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ARTICLE INFO ABSTRACT

Keywords: Investigating spatiotemporal variations of atmospheric aerosols is important for climate change and environ-
Aerosol Optical Depth (AOD) mental research. Although satellite aerosol optical depth (AOD) retrieved by the MAIAC (Multiangle Imple-
MAIAC

mentation of Atmospheric Correct) algorithm provides a unique opportunity to represent global aerosol loading
with high spatiotemporal resolution, accurate assessment of long-term aerosol loading countrywide is still
challenging due to its non-random missingness. This study aimed to develop an adaptive spatiotemporal high-
resolution imputation modeling framework for AOD that incorporates random forest models and multisource
data (the simulated AOD, meteorological, and surface condition data) to support full-coverage long- and short-
term aerosol studies in China. Aided by the time-stratified approach, the imputation model was constructed for
each day, and the MAIAC AOD was used as the target variable. The proposed approach could effectively capture
the massive spatiotemporal variability in a large amount of data and deliver full-coverage AODs with high ac-
curacies at a daily timescale (i.e., overall validation R? against ground-level AOD measurements of 0.77). We
then employed the proposed approach to impute the daily MAIAC retrieved AOD towards complete coverage for
China for 2003-2020. Due to the complete coverage, the spatial pattern of monthly/seasonal/yearly mean AOD
imputations has better representativeness than that of original MAIAC retrievals. Comparison analysis shows that
the monthly/seasonal/yearly aerosol loading over most of China tends to be underestimated by temporal ag-
gregates of original satellite-retrieved AODs. Such underestimation is particularly severe in summer and over the
North China Plain (the amount of underestimation >0.2). Consequently, our full-coverage AOD imputations can
advance scientific research and environmental management by supporting national and local complete pictures
of both short-term episodes and long-term trends in atmospheric aerosols.

Full coverage
Long-term trend
Random forest

1. Introduction particles, making the country one of the global aerosol hotspots (Guo

et al., 2011; Mao et al., 2014; Van Donkelaar et al., 2016; Zheng et al.,

As tiny particles suspended in the atmosphere, aerosols play a critical
role in regional and global climate change through direct radiative
forcing and indirect processes such as atmospheric circulation and cloud
formation (Kaufman et al., 2002; Li et al., 2007). Ground-level aerosol
particles, especially particles with an effective diameter < 10 pm (PMj)
and fine particles with a diameter < 2.5 pm (PM3 5), have been associ-
ated with various adverse effects on human health (Brauer et al., 2016;
Collaborators, 2018; Pope and Dockery, 2006). With rocketing indus-
trialization and urbanization in China, the increase in air pollutant
emissions has led to a substantial increase in atmospheric aerosol
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2021). To remedy this crisis, the Chinese government has rolled out a
series of emission control policies and air pollution prevention actions,
which have not only improved air quality but also affected the climate as
well as particle-related health burden studies (Ma et al., 2019; Wei et al.,
2021; Xue et al., 2019a; Yue et al., 2020). Consequently, accurately
quantifying the spatiotemporal variation of atmospheric aerosols in
China constitutes fundamentals for solving scientific questions and
formulating environmental policies (Chudnovsky et al. 2013; He et al.,
2021b).

Many studies have explored the spatiotemporal pattern of
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atmospheric aerosols with ground-level monitoring data and satellite
remote sensing data (He et al., 2021a; Li et al., 2017; Song et al., 2014;
Tao et al., 2015; Van Donkelaar et al., 2016; Wei et al., 2021). Compared
to in-situ AOD measurements (Holben et al., 1998), satellite-derived
AOD data can effectively support long-term studies over a larger
geographic area. Particularly, the MAIAC (Multiangle Implementation
of Atmospheric Correct) aerosol product (Lyapustin et al., 2011; Lya-
pustin et al., 2018) derived from Terra and Aqua satellites has provided
the public with a unique opportunity to explore the fine-scale variations
of AOD, due to its high spatiotemporal resolution (daily, 1 km). Thus,
this publicly available high-resolution aerosol product has been
increasingly used in scientific research of investigating atmospheric
aerosols (Abuelgasim et al., 2021) and estimating ground-level PM, 5 (Di
et al., 2016; He et al., 2021a).

However, most studies based on satellite AOD data have been chal-
lenged by the data availability issue. Affected by cloud/snow cover and
bright surfaces, satellite-derived AOD usually suffers from 40%-80% of
missing data (He et al., 2019; Song et al., 2019; Tao et al., 2015).
Although the MAIAC algorithm can make more retrievals than previ-
ously popular aerosol products derived by Dark Target (DT) and Deep
Blue (DB) retrieval algorithms (Chudnovsky et al., 2013a; Chudnovsky
et al.,, 2013b; Levy et al., 2013; Mei et al., 2019), the non-random
missingness of MAIAC AOD is still quite an issue. In China, the MAIAC
AOD was missing over 50% (Bi et al., 2019; He et al., 2021a; Liu et al.,
2019b). Such missingness makes satellite AOD data discontinuous in
space and time, introducing additional uncertainty in AOD-derived
PM, 5 data (Chen et al., 2020; Song et al., 2019; Xiao et al., 2021; Xue
et al., 2019b) as well as downstream applications of PM; 5 exposure and
health impact (He et al., 2021b; Ma et al., 2016; Xiao et al., 2017). More
importantly, the spatiotemporally discontinuous aerosol data cannot
explore short-term aerosol events, e.g., investigating the evolution and
mechanism of an extreme haze episode, nor is it sufficient to support the
short-term epidemiological research. Therefore, it is of the utmost
importance to fill AOD gaps to authentically represent the fine-scale
gradients and long-term variations of atmospheric aerosols.

Numerous methods have been developed to make up gaps left by
satellite AOD. More AOD values can be gained, through improving
aerosol retrieval algorithms to make them more appropriate for local
atmospheric and geographic conditions (Li et al., 2012). Statistical
methods are also helpful for increasing AOD values, by consolidating
AOD datasets with various spatiotemporal coverages and resolutions, e.
g., the MODIS Aqua/Terra 3-km DT and 10-km DB AOD datasets and the
Multi-angle Imaging SpectroRadiometer (MISR) Terra 4.4-km AOD
dataset (He et al., 2019; Jinnagara Puttaswamy et al., 2014; Ma et al.,
2019; Sogacheva et al., 2018; Wang et al., 2019; Xu et al., 2015; Zhao
et al., 2021). Despite improvements, those strategies cannot increase
AOD coverage to 100%. Another gap-filling approach is to incorporate
surface PM; 5 information into multi-step spatial methods (e.g., linear
regression + interpolation), as developed by Goldberg et al. (2019), Lv
et al. (2017), and Kloog et al. (2012), which could improve the data
integrity to nearly 100%. However, it is not suitable to gap-fill long-term
data for China because the ground-level PMj, 5 monitoring data required
by the modeling approach was rarely available in China in historical
years (i.e., prior to 2013). In addition, previous studies that adopted
statistical models or spatial methods show a limited capability to capture
the variability in the data, especially for a large heterogeneous area,
resulting in degraded accuracies for imputed AOD values; the validated
R? values against ground-level aerosol measurements ranged between
0.18 and 0.52 (Goldberg et al., 2019; Lv et al., 2017; Xiao et al., 2017).

Compared to traditional statistical approaches, data-driven machine
learning algorithms can handle a large number of predictors and mine
helpful information from vast amounts of input data with tremendous
variability (Bai et al., 2022; Bi et al., 2019; Chen et al., 2020; Huang
et al., 2021; Lin et al., 2016). Combined with external information from
numerical simulation models (e.g., coarse-resolution AOD data), recent
studies employed ensemble learning/deep learning approaches (Bai
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et al., 2022; Bi et al., 2019; Huang et al., 2021; Jiang et al., 2021; Kia-
nian et al., 2021; Li, 2020, 2021; Li et al., 2020; Lops et al., 2021; Pu and
Yoo, 2021; Zhao et al., 2019) to impute satellite AOD gaps and thereby
achieved full-coverage datasets with high spatiotemporal resolution.
However, most studies involved in filling AOD gaps aimed to estimate
ground-level PMj 5 concentrations, where the imputed AOD was used as
an intermediate for subsequent PM,s modeling rather than a final
product for assessing long-term variations of atmospheric aerosols. The
effect of satellite AOD gaps on the spatiotemporal representativeness of
atmospheric aerosols, especially on longer timescales (e.g., monthly and
seasonal), has yet been well explored.

Therefore, this study aimed to develop an adaptive spatiotemporal
high-resolution imputation modeling framework relying on ensemble
learning to generate full-coverage AOD time series and comprehensively
investigate spatiotemporal variations of atmospheric aerosols. MAIAC
AOD with the high spatiotemporal resolution was used as the target
variable, and the publicly available multisource data reflecting coarse-
resolution gradients of AOD, meteorology, and geographical condi-
tions were used as inputs for imputation modeling. The outputs of AOD
imputations were validated against MAIAC original AOD retrievals and
ground-level AOD measurements. Then, we generated a full-coverage,
high-spatiotemporal-resolution (i.e., 1 km, daily) AOD dataset for
China from 2003 to 2020. We also carried out a spatiotemporal analysis
of full-coverage AOD across China. The uncertainty due to the MAIAC
AOD absence and the difference in spatial representativeness between
MAIAC and imputed AOD were discussed.

2. Data and methods
2.1. Data

2.1.1. MAIAC AOD

The MAIAC retrieval algorithm (Lyapustin et al., 2018) derives daily
aerosol properties at a spatial resolution of 1 km from MODIS in-
struments aboard the Terra (equatorially crossing at ~10:30 am local
time) and Aqua (crossover at 1:30 pm local time) satellites, respectively.
The MAIAC aerosol retrieval product over China has been rigorously
validated and achieved a similar or even better accuracy [R? > 0.75)
against ground-level aerosol observations with better spatial resolultion,
compared to previously widely-used coarse-resolution aerosol products,
e.g., MODIS 10-km and 3-km Dark Target AOD datasets (Levy et al.,
2013; Liu et al., 2019b; Remer et al., 2013; Zhang et al., 2019). We
downloaded both Terra and Aqua MAIAC retrieved AOD data covering
China for 18 years from January 2003 to December 2020 from the NASA
Earth Data portal (https://earthdata.nasa.gov/earth-observation-data).
Gridded AOD values at 550 nm were extracted, and those marked as
cloud contamination or covered by water or snow were excluded.
Because we aim to yield complete AOD data daily, per-pixel daily av-
erages of Terra and Aqua MAIAC AOD retrievals were computed
(referring to (He et al., 2021a)) and used as a dependent variable for the
spatiotemporal imputation.

Previous studies have shown the monthly AOD pattern to be a
promising predictor to represent the spatial and long-term trend of AOD
variability for the high-resolution imputation (Li et al., 2020). There-
fore, the monthly mean MAIAC AOD was derived from the per-pixel
daily averages of Terra and Aqua AODs. We counted the number of
days with available AOD per pixel for each month. The monthly average
was only computed for the pixel where days of valid AOD were >50%
within a calendar month and not calculated for that without enough
AODs in a month.

2.1.2. AERONET AOD

Since AERONET provides aerosol observations with extremely low
uncertainty, the AERONET ground-level AOD data were used as “ground
truth” to evaluate the accuracy of our imputed AOD (Holben et al.,
1998). Version 3 Level 2.0 AERONET AOD data with quality assurance


https://earthdata.nasa.gov/earth-observation-data

Q. He et al.

and cloud screening from 52 sites during 2003-2019 (Fig. 1) across
China were acquired from Goddard Space Flight Center (https://aer
onet.gsfc.nasa.gov/). Due to the lack of AOD at 550 nm, the AERO-
NET data were logarithmically interpolated to 550 nm from the closest
available wavelengths (440 nm and 500 nm) using the Angstrom
exponent reported by AERONET (He et al., 2019). Corresponding to the
temporal interval of our daily imputed AOD, the 5-min instantaneous
AERONET AOD measurements within one calendar day were averaged.
Spatially, satellite/imputed AODs within 3 x 3 pixels of the AERONET
site’s location were averaged to match the gridded and AERONET AOD
data.

2.1.3. Reanalysis data

ECMWF (European Centre for Medium-Range Weather Forecasts)
atmospheric Composition Reanalysis 4 (EAC4, https://www.ecmwf.
int/en/forecasts/dataset/cams-global-reanalysis) is a global atmo-
spheric composition reanalysis data product, which combines multiple
remote sensing and ground-level observation data into a globally
spatiotemporal continuous dataset using a numerical model of the at-
mosphere (Inness et al., 2019). It provides temporal high-resolution (3-
h) total and species AOD data with a coarse spatial resolution of 0.75° x
0.75° at various wavelengths (e.g., 550 nm, 865 nm) for a long period
from 2003 onwards. Recently, the EAC4 AOD has been increasingly used
in atmospheric studies (Schneider et al., 2020; Stafoggia et al., 2019).
We validated the EAC4 total AOD at 550 nm against AERONET obser-
vations, and comparison results in Fig. S1 of the supporting document
show that it is generally reliable with an overall r of 0.80. With complete
spatial coverage, high temporal resolution, and reliable data quality for
a very long period, EAC4 aerosol data were indispensable for our high
spatiotemporal AOD imputation. We first considered EAC4 total AOD
and AOD species (including black carbon, dust, organic matter, sea salt,
and sulfate AOD) for imputation modeling; however, the sensitivity
analysis shows that including component AOD cannot significantly
improve the model performance but increase the computational cost.
Thus, the 3-h EAC4 total AOD at 550 nm for the 2003-2020 study period
was averaged to the daily timescale and used for the following

80° E 90° E 100° E
1 1 1
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imputation modeling. For simplicity, we refer to EAC4 total AOD at 550
nm as EAC4 AOD hereafter.

Meteorological and cloud cover conditions are integral to estimating
high spatiotemporal AOD because they are highly related to the for-
mation and dispersion of aerosol particles in the atmosphere (Xiao et al.,
2017; Yu et al., 2015). Meteorological and cloud cover variables in the
study period were acquired from ERAS5 (https://cds.climate.copernicus.
eu/cdsapp#!/home), a global climate and weather dataset by ECMWF
reanalysis offering temporal high-resolution meteorological data with
0.25° x 0.25° spatial resolution from 1979 to the present. Hourly total
column water vapor (kg/mz), 10 m u- and v-component of wind (m/s), 2
m temperature (K), and total precipitation (m), and low/medium/high/
total cloud cover(unitless) were obtained and averaged to daily values.

2.1.4. Surface conditions and dummy variables

Surface conditions have been proven to play critical roles in por-
traying the spatial variation of AOD (He et al., 2019); therefore, we
incorporated elevation and NDVI (Normalized Difference Vegetation
Index) in this study for our spatiotemporal high-resolution AOD impu-
tation modeling. As a measure of terrain, elevation with a spatial reso-
lution of 30 m was acquired from ASTER (Advanced Spaceborne
Thermal Emission and Reflection Radiometer, https://asterweb.jpl.nasa
.gov/gdem.asp) global digital elevation model. Monthly NDVI data were
extracted from the MODIS/Aqua Vegetation Indices L3 Global 1-km SIN
Grid product (MYD13A3).

To account for the spatial variations in AOD, we also derived the
coordinates of each 1-km grid cell centroid as a spatial predictor. In
addition, a temporal dummy variable was included to explain the daily
variations.

2.1.5. Data integration

A 1-km grid was created based on the 1-km MAIAC AOD for the study
area. To spatially match the size of the created grid, those reanalysis
data (i.e., EAC4 AOD and ERA5 meteorological and cloud cover data)
with various spatial resolutions were converted to the 1-km gridded
values using inverse distance weighted interpolation, and the 30-m
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Fig. 1. The study area for this work, presenting the distribution of AERONET sites and terrain.
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elevation data was aggregated by calculating the area-weighted mean
value within each 1-km grid cell. Then, all the input variables were in-
tegrated into the 1-km grid for the spatiotemporal imputation.

2.2. Methods

2.2.1. Random forest

As one machine learning algorithm, random forest (Breiman, 2001)
has excellent strength in constructing flexible (linear or non-linear) re-
lationships between response and explanatory variables; with a little
configuration, it shows outstanding ability to tackle massive predictor
data (Huang et al., 2021; Jiang et al., 2021). Recently, it has been
emerging in imputing massive non-randomly missing AOD values in
recent years (Chen et al., 2019; Xiao et al., 2021). Thus, this study
employed a random forest algorithm to impute daily per-pixel AOD
values for China, considering the imputation precision and gigantic data
in this work.

Random forest first constructs a set of decision trees, then trains each
tree in the forest using bootstrap samples drawn from original input
samples, and finally makes predictions as model output by aggregating
the predictions of all trees. It uses a randomly selected subset of pre-
dictors at each decision split to develop each decision tree. During
implementation, random forest usually has two core hyperparameters
that impact model performance and need to be tuned: the number of
decision trees (Niee) and the number of predictors for each decision split
(Npts).

2.2.2. Model development

For each day from 2003 to 2020, we developed a random forest
model with spatial and temporal characteristics to impute gaps left by
the MAIAC retrieval algorithm. However, the average number of sam-
ples for each modeling day remains at 3.526 million over the entire
study area, which is too huge to develop each imputation model with an
acceptable computational cost. Thus, we adopted an adaptive frame-
work to optimize the two hyperparameters (i.e., Nyee and Nps) in each
random forest model to obtain satisfactory model performance while
maintaining acceptable computational costs. The detailed adaptive
framework for model development to accurately and efficiently gap-fill
AOD is as follows.

(1) Search hyperparameters on coarse-resolution data. Based on the
grid size of EAC4 AOD, we upscaled the other predictors to a
coarse-resolution scale and used the coarse-resolution sample
data during the same months of the study period to obtain each
model’s initial set of hyperparameters. That is, imputation
models during the same months of the study period shared the
same initial set of hyperparameters. The Nyee and Np hyper-
parameters were tuned via Bayesian optimization and a cross-
validated approach.
Randomly divide each modeling sample dataset (samples with
high spatial resolution) into training and testing folders. 78.69%
of samples were used for model development (including model
training and hyperparameters adjusting), and the remaining
sample data were held out and used for independent validation.
(3) Train each model and adjust hyperparameters. Based on the
model setting obtained in step (1), each random forest model was
first trained on 5% of samples or at least 150,000 1 km x 1 km
grid cells, whichever is larger. Here, we also examined model
performance with 10% of samples or at least 300,000 1 km x 1
km grid cells and found that the increase in the sample dataset
would not significantly improve the model performance but
remarkably increase the computation cost. The initial samples for
each daily model were randomly selected from the training
folder. Then, the imputations were made and compared with
samples from the hold-out folder. If the validation R? for a spe-
cific day exceeded 0.80, the model would be used to make

(2

—
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estimates as output; otherwise, more samples (~10,000 grid
cells) were randomly selected from the training folder and were
included to search for new optimal hyperparameters for this
modeling day. Such a process would be repeated until the daily
validation R? > 0.80. Fig. 2 demonstrates the heuristic workflow
of our proposed spatiotemporal high-resolution imputation
modeling.

A time-stratified sampling method was also employed to help each
imputation model capture short-term variations in AOD, which trained
the random forest model on the grid of 1 km x 1 km with three rolling-
day samples and the middle day as the target day. A temporal dummy
variable, described as [1,2,3], was included in each model to identify the
three rolling days. We also considered using five/seven rolling-day
samples with the third/fifth day as the target to develop imputation
models. However, sensitivity analyses indicate that including samples
from a broader temporal window did not significantly improve model
performance but did increase the modeling time. Thus, we adopted three
rolling-day samples in the final model development.

In addition to simulated AOD, meteorological parameters, and sur-
face conditions, we also introduced geolocation and temporal indicators
in each imputation model. As mentioned in Section 2.1.1, we only
calculated monthly MAIAC AOD averages for grid cells where at least
half a month had MAIAC AOD retrievals. Therefore, two separate
imputation models for grid cells with and without valid monthly AOD
averages were developed for each day, denoted as mAOD and non-
mAOD models. In this manner, the mAOD models contain 12 vari-
ables: EAC4 AOD, total column water vapor, u-wind, v-wind, tempera-
ture, total cloud cover, NDVI, elevation, longitude, latitude, time index,
and monthly MAIAC AOD, while the non-mAOD models only include the
first 11 variables. Combining the mAOD and non-mAOD models can be
conceptualized as constructing a binary tree model where we initially
enforced a manual split according to the data availability of monthly
MAIAC AOD.

After validation, imputations of AOD daily values from 2003 to 2020
over grid cells, where the MAIAC AOD retrievals were missing, were
generated by our proposed method. Then, we obtained the final daily
full-coverage AOD dataset by fusing the MAIAC original daily retrievals
and resultant imputations (referring to fused AOD hereafter). The fused
AOD data were further used for spatiotemporal analyses in Section 3.2.
The final fused AOD dataset is available at https://dataverse.harvard.ed
u/dataverse/atmospheric_data_by WHUT.

2.2.3. Model evaluation

To comprehensively evaluate the reliability of the proposed impu-
tation modeling method, we compared our imputed AOD values with
MAIAC original retrievals and AERONET measurements. Here, we
referred to the AOD estimated by the proposed model as imputed (or
predicted) AOD to distinguish the AOD derived by the MAIAC retrieval
algorithm (i.e., MAIAC retrieved AOD). Specifically, we conducted the
following evaluations:

(1) MAIAC retrieved AOD vs. our imputed AOD. In this validation,
we held out approximately 21.31% of the daily MAIAC retrievals
from model development and used them as hold-out validation to
individually examine the model output’s accuracy. We also
compared model outputs with MAIAC retrieved AODs at grid cells
with available MAIAC retrievals. The details are shown in Section
3.2.1.

Imputed AOD vs. AERONET AOD. This validation was split into
two parts: one excluding grid cells with available MAIAC re-
trievals, and one only for grid cells with MAIAC AOD retrievals.
Here, AERONET AOD data were not employed for imputation
modeling and spatiotemporally collocated with our imputed AOD
values, as described in Section 2.1.2. The comparison results are
detailed in Section 3.2.2.

(2

—


https://dataverse.harvard.edu/dataverse/atmospheric_data_by_WHUT
https://dataverse.harvard.edu/dataverse/atmospheric_data_by_WHUT

Q. He et al. Atmospheric Research 281 (2023) 106481

EAC4 AOD
Cloud fraction

Meteorolog

| AquaMAIACAOD | | TerraMAIACAOD |
[ |
!
1-km AOD

Data preprocessing and integration

I

~1:kmAOD _ !

Create 1km x 1km grid |

v
Adaptive imputation modeling based on random forest +———

Upscale samples to
grid - FI;AC4 ‘* Time-stratified sampling

AOD
Randomly dividing daily sample dataset into training and testing folders

l

—— > Default setting of random forest

Search default
hyperparameters

Coordinates Daily random forest model with
— ]—’ spatiotemporal information
Time index
l Model retrain & adjust
Model fitting hyp?rparameters
l o More samples
Hold-out validation randomly
selected

Validating

Fig. 2. The heuristic framework of adaptive daily 1-km AOD imputation modeling.

(3) MAIAC retrieved AOD vs. AERONET AOD. This validation was 3. Results
used as a reference to evaluate the accuracy of our imputations.
3.1. Coverage and descriptive statistics of MAIAC AOD and predictors
The Pearson’s correlation coefficient r, linearly regressed R?, and

root mean square error (RMSE) were employed to metric the imputation The per-pixel data availability of daily mean MAIAC AOD is pre-
accuracy. sented for the entire study period of 2003-2020 (Fig. 3a). The
70° E 80°E 90° E 100°E 10°E 120°E 130°E 80°E 90°E 100° € 10°E 120°E 130°E 140° E
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
z ] 8
2 z
z 4
g z
z w
& o S
R z
I
<1 z
NS N
T ) T T T T B L) L) T T T T T L)
70° € 80°E 90° 100° € 10°E 120°E 130°E 80° E 90° E 100°E 10°E 120°E 130°E 140° €
AOD availability (%) AOD

- B W S D
0 10 20 30 40 50 60 70 90 01 02 03 04 05 06 07 08 09 1.0 1.1 1.2 14 20

Fig. 3. Spatial distribution of (a) proportion of daily MAIAC AOD availability and (b) MAIAC AOD across China from 2003 to 2020.



Q. He et al.

proportion of daily MAIAC retrievals is, on average, at 36% over the
study period. Spatially, southern China, where most pixels show at most
30% completeness, has lower valid data than northern areas, with the
proportion of available retrievals exceeding 40% for most pixels. Fig. S2
demonstrates significant seasonal variations in data availability. The
overall proportion of MAIAC retrievals reached its minimum in summer,
with a value of 31%, and autumn had the highest availability (45%).
Specifically, the mean proportions of per-pixel MAIAC AOD availability
were extremely low over eastern Tibet in all seasons and over north-
eastern and northwestern China in winter, during which the proportions
were <10%; it was also very low in Sichuan Basin (SCB) in the whole
years, with the per-pixel proportion between 10%-20%. The high
reflectance (Lyapustin et al., 2018) and cloud cover are important rea-
sons for the missingness of MAIAC AOD. According to the reanalysis
data, the mean cloud fraction value at pixels with the MAIAC retrievals
was 27%, while 67% for MAIAC unavailable pixels.

Fig. 3b shows the spatial distribution of multi-year mean MAIAC
AQOD retrievals from 2003 to 2020 over China. The national 18-year
mean MAIAC AOD value was 0.24 with a standard deviation (std) of
0.18. Spatially, the mean AOD was higher in SCB, North China Plain
(NCP), and the Hubei-Hunan-Guangxi region, with most pixels having
values >0.5, than in other areas. Fig. S3 indicates that the overall AOD
observation was higher in spring (0.30) and summer (0.26) than that in
winter (0.22) and autumn (0.21), corresponding to previous findings by
satellite AOD-related studies (He et al., 2019; Li, 2021). In addition,
Table 1 summarizes the descriptive statistics of MAIAC AOD retrievals
and other explanatory variables involved in the imputation modeling.
After using the time-stratified sampling method in the imputation
modeling, the total number of samples is up to 69 billion, which in-
dicates a massive computation cost for the model development.

3.2. Validation results of AOD imputations

3.2.1. Imputation model performance

For the days between 2003 and 2020, we trained 6538 daily random
forest models in total. Imputed AOD values from models with and
without monthly MAIAC AOD (mAOD model and non-mAOD model)
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and combined imputations were separately compared with MAIAC AOD
retrievals to quantify daily model performance. Time series of daily
correlation coefficients between imputed and MAIAC retrieved AOD
based on hold-out validation results are presented in Fig. 4. Table S1
summarizes the statistics of hold-out validation results. Overall, our
daily imputations generated by combined models show good agreement
with MAIAC original AOD retrievals (Fig. S4), with a very high mean
validation correlation coefficient r (0.988) and very low mean RMSE
(0.036) (Fig. 4). The hold-out validation results also demonstrate that
the mAOD and non-mAOD imputation models had similar model per-
formance, with very close r (0.986 vs. 0.987) and RMSE (0.031 for full
vs. 0.038 for non-full model) values on average. These comparison re-
sults indicate that with the constraint of daily MAIAC AOD retrievals and
the assistance of multisource data, imputed AOD values of both models
achieved good precision on each modeling day.

Fig. S5 presents the time series of daily correlations between imputed
and MAIAC-retrieved AODs based on model-training results, showing
that our daily imputation models performed very well throughout the
study timespan, with overall r and RMSE values of 0.988 and 0.036 for
combined imputations. Comparing Fig. 4 and Fig. S5, daily imputation
models did not show apparent differences in statistical metrics between
the model training and testing stages. Thus, daily imputation models
were slightly overfitted and can provide reliable estimates for pixels
where MAIAC AOD retrievals are missing.

3.2.2. Validation results with AERONET data

To further explore the uncertainty of our imputed AOD, we con-
ducted a comparative analysis with AERONET AOD measurements. Here
we evaluated daily AOD collocations between AERONET and imputed
values at pixels with (Fig. 5b, f) and without (Fig. 5c, g) available MAIAC
retrievals, respectively. Fig. 5 (a,e) shows the combined results of mAOD
and non-mAOD models. The accuracy based on daily collocations be-
tween AERONET and MAIAC-retrieved AODs was also calculated and
used as a reference (Fig. 5d, h). In total, we obtained 27,072 daily col-
locations from combined imputations for validation. The overall R?
value of daily AERONET-imputed collocations is 0.77 (Fig. 5a), which is
very close to the accuracy of the cutting-edge aerosol dataset, MAIAC

Table 1
Sample size and descriptive statistics of sample dataset for China, 2003-2020.
Group Variable Mean (std*)
All Spring Summer Autumn Winter
Data volume No. of samples for each day 3.526 3.406 2.981 4.380 3.343
(million) (1.069) (0.881) (0.687) (1.045) (1.081)
MAIAC daily AOD 0.230 0.302 0.237 0.188 0.190
Target (0.097) (0.120) (0.082) (0.064) (0.059)
EAC4 AOD 0.262 0.359 0.283 0.202 0.199
(0.109) (0.110) (0.092) (0.065) (0.073)
Temperature (K) 281.100 282.392 293.289 280.248 268.076
(10.133) (5.567) (2.039) (6.606) (3.627)
Total cloud cover 0.326 0.354 0.384 0.276 0.289
(0.091) (0.077) (0.077) (0.075) (0.089)
10.156 7.920 18.980 9.311 4.229
Total column water vapor (kg/m2) (6.289) (2.783) (3.991) (3.749) (1.199)
U-wind (m/s) 0.595 0.789 0.047 0.581 0.974
(0.690) (0.700) (0.581) (0.579) (0.509)
V-wind (m/s) 0.106 0.047 0.028 0.115 0.240
(0.557) (0.659) (0.511) (0.523) (0.494)
Elevation (m) 1868.379 1739.038 1721.267 1837.070 2185.283
(402.418) (342.204) (303.187) (352.520) (421.866)
NDVI 0.278 0.229 0.365 0.295 0.220
(0.082) (0.054) (0.066) (0.064) (0.042)
Longitude (°) 101.382 102.073 101.477 101.850 100.094
(3.291) (3.473) (3.244) (3.070) (2.990)
Latitude (°) 37.477 37.681 39.125 37.947 35.090
(2.156) (1.729) (1.390) (1.760) (1.404)
MAIAC monthly AOD 0.227 0.298 0.237 0.186 0.186
Predictor (0.073) (0.073) (0.053) (0.042) (0.050)

* std: standard deviation.
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Fig. 4. Time series of daily correlation coefficient r (left panel) and RMSE (right panel) values between imputed and MAIAC-retrieved AOD based on hold-out

validation results from 2003 to 2020.

original AOD retrievals over China (R% = 0.82 in Fig. 5d). The histogram
plot shows deviations between AERONET and imputed values follow a
normal distribution with a mean (0.006) approaching to 0 (Fig. 5e). The
slight degradation of R? from 0.82 to 0.77 was attributed to the decrease
in imputations where MAIAC cannot yield retrievals. Likewise, Li (2021)
also shows a reduced accuracy for imputed AOD at pixels without
MAIAC retrievals compared with those combined imputations (vali-
dated R? of 0.68 vs. 0.78). It is acceptable that a reduced R? value exists
in areas discarded by the MAIAC algorithm since those areas are usually
too complicated (e.g., heavy clouds covering) to make a reliable aerosol
retrieval. Despite of ~13% decrease in R?, our imputations for pixels
where MAIAC AOD are missing (R? = 0.70) are significantly superior to
the model input, the original EAC4 AOD (R? = 0.60 in Fig. S6).

For RMSE, the value based on combined imputations (RMSE = 0.25
in Fig. 5a), especially at MAIAC-unavailable areas (RMSE = 0.34 in
Fig. 5¢), was higher than that at MAIAC-available areas (RMSE = 0.16 in
Fig. 5d). This increase is most likely caused by the larger amount of high
AQOD values involved in the imputations, which are inclined not to be
retrieved by the MAIAC algorithm. The mean values of AERONET
measurements for daily collocations where the MAIAC retrievals were
available and unavailable were 0.34 and 0.66, respectively. This sug-
gests that aerosol loading is higher in areas where the MAIAC algorithm
does not make a retrieval.

We examined the statistics of our imputed vs. AERONET-observed
AOD collocations for individual sites to show the spatial uncertainty
of the AOD imputations. Fig. S7(a) demonstrates that the overall site-
based R? value was 0.62 against AERONET AOD, and 25 out of 44
AFRONET sites had better agreements, with R? > 0.65. The imputation
models performed better in northern China, exceeding 70% of sites in
this region with R2 > 0.65. By contrast, ~50% of sites in southern China

possess R? <0.60. The spatial difference in accuracy presented by our
imputations is mainly related to the spatial variation in the accuracy of
MAIAC AOD retrievals (Liu et al., 2019b; Zhang et al., 2019). Comparing
Fig. S7 (a) and (d), it is clear that the site accuracy of our AOD impu-
tations shares a similar spatial pattern with MAIAC retrievals across the
study region. Fig. S8 presents the monthly comparison results from 2003
to 2020, indicating that the deviations between our imputed and
AERONET-observed AODs are consistently small from January to
December, with R > 0.70 and RMSE<0.35 for all months, and corre-
spond to the seasonal pattern of MAIAC AOD retrievals (Fig. S8 (a)).

Thus, as presented above, the imputed AOD values by our proposed
method achieved higher quality, which can be used to represent
spatiotemporal variations of atmospheric aerosol loading in China.
Then, we obtained the final fused 1-km AOD by consolidating imputed
AODs at MAIAC-unavailable grid cells and MAIAC AOD retrievals.
Validation results with AERONET measurements show that the fused
AOD dataset gained a similar accuracy, with R? of 0.77 and RMSE of
0.25 (Fig. S9), to the combined imputations shown in Fig. 5 (a).

4. Discussion
4.1. Strengths of the proposed imputation modeling

It is difficult to impute spatiotemporal high-resolution AOD towards
full coverage, because the target variable (i.e., MAIAC retrieved AOD)
highly varies in space over time. The relationship between the target
AOD and its covariates is thus too complicated to characterize using a
simple model (e.g., linear regression). Such an issue becomes more
complex and intractable when filling gaps for an extensive area with
heterogeneous surface conditions during a very long period, where the
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Fig. 5. (a-d) Scatterplots and (e-h) histograms of imputed vs. AERONET AODs. The red dots with error bars in the upper panel represent the mean imputed AOD
separated by 0.1 AERONET bins and the corresponding one standard deviation; the black line represents the linear regression line between the imputed and

AERONET AODs, and the blue dotted line is the one-to-one line.

spatiotemporal variability increases dramatically. Most previous studies
involved in filling AOD gaps developed imputation models either in
small study areas or over short periods, where less spatiotemporal
variability was handled. However, despite reduced variability, the
model performance remains to be improved, with validated R? values of
0.18-0.52 against AERONET observations (Goldberg et al., 2019; Lv
et al., 2017; Xiao et al., 2017; Zhao et al., 2019) or incomplete impu-
tation coverage (Jinnagara Puttaswamy et al., 2014; Wang et al., 2019;
Yang and Hu, 2018; Zhao et al., 2021).

Here, we proposed a random forest-based imputation modeling
framework, coupling an adaptive process of optimizing hyper-
parameters and a time-stratified sampling method. Using a set of
spatiotemporally varying predictors (EAC4 AOD, meteorology, surface
conditions, MAIAC monthly AOD, spatial coordinates, and temporal
dummy index), our daily imputation modeling strategy efficiently
resolved the spatiotemporal variability within the data and entirely
made up AOD gaps for each modeling day. Compared with satellite and
ground-level observations, our modeling method arguably achieved
state-of-the-art performance, improving daily aerosol data availability
to 100% while maintaining high accuracy of AOD imputations (hold-out
testing R of 0.988 against the target MAIAC retrieved AOD and valida-
tion R? of 0.77 against the ground-truth AERONET AOD). Then, we
applied the developed models to generate daily AOD imputations across
China from 2003 to 2020 and finally obtained the fused daily 1-km AOD
dataset by combining them with MAIAC original retrievals.

A hybrid dataset, including satellite observations and simulations,
has been employed to expand the spatiotemporal coverage of MAIAC
retrieved AOD data. The simulated AOD (EAC4 AOD), which has coarse

spatial resolution but fine temporal interval, was correlated well with
MAIAC AOD with an overall correlation coefficient r of 0.749. EAC4 can
figure out the overview of the daily aerosol pattern and was used as a
primary predictor in imputation modeling. Temporally varying pre-
dictors such as meteorological variables helped each daily model resolve
the local temporal variations in the data. Surface condition variables
such as topography, NDVI, and coordinates have been proven in good
agreement with aerosol distribution (He et al., 2019; Xiao et al., 2017),
which were used as spatially varying predictors to help each model
capture local variations of aerosol loading. Monthly MAIAC maps were
incorporated as model inputs for areas with enough valid AOD values in
a natural month, helping the model represent more spatial gradients of
aerosol loading. Cloud fraction was also included in model development
to represent the interaction between aerosol and cloud, assisting the
spatial inference (Fig. 6). Fig. 6 exemplifies our fused AOD vs. MAIAC
original retrievals on 26 Jan 2013, a cloudy day with high particulate
pollution observed by surface monitors. Comparison results of our im-
putations with MAIAC retrievals and AERONET measurements indicate
that the imputed AOD values are reliable extensions on cloudy days
when a large amount of AOD retrievals are missing.

An adaptive modeling framework was developed to optimize the
hyperparameters and train the samples, significantly saving computa-
tional costs. Compared with those models that only included samples
from the modeling day, our daily imputation models were trained on
temporally stratifying samples, which can capitalize on the temporal
dependence within a short-term period. With these advances, our pro-
posed framework has successfully bridged gaps left by the MAIAC
aerosol retrieval algorithm over China for a long period (2003—2020), at
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Fig. 6. Fused AOD on a cloudy day with high PM; 5 pollution observed by ground-level air quality monitors (26 Jan 2013): (a) spatial distribution of fused AOD
values, (b) MAIAC AOD retrievals, (c) daily mean PM,s concentrations by national air quality monitoring network, and (d) total cloud fraction by the

ECMWEF reanalysis.
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Comparison of validation results in this study with previously reported results in the literature.

Validation results in previous studies

Validation results in this study

Reference Spatiotemporal parameters Imputation method Validation
Coverage Scale Method r R? RMSE r R? RMSE
. China Daily . . 0.91 - 0.21 0.88 0.77 0.25
Bai et al., 2022 2000-2020 1 km Tensor-flow-based data fusion =~ With AERONET
China Daily - 0.78 0.27 - 0.84 0.23
Li, 2021 2015-2018 1 km Deep learning With AERONET
i BTH Daily . .
Li, 2020 2015 1 km Deep learning With AERONET - 0.82 0.21 - 0.78 0.33
. California, US Weekly . .
Li et al., 2020 2000-2016 1 km Deep learning With AERONET - 0.45 0.06 - 0.77 0.25
Eastern US Daily . . - 0.52 - - 0.79 -
Goldberg et al., 2019 2008 1 km Regression + IDW With AERONET
. China Hourly . 0.65 0.20 0.81 0.21
Jiang et al., 2021 2018.3-2019.2 1 km Random forest With AERONET
Xiao et al., 2017 YRD, China Daily GAM* With AERONET - 044 - B 069 -
2014 1 km
BTH, China Daily .
Zhao et al., 2019 2010-2016 3 km Random forest With AERONET - 0.36 - - 0.80 -
BTH, China 4 km . . . 0.39 - - 0.98 -
Lv et al., 2017 2014 Daily Regression + Kriging 5-fold cross validation

" GAM - Generalized additive model; IDW — Inverse distance weighting interpolation.
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a 1-km grid and a daily timescale.
4.2. Comparison with other imputation models

A few studies have developed imputation methods to improve the
spatial coverage of satellite high-resolution AOD to approximately 100%
at the daily timescale. However, most previous studies did not report
validation results of imputations because the imputed AOD was an in-
termediate output and used as an explanatory variable for the subse-
quent PM5 5 modeling. Table 2 compared validation results from our
fused 1-km AOD dataset and those reported by previous studies. To
make the comparison comparable, we extracted subsets from our vali-
dation results to spatiotemporally match the study domain of previous
research (Goldberg et al., 2019; Jiang et al., 2021; Li, 2021; Zhao et al.,
2019). In general, validation results in Table 2 demonstrate that our gap-
filled approach performed better or at least comparable to those in the
literature.

Undoubtedly, our proposed imputation approach outperforms those
relying on the generalized additive model (Xiao et al., 2017) and
interpolation methods (Goldberg et al., 2019; Lv et al., 2017), signifi-
cantly increasing R? values by 0.25-0.59 for the validation against
AERONET measurements. Li (2021) applied a deep learning approach to
impute 1-km AOD over China from 2015 to 2018, achieving an overall
R? and RMSE values of 0.78 and 0.27 in comparison with ground-truth
values; with a matched spatiotemporal coverage, validation R? and
RMSE values of this study were better (0.84 and 0.23). However, it is
worth noting that the collocation strategy may influence validation re-
sults against AERONET AOD (e.g., applying different spatial windows
and temporal intervals to match AERONET and imputed AODs), despite
not being significant (Zhang et al., 2019). Li et al. (2020) also used a
deep learning method to improve spatiotemporal coverage of MAIAC
weekly AOD values and slightly enhanced the accuracy (R? = 0.45,
RMSE = 0.06) compared to MAIAC original retrievals (R? = 0.44, RMSE
= 0.06). The significantly lower RMSE value was primarily due to lower
aerosol loading over the modeling area (overall mean AOD = 0.084 vs.
0.230 in this study). Bai et al. (2022) developed a TensorFlow-based
data fusion method to fill the gaps left by MAIAC AOD retrievals and
achieved a little higher validation accuracy than this study; however, in
addition to those publicly available external data, they also employed
some input data (e.g., visibility data from high-density weather stations)
that are not readily available for the public.
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4.3. Imputed AODs vs. MAIAC retrievals at longer timescales

Since the proportion of AOD missing values vary spatiotemporally,
this section compared the uncertainty and representativeness between
MAIAC AOD retrievals and our fused full-coverage values at longer
(monthly/seasonal/annual) timescales. MAIAC month-aggregated
AODs were calculated by averaging all available daily retrievals; due
to the missingness issue, the monthly mean AOD may not cover the
entire study area. Fig. 7 shows that our monthly fused AOD values have
lower uncertainty than MAIAC monthly aggregated value, with better R>
and RMSE values against AERONET measurements (R? = 0.87, RMSE =
0.13vs.R? = 0.80, RMSE = 0.16). Since both AERONET (due to cloudy
skies) and MAIAC AOD cannot have 100% availability each month, we
also examined the impact of various missing rates on the statistical er-
rors. Fig. S10 and Fig. S11 demonstrate that when the proportions of
monthly AERONET and MAIAC available data exceeded 70%, the vali-
dation R? for MAIAC (0.88) was close to the fused one (0.87), but the
sample size due to the MAIAC missingness reduced significantly to 99
from 393. Thus, our fused monthly AODs with full coverage have su-
perior precision than MAIAC monthly values with missing values.

Seasonal mean values were also computed and compared, as shown
in Table 3. AERONET measurements and fused values of AOD had 100%
availability, and the missing rates for MAIAC AOD retrievals were pre-
sent. Overall, due to the missingness issue, the time-aggregated MAIAC
AOD retrievals underestimated aerosol loading in the atmosphere, with
26% of the mean value lower than AERONET’s; by contrast, the devia-
tion for our full-coverage AOD imputations was only 1%. The

Table 3

The seasonal mean AOD values of AERONET measurements and imputations, as
well as the missing rates of MAIAC AOD retrievals by seasons in the sample
dataset from 2003 to 2020.

Season No. of Mean of Mean Mean of Missing
measurements measurements of MAIAC rate of
fused AOD MAIAC
AOD (%)*
Spring 7844 0.516 0.499 0.384 41
Summer 6104 0.573 0.620 0.401 54
Autumn 6578 0.426 0.432 0.345 37
Winter 6546 0.369 0.360 0.280 32
Total 27,072 0.471 0.476 0.348 41

" Missing rate of MAIAC = 1-No. of AERONET measurements matched with
valid MATIAC AOD/No. of all AERONET measurements.
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Fig. 7. Comparison results for (a) AERONET and fused monthly mean AOD by the present work and (b) AERONET-MAIAC monthly AODs during 2003-2020.
Because AERONET aerosol measurements had missing values, the monthly mean AERONET AOD required at least 70% of available daily measurements each month
to guarantee its representativeness. Due to the missingness of MAIAC AOD retrievals, the monthly mean values of MAIAC AOD retrievals show larger uncertainty than

the monthly fused values.
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underestimation in summer was up to 30% for the seasonally aggregated
MAIAC AOD retrievals, while the maximum missing rate was observed
(54%). Consequently, the absence of satellite retrieved AOD leads to an
underestimation of the time-aggregated aerosol loads in the total at-
mosphere, which would bias the understanding of the long-term char-
acteristics of atmospheric aerosol particles and necessitate improving
the spatiotemporal coverage of AOD data.

4.4. National AOD maps and evolution pattern

Using satellite aerosol retrievals, previous studies have investigated
the global and regional variations of AOD and reported long-term trends
in China: aerosol loading went up in the first decade of 21 century but
declined in the long run (Filonchyk et al., 2019; Gao et al., 2018; Guo
et al., 2011; He et al., 2019; Mao et al., 2014; Sogacheva et al., 2018).
Such long-term trends observed by previous studies are overall compa-
rable to those by the present work (Fig. S12-S14), considering the dif-
ferences in study regions and timespans. However, monthly and
seasonal comparison results in Fig. 7 and Table 3 clearly show that if the
missingness of AOD was left unsolved, spatial patterns calculated only
by MAIAC AOD retrievals significantly underestimate the columnar
AOD in China on seasonal and yearly timescales. Fig. 8 profiles the
spatial pattern of differences between our fused AOD and MAIAC re-
trievals over the past 18 years. It can be clearly seen that the underes-
timation based on MAIAC retrievals on longer timescales primarily
occurred in eastern China, particularly in the NCP, western Hubei-
Hunan, and SCB regions, with differences as large as 0.2 and even larger.

To investigate the evolution and trend of aerosol loading, we
calculated annual mean AOD anomalies and applied them in the
spatiotemporal analysis. The annual anomaly map was calculated by
subtracting the 18-year average from the corresponding annual average
for each grid cell. Fig. 9 presents the 18-year mean AOD map and annual
anomaly maps from 2003 to 2020 based on our fused AOD data. The
overall AOD throughout the study domain is 0.34, with an std. of 0.24. In
general, the multi-year mean AOD map profiles the spatial variation of
AOD across China, with high values (>0.60) clustered in eastern China
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and gradually declining to the west of the country. The AOD values were
particularly high in the NCP, SCB, and Hubei-Hunan regions, with most
areas having 18-year mean values >0.80. In the past eighteen years,
atmospheric aerosol loads in western China were relatively lower, with
values of <0.35, except for the Taklimakan Desert (multi-year mean
values of 0.3-0.55), where dust storms frequently occurred in spring
(Liu et al., 2019a).

The annual anomaly maps, around the multi-year mean AOD in
Fig. 9, demonstrate the temporal evolution of aerosol loading over China
from 2003 to 2020. The evolution pattern shows the significant regional
difference. In 2003, strong positive anomalies (>0.05) observed in
northeastern China indicate that the aerosol loading during this year
was higher compared to the 18-year mean values; during 2004-2005,
the AOD anomalies in the northeast and the NCP region converted to
negative, between —0.12 and 0, suggesting the annual mean AOD
decreased during the two years. The prevalent positive anomalies in
2003 in northeastern China most likely resulted from several big forest
fires in eastern Russia (https://earthobservatory.nasa.gov/images/re
lated/11785/forest-fires-in-eastern-russia). In the three years of
2003-2005, the extent of positive anomalies became larger over
southern China, from Jiangxi province to entire South China. Between
2006 and 2012, strong and continuous positive anomalies (>0.05) were
found over most of eastern China. The increase in aerosol loading in
these years mainly resulted from urbanization and industrialization
associated with relatively loose emission policies (Ma et al., 2019;
Sogacheva et al., 2018). Towards 2013, positive anomalies changed to
weak negative over southeastern China and became less positive
(<0.05) in other southern areas, while remaining high (>0.05) in most
of the NCP region; however, in 2014, significant positive anomalies
prevailed in eastern China. Starting from 2015, strong negative AOD
anomalies (<—0.05) were observed in SCB, followed by weak negative
deviations in other eastern China in 2016. After 2017, stronger negative
anomalies (<—0.10) gradually enlarged over extensive areas of eastern
China, and anomalies were significantly negative (<—0.05) over the
northeast of the country. The sudden drop in AOD in the recent six years
was primarily related to the ongoing stringent-ever emission control and
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Fig. 9. Multi-year mean 1-km AOD map (middle) and annual AOD anomaly maps (surrounding) for 2003 to 2020 based on the fused full-coverage AOD data.

air pollution prevention regulations implemented since 2013 (Ma et al.,
2019; Sogacheva et al., 2018). Unlike the variable AOD anomaly evo-
lution pattern in eastern China, AOD behaviors in western China were
different: the 18-year mean AOD map seems fairly represent levels of
aerosol loading throughout the study timespan, only with small de-
viations between —0.025 and 0.025 around the averages. The Takli-
makan Desert was an exception, where AOD anomalies may
significantly fluctuate from zero to a large value of +0.05.

4.5. Applications of imputed AOD data

Exploring short-term variations of atmospheric aerosol loading re-
quires accurate aerosol data on fine (e.g., daily) timescales. For example,
the long-lasting events of extreme particle pollution frequently occur in
eastern China, especially in the NCP region in winter, which has drawn
widespread attention in the scientific community (Wang et al., 2014).
However, it is beyond the ability of MAIAC AOD retrievals with
incomplete spatiotemporal coverage (Fig. 10 c-d) because the spatio-
temporally discontinuous data cannot present the evolution of severe
haze episodes for identifying the forming mechanism. Our fused aerosol
data that offer time series of spatially continuous pictures of aerosol
particles countrywide thus can provide an opportunity to analyze the
process and evolution of such events.

Other important applications of atmospheric aerosol data include the
quantitative analysis of impact factors on aerosol particles (He et al.,
2019; Wang et al., 2017) and the estimation of ambient concentrations
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of PMy 5 (or PM;) for environmental management and health-related
studies (He et al.,, 2021b; Ma et al., 2019; Meng et al., 2021; Wei
et al., 2021). However, before this study, such countrywide applications
could only use the spatiotemporally discontinuous AOD, which poses a
similar dilemma: the unavailability (He et al., 2021b; Wei et al., 2021) or
additional uncertainty (Meng et al., 2021) induced by the missingness of
AOD. It is beyond the scope of the present work to quantify the attrib-
utable factors on the AOD variations or estimate ground-level particu-
late concentrations; however, supported by the reliable aerosol data in
this study, future research on both country and regional scope in this
field can be warranted.

4.6. Limitations

The major limitation of this work lies in the uncertainty in our im-
putations. The data used as the dependent variable in modeling was
derived from MAIAC 1-km aerosol retrievals that themselves have un-
certainty due to limitations of the MAIAC retrieval algorithm (Lyapustin
et al., 2018), even though it is the best-available aerosol data so far. The
present hold-out validation by randomly separating the sample dataset
into training and testing folders may enhance the model performance
because there is a correlation between the training and testing samples.
However, considering the massive computational burden, we did not
take the spatial cross-validation method to quantify the model errors in
our imputations. The comparisons with AERONET ground-level mea-
surements, which were not used in model development, assisted in
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Fig. 10. Two typical long-lasting episodes of extremely severe haze occurred in central and eastern China. Spatial maps of the (a, b) fused and (c, d) MAIAC AOD
values averaged during in 2013: (a, c) are for 9-15 January and (b, d) for 25-31 January. Due to missing values, the MAIAC data fail to represent the complete
pictures for the two haze events and cannot be used to study the forming mechanism of haze, but it is possible for the daily fused data generated by this study.

quantitatively assessing the uncertainty in the results during
2003-2019, but this may not be very representative in space because
only a limited number of monitoring stations are sparsely located in the
study area.

5. Conclusions

This study developed a spatiotemporal high-resolution imputation
modeling approach based on random forest models to elucidate robust
daily relationships between MAIAC retrieved AOD and its covariates for
China and generate a daily 1-km AOD dataset with full coverage from
2003 to 2020. Cloud-aerosol interaction, meteorological parameters,
surface conditions, and spatiotemporal dummy indicators were incor-
porated to help the model resolve the spatiotemporal variability in the
data and improve the MAIAC retrieved AOD coverage to 100% of
completeness. Validation and comparison results demonstrate that the
imputation models (overall hold-out validation correlation coefficient/
RMSE of 0.988/0.036 and validation R%Z/RMSE against surface AOD
measurements of 0.77/0.25) achieved better accuracy than most
imputation strategies adopted in previous studies. Comparison results
among full-coverage AOD imputations, MAIAC original retrievals, and
AERONET aerosol measurements indicate that filling satellite AOD gaps
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can improve the accuracy of time-aggregated satellite AOD values. Due
to the missingness of the satellite AOD, the monthly/seasonal/yearly
aerosol loading in most of China tends to be underestimated, particu-
larly in summer and over the NCP region (the amount of underestima-
tion >0.2). The long-term full-coverage data of spatially ubiquitous AOD
can support the scientific research on climate change, air quality, and
epidemiology associated with atmospheric aerosols in China, on both
national and local scales. The final AOD dataset is available at https
://dataverse.harvard.edu/dataverse/atmospheric_data_by WHUT.
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