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Abstract. Surface reflectance prior uncertainty remains a
major source of error in land aerosol optical depth (AOD)
retrieval, particularly over complex surfaces and for newly
launched satellite sensors lacking long-term observations for
constructing stable surface priors. Here, we develop a hy-
brid AOD retrieval framework for the DQ-1 Wide Swath Im-
ager (WSI) that integrates a static surface reflectance prior,
machine-learning-based blue-band surface residual correc-
tion, and a physically based lookup-table (LUT) inver-
sion. A multi-band static surface prior is first constructed
from quality-controlled clear-sky observations under low-
to-moderate aerosol loading. Rather than directly predict-
ing AOD, a random forest model is used to estimate the
residual between the static and reference surface terms at
0.443 um using the static blue-band prior, top-of-atmosphere
reflectance, normalized difference vegetation index (NDVI),
viewing geometry, and elevation. The corrected blue-band
surface term is then used in the conventional LUT retrieval,
retaining the physical aerosol inversion while using machine
learning only to correct surface-prior mismatch. MCD19A2
AQOD is used as an external atmospheric constraint in the
offline construction of LUT-derived reference surface terms
and as a reference for regional spatial and hold-out-date con-
sistency analyses, whereas AERONET observations provide
independent ground-based validation. Relative to the static-
prior LUT retrieval, the residual-corrected retrieval reduced
the AERONET-based RMSE from 0.256 to 0.107 and the

mean bias error from 0.187 to 0.059 in spring 2025 (March—
May), while increasing the fraction within the expected-error
envelope from 14.8 % to 55.6 %. Improvement was also ob-
served for autumn—winter 2025 (October—December) using
a season-specific static prior together with a seasonally ad-
justed LUT and RF model. When the spring-2025 configu-
ration was applied to spring 2026 (March—May) without re-
training or recalibration, the RMSE decreased from 0.330 to
0.153. In a held-out-scene evaluation, the blue-band surface-
term MAE relative to the LUT-derived reference surface
term decreased from (0.0088 to 0.0044, and hold-out-date
comparisons showed regional consistency with MCD19A2.
Together, these evaluations show that correcting blue-band
surface-prior mismatch improves DQ-1 WSI land AOD re-
trieval while retaining the LUT-based physical inversion un-
der the BTH conditions examined here.

1 Introduction

Aerosol optical depth (AOD) is an important parameter
for characterizing atmospheric aerosol loading and its cli-
matic and environmental effects (Zou et al., 2025; Luo et
al., 2024a), and it has been widely used in air-quality moni-
toring and regional climate studies (Intergovernmental Panel
on Climate Change (IPCC), 2023; Wei et al., 2021). Ow-
ing to their wide spatial coverage and continuous observa-
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tion capability, satellite remote sensing techniques have be-
come a primary means of obtaining AOD at large scales (Wei
et al.,, 2020; Yan et al., 2023, 2026). However, over land
surfaces, especially in urban and urban—rural transitional ar-
eas, strong spectral heterogeneity and spatial non-uniformity
make it difficult to effectively separate surface signals from
aerosol scattering signals, which remains one of the major
challenges for high-accuracy AOD retrieval.

Although physically based retrieval algorithms repre-
sented by the MODIS Dark Target (DT) (Kaufman et
al., 1997), Deep Blue (DB) (Hsu et al., 2013; Levy et
al., 2013), and MAIAC (Lyapustin et al., 2018) products
have become relatively mature, errors in surface reflectance
estimation are still a key factor limiting retrieval accuracy
over complex surfaces (Bilal et al., 2013). This is particu-
larly true under low-AOD conditions, where even a small
bias in the blue-band surface prior may propagate through
the radiative transfer chain and be amplified into a sub-
stantial AOD retrieval error. In addition, bidirectional re-
flectance distribution function (BRDF) effects and seasonal
phenological changes may further weaken the applicability
of static surface priors (Lucht et al., 2000). Therefore, for
new remote-sensing sensors with limited temporal accumula-
tion, it remains challenging to construct surface background
constraints that are well matched to actual observation con-
ditions (Yan et al., 2025).

In recent years, machine-learning methods have been in-
creasingly used for AOD retrieval and related error correc-
tion and have shown strong capability in fitting nonlinear
relationships in complex scenes (Luo et al., 2024b; Tian et
al., 2022; Wei et al., 2024). However, end-to-end data-driven
methods that directly target AOD usually incorporate radia-
tive transfer constraints only implicitly, and their physical
interpretability and spatiotemporal generalizability still re-
quire further examination (Yan et al., 2024; Peng et al., 2026;
Yang et al., 2025). In contrast, physics-guided hybrid meth-
ods use machine learning to correct selected parameters or
error terms while retaining the physical retrieval framework,
thereby improving retrieval accuracy while better preserv-
ing physical consistency (Dong et al., 2024; Lemmouchi
et al., 2023; Man et al., 2024; Yan et al., 2022). Among
these methods, tree-based models such as random forest (RF)
are well suited to handling multi-source heterogeneous fea-
tures and representing nonlinear relationships, and have been
shown to be effective in various remote-sensing retrieval
tasks (Liang et al., 2022). For new wide-swath sensors, con-
straining machine learning to surface-term error compensa-
tion, rather than using it to directly replace the physics-based
AOD retrieval, provides a feasible way to improve retrieval
stability over complex surfaces.

The DaQi-1 (DQ-1) atmospheric environment monitor-
ing satellite carries the Wide Swath Imager (WSI), which
provides relatively high spatial resolution and wide-swath
coverage, offering new observational capability for regional
aerosol monitoring (Dai et al., 2024; Wang et al., 2024a). Pre-
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vious studies have shown that DQ-1 WSI has the potential for
land AOD retrieval (Wang et al., 2024b). However, as a new
sensor with still-limited temporal accumulation, WSI faces
several challenges over complex land surfaces. First, long-
term and stable surface reflectance priors are not yet suffi-
ciently available, and surface assumptions developed for ma-
ture sensors cannot be directly transferred. Second, clouds,
thin clouds, warm haze, water, snow, and mixed pixels over
complex land surfaces may affect the quality of analysis-
ready data. In addition, the Beijing-Tianjin—Hebei region
is characterized by highly heterogeneous urban—cropland—
bare-land mosaics, which further increases the difficulty of
surface reflectance characterization and stable AOD retrieval
(Zang et al., 2023). Therefore, it is important to develop
a retrieval-oriented workflow for DQ-1 WSI that integrates
quality control, surface-prior constraints, physical retrieval,
and error correction.

To address these challenges, this study develops a hy-
brid land AOD retrieval framework for DQ-1 WSI that
combines machine-learning-based surface correction with
a physically based lookup-table (LUT) inversion. A static
multi-band surface reflectance prior is first constructed
from quality-controlled clear-sky observations under low-to-
moderate aerosol loading. A random forest model is then
used to correct the residual of the 0.443 um surface term,
with MCD19A2 AOD used only in the offline stage to con-
strain the LUT-derived reference surface term. The corrected
blue-band surface term is subsequently introduced into the
LUT retrieval to obtain AOD. Unlike direct machine-learning
AOQD retrieval, the proposed framework uses machine learn-
ing only to mitigate surface-prior mismatch while preserv-
ing the physical retrieval chain and its interpretability. The
main contributions are threefold: (1) an integrated DQ-1 WSI
land AOD retrieval workflow combining quality control,
static surface-prior construction, surface residual correction,
and LUT inversion; (2) a targeted correction of blue-band
surface-prior errors to reduce retrieval bias over complex
surfaces; and (3) a multi-level evaluation linking surface-
term correction to final AOD performance using AERONET
validation, held-out-scene tests, and cross-product consis-
tency analyses with MCD19A2. Together, these analyses test
whether the retrieval improvement can be traced to reduced
surface-prior mismatch rather than direct empirical fitting of
AOD.

2 Study Area and Data Preprocessing
2.1 Study Area

The Beijing-Tianjin—Hebei (BTH) region was selected as
the study area in this work. This region contains a mixture
of urban areas, croplands, and bare land, resulting in strong
surface heterogeneity, and therefore provides a representa-
tive test bed for examining the impact of surface reflectance
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estimation errors on satellite AOD retrieval. In addition, un-
der the combined influence of anthropogenic activities, to-
pography, and meteorological conditions, aerosol pollution
in the BTH region exhibits pronounced regional and episodic
characteristics (Che et al., 2015; Tao et al., 2012). The wide
range of AOD variability in this region provides representa-
tive scenes for evaluating the applicability of the DQ-1 WSI
AOD retrieval algorithm under complex surface and different
pollution conditions.

2.2 DQ-1 WSI Data

The DQ-1 atmospheric environment monitoring satellite
was launched on 16 April 2022 and operates in a Sun-
synchronous orbit at an altitude of approximately 700 km,
with an overpass time of about 13:30 Beijing time over the
study region (Wang et al., 2024b). The Wide Swath Imager
(WSI) onboard DQ-1 provides wide-swath multispectral ob-
servations from the visible to the long-wave infrared region.
The WSI has a swath width of approximately 2300 km and
provides observations over approximately 0.415-12 um, with
nominal spatial resolutions of 75, 150, 300, and 600 m de-
pending on the channel (Cao, 2023; Wang et al., 2024b).
Pre-launch radiometric calibration showed uncertainties of
approximately 3.2 % for the visible and near-infrared chan-
nels and 4.6 % for the shortwave-infrared channels, while the
relative radiometric calibration accuracy of individual chan-
nels was better than 1.0 % (Wang et al., 2024a). At 30 % solar
albedo, the signal-to-noise ratios are greater than 500 for the
0.443, 0.490, and 0.681 um bands, greater than 200 for the
0.865 ym band, and greater than 110 for the 2.13 um band
(Wang et al., 2024a).

For the AOD retrieval developed in this study, the 0.443,
0.490, 0.681, 0.865, and 2.13 um bands at 600 m spatial reso-
lution were used to construct the main retrieval inputs. In ad-
dition, the 10.8 um thermal infrared brightness temperature at
300 m resolution, together with solar/viewing geometry and
elevation information from the navigation data, was used to
support quality control and retrieval. The main bands used in
this study and their applications are listed in Table 1.

2.3 Ground-Based Validation and Satellite Reference
Products

AERONET (Aerosol Robotic Network) sun-photometer ob-
servations were used as the independent ground-based refer-
ence for validating the DQ-1 WSI AOD retrievals. Observa-
tions from stations in the Beijing—Tianjin—Hebei region were
collected for the DQ-1 WSI overpass dates using the Version
3 Level 1.5 instantaneous product (Giles et al., 2019; Hol-
ben et al., 1998). The AOD at 550 nm was interpolated from
the 500nm AOD and the 440-675 nm Angstrém exponent.
To ensure a direct comparison between the static-prior LUT
retrieval and the residual-corrected retrieval, the AERONET
matchup analysis was conducted using only station—date

https://doi.org/10.5194/amt-19-6805-2026

6807

samples for which both DQ-1 WSI retrievals were valid. For
the spring 2025 evaluation (March-May 2025), AERONET
observations acquired between 02:00 and 06:00 UTC were
averaged at each station to obtain the ground-based reference
AOD. The nominal DQ-1 WSI overpass time over the study
region is approximately 13:30 Beijing time (approximately
05:30 UTC). The 02:00-06:00 UTC window was used to re-
tain sufficient AERONET observations for the available DQ-
1 WSI overpass dates. Temporal aerosol variability within
this window may introduce additional uncertainty into the
validation statistics. For the autumn—winter 2025 evaluation
(October—December 2025), AERONET observations within
+60min of the nominal overpass time were used. The
spring-2026 evaluation (March—-May 2026) used the same
temporal and spatial matchup definition as the spring-2025
evaluation.

The satellite matchup value was then extracted as the mean
AOD within a 3 x 3 pixel window centered on the station lo-
cation for both retrievals. A station—date pair was retained
only when both DQ-1 WSI retrievals were valid. This strat-
egy ensures consistent sampling between the two retrievals,
although it also constrains the final number of matchups.

The MODIS MAIAC MCD19A2 AOD product (Lyapustin
et al., 2018) was also used to support AOD-screened surface-
prior construction and regional cross-product comparison.
Previous studies have reported its good retrieval performance
and spatial characterization over complex surfaces (Wei et
al., 2019b). For dates corresponding to DQ-1 WSI observa-
tions, the Optical_Depth_055 layer was extracted, and high-
quality pixels were selected according to the AOD_QA flag.
The MCDI19A2 data were then reprojected and clipped to
the study domain to obtain same-day 550 nm AOD refer-
ence images. In this study, MCD19A2 was used mainly
(1) to provide an external AOD constraint for static surface-
prior construction under AOD-screened conditions, (2) to
provide a reference for regional spatial-structure compari-
son, and (3) to conduct hold-out-date cross-product consis-
tency analysis. The independent accuracy assessment of the
proposed retrieval remains based on AERONET observa-
tions. Level 1.5 data were used because fully quality-assured
Level 2.0 observations were not consistently available for all
DQ-1 WSI overpass dates at the time of this analysis.

2.4 DQ-1 WSI Preprocessing and Quality Control

The WSI visible-to-shortwave-infrared channels were con-
verted from digital numbers to top-of-atmosphere (TOA)
reflectance using the official radiometric calibration coef-
ficients released by the China Centre for Resources Satel-
lite Data and Application (CRESDA). The 10.8 um thermal
infrared channel was converted to brightness temperature,
while solar zenith angle, viewing zenith angle, and relative
azimuth angle were obtained from the accompanying navi-
gation data. TOA reflectance, observation geometry, eleva-
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Table 1. Main DQ-1 WSI bands used in this study and their applications.

Central Spatial Application

Wavelength  Resolution

[um] [m]

0.443 600 Core retrieval band; blue-band residual learning

0.490 600 Construction of the static surface reflectance prior

0.681 600 Surface-state characterization; normalized difference vegetation index (NDVI) calculation
0.865 600 Surface-state characterization; NDVI calculation

2.13 600 Water and complex-surface identification; quality control

10.8 300 Brightness-temperature retrieval; cloud contamination screening

tion, and other continuous retrieval inputs were subsequently
resampled to a common spatial resolution of 600 m.

A unified quality-control procedure was applied to reduce
the influence of cloud contamination and anomalous sur-
face targets on AOD retrieval. Water pixels were identified
mainly using the modified normalized difference water in-
dex (MNDWI; Xu, 2006), the normalized difference vege-
tation index (NDVI), and related spectral constraints, while
snow pixels were detected using the normalized difference
snow index (NDSI). For cloud-contamination screening,
thick clouds were identified using visible-band whiteness,
while blue-band enhancement, 10.8 pym brightness tempera-
ture, and visible-band gradient and texture were combined
to identify thin clouds, cloud edges, and semi-transparent
cloud-like contamination. For QA purposes, “haze” refers to
pixels showing cloud-like spectral, thermal, or spatial char-
acteristics rather than aerosol-loaded clear-sky conditions.
Because AOD itself is not used as a screening criterion,
high-AOD observations are not explicitly excluded. How-
ever, aerosol-loaded pixels showing cloud-like spectral, ther-
mal, or spatial characteristics may still be removed by the QA
procedure. NDVI- and NDSI-based constraints were used to
reduce false detections over bright vegetation and snow-like
targets. The resulting mask was applied conservatively to re-
duce residual cloud contamination in surface estimation and
AOD retrieval.

After the initial cloud-contamination mask was obtained,
morphological operations, including dilation, hole filling,
and removal of small patches, were applied following exist-
ing cloud-masking approaches for optical satellite imagery
(Qiu et al., 2019; Zhang et al., 2024). These operations im-
proved the spatial completeness and stability of the mask. A
unified QA mask was then generated using the priority or-
der of snow, water, and cloud, and only clear-sky valid pixels
were retained for subsequent surface reflectance estimation
and AOD retrieval. Through these preprocessing and quality-
control steps, DQ-1 WSI analysis-ready data with consistent
radiometric units, unified spatial registration, and rigorous
screening were obtained, providing reliable inputs for the
subsequent LUT-based physical retrieval and residual cor-
rection. The specific thresholds, spectral tests, thermal con-
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straints, and morphological operations used in the unified QA
mask are summarized in Table S1 in the Supplement. The QA
mask was encoded as 0 for clear sky, 1 for cloud contamina-
tion, 2 for water, 3 for snow, and 255 for no data.

3 Methods
3.1 Overall Framework

The proposed framework (Fig. 1) consists of an offline prepa-
ration stage and an online AOD retrieval stage. The offline
stage is used to construct the static surface prior and train the
blue-band residual model, whereas the online stage performs
AOD retrieval without requiring any external AOD product.

In the offline preparation stage, clear-sky DQ-1 WSI ref-
erence scenes screened using MCD19A2 AOD are first se-
lected after quality control. For these scenes, collocated
MCDI19A2 AOD is used only as an external atmospheric
constraint in the LUT inversion, together with WSI TOA
reflectance, observation geometry, and elevation, to derive
LUT-based reference surface terms. These reference sur-
face terms are then used to construct the static multi-band
surface reflectance prior. The difference between the LUT-
derived reference blue-band surface term and the correspond-
ing static blue-band prior is defined as the residual-learning
target, and an RF model is trained to predict this residual
from the static blue-band prior, blue-band TOA reflectance,
NDVI, observation geometry, and elevation.

In the online retrieval stage, no MCDI19A2 or other ex-
ternal AOD product is required. For each valid WSI pixel,
the trained RF model predicts the blue-band surface resid-
ual, which is added to the static blue-band prior to obtain the
residual-corrected blue-band surface term. The corrected sur-
face term is then reintroduced into the LUT-based physical
retrieval to derive AOD. Thus, machine learning is restricted
to the surface-term correction step and does not directly esti-
mate AOD.

3.2 LUT Construction

Under the Lambertian surface assumption, the 6S radia-
tive transfer model (Kotchenova et al., 2006; Vermote
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Figure 1. Framework of the proposed blue-band residual-correction method for DQ-1 WSI AOD retrieval. The left panel shows the offline
preparation stage, in which MCD19A2 AOD is used as an external constraint for LUT-derived reference surface-term estimation for the
AOD-screened clear-sky reference scenes, followed by static multi-band surface-prior construction, blue-band residual-sample generation,
and RF model training. The right panel shows the online retrieval stage, in which no external AOD product is required; the trained RF model
predicts the blue-band surface residual, and the resulting residual-corrected blue-band surface term is used for LUT-based physical AOD

retrieval.

et al.,, 1997) was used to simulate top-of-atmosphere
(TOA) reflectance, with surface reflectance represented
as a Lambertian-equivalent quantity in the LUT retrieval
(Schaepman-Strub et al., 2006). AOD was retrieved by min-
imizing the residual between observed and simulated TOA
reflectance. To improve the retrieval efficiency for large-area
imagery, a lookup table (LUT) covering multidimensional
observation geometry, elevation, and representative aerosol
models was preconstructed. The key discretization settings
of the LUT are listed in Table 2.

The continental and urban aerosol models used in this
study are predefined aerosol types in 6S rather than aerosol
properties retrieved from DQ-1 WSI observations. Both
models were retained as candidate aerosol assumptions in the
online retrieval and were evaluated separately at the scene
scale. Representative values of single-scattering albedo and
normalized spectral AOD for the two models are provided in
Table S5.

The spectral AOD dependence prescribed by the two mod-
els was compared with AERONET observations from the
BTH region. The comparison included 678 records from
four sites spanning 34 observation dates and was used to
characterize the regional spectral AOD range. Both models
fell within the observed 5th-95th percentile range, with the
continental model closer to the median spectral dependence
and the urban model showing a steeper spectral dependence
(Fig. S1 in the Supplement). The AERONET comparison
evaluates the prescribed spectral AOD dependence only; the
predefined SSA values were not independently evaluated in
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Table 2. Key parameter settings of the baseline spring LUT.

LUT Parameter Number of  Parameter Values
Levels

Solar zenith angle 5 20-60 (step of 10)

Satellite zenith angle 5 0-80 (step of 20)

Relative azimuth angle 7 0-180 (step of 30)

550 nm AOD 13 0.01,0.05, 0.10, 0.20, 0.30,
0.40, 0.50, 0.60, 0.80, 1.00,
1.50, 2.00, 2.50

Aerosol model 2 Continental and urban

Sensor band 5 0.443,0.490, 0.681, 0.865,
2.130 um

Surface reflectance 10 0.01, 0.03, 0.05, 0.07, 0.10,
0.15, 0.20, 0.30, 0.40, 0.50

Elevation [km] 2 01,10

Atmospheric profile 1 Midlatitude Summer

this study. The continental model was used for offline con-
struction of the static surface prior and LUT-derived refer-
ence surface terms, whereas both models were retained for
the final online retrieval.

The 6S simulations were performed at the nominal WSI
central wavelengths listed in Table 2 without explicit con-
volution with the measured spectral response functions. The
Midlatitude Summer atmospheric profile was used for the
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spring retrieval. Gaseous absorption was treated within 6S
using the gaseous contents specified by this profile, with-
out additional external gas-concentration data or absorption
cross sections. The downward and upward scattering trans-
mittances stored in the LUT were obtained from the total-
scattering transmittances provided by 6S, and the corre-
sponding directional global-gas transmittances were applied
to obtain the transmittances used in the TOA reflectance cal-
culation.

During online retrieval, the radiative parameters were in-
terpolated according to pixel-wise observation geometry, el-
evation, and candidate AOD, and TOA reflectance was then
simulated using the prescribed surface term. AOD was sub-
sequently solved by minimizing the matching residual be-
tween observed and simulated reflectance. For the baseline
spring LUT, the effect of angular discretization was evaluated
by comparing direct 6S simulations with LUT-interpolated
0.443 um TOA reflectance for 160 geometries located be-
tween the LUT nodes. The resulting bias and RMSE were
0.0052 and 0.0078, respectively, and the 95th percentile of
the absolute difference was 0.0185. The interpolation error
increased toward large viewing zenith angles (Fig. S2 and
Table S6). Although the LUT was preconstructed for mul-
tiple spectral bands, the final AOD matching objective used
the 0.443 um band. This process constitutes the static-prior
LUT retrieval used as the control case in this study, while the
subsequent residual learning is used only to correct the sur-
face term and does not alter the main LUT retrieval chain. A
sensitivity test at 0.443 um showed that the gas-transmittance
correction produced a median absolute change of 6.5 x 1073
in simulated TOA reflectance and 0.002 in retrieved AOD;
97.1 % of the test cases showed an AOD change within 0.02
(Table S7).

For the autumn—winter retrieval, the LUT was extended to
cover the larger solar zenith angles. Additional solar zenith
angle nodes of 65, 70, 75, and 80° were introduced, and
the Midlatitude Winter atmospheric profile was used. The
AOD, surface-reflectance, elevation, viewing-zenith-angle,
and relative-azimuth grids were unchanged. Continental and
urban remained the two candidate aerosol models in the final
retrieval.

3.3 Construction of the Static Multi-Band Surface
Reflectance Library

A static surface reflectance prior was constructed from clear-
sky reference scenes screened to MCD19A2 AOD val-
ues of 0.01-0.50. This clear-sky compositing and surface-
background inversion strategy has been widely used to obtain
reliable surface reflectance estimates when multi-angle ob-
servations are unavailable (Knapp et al., 2005). For the spring
configuration, the reference set comprised scenes acquired on
22 March, 22 April, and 19 May 2025; for autumn—winter
2025, the same procedure was applied using scenes acquired
on 18 October, 22 October, 8 December, and 15 December
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2025. For a target scene included in the corresponding refer-
ence set, that scene was omitted from the candidate set during
compositing. After invalid pixels affected by clouds, water,
and snow were removed, the collocated MCD19A2 AOD at
550 nm was used to constrain aerosol loading in the LUT in-
version, while the spectral and angular aerosol optical prop-
erties were specified by the predefined 6S continental aerosol
model. Together with DQ-1 WSI TOA reflectance, observa-
tion geometry, and elevation, these inputs were used to in-
terpolate the LUT and inversely estimate the Lambertian-
equivalent surface reflectance for the blue, green, red, and
near-infrared bands on a pixel-by-pixel basis. Candidate pix-
els were restricted to MCD19A2 AOD values of 0.01-0.50 to
limit the influence of heavier aerosol loading on surface-term
estimation. The collocated MCD19A2 AOD was retained as
an atmospheric constraint in the LUT inversion to account
for aerosol effects within this range. Thus, aerosol effects at
AOD < 0.50 were not treated as negligible.

To maintain reasonable spectral consistency among bands
in the static prior, reference dates were not selected indepen-
dently for each band. Instead, a pixel-wise reference-date se-
lection strategy was adopted. Among the candidate reference
scenes, a given date was allowed to participate in the selec-
tion only when valid inversions were available for at least
three bands. A composite score was then calculated for each
candidate date, and the date with the highest score was se-
lected as the final reference date for that pixel. This score
was used only for reference-date selection.

Here, Brightness is defined as the mean candidate surface
reflectance of the blue, green, red, and near-infrared bands
on the candidate date:

Pblue T PGreen + PRed + ONIR

Brightness = ) @))

where PBlue, OGreen» PRed> and pNIR denote the candidate sur-
face reflectance values of the four bands on that date. Bright-
ness represents the overall retrieved surface-reflectance level
of a pixel on a candidate date and was used as an em-
pirical term in reference-date selection. Within the quality-
controlled candidate scenes, this term empirically favors rel-
atively high retrieved surface-reflectance states and reduces
the selection of anomalously low surface solutions. The
multi-band mean reduces the influence of band-specific noise
and outliers. Here, NDVI was calculated from the candi-
date red and near-infrared Lambertian-equivalent surface re-
flectances. The deviation between the NDVI of a candidate
date and the median NDVI of all candidate dates for the same
pixel was used to characterize vegetation-state consistency.
The composite score was defined as

Score = Brightness — « - INDVI — NDVIyedian| 2)
Here, « =0.06 was adopted empirically to balance the

brightness and vegetation-state consistency terms. A sensi-
tivity analysis around this value is shown in Fig. 2. Increasing
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Figure 2. Sensitivity analysis of the empirical parameter o used
in the pixel-wise reference-date selection for the static surface re-
flectance prior. The x axis denotes the value of «. The left y axis
shows the mean selected brightness and the mean selected NDVI
deviation, and the right y axis shows the reference-date switch ratio
relative to the default setting (o« = 0.06).

o reduced the NDVI deviation of the selected scenes, while
the mean selected brightness changed little, indicating that o
mainly controls the weight assigned to vegetation-state con-
sistency. The reference-date switch ratio is defined relative to
o =0.06 and is therefore used only as a descriptive measure
of changes in reference-date selection.

After the reference date was selected, the blue, green, red,
and near-infrared surface reflectance values from that same
date were extracted simultaneously as the static prior values.
This avoided spectral inconsistency caused by using differ-
ent reference dates for different bands. For pixels that still
had missing values, spatial nearest-neighbor filling was fur-
ther applied to improve the spatial completeness of the static
prior.

3.4 Surface Correction and AOD Retrieval Coupled
with Random-Forest Residual Learning

Based on the static multi-band surface reflectance prior, a
residual-learning model was constructed for the 0.443 pm
blue band to compensate for scene-dependent mismatch be-
tween the static blue-band prior and the LUT-derived refer-
ence surface term. The blue band was selected as the correc-
tion target because it serves as the primary aerosol-sensitive
retrieval channel in the current framework and is particularly
sensitive to errors in surface characterization over complex
land surfaces. Surface-prior mismatch may also occur in the
other spectral bands; the present study does not assume these
bands to be error-free. Rather, the correction is deliberately
focused on the blue band to evaluate whether targeted correc-
tion of the surface term in the primary AOD-sensitive chan-
nel can improve the subsequent LUT-based AOD retrieval.
Instead of directly fitting AOD with machine learning, this
study restricts the learning target to the residual between the
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static surface prior and the LUT-derived reference blue-band
surface term. For a given pixel, the blue-band surface residual
is defined as

_ref lib
A pplue = Psurf,blue ~ Psurf,blue* )

where p;ﬁff,b]ue denotes the reference blue-band surface re-
flectance inversely estimated for the AOD-screened refer-
ence scenes using the MCD19A2 AOD constraint and the
continental-aerosol LUT, and p;iubrf,blue denotes the blue-band
surface reflectance from the static prior library.

To ensure the reliability of the residual samples, only pix-
els satisfying all of the following conditions were retained:
valid quality-control flags, valid external AOD within the
range 0.01-0.50, and reasonable blue-band TOA reflectance
and static surface reflectance. In addition, the LUT-derived
reference blue-band surface term was constrained to the
range of 0-0.8, and samples with absolute residuals larger
than 0.12 were excluded as outliers during residual-sample
construction. The residual threshold was used only for offline
sample screening to remove extreme discrepancies between
the reference surface term and the static prior and does not
directly enter the subsequent online AOD inversion.

A random forest (RF) model was used to learn the nonlin-
ear mapping between the blue-band surface reflectance resid-
ual and the input features (Breiman, 2001; Wei et al., 2019a).
The input features included blue-band surface reflectance
from the static library, blue-band TOA reflectance, NDVI
derived from red and near-infrared TOA reflectance, solar
zenith angle, viewing zenith angle, relative azimuth angle,
and elevation. The inclusion of solar and viewing geometry
allows the RF to represent geometry-dependent variability in
the surface residual empirically. No explicit physical BRDF
model is included in the current framework. MCD19A2 AOD
is used in the offline derivation of the LUT-derived reference
surface term and therefore contributes indirectly to the RF
training target. It is not included among the RF input features
and is not required during online retrieval.

For the spring configuration, the three reference scenes
used for static-prior construction in Sect. 3.3 were also used
to generate RF residual-training samples. The scene acquired
on 28 April 2025 was reserved for held-out internal val-
idation and was not used for static-prior construction, RF
training, feature selection, or hyperparameter tuning. Up to
80000 pixels were randomly sampled from each training
scene, and up to 60 000 pixels were sampled from the val-
idation scene. Following previous studies on random-forest
hyperparameters and tuning strategies (Probst et al., 2019),
the main RF settings were as follows: 500 trees, maximum
depth of 22, minimum leaf size of 40, minimum split size of
80, and maximum feature fraction of 0.7, while other param-
eters were kept at their default values.

For the autumn—winter configuration, the four reference
scenes used to construct the season-specific static prior in
Sect. 3.3 were likewise used for RF residual training, fol-
lowing the same leave-one-reference-scene-out strategy. The
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scene acquired on 21 November 2025 was reserved for held-
out internal validation and was not used for static-prior con-
struction or RF training. The residual-learning framework
and RF settings were otherwise unchanged.

The detailed residual-sample screening criteria and RF
training configuration are summarized in Table S2. Because
neighboring pixels are not fully independent, the pixel-level
sample size should not be interpreted as the number of in-
dependent atmospheric cases; therefore, the residual module
was additionally evaluated using a held-out scene, and the
final retrieval performance was assessed using independent
AERONET station—date matchups.

In the online stage, the blue-band residual was predicted
pixel by pixel from WSI observations, observation geometry,
elevation, and the static surface prior, and the static prior was
then corrected as

PET = phid . + A pblue 4)

where A/p\blue is the RF-predicted blue-band residual and
Pome s the corrected blue-band surface reflectance. To pre-
vent unusually large surface corrections from propagating
into the subsequent LUT inversion, range constraints were
imposed on both the predicted residual and the corrected sur-
face term. Specifically, the RF-predicted residual was lim-
ited to [—0.10,0.10] as a safeguard against extreme model
extrapolation, and the corrected blue-band surface term was
constrained to [0, 0.8], consistent with the admissible range
used for the LUT-derived reference surface term.

The corrected blue-band surface reflectance was then rein-
troduced into the LUT retrieval framework described in
Sect. 3.2, and AOD was retrieved by matching the observed
and simulated TOA reflectance. The discrete AOD nodes
were set to 0.01, 0.05, 0.10, 0.20, 0.30, 0.40, 0.50, 0.60,
0.80, 1.00, 1.50, 2.00, and 2.50. For each pixel i and aerosol
model m, the matching cost was defined as

) 2
. b
Jim = g12[020§443 - P?,I(T443,;n(f)] ) &)

where A denotes the set of discrete AOD nodes, 7 is the can-
didate AOD, and p°® and p*™ denote the observed and LUT-
simulated TOA reflectance, respectively. The matching cost
was not normalized by measurement uncertainty. Retrieval
was performed separately under the continental and urban
aerosol models, and the model with the lower median J;
over all valid pixels was selected at the scene scale. For so-
lutions falling between discrete AOD nodes, local parabolic
interpolation was further applied to obtain continuous AOD
estimates. A matching-cost threshold of 0.03 was used as a
gross-mismatch screening criterion, and pixels satisfying this
criterion were retained for subsequent analysis.

A sensitivity check showed that thresholds of 0.01, 0.03,
and 0.05 retained 99.86 %, 99.89 %, and 99.94 % of valid in-
version pixels, respectively, indicating that retrieval cover-
age is only weakly sensitive to this criterion. Small isolated
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Figure 3. Relative importance of the input features used in the blue-
band surface-residual learning model. The x axis shows the relative
feature importance in the random forest model, and the y axis lists
the input variables. Static blue-band surface prior, solar zenith an-
gle, and blue-band TOA reflectance show the largest relative impor-
tance values.

patches of retained pixels were removed, and a 3 x 3 median
filter was further applied as a spatial post-processing step to
improve the stability of the final AOD product.

In this way, a DQ-1 WSI AOD retrieval workflow con-
sisting of “static surface prior-blue-band residual correction—
LUT-based physical retrieval” was established, with machine
learning applied only to the surface-term correction while the
final AOD retrieval remains LUT based.

To further illustrate how the residual-learning model
uses the input information, the relative feature importance
was calculated using the impurity-based feature importance
(mean decrease in impurity, MDI) of the trained random
forest model, as shown in Fig. 3. The static blue-band sur-
face prior, solar zenith angle, and blue-band TOA reflectance
had the largest relative importance values, accounting for
28.3 %, 24.4 %, and 19.5 %, respectively. Viewing zenith an-
gle and NDVI also contributed to the prediction, whereas rel-
ative azimuth angle and elevation had lower importance val-
ues. Because correlated predictors may share or redistribute
MDI importance, these values are interpreted as descriptive
properties of the fitted model rather than as causal effects
(Roscher et al., 2020). The effect of the surface-term correc-
tion on the intermediate surface term and final AOD retrieval
is examined explicitly in Sect. 4.2 and 4.3.

4 Results and Validation

4.1 Validation against AERONET

The AERONET matchup strategy is described in Sect. 2.3

and was used to validate the DQ-1 WSI AOD retrievals.
Figure 4 shows the spring 2025 AERONET validation

results for the static-prior LUT retrieval and the residual-
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Figure 4. AERONET validation of the static-prior LUT retrieval and the residual-corrected retrieval for spring 2025. (a) Static-prior LUT
retrieval versus AERONET AOD; (b) residual-corrected retrieval versus AERONET AOD. The black solid line denotes the 1 : 1 line, the
grey dashed lines denote the expected-error envelope, £(0.05 + 0.15 x AODAERONET), and the red line denotes the linear fit.

corrected retrieval. To ensure direct comparability between
the two retrievals, the statistics were calculated using only
station—date matchups for which both retrievals were valid,
resulting in 27 station—date matchups.

The static-prior LUT retrieval shows a relatively high cor-
relation with AERONET, with R =0.918, but it also exhibits
a clear positive bias, with an RMSE of 0.256, an MBE of
0.187, and only 14.8 % of the samples falling within the
expected-error envelope. Here, the expected-error (EE) en-
velope was defined as +(0.05 4+ 0.15 x AODagRoNET), fol-
lowing previous satellite AOD validation studies (Sayer et
al., 2013), and was used as a common validation benchmark
rather than as a DQ-1-specific uncertainty estimate. In con-
trast, the residual-corrected retrieval shows a scatter distri-
bution closer to the 1:1 line, with R increasing to 0.946,
RMSE decreasing to 0.107, MBE decreasing to 0.059, and
the fraction within the expected-error envelope increasing to
55.6 %. These results indicate that introducing the blue-band
surface residual correction substantially reduces the positive
bias and overall retrieval error relative to the static-prior LUT
retrieval.

Figure 5 shows the AERONET validation results for
autumn—winter 2025. After excluding scenes used for
RF training and held-out internal validation, 49 station—
date matchups from two AERONET sites were retained,
covering 26 independent observation dates. The static-
prior LUT retrieval yielded R =0.927, RMSE =0.086, and
MBE = —0.009, with 67.3 % of the matchups falling within
the expected-error envelope. After residual correction, R in-
creased to 0.932, RMSE decreased to 0.071, MBE was 0.009,
and the fraction within the expected-error envelope increased
to 85.7 %. These results show that the reduction in retrieval
error was maintained using a season-specific static prior to-
gether with a seasonally adjusted LUT and RF model.
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To examine interannual performance, the spring-2025 re-
trieval configuration was applied to spring 2026 without us-
ing 2026 observations for retraining or recalibration (Fig. 6).
The evaluation included 28 station—date matchups from
three AERONET sites spanning 17 independent observa-
tion dates. The static-prior LUT retrieval yielded R =0.919,
RMSE =0.330, MBE =0.269, and 17.9 % of the matchups
within the expected-error envelope. After residual correc-
tion, R increased to 0.950, RMSE decreased to 0.153, MBE
decreased to 0.115, and the fraction within the expected-
error envelope increased to 42.9 %. The spring-2025 resid-
ual model therefore continued to reduce retrieval error when
applied to spring-2026 observations without retraining.

The effects of the surface-term correction on AOD re-
sponse and regional spatial consistency are examined further
in Sect. 4.3 and 4.4.

4.2 Held-out-scene evaluation of the blue-band surface
residual correction module

To further examine the blue-band residual correction for the
spring configuration, the residual module was evaluated us-
ing the held-out scene acquired on 28 April 2025. The LUT-
derived reference blue-band surface term does not represent
true surface reflectance; it was inversely estimated from DQ-
1 WSI TOA reflectance using the MCD19A2-constrained
LUT and is used here only to evaluate the mismatch between
the static surface prior and the LUT-derived reference surface
term.

As shown in Fig. 7, the RF-predicted residual agrees well
with the LUT-derived residual, with a correlation coefficient
of 0.917 and RMSE and MAE values of 0.0059 and 0.0044,
respectively. This indicates that the model can capture both
the direction and magnitude of the blue-band surface-term
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residual. Before correction, the static blue-band surface prior
shows only moderate agreement with the reference surface
term, with a correlation coefficient of 0.752 and an MAE of
0.0088. After residual correction, the agreement is substan-
tially improved, with the correlation coefficient increasing to
0.951 and the MAE decreasing to 0.0044. The error distri-
bution further shows that the mean absolute difference of the
blue-band surface term is reduced by approximately 49.8 %

after correction.

The correction is applied to the blue-band surface term be-
fore the final LUT inversion rather than directly to the re-
trieved AOD. The held-out-scene results therefore provide
intermediate evidence that reducing surface-prior mismatch
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improves the surface input to the LUT retrieval. This behav-
ior is consistent with the subsequent improvement in AOD
accuracy and regional spatial continuity.

4.3 AOD response to blue-band surface-term
correction and stratified analysis

Based on the evaluation of the blue-band surface residual cor-
rection module, we further examined how the surface-term
correction propagates to the final AOD retrieval. For this pur-
pose, the relationship between the change in blue-band sur-
face reflectance and the change in AOD was analyzed by
comparing the static-prior LUT retrieval with the residual-
corrected retrieval. The surface reflectance change was
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J. Zhao et al.: Blue-band surface residual correction for DQ-1 WSI AOD

(a) Residual prediction

Residual e
0109 N =59,946 ol 5
R=0.917 Ve 10
_ RMSE = 0.0059 i
[} MAE = 0.0044 Ve
° Bias = -0.0028 s
9_"; 0.05
2
8 10
$ 000
Qo
el
2
S
® i
!9-_ -0.05 10
w
o
-0.10 A
: r : : T 10°
-0.10 -0.05 0.00 0.05 0.10
LUT-derived blue-band residual
(c) Corrected surface term
0.25 -
Corrected s 3
N = 59,946 L 10
RVISE 20,0050 -
0.20 MAE = 0.0044 A
o Bias = -0.0028 L
7]
2 P
_8 0.15 A 10
o
=3
3
B
£ 0.10 1
o
= 1
o
8 10
0.05 A
0.00 . . T . 10°
0.00 0.05 0.10 0.15 0.20 0.25

LUT-derived reference blue-band SR

log1o(pixel count)

log1o(pixel count)

(b) Static prior before correction
0.25 v
Static s
N = 59,946 L
R =0.752 I
RMSE = 0.0121 .
0.20 9 \MAE = 00088 . A
Bias = 0.0024  ** . e ,
o 00
2 0.15 E
§ S
° 3
@ X
] X
3 E
o -
= 0.10 o §
s kel
0.05
0.00 - r T T 10°
0.00 0.05 0.10 0.15 0.20 0.25
LUT-derived reference blue-band SR
(d) Absolute SR error distribution
0 0.025 o
ﬁ T Mean |A| reduction = 0.0044
< Reduction = 49.8 %
o
& 0.020 4
o
e
o
2
$ 0.015 -
g
o _
-
£
S 0010 4
@
o
c
o
£ 0.005 4
kel
L
2 J—
o
§ 0.000 L

T T
Static Corrected

Figure 7. Evaluation of the blue-band surface residual correction module on the spring 2025 held-out scene. (a) Relationship between
the LUT-derived blue-band surface residual and the RF-predicted residual; (b) relationship between the LUT-derived reference blue-band
surface term and the original static blue-band surface prior; (¢) relationship between the LUT-derived reference blue-band surface term and
the residual-corrected blue-band surface term; (d) distributions of the absolute differences before and after correction relative to the LUT-
derived reference surface term. The LUT-derived reference surface term was obtained through LUT inversion constrained by MCD19A2
AOD and is used only to evaluate the correction of surface-prior mismatch; it should not be interpreted as true surface reflectance. The

dashed lines denote the 1 : 1 line.

defined as ASR = SRyesidual-corrected — SRstatic-prior» and the
AOQOD change was defined as AAOD = AODyegidual-corrected —
AODyatic-prior- The results are shown in Fig. 8.

For the full sample, ASR and AAOD show a clear neg-
ative relationship. In other words, when the corrected sur-
face reflectance increases, the retrieved AOD generally de-
creases; conversely, when the corrected surface reflectance
decreases, the retrieved AOD tends to increase. This response
direction is consistent with the trade-off between surface-
reflected contribution and atmospheric scattering contribu-
tion in radiative-transfer-based retrievals. It indicates that
correction of the blue-band surface term directly affects
the partitioning of the TOA signal between the surface and
aerosol components, thereby changing the final AOD esti-
mate. This behavior is also consistent with the critical sur-
face albedo theory, which suggests that surface reflectance
errors can be amplified and propagated into aerosol retrievals
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under specific observational and surface conditions (Seidel
and Popp, 2012). Therefore, rather than applying a uni-
form empirical shift to the AOD results, the residual cor-
rection produces AOD changes whose direction is consistent
with radiative-transfer expectations. This response supports
the interpretation that modifying the blue-band surface term
changes the partitioning of the TOA signal between surface
reflection and aerosol scattering before the final LUT solu-
tion.

The strength of the AOD response to blue-band surface-
term correction varies with aerosol loading (Fig. 9). Under
low-to-moderate AOD conditions, the negative relationship
between ASR and AAOD is more pronounced. This sug-
gests that, within this range, the TOA signal is still jointly
affected by surface reflection and aerosol scattering, so er-
rors in the static surface prior are more likely to propagate
into AOD biases. As a result, surface residual correction has

Atmos. Meas. Tech., 19, 6805-6822, 2026
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a stronger influence on the retrieval. In contrast, under high-
AOQOD conditions, the atmospheric scattering contribution be-
comes more dominant, and the relative influence of surface-
term error on the final solution decreases. Consequently, the
response amplitude of AAOD to ASR is reduced.

The stratification by surface brightness (Fig. 10) shows
that mixed or urban surfaces and bright surfaces exhibit a
more pronounced AOD response. In these regions, surface
reflectance varies rapidly in space and mixed pixels are more
common, making the static surface prior more likely to be
mismatched with the actual observation scene. This mis-
match can introduce local anomalous high values or spa-
tial speckle into the static-prior LUT retrieval. After blue-
band residual correction, the estimated surface contribution
changes, and the corresponding AOD estimate is adjusted ac-
cordingly. By comparison, over dark or vegetated surfaces,
the surface reflectance is lower and the static-prior LUT
retrieval is less affected by surface-term mismatch; there-
fore, the AOD response induced by residual correction is
weaker. Previous studies have shown that aerosol retrievals
over bright and highly reflective source regions are generally
more sensitive to errors in surface reflectance assumptions,
further highlighting the importance of accurate surface-term
characterization under complex surface conditions (Hsu et
al., 2004). The stratified analysis shows a larger AOD re-
sponse over mixed/urban and bright surfaces, where mis-
match in the static prior is more likely. Combined with the
ASR-AAOD response, this pattern is consistent with cor-
rection of surface-prior mismatch rather than a uniform shift
in retrieved AOD.
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4.4 Regional spatial consistency and hold-out-date
cross-product consistency with MCD19A2

To examine regional-scale spatial consistency while reduc-
ing the effects of resolution and grid differences, the DQ-1
WSI AOD retrievals and MCD19A2 were reprojected to a
common grid and aggregated to an approximately 3 km spa-
tial scale before comparison. Pixels with AOD values below
0.05 in either product were excluded; this screen removed
0.96 % of the collocated samples, and omitting it produced
only minor changes in the comparison statistics (Table S8).
Probable residual-cloud outliers were defined as pixels with
DQ-1 AOD > 1.0 and DQ-1 AOD — MCD19A2 AOD > 0.8;
this criterion removed 1621 samples (0.80 %).

To visually examine the regional spatial effect of the blue-
band surface residual correction, the broader BTH region
on 28 May 2025 was selected as a representative scene.
Figure 11 presents the DQ-1 WSI true-color image, the
static blue-band surface prior, the static-prior LUT AOD, the
residual-corrected AOD, and MCD19A2 AOD over the same
spatial extent. The scene shows a clear regional AOD gradi-
ent and heterogeneous surface conditions, providing a com-
mon spatial context for comparing the three AOD fields.

As shown in Fig. 11, the static-prior LUT retrieval con-
tains localized high-AOD features and spatial speckle over
parts of the eastern and southeastern BTH region. After resid-
ual correction, these features are reduced and the large-scale
AOD distribution becomes more spatially continuous, with
a regional gradient closer to that shown by MCD19A2. The
true-color image also provides scene context for interpreting
cloud-affected and masked areas in the DQ-1 WSl retrievals.

Because MCD19A2 and DQ-1 WSI differ in spatial res-
olution, viewing geometry, retrieval strategy, and quality-
control procedure, the comparison is used to examine
regional spatial consistency rather than pointwise agree-
ment. Independent retrieval accuracy is evaluated against
AERONET. Overall, the regional comparison shows that the
residual correction reduces localized anomalous high values
and improves the spatial continuity of the DQ-1 WSI AOD
field.

A hold-out-date cross-product comparison was also per-
formed using scenes not included in RF training or inter-
nal validation. A total of 200507 collocated spatial sam-
ples from 31 independent observation dates were retained.
Because neighboring pixels within the same scene are
spatially correlated, the pixel count should not be inter-
preted as the number of statistically independent observa-
tions. As shown in Fig. 12, the residual-corrected retrieval
showed regional-scale consistency with MCD19A2, with
R=0.863, RMSE=0.131, MAE=0.093, MBE=0.012,
and fitted slope and intercept values of 0.99 and 0.01, re-
spectively. This comparison is used to assess cross-product
spatial consistency, whereas independent retrieval accuracy
is evaluated against AERONET.
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Figure 9. Stratified relationship between blue-band surface reflectance correction and AOD change under different AOD loading levels.
(a) Low AOD (< 0.3), (b) moderate AOD (0.3-0.8), and (c) high AOD (> 0.8). The x axis denotes the change in surface reflectance between
the residual-corrected retrieval and the static-prior LUT retrieval, and the y axis denotes the corresponding change in AOD. The color
indicates the number of pixels in each hexagonal bin, and the black line denotes the linear fit.
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Figure 10. Sensitivity of the AOD response to surface reflectance correction under different surface brightness conditions. (a) Dark or
vegetated surfaces (SR < 0.04), (b) mixed or urban surfaces (0.04—0.07), and (c) bright or bare surfaces (SR > 0.07). The x axis denotes
the change in surface reflectance between the residual-corrected retrieval and the static-prior LUT retrieval, and the y axis denotes the
corresponding change in AOD. The color indicates the number of pixels in each hexagonal bin, and the black line denotes the linear fit.

5 Discussion

5.1 Methodological positioning of the DQ-1 WSI AOD
retrieval workflow

The main objective of this study is not to replace physi-
cal retrieval with machine learning, but to compensate for
key surface-term errors that affect the stability of DQ-1
WSI AOD retrieval over complex surfaces. For new sen-
sors with limited temporal accumulation, long-term and sta-
ble surface reflectance priors are often not yet available, and
clouds, haze, water, snow, and mixed pixels over complex
land surfaces further increase the difficulty of generating
analysis-ready data and characterizing the surface term. Ac-
cordingly, the retrieval workflow combines quality control,
static surface-prior construction, blue-band residual correc-
tion, and LUT-based AOD inversion.

https://doi.org/10.5194/amt-19-6805-2026

Within this framework, the unified quality-control proce-
dure provides relatively reliable clear-sky inputs for static
surface-prior construction and subsequent retrieval. The
multi-band static surface prior inverted from the AOD-
screened clear-sky reference scenes provides the basic sur-
face constraint for LUT retrieval. The blue-band residual cor-
rection further compensates for the remaining mismatch be-
tween the static prior and the actual observation scene. In
this way, machine learning is embedded only in the surface-
term error correction step, rather than being used to directly
fit AOD, thereby improving retrieval stability over complex
scenes while preserving radiative-transfer interpretability.

The evaluation results are consistent with this design.
AERONET comparisons show lower retrieval error and pos-
itive bias after residual correction, while the held-out scene
shows closer agreement between the corrected surface term

Atmos. Meas. Tech., 19, 6805-6822, 2026
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Figure 11. Spatial comparison over the broader Beijing-Tianjin—Hebei (BTH) region on 28 May 2025. (a) DQ-1 WSI true-color image;
(b) static blue-band surface reflectance used as the surface prior; (¢) static-prior LUT AOD; (d) residual-corrected AOD; and (e) MCD19A2
AOD. Panels (¢)—(e) use the same AOD color scale. White areas in the AOD panels indicate pixels without valid values after the corresponding

quality-control and retrieval masks.

and the LUT-derived reference. The ASR-AAQOD response
follows the expected radiative-transfer trade-off, and the re-
gional comparisons show fewer localized high-AOD artifacts
and smoother spatial transitions than the static-prior retrieval.

In terms of retrieval response, the influence of the blue-
band surface correction is more pronounced over mixed/ur-
ban and bright surfaces and under low-to-moderate AOD
conditions. In these regions, the static surface prior is more
likely to be mismatched with the actual observation scene,
making the blue-band surface residual correction more ef-
fective. By contrast, over dark surfaces or relatively stable
vegetated surfaces, the static-prior LUT retrieval is less af-
fected by surface-term mismatch. Under high-AOD condi-
tions, the atmospheric scattering contribution becomes more
dominant, reducing the relative influence of surface-term er-
rors on the final retrieval solution; consequently, the improve-
ment is generally weaker than under low-to-moderate AOD
conditions.

Overall, the “static surface prior—blue-band residual
correction—-LUT physical retrieval” framework provides an

Atmos. Meas. Tech., 19, 6805-6822, 2026

interpretable approach for regional DQ-1 WSI AOD retrieval
over complex land surfaces in the BTH region. The spring-
2025 evaluation establishes the baseline performance, while
the autumn—winter 2025 and spring-2026 analyses exam-
ine seasonal and interannual performance, respectively. The
present study focuses on establishing and evaluating the re-
trieval workflow rather than on assessing the realism of indi-
vidual sub-kilometer pollution structures at the 600 m scale.

5.2 Applicability limits and uncertainties

Across the three evaluation periods, the AERONET analysis
includes 104 station—date matchups: 27 in spring 2025, 49
from two sites spanning 26 independent observation dates
in autumn-winter 2025, and 28 from three sites spanning
17 independent dates in spring 2026. The autumn—winter
evaluation was performed using a season-specific static prior
together with a seasonally adjusted LUT and RF model,
whereas the spring-2026 evaluation used the spring-2025
configuration without retraining or recalibration. These addi-
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Figure 12. Cross-product consistency between the residual-
corrected DQ-1 WSI AOD and MCD19A2 after excluding the train-
ing and internal validation dates. Dates used for residual-model
training and internal validation were excluded from the statis-
tics. The x axis denotes MCD19A2 AOD, and the y axis denotes
residual-corrected DQ-1 WSI AOD. The color indicates the loga-
rithmic pixel count, the black dashed line denotes the 1 : 1 line, and
the red line denotes the linear fit.

tional evaluations substantially extend the temporal coverage
of the original analysis, although validation remains confined
to the BTH region and does not constitute a systematic year-
round or cross-regional assessment.

MCD19A2 is not treated as an independent accuracy ref-
erence because its AOD is used in the offline construction of
the LUT-derived reference surface terms and may therefore
influence the residual-learning target. AERONET is used
for independent accuracy assessment, whereas MCD19A2 is
used for regional spatial and hold-out-date consistency anal-
yses.

The autumn—winter 2025 evaluation used a LUT extended
to larger solar zenith angles and an RF model retrained
with representative autumn—winter scenes. It therefore eval-
uates performance after seasonal adjustment rather than un-
changed cross-season transfer. In contrast, the spring-2026
evaluation used the spring-2025 configuration without re-
training or recalibration and examines interannual perfor-
mance within a similar seasonal regime. Dense summer veg-
etation, snow-dominated surfaces, and regions outside the
BTH domain were not systematically evaluated.

Very thin clouds, semi-transparent cloud edges, and
strongly heterogeneous surfaces may still affect blue-band
AOD retrieval. Residual cloud contamination may intro-
duce additional blue-band reflectance and affect both sur-
face residual estimation and AOD retrieval (Christensen et
al., 2017; Norgren et al., 2022). The current framework also
assumes a Lambertian surface. BRDF effects may therefore
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introduce additional uncertainty under large viewing angles
and over high-contrast urban or bare surfaces.

5.3 Future improvements and extension potential

Future work should first extend the seasonal surface-prior
and residual-model framework as longer DQ-1 WSI records
become available, particularly for dense summer vegetation
where phenology and BRDF may differ substantially from
the present reference scenes (Shi et al., 2023).

The residual-correction concept could also be extended
from the 0.443 ym band to additional visible bands if band-
dependent aerosol sensitivity and cross-band error character-
istics are explicitly considered (Litvinov et al., 2025).

Explicit BRDF treatment is another priority for wide-
swath observations with large viewing-angle variations
(Zhou et al., 2024). Broader aerosol-type constraints and
more systematic validation over additional regions, seasons,
and independent ground-based sites will also be needed be-
fore the framework can be evaluated for broader operational
application.

6 Conclusions

This study developed a land AOD retrieval framework for
DQ-1 WSI over complex land surfaces in the BTH region by
combining a static surface reflectance prior, blue-band sur-
face residual correction, and LUT-based physical inversion.
For spring 2025, the residual-corrected retrieval reduced the
AERONET-based RMSE from 0.256 to 0.107 and the MBE
from 0.187 to 0.059, while increasing the fraction within the
expected-error envelope from 14.8 % to 55.6 %. The held-
out-scene evaluation further reduced the blue-band surface-
term MAE relative to the LUT-derived reference surface term
from 0.0088 to 0.0044, supporting the use of residual learn-
ing to correct surface-prior mismatch before the physical
AOD inversion.

The additional evaluations extend the assessment beyond
the initial spring-2025 dataset. For autumn—winter 2025, us-
ing a season-specific static prior together with a seasonally
adjusted LUT and RF model, the RMSE decreased from
0.086 to 0.071 and the fraction within the expected-error en-
velope increased from 67.3 % to 85.7 %. When the spring-
2025 configuration was applied to spring 2026 without re-
training or recalibration, the RMSE decreased from 0.330
to 0.153 and the MBE from 0.269 to 0.115. At the re-
gional scale, the hold-out-date comparison with MCD19A2
included 200507 spatial samples from 31 independent ob-
servation dates and yielded R =0.863, RMSE =0.131, and
a fitted slope of 0.99.

Taken together, the three AERONET evaluations show that
residual correction reduced retrieval error under the BTH
conditions examined here. The autumn—winter evaluation
required seasonal adjustment of the LUT and RF model,
whereas the spring-2026 experiment retained the spring-
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2025 configuration and still reduced RMSE and positive bias.
These results do not establish year-round or cross-regional
transferability. Further evaluation should therefore target ad-
ditional surface and aerosol regimes, BRDF effects, and
longer independent observational records outside BTH.

Code and data availability. The code used for QA-mask gen-
eration, blue-band surface-residual learning, and LUT-based
AOD retrieval is available from the corresponding author
upon reasonable request. AERONET Version 3 observations
are publicly available from the NASA AERONET data portal
(https://aeronet.gsfc.nasa.gov/, last access: 26 October 2026).
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uct is publicly available from NASA Earthdata under DOI
https://doi.org/10.5067/MODIS/MCD19A2.061 (Lyapustin and
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