD 0.74 0.128 0.078 66.65
w/0 minAOD and TSCR 0.716 0.137 0.083 63.40
w /o TOA reflectance 0.665 0.153 0.094 57.80

The group-level RF feature importance shows a consistent pattern (Supplementary
Figure S3). TOA reflectance accounted for the largest proportion of the total importance
(30%), followed by regional minimum AOD (18%), TSCR (15%), surface variables and
DEM (15%), observation geometry (14%), and meteorological variables (8%). Regional
minimum AOD and TSCR together accounted for 33% of the total RF feature importance,
further indicating that the physically informed predictors provide substantial information
in addition to the conventional spectral, surface, geometric, and meteorological inputs.

The cumulative ablation experiments further illustrate how retrieval performance
evolved as predictor groups were progressively introduced (Supplementary Table S3). The
baseline model using only TOA reflectance and observation geometry yielded R = 0.50,
RMSE = 0.208, MAE = 0.123, and 56.32% within EE. Adding meteorological variables pro-
duced only a modest improvement, whereas the subsequent inclusion of surface variables
and DEM increased R from 0.54 to 0.67 and reduced RMSE from 0.201 to 0.158. Incorpo-
rating regional minimum AOD further increased R to 0.71 and reduced RMSE to 0.131,
and the addition of TSCR resulted in the final performance of R = 0.79, RMSE = 0.116,
MAE = 0.071, and 70.84% within EE. The cumulative and controlled ablation experiments
therefore provide complementary evidence that the retrieval benefits from both conven-
tional multisource predictors and the physically informed aerosol-surface constraints.

3.2. Evaluation of 2013-2014 AOD Retrieval Performance
3.2.1. Spatial Patterns of Station-Level Accuracy

This section evaluates the spatial variability in AOD retrieval performance during
2013-2014. Figure 4 presents the global station-level distributions of RMSE, MAE, RMB,
and EE relative to AERONET observations. For RMSE (Figure 4a), approximately 70.2%
of AERONET sites (80 of 114) exhibited values below 0.11. Sites with relatively low
RMSE were concentrated mainly in North America, South America, and Europe, where
AERONET coverage and sample availability were generally greater and aerosol conditions
were comparatively stable. In contrast, higher RMSE values occurred primarily over India,
China, and regions influenced by African desert dust. These larger errors may reflect
the combined effects of high aerosol loading, frequent dust events, strong anthropogenic
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emissions, limited ground-based sampling, and greater spatiotemporal variability in aerosol
optical properties, all of which increase the complexity of AOD retrieval.
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Figure 4. Station-level validation between retrieved AOD and AERONET AOD at 550 nm over land
for 2013-2014. From top to bottom: (a) RMSE, (b) MAE, (c) RMB, and (d) EE.
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For MAE (Figure 4b), approximately 71.9% of stations (82 of 114) had MAE values
no greater than 0.08, again mainly in North America, South America, and Europe. Higher
MAE values were concentrated in India and China, implying that retrieval uncertainty
increases in regions with complex land surfaces, high surface reflectance, and strong
anthropogenic influence. RMB was used to evaluate systematic retrieval bias, with RMB = 1
indicating an unbiased retrieval, RMB < 1 indicating underestimation, and RMB > 1
indicating overestimation. The mean station-level RMB was 1.07, indicating slight overall
overestimation (Figure 4c), while approximately 42.1% of stations showed underestimation.
Underestimation was evident over parts of Europe, Africa, Asia, and eastern North America,
whereas overestimation was observed in western North America, South America, and parts
of South Asia.

For EE (Figure 4d), approximately 65.7% of stations (75 of 114) had more than 70% of
samples falling within the EE. These stations were mainly located in eastern North America,
South America, Europe, and Oceania. In contrast, EE values were relatively low over North
Africa, South Asia, India, and China, where surface-atmosphere interactions are more
complex, aerosol sources are more diverse, and aerosol loading can vary rapidly.

3.2.2. Overall Retrieval Accuracy Against AERONET

To further assess the overall retrieval accuracy during the independent 2013-2014
period, the retrieved AOD values were compared with collocated AERONET AOD obser-
vations at the sample level. Figure 5 presents the density scatterplot between the retrieved
AOD and AERONET AOD, together with the 1:1 line and EE. The retrieved AOD generally
showed good agreement with AERONET observations, with most samples distributed
close to the 1:1 line. Approximately 74.93% of the matched samples fell within the EE. The
overall error statistics further confirm the retrieval performance, with MAE = 0.063 and
RMSE = 0.096 for the independent assessment. The relatively low MAE and RMSE suggest
that the proposed physically informed random forest framework can effectively retrieve
AOD over global land areas under clear-sky conditions.
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Figure 5. Density scatterplot of retrieved AOD and AERONET AOD observations. The color scale
indicates sample density, the red dashed lines show the MODIS expected-error envelope, and the
black solid line represents y = x.

3.2.3. Comparison with MODO04 DT and DB Products

The proposed retrievals were compared with MODO04 DT and DB aerosol prod-
ucts using matched AERONET observations. DB retrievals agreed reasonably well with

https://doi.org/10.3390/1s18172862


https://doi.org/10.3390/rs18172862

Remote Sens. 2026, 18, 2862

13 of 20

AERONET, with more than 67.44% of data points falling within the EE and MAE and RMSE
values below 0.086 and 0.14, respectively (Figure 6a). The retrievals from this study showed
stronger agreement with AERONET, with approximately 72.58% of samples satisfying the
accuracy requirement and lower MAE and RMSE values (0.06 and 0.10, respectively). DB
exhibited more frequent overestimation. MODO04 10 km DT also showed overestimation;
approximately 71.75% of data points fell within EE, with RMSE = 0.10 and MAE = 0.07
(Figure 6b). In comparison, the proposed retrieval achieved a higher EE fraction (77.57%)
and lower MAE and RMSE values (0.06 and 0.09, respectively). Overall, the proposed 1 km
AQD retrievals showed better agreement with AERONET than the MOD04 DT and DB
products in these validation experiments.

(a) e Retrieved AOD

20— _ © 10km-DB
N=06837,r=0.7498

RMSE =0.1062, MAE = 0.0689
=EE: 72.58%

> EE: 14.07%
<EE: 13.35%

Retrieved AOD

N=6837,r=0.7245
q}MSE 0.1390, MAE = 0.0852

=EE: 67.44%
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T 1
0.0 0.5 1.0 1.5 2.0
AERONET AOD
(b) ® Retrieved AOD
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N=2662, r=0.8503
RMSE =0.0894, MAE = 0.0603
=EE: 77.57%
>EE: 7.66%
T <EE: 14.76%
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N =2662, r = 0.8405

RMSE =0.0993, MAE = 0.0675
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>EE: 22.16%
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Figure 6. Validation of the retrieved AOD and MODO04 10-km AOD products against collocated
AERONET observations. (a) Retrieved AOD (blue) and MODO04 Deep Blue (DB) AOD (red). (b) Re-
trieved AOD (blue) and MODO04 Dark Target (DT) AOD (red). The solid black line denotes the 1:1

line, while the dotted lines represent the expected error (EE) envelope. Validation statistics are shown
in each panel.

3.3. Spatial Distribution of Retrieved AOD
3.3.1. Global Spatial Distribution of Retrieved AOD

Figure 7 shows the global distribution of annual mean AOD retrieved at 1 km spatial
resolution over land. The retrievals exhibit clear large-scale spatial variability while preserv-
ing substantial regional detail. Relatively high AOD values are evident over several major
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aerosol-affected regions, particularly South and East Asia, including the Indo-Gangetic
Plain and eastern China. Elevated AOD is also observed over parts of western and cen-
tral Africa, especially regions influenced by persistent biomass-burning and dust-related
aerosol loading. Moderate-to-high AOD occurs over portions of northern Eurasia and
Central Asia, although the spatial extent and magnitude are generally lower than those
observed over the major Asian and African hotspots. In contrast, relatively low annual
mean AOD dominates large areas of North America, South America, Europe, southern
Africa, and Australia. These continental-scale contrasts are accompanied by pronounced
spatial gradients within individual regions, particularly across South Asia, East Asia, and
Africa, illustrating the ability of the 1 km retrieval to resolve subregional aerosol variability
that may be obscured in coarser-resolution products. Overall, the retrieved AOD field re-
produces the expected broad-scale geographical pattern of aerosol loading while providing
spatially continuous information over diverse land-surface conditions.

0.1

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 7. Global distribution of mean retrieved AOD at 550 nm at 1 km spatial resolution for
2013-2014. The red boxes indicate selected regions characterized by relatively high mean AOD.

3.3.2. Regional Spatial Patterns of Retrieved AOD

Figure 8 presents representative examples of the spatial distributions of the retrieved
1 km AOD, MAIAC 1 km AOD, and MOD04 10 km AOD for several MODIS overpass
dates. The proposed retrieval generally reproduces the major aerosol spatial patterns
observed in both MAIAC and MODO04, while resolving finer-scale spatial variability than the
coarser MODO04 product. In particular, the 1 km retrieval captures localized AOD gradients
near coastlines, urbanized areas, and heterogeneous land-cover transitions, where aerosol
loading and surface reflectance can vary over short distances. Compared with MAIAC, the
proposed retrieval exhibits more spatially continuous AOD fields and broader valid-pixel
coverage in several of the selected scenes, with fewer retrieval gaps and a more complete
representation of regional aerosol structures. Differences in AOD magnitude remain among
the three products, which may reflect differences in surface-reflectance characterization,
aerosol assumptions, and quality-control procedures. Overall, these examples indicate that
the proposed framework can provide spatially coherent and comparatively complete 1 km
AOD fields while preserving physically plausible aerosol patterns.
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Figure 8. Spatial comparison of the retrieved 1-km AOD with MAIAC 1-km AOD and MOD04
10-km AOD for selected MODIS overpasses: (a) 6 May 2016, (b) 5 April 2016, (c) 1 March 2016, and
(d) 18 April 2016. For each case, the columns from left to right show the MODIS RGB image, the 1-km
AQOD retrieved in this study, the MAIAC 1-km AOD, and the MOD04 10-km AOD, respectively. The
RGB images are provided for visual reference, and a common color scale is used for all AOD products.

3.4. Dependence of Retrieval Error on AERONET AOD

To further evaluate the error characteristics under different aerosol loading levels, the
AQOD bias, defined as retrieved AOD minus AERONET AOD, and the within-EE fraction
were analyzed as functions of AERONET AOD. The AERONET AOD values were divided
into thirteen bins within the range of 0.0-2.0, and the corresponding bias distributions and
within-EE percentages are shown in Figure 9.

The retrieval bias remained close to zero under low-to-moderate aerosol loading con-
ditions, especially when AERONET AOD was below approximately 0.4-0.5. In these bins,
the bias distribution was relatively narrow and the within-EE fraction was comparatively
high, indicating stable retrieval performance for most clear-sky cases with low or moderate
aerosol loading. However, as AERONET AOD increased, particularly above approximately
1, the retrievals showed an increasingly negative bias accompanied by a decline in the
within-EE fraction.
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Figure 9. Boxplots of AOD bias and the percentage of samples within the expected-error envelope
(EE; blue curve) as functions of AERONET AOD at 550 nm. In each box, red dots indicate mean bias,
while the middle, lower, and upper horizontal lines represent the median, 25th percentile, and 75th
percentile, respectively.

The sample distribution indicates that high-AOD conditions were sparsely repre-
sented in the independent evaluation dataset. Among the 12,878 collocated samples,
86.33% had AERONET AOD below 0.3 and 95.87% had AOD below 0.5, whereas only
183 samples (1.42%) had AOD > 0.7 and only 53 samples (0.41%) had AOD > 1.0
(Supplementary Table S4). Consequently, the statistics for the highest-AOD bins should
be interpreted with caution because of their relatively small sample sizes. The observed
high-AOD underestimation may reflect both limited sample representation and increased
retrieval complexity under heavy aerosol loading. In particular, stronger aerosol scatter-
ing and absorption and greater uncertainty in aerosol-type representation make it more
difficult to separate atmospheric aerosol effects from land-surface reflection. In addition,
the limited representation of extreme aerosol conditions may restrict the ability of the RF
model to adequately characterize severe pollution and dust events. Future improvements
should therefore focus on increasing the representation of high-AOD cases and refining
aerosol-type constraints, particularly in regions frequently affected by severe pollution
and dust events. Future improvements could address the high-AOD underestimation
from both physical and data-driven perspectives. Physically, more flexible aerosol-type
priors and a broader range of aerosol optical properties in the 65 LUTs could improve
the representation of severe pollution and dust conditions. From the machine learning
perspective, AOD-stratified sampling or increased weighting of high-AOD observations
could enhance the influence of these relatively rare cases during model training and reduce
the regression toward the more densely sampled low-to-moderate AOD range.

4. Conclusions

This study developed a physically informed random forest framework for global 1 km
land AOD retrieval from MODIS. The framework integrates multispectral TOA reflectance,
surface albedo, NDVI, observation geometry, ERA5 meteorological variables, topography,
and physically informed aerosol-surface features represented by regional minimum AOD
and time-series clear-sky reflectance. The model showed stable predictive performance
in both cross-validation and independent temporal validation. Validation using withheld
samples from 2015 to 2017 yielded R = 0.789, RMSE = 0.116, MAE = 0.071, with 70.84%
of samples falling within the expected-error (EE) envelope. The final model was subse-
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quently applied to retrieve AOD for 2013-2014, yielding MAE = 0.063, RMSE = 0.096, and
74.93% of collocated samples within the EE when evaluated against AERONET obser-
vations. Station-level evaluation showed generally lower retrieval errors across North
America, South America, and Europe, whereas larger errors occurred over India, China,
and dust-influenced regions with more complex aerosol and surface conditions. Compar-
isons with MOD04 Dark Target and Deep Blue products further showed that the proposed
retrievals achieved comparable or improved agreement with AERONET while providing
AOD estimates at 1 km spatial resolution. Overall, the results demonstrate the value of
integrating physically interpretable aerosol-background and surface-reflectance informa-
tion into data-driven AOD retrieval. Remaining uncertainties are most evident under high
aerosol loading, where retrievals tend to underestimate AOD. Future work should there-
fore focus on improving the representation of high-AOD conditions, refining aerosol-type
priors, incorporating complementary satellite observations, and developing pixel-level
uncertainty estimates.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/rs18172862/s1, Figure S1: Distribution of the selected AERONET
sites; Figure 52: Continent distribution diagram; Figure S3: Feature importance derived from the
full RF model. The importance of each predictor group was calculated by summing the normalized
importance scores of the individual variables belonging to that group; Table S1: Statistical results of
seasonal AOD minimum values; Table S2: Aerosol type parameters; Table S3: Cumulative ablation
experiments showing the progressive contribution of predictor groups to RF-based AOD retrieval;
Table S4: Distribution of collocated samples across AERONET AOD intervals.
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Abbreviations

Abbreviation Definition

AOD Aerosol optical depth

AERONET Aerosol Robotic Network

MODIS Moderate Resolution Imaging Spectroradiometer
TOA Top-of-atmosphere

RF Random forest

GLASS Global Land Surface Satellite

BSA-VIS Visible black-sky albedo

ERA5 Fifth-generation ECMWF atmospheric reanalysis
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SpP Surface pressure

TCO3 Total column ozone

TCWV Total column water vapor

NDVI Normalized difference vegetation index

DEM Digital elevation model

TSCR Time-series clear-sky reflectance

LUT Look-up table

0O0B Out-of-bag

CvV Cross-validation

RMSE Root mean square error

MAE Mean absolute error

RMB Relative mean bias

EE Expected error

DT Dark Target

DB Deep Blue

MAIAC Multi-Angle Implementation of Atmospheric Correction
6S Second Simulation of a Satellite Signal in the Solar Spectrum
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