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Abstract— Advanced Microwave Scanning Radiometer-2
(AMSR2) is a successor of AMSR for Earth-Observation
System (AMSR-E), while the third generation of AMSR
(AMSR3) will be launched in the near future. The AMSR2 soil
moisture (SM) product is also an important component of the
SM operational products system (SMOPS) datasets that are
operationally produced by National Oceanic and Atmospheric
Administration (NOAA). The refinement of the NOAA AMSR2
SM data product can not only benefit the past AMSR-E and
the upcoming AMSR3 but also improve the SMOPS data
quality. In this second article of the two-part series, the extreme
gradient boosting (XGB) model was trained using the AMSR2
6.925-, 10.65-, 18.7-, and 36.5-GHz brightness temperature (Tb)
measurements in dual polarizations, ancillary maps, and the
vegetation index datasets and in turn used to predict the daily
global AMSR2 SM retrievals from 2012 to 2021. Validation
results show that the refined AMSR2 SM retrievals (AMSRr)
show an overwhelming advantage in data accuracy over the
currently operational AMSR2 (AMSRc) product. Compared
to the AMSRc, the developed AMSRr presents a significant
improvement on data availability. Results also indicate that the
refined AMSR2 datasets are comparable with the latest version
SM active passive (SMAP) SM product. Based on this study,
higher quality AMSRr SM data product will be operationally
produced in the NOAA and will eventually benefit the NOAA
SMOPS blended SM product and its users.

Index Terms— Advanced Microwave Scanning Radiometer-2
(AMSR-2) soil moisture (SM), machine learning, SM operational
products system (SMOPS).

I. INTRODUCTION

HE Advanced Microwave Scanning Radiometer-2
(AMSR?2) onboard of the Global Change Observation
Mission 1st—Water (GCOM-W1) satellite was launched
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on May 17, 2012. As the successor of AMSR for
Earth-Observation System (AMSR-E), AMSR2 is the
second-generation satellite-borne microwave radiometers of
the Japan Aerospace Exploration Agency (JAXA). Both
AMSR2 and AMSR-E have multifrequency microwave
receivers to provide 6.925-, 10.65-, 18.7-, 23.8-, 36.5-, and
89-GHZ brightness temperature (Tb) observations, allowing
to provide a majority of global water cycle Environmental
Data Records (EDRs). Soil moisture (SM) is one of the most
important components of global and regional water cycle,
as it can not only control the exchanges of water, energy,
and carbon between land surface and the atmosphere but also
impact global and regional weather, climate, flash flood, and
river flow forecasts.

The radiometer receives the land surface emission affected
by the physical temperature and the emissivity of the Earth.
The microwave emission primarily depends on the soil dielec-
tric constant linking SM and soil emissivity [1], [2]. This
theory allows to retrieve SM in a relatively direct manner on
the basis of microwave satellite Tb observations. There are
currently three AMSR2 SM retrieval methods well known in
the passive microwave SM community [3], including the land
parameter retrieval model (LPRM), the JAXA SM algorithm
(JAXA), and the single-channel algorithm (SCA). Specifically,
LPRM uses both vertical- (V-pol) and horizontal-polarized
(H-pol) Tb observations to estimate surface SM status with the
assumptions of: 1) the same temperature for canopy and soil
and 2) the equal vegetation transmissivity and surface albedo
for H-pol and V-pol observations [4], [5]. JAXA AMSR2 SM
retrieval algorithm uses the index of soil wetness and the
polar index with assuming that the surface temperature is a
constant 293 K [6], [7], [8].

Compared to the LPRM and JAXA methods, the SCA
AMSR2 SM retrievals are more successful to present SM
status with respect to in situ measurements [3]. Based on
the radiative transfer equation, SCA uses a single radiome-
ter channel along with a bunch of ancillary maps [9]. The
SCA retrieval algorithm has been implemented to opera-
tionally produce AMSR?2 data product in the National Oceanic
and Atmospheric Administration (NOAA)-National Environ-
mental Satellite, Data, and Information Service (NESDIS).
AMSR?2 is an important component of SM operational
products system (SMOPS) SM data product that was
developed by NESDIS to meet the real-time SM data require-
ments of NOAA-National Centers for Environmental Predic-
tion (NCEP) users [10], [11], [12], [13]. The SCA-based SM
quality is primarily dependent on the nadir vegetation opacity
and the vegetation single scattering albedo parameters [3], [9].
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In the past years, the following strategies were implemented
to improve the operational AMSR2 accuracy in the NOAA-
NESDIS: 1) implementation of LPRM-based vegetation opac-
ity retrievals to make the algorithm completely independent of
short-wave satellite vegetation index observations; 2) refine-
ment of the land cover-based model parameters for SCA to
improve satellite SM retrieval quality; and 3) update cumu-
lative distribution function (cdf) database building on longer
term SM estimations to improve both retrieval quality and
spatial coverage. However, our recent study indicates that the
current operational AMSR-2 data product can still not show a
successful performance expected [12], [14].

Distinct from the currently operational AMSR2 (AMSRc)
SM retrievals on the basis of the SCA model, we propose
to refine the NOAA AMSR?2 data quality using an optimal
machine learning method. The refined AMSR2 takes advan-
tage of two advances in producing SM data product. The
first advance is the “model-free” characteristics that can better
meet the requirements of our operational users. In the SCA
method, the polarized Tb needs to be converted to emissivity
using land surface temperature [9]. In order to seamlessly and
conveniently provide data to the operational weather forecast
users within the 6-h cutoff time, the land surface temperature
simulations from numerical weather prediction (NWP) models
are generally used in the AMSR?2 retrieval procedure. This
disadvantage could be avoided by machine learning approach.
Another advance is to reduce the uncertainties caused by build-
ing lookup tables. In the SCA AMSR?2 retrieval model, the
vegetation parameters for calculating vegetation opacity and
vegetation water content are assigned as constants based on
lookup tables derived from small watershed experiments [9].
AMSR2 SM retrievals could thus contain large uncertainties at
the continental domain let alone the global scale, which could
also be addressed by the machine learning method.

In the first article of the two-part series, the intercom-
parisons of the commonly used machine learning models
were conducted, and the extreme gradient boosting (XGB)
method shows a more successful performance than the other
approaches. Based on the XGB machine learning model, this
article is to focus on the refinement of the AMSR2 SM
retrievals. Datasets used in this study will be introduced in
Section II. XGB model training and the relevant evaluation
strategies will be described in Section III. The results focused
on the assessment of the developed machine learning model
and intercomparison of SM quality between the currently oper-
ational (AMSRc) and the refined (AMSRr) AMSR2 retrievals
will be provided in Section I'V. The discussion and future work
are given in Section V. Brief summaries are finally introduced
in Section VI

II. DATASETS
A. AMSR?2 Brightness Temperature

The AMSR?2 onboard the GCOM-W1 satellite offers multi-
frequency Tb observations in either vertical (V-pol) or horizon-
tal (H-pol) polarization, including 6.925, 7.3, 10.65, 18.7, 23.8,
and 36.5 GHz with the corresponding footprint resolutions
at 35 x 62, 34 x 58, 24 x 42, 14 x 22, 15 x 26,
and 7 x 12 km, respectively [15]. The 7.3-GHz channel was
specifically designed to mitigate radio frequency interference
(RFI). Except the 7.3-GHz Tb observations, the AMSR2
frequency set is identical to that of AMSR for EOS (AMSR-E).
In this study, the 7.3-GHz data were thus excluded to enable
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that the trained machine learning model can be implemented
to retrieve AMSR-E SM. Considering that the Tb observations
at 23.8 GHz are relevant to precipitation retrievals [16], they
were also excluded to offer the independent SM information
without the signals used from satellite precipitation retrievals.
Finally, the ascending and descending AMSR2 6.925-, 10.65-,
18.7-, and 36.5-GHz Tb measurements in dual polarizations
from July 3, 2012 to December 31, 2021 are used in this
article. The 6.925- and 10.65-GHz observations are typically
used to retrieve satellite SM in a direct manner, while the
18.7- and 36.5-GHz Tb measurements are used to characterize
the water surface and land surface temperature conditions,
respectively. Based on the nearest neighborhood method, the
original footprint AMSR2 Tb observations were resampled as
25-km spatial resolution over the global domain.

B. SMAP SM Observations

The SM active passive (SMAP) was designed to sense
surface SM status through incorporating the observations from
an L-band radar and an L-band radiometer [17]. At L-band,
the Tb emission originates the top 5-cm soil layer, while the
measurements are sensitive to SM status up to 5-kg/m’ water
content of vegetation areas. After the malfunction of the radar
instrument, the National Aeronautics and Space Administra-
tion (NASA) SMAP can still provide L-band Tb measure-
ments over the global domain, which allows to operationally
generate the high-quality SM data products [18]. Based on
the dual channel algorithm, the most recent version (V8.0)
of Level-3 SMAP SM data showed a better performance
than the previous versions using the traditional SCA method
[18]. The SMAP was successfully launched on January 31,
2015 and began to offer the global SM science data on April 1,
2015. In this article, the SMAP V8.0 SM observations from
April 1, 2015 to December 31, 2021 were regridded to 25-km
spatial resolution using the nearest neighborhood approach
and then used to train the machine learning model. SMAP
V8.0 data are accessible from National Snow and Ice Data
Center (https://nsidc.org/data/spl3smp/versions/8).

C. Ancillary Data

The ancillary data used in this article include the 1-km
Food and Agriculture Organization soil texture map, the
500-m normalized difference vegetation index (NDVI) of the
moderate resolution imaging spectroradiometer (MODIS),
and the 1-km annual Visible Infrared Imaging Radiometer
Suite (VIIRS) land cover type maps. Specifically, the
FAO/United Nations Educational, Scientific and Cultural
Organization Soil Map of the World at 1:5000000 scale
(https://www.fao.org/soils-portal/data-hub/soil-maps-and-data-
bases/faounesco-soil-map-of-the-world/en/) is used to charact-
erize the soil retention capacity for water and the spatial
variations of soil type.

Both land cover type and MODIS NDVI data are used
to represent the underlying vegetation conditions. Follow-
ing the International Geosphere-Biosphere Program (IGBP)
classification scheme, the annual VIIRS global land cover
maps at 1-km spatial resolution were developed by the
land surface type team of NOAA-NESIDS. It provides
17 surface type classes with respect to the IGBP clas-
sification scheme. The eight-daily MODIS NDVI datasets
were developed by compositing 16-daily MODIS NDVI
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observations at 500-m resolution from either Aqua or
Terra. VIIRS land cover maps are accessible from the
NOAA Comprehensive Large Array-data Stewardship System
(https://www.avl.class.noaa.gov/saa/products/welcome), while
MODIS NDVI data are obtained from the NASA EARTH-
DATA (https://www.earthdata.nasa.gov/).

D. NASMD SM Observations

The North American SM Database (NASMD) is a
high-quality observational SM database [19]. It was devel-
oped to provide quality-controlled and harmonized ground
SM measurements for scientists and decision makers. In situ
observations from 33 networks and two shorter term SM
campaigns have been integrated into the NASMD. Considering
sensor types vary significantly from many different in situ
observational networks, all SM observations representing the
top 5-cm soil layer have been unified by resampling to daily
resolution and converting to volumetric soil water content [19].
A robust quality control (QC) procedure has been implemented
to assess the data quality based on multiple, complementary
data flagging techniques. All NASMD data were quality con-
trolled by the corresponding QC flags over the 2012-2021 time
period, while sites with fewer than 1000 days of observations
were excluded. Finally, there are a total of 260 sites in the
CONUS domain chosen to validate the refined AMSR2 SM
data in this article.

E. Currently Operational NOAA AMSR2 SM

To meet the requirements of the users from NOAA-NCEP,
the SMOPS has been developed by the NOAA-NESDIS to
provide the global SM observation in near rear time [10],
[11], [12], [13]. The AMSR2 SM data product was thus
operationally produced and ingested into SMOPS blended
datasets to improve its spatial and temporal coverage. Based
on the SCA method, the AMSR2 Tb observations from the
6.925-GHz channel are converted to emissivity and in turn
to be corrected with consideration of vegetation and sur-
face roughness effect. The AMSR2 SM retrievals are finally
obtained by determining the dielectric constant and a dielectric
mixing model. In this article, the currently operational 25-km
AMSR2 V1.0 SM observations are compared with the refined
global AMSR2 data product over the July 3, 2012-December
31, 2021 time period.

F. ESA_CCI Combined SM Dataset

European Space Agency (ESA)-Climate Change Initia-
tive (CCI) combines current and past individual microwave
satellite data products to provide the climate SM data records
from 1979 in support of climate research [19], [20]. Indi-
vidual retrievals including SMOS, AMSR2, ASCAT-A, and
ASCAT-B were gridded to 25-km spatial resolution and then
ingested into the ESA_CCI version 4.5 combined SM product
through deriving their weights based on signal-to-noise esti-
mates [20], [21], [22]. The newer version ESA_CCI combined
data products have a better accuracy with benefiting from
merging SMAP observations. The SMAP was used as the
reference data to establish the XGB model in this study and
may eventually benefit the refined AMSR2 when compar-
ing it with the AMSRc SM retrievals. We thus used ver-
sion 4.5 ESA_CCI data without combining SMAP retrievals
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to objectively compare the AMSRr and AMSRc over the
2012-2019 time period.

III. METHODOLOGY
A. XGB Model

XGB model has gained popularity in the machine learning
community due to its high speed and good efficiency. The
XGB ensembles a set of regression trees (RRTs) using a
decision tree. Based on the input variables with m features
and n samples x;(i = 1,2,...,n,x; € R™) and the reference
data y;, the predicted values are [23], [24]

K
Y=Y ), fie® (1)
k=1

where f; and ® are the kth RRT and the space of all possible
RRT, while K is the number of RRTs that have independent
tree structure. Given the differentiable convex loss function
E(-), the following objective function (7,) can be minimized:

n K
To =Y E(yi.y)+ > W(fo. )
i=1 k=1

To avoid overfitting, the regularization function W(f,) is used
to control the complexity of the function

1 T
‘If(f)=yT+§k§w,2 3)

where T and w, represent the number of leaves in a decision
tree and the score associated with the rth leaf, respectively.
Each tree’s complexity is controlled by regularization param-
eters y and A. To optimize the ensemble model, an additive
training procedure and an iterative process are implemented
in the XGB model
n
1= E(ny T+ 1) 0D @)
i=1
where i and p indicate the instance and iteration, respectively.
In this way, the resultant objective function in XGB model is
minimized to obtain the optimal leaf weights and in turn to
improve tree structure quality. In this study, the reference data
are the SMAP V8.0 SM data, while the input variables include
AMSR2 Tb observations and ancillary datasets.

B. Machine Learning Framework

The ancillary datasets used to construct the XGB machine
learning model include soil texture and land cover maps.
The soil texture highlights wilting points and saturated SM
features, while the land cover is associated with vegetation
optical depth (VOD) and vegetation water contend (VOC)
characteristics. Satellite NDVI observations were used as the
third ancillary dataset to represent the dynamical vegetation
changes. Fig. 1 shows the overall framework of developing
the global AMSRr data products. Specifically, our strategy was
straightforwardly to train an ascending model and a descend-
ing model separately, using the AMSR2 Tb observations for
the corresponding set of passes and referring the matched
SMAP SM retrievals over the April 1, 2015-December 31,
2021 period. The H-pol and V-pol AMSR2 6.925-, 10.65-,
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Schematic framework of comparing the commonly used machine learning models. The abbreviation RFI indicates radio frequency interference, while

the abbreviations XGB, ANN, RRT, MLR, RFT, and GBR are extreme gradient boosting, artificial neural network, regression tree, multiple linear regression,

random forest and gradient boosting machine learning models, respectively.

18.7-, and 36.5-GHz Tb measurements were quality controlled
by the corresponding RFI flags before model training and
application.

Instead of training a single model for the global domain,
the XGB models were constructed for four subregion domains
that basically cover the North America from —180°E, 15°N to
—20°E, 90°N, the South America —180°E, —90°N to —20°E,
15°N, the Eurasia from —20°E, 15°N to 180°E, 90°N, and
the Africa and Australia from —20°E, —90°N to 180°E, 15°N.
This clustering technique takes advantage of three advances in
producing the refined AMSR2 SM datasets. The first advance
is to characterize the major climate categories with considering
the continental geolocations and in turn to reduce model
uncertainties. Another advance is the feasibility of operational
applications. Additional criterion may benefit the machine
learning model, whereas it also increases the computational
cost for implementing the trained model. Four major climate
zone categories can ensure seamlessly and conveniently pro-
vide the XGB-based AMSRr data to the operational weather
forecast users within the 6-h cutoff time. The third advance is
to stably produce the global AMSRr datasets over the global
domain. The performance of the constructed model depends
on the data quality and the sample size used in the training
procedure. QC of the input and reference data can occasionally
reduce the sample size at a small area, which may make the
system instable [25].

C. Evaluation Metrics

The refined AMSR2 SM retrievals are evaluated by the
quality-controlled ground measurements from the NASMD
network within the CONUS domain over the 2012-2021
time period. Considering that the in situ observations are
limited coverage and inconsistency at global scale, the sup-
plementary assessments are conducted with the ESA_CCI
SM data products over the global domain. The metrics used
in this article include Pearson’s correlation coefficient (r),

root-mean-square error (RMSE)/root-mean-square difference
(RMSD), and unbiased RMSE (ubRMSE). Specifically, the
correlation coefficient measures the dynamic trend consistency
between NASMD and satellite SM observations, while the
RMSE and ubRMSE provide the measurements of their differ-
ences with and without biases, respectively. Given the ground
0, and satellite 6; observations, the evaluation metrics for each
pixel (j, i) are given as follows:

r(j. i)
_ Soiei [0 Gy i) = .G DO, (s i) — 65, )]

s — )
V160 = 8G. D1 VI8 D) — .G 1)
RMSE
N
-\ S 16— .G P/N 1 ©)
k=1
ubRMSE
l — 2
= | S {[6:G. )-8, D~ 10,(. DB, D] /N — 1
k=1
@)

where the sample size N indicates the available day numbers
of the specific satellite SM data products. In this article,
the abovementioned three metrics were computed separately
for each NASMD site. Based on the quantitative validations,
intercomparisons of the AMSRr and the AMSRc SM retrievals
are conducted to highlight the improvements and degradations
of the developed AMSRr datasets.

IV. RESULTS
A. Evaluations With Reference Data

Based on the XGB machine learning model, the goal of
this study is to develop the high-quality AMSR2 SM data
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Fig. 2. Daily examples of SMAP combined and the refined AMSR2 (AMSRr)
ascending, descending and combined soil moisture retrievals for August 18,
2021.

products. The refined AMSR2 data are first evaluated by
comparing with the reference data SMAP. Fig. 2 shows the
globally spatial patterns of daily SMAP and the descending,
ascending, and the combined AMSRr SM retrievals. Daily
examples of the descending and ascending AMSRr present
similar spatial variabilities in respect of wetness and aridity
levels (Fig. 2). As a result, the combined AMSRr exhibits
a reasonable spatial pattern without swath boundaries of the
satellite pass-set overlaps (Fig. 2). Similar to the SMAP,
the AMSRr SM datasets exhibit wet patterns in Amazon, the
Central Africa, South Asia, and the North Forest areas, while
smaller AMSRr values can be found in the semi-arid and arid
areas, such as Sahara Desert, Australia, Arabian Peninsula, the
western United States, and the Central Eurasia. Given AMSR2
has a wider swath (~1450 km) than SMAP (~1000 km), the
ASMRr presents a better daily spatial coverage in comparison
with the SMAP (Fig. 2).

It is of interest to understand whether the XGB model is
successfully trained to well respect to the reference data during
the training period from 2015 to 2021. The developed AMSRr
is estimated by the daily SMAP SM retrievals in Fig. 3. The
greater sample density area in warm color is closer to the
back 1:1 line, while the lower sample density area shading in
the cold color departs from the perfect regression curve. This
indicates that the developed AMSRr is consistent with the
daily SMAP, including dynamic changes and climatological
patterns. As a result, the regression lines for both ascending
and descending AMSRr SM datasets are overlapping with
the perfect-matching 1:1 curve. The global domain-averaged
correlation coefficients between the daily AMSRr and the
daily SMAP can reach to 0.883 and 0.884 for descending
and ascending pass sets, respectively. The robust agreements
suggest that the XGB model has been successfully trained with
an expected performance during the training time period.

Given Fig. 3 is only focused on the training time period,
however, it is still unknown whether the XGB model here
can propagate the SMAP information reasonably beyond the
training period. Time-series estimations on SMAP and AMSRr
are thus conducted to bridge this gap. In Fig. 4, the time period
for the AMSRr is from July 3, 2012 to December 31, 2021,
while the SMAP starts from April 1, 2015. The zonal areas
from 25°N to 45°N are selected to represent the regions, where
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Fig. 3. Daily AMSRr versus the daily SMAP soil moisture data product over
the global domain from January 1, 2016 to December 31, 2021. (a) Ascending
and (b) descending pass sets. The black 1:1 line indicates that AMSRr
perfectly matches with SMAP, while the red dashed curve represents the linear
regression line. The color bar indicates sample density.
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Fig. 4. Daily soil moisture time series of the zonal (25°N-45°N) averages for
(a) ascending and (b) descending AMSRr and SMAP datasets. The AMSRr
and SMAP data are from July 3, 2012 and April 1, 2015 to December 31,
2021, respectively.

SMAP has a better performance [26]. It can be found that the
dynamic trends, seasonal changes, and climatological patterns
for the ascending and descending AMSRr SM retrievals are
strongly consistent with that for SMAP during the training
period, while the AMSRr shows consistent patterns during the
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Fig. 5. Validations with the quality-controlled NASMD soil moisture
observations over the July 3, 2012-December 31, 2021 time period: (top)
r for AMSRr and (bottom) the r differences between AMSRr and AMSRec.

time period before April 1, 2015, when SMAP is unavailable.
It thus expected that the trained XGB model can successfully
retrieve AMSRr SM when the AMSR?2 Tb data are accessible.
This feature can enable the trained XGB model in this study
to predict past and future AMSR2 SM retrievals without a new
training procedure.

B. Validations With In Situ Observations

With respect to the quality-controlled NASMD observations,
Fig. 5 shows the spatial correlation coefficient (r) distributions
of AMSRr SM datasets over the 2012-2021 period. In general,
the developed AMSRr presents a good performance on the
CONUS domain with r values basically greater than 0.5,
whereas few sites with low correlation coefficients (<0.5)
primarily scatter in the western mountain areas and the eastern
densely vegetated areas. Fig. 5 also exhibits differences in cor-
relation coefficients between the refined and the AMSRc data
products. Site in blue color indicates improvement with bene-
fits of the XGB model-based AMSRr, whereas in red color
means degradation. Compared to the AMSRc, the AMSRr
shows an overwhelming advantage in improving the dynamical
trend agreements with the NASMD SM measurements. The
CONUS-domain averaged correlation coefficient for AMSRc
is 0.110, which can be significantly increased to 0.442 by the
refined AMSR2 SM retrievals (Table I).
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Fig. 6. Validations with the quality-controlled NASMD soil moisture obser-
vations over the July 3, 2012-December 31, 2021 time period: (top) RMSE
(unit: m3/m3) for AMSRr and (bottom) RMSE differences (unit: m3/m3)
between AMSRr and AMSRc.

TABLE I

WITH RESPECT TO THE NASMD SM OBSERVATIONS, CONUS
DOMAIN-AVERAGED CORRELATION COEFFICIENTS, RMSE (m?/m?)
AND UBRMSE (m?/m?) FOR AMSRR AND AMSRC SM DATA
PRODUCTS OVER THE JULY 2012-DECEMBER 2021 PERIOD

AMSR2SM  r  RMSE(m¥m®  ubRMSE(m¥/m?)
AMSRc  0.442 0.134 0.074
AMSRr  0.116 0.087 0.065

Besides of correlation coefficient, we also validated the
XGB model-based AMSRr SM retrievals using the RMSE
metric over the July 3, 2012-December 31, 2021 time period
(Fig. 6). It shows that AMSRr is successful to track surface SM
status on the CONUS domain. The AMSRr exhibits a good
performance at the most NASMD stations except few of them
with larger RMSE values (>0.1 m*/m?) mainly distributing in
the western and the southeastern areas. Compared to AMSRc,
AMSRr significantly improves SM data quality in the western
mountain areas, the Great Plains, and the eastern densely
vegetated areas with yielding smaller RMSE values. However,
the degradations can be found in the western and the eastern
CONUS. The CONUS domain-averaged RMSE value for
AMSRc is 0.134 m3/m3, which can be tremendously reduced
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Fig. 7. Validations with the quality-controlled NASMD soil moisture

observations over the July 3, 2012-December 31, 2021 time period: (left)
ubRMSE (unit: m*/m?) for AMSRr and (right) the RMSE differences (unit:
m3/m?) between AMSRr and AMSRc.

by 0.047 m*/m? (54.02% reduction versus AMSRc) by the
developed AMSRr SM retrievals (Table I).

The ubRMSE capturing time-random errors is used as
the third metric to evaluate the developed AMSRr, which
generally represents the target accuracy level of satellite SM
data products [3], [17]. The accuracy requirement of JAXA
AMSR2 SM data product is 0.10 m*/m? [3], which can be
met by both the currently operational and the refined AMSR2
datasets (Fig. 7). Specifically, the AMSRr SM retrievals on the
basis of XGB machine learning model show lower ubRMSE
values in the Great Plains and the western sparsely vegetated
areas. Compared to AMSRc, AMSRr exhibits improvements
not only in the western mountain areas but also in the east-
ern densely vegetated areas. The CONUS domain-averaged
ubRMSE value for the AMSRc is 0.074 m?/m>, which can be
significantly reduced by 0.009 m?/m? (13.85% reduction) by
the refined AMSR2 SM retrievals (Table I). It is worth to note
that the developed AMSRr can meet our target accuracy of
ubRMSE below 0.065 m*/m?’.

Apart from the commonly used measurement metrics, the
developed AMSRr and the operational AMSRc are also further
assessed by comparing against the time series of NASMD
measurements. Fig. 8 shows the five representative stations
located in Mississippi (MS), Arkansas (AR), Montana (MT),
Utah (UT), and South Dakota (SD) states of the US, where the
AMSRr SM retrievals have similar ubRMSE values with the
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AMSRc data. As the time series shown in MT, UT, and SD,
the AMSRc presents the flat patterns of seasonal dynamics
over the 2012-2021 time period. This unreasonable situation
can be improved by AMSRr with successfully respecting to
the dynamical changes of NASMD observations. AMSRc has
a good performance in MS and AR with exhibiting different
values in cold and warm seasons, while the developed AMSRr
is more successfully to track SM status with much closer
to the time series of in situ SM measurements. The modest
performance of time series may result in the low correlation
coefficients for AMSRc, while this kind of shortcomings can
be addressed by the XGB model-based AMSRr.

C. Complementary Evaluation With ESA_CCI Data

In this article, the XGB model was trained and imple-
mented individually at the four subregion domains, result-
ing in four independent machine learning models for
North America, South America, Eurasia, and the Africa-
Australia areas, respectively. In Section IV-B, validations
with respect to the quality-controlled in situ observations are
conducted in the CONUS domain, and we thus set up a
complementary evaluation on AMSRr using the ESA_CCI
combined SM data products over the global domain. With
respect to ESA_CCI datasets, Fig. 9(a) shows the tempo-
ral RMSD for the refined AMSR2 SM retrievals on the
global domain from 2012 to 2019. In general, AMSRr can
successfully respect to the ESA_CCI data product on the
global domain except the high RSMD values (>0.1 m*/m?)
distributed in the eastern Canada and the northern Eurasia
areas. Relatively, AMSRc presents greater differences with
ESA_CCI mainly in the low-latitude areas, Europe, the eastern
USA, and South America [Fig. 9(b)].

Differences in the ESA_CCI-based RMSDs between the
AMSRr and the AMSRc are shown in Fig. 9(c). Area shading
in blue color indicates that AMSRr is more consistent with
ESA_CCI, whereas region shading in red color means AMSRc
is better. Compared to the AMSRc, it is obviously found
that the developed AMSRr has an overwhelming advantage
with significantly reducing the ESA_CCI-based RMSD values.
The RMSD cumulative density functions (CDFs) for AMSRr
and AMSRc over the global domain also indicate that the
developed AMSRr can tremendously decrease the RMSD
values [Fig. 9(d)]. Respecting to the daily ESA_CCI com-
bined SM data product, the global domain-averaged RMSD
value for AMSRc is 0.133 m3/m3, which can be reduced by
0.053 m*/m? (66.25% reduction versus AMSRc) by the refined
AMSR2 SM retrievals.

V. DISCUSSION

The results presented in Section IV indicate that the refined
AMSR2 SM retrievals show more robust capability to track
surface SM conditions in comparison with the AMSRc data
product. The statistical results can be greatly affected by
sample size that is relative to the level of confidence in the
evaluations. Meanwhile, the results in Section IV-A suggest
that the developed AMSRr can well match the reference
SMAP data; however, the quantitative comparisons between
AMSRr and SMAP still deserve us to pay more attention.
The challenges and opportunities are thus discussed further
associated with data availability and data accuracy.
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Fig. 8. Soil moisture time series (m>/m?®) for AMSRr (blue dot), AMSRc (red dot), and NASMD (black line) at five example sites from 2012 to 2021. From
top to bottom: sites in Mississippi (MS), Arkansas (AR), Montana (MT), Utah (UT), and South Dakota (SD) state of the US.

A. Spatial Coverage

Sample size indicates the number of observations used in
the statistics, which can be reflected by data availability of
satellite retrievals. Specifically, the data availability is defined
as the fraction of available day number over total day number
during the study period for each land grid on the global domain
[12]. Fig. 10 exhibits data availability for AMSRc and AMSRr
SM data products over the 20122021 time period. Suffering
from the lookup table retrieval parameters, the AMSRc cannot
provide any valuable observations in the areas, including
Sahara, central Eurasia, the northern Canada, Russia, and the
central and the western Australia, although it has the same
spatial coverage with AMSRr in the rest areas [Fig. 10(a)].
Relatively, the AMSRr yields better data availability on a
gridded global domain [Fig. 10(b)]. The lower spatial coverage
for AMSRr can only be found in the high latitude areas that
cannot be covered by the NDVI in the cold season. As a
result, the daily global domain-averaged data availability for
AMSRYr is generally greater than 80% with the maximum value
reaching 90% [Fig. 10(c)], which is much higher than that
for AMSRr (40% in general). The comprehensive validations
are conducted on the CONUS domain in Section IV-B, while
the sample sizes for both AMSRr and AMSRc should be the
same given the same data availability in Fig. 10(a) and (b).
The statistical differences in Figs. 5—7 are thus only dependent
on the data quality of AMSRc and AMSRr datasets. Beyond
the CONUS areas, AMSRr shows an equivalent and even

better spatial coverage than AMSRc, while the AMSRr is more
successfully to respect to the ESA_CCI SM observations. This
makes it much clearer that the developed AMSRr has a better
performance than the AMSRc.

B. Intercomparisons Between AMSRr and SMAP

With respect to the quality-controlled NASMD SM observa-
tions, Fig. 11 shows the ubRMSE differences (m?*/m?) between
the developed AMSRr and the reference data SMAP datasets
over the April 1, 2015-December 31, 2021 time period. Sites
in warm color indicate SMAP is better, while in cold color
mean AMSRr is more accurate. Relative to the SMAP, the
AMSRr shows smaller ubRMSE values mainly in the central
CONUS, whereas the modest performance for AMSRr can be
found in the west mountain areas and the eastern densely veg-
etated areas. The SMAP L-band measurements can sense SM
status with penetrating through vegetation of 5-kg/m? water
content [17], which ensures SMAP to perform better than
AMSRr in the eastern CONUS. The AMSR?2 Tb observations
from C-band, X-band, and Ka-band contend with a smaller
penetration depth for SM retrievals. Relatively, the feature of
the L-band Tb emission originating from top 5-cm soil layer
can benefit the validations on SMAP data product, as the in situ
observations from the NASMD networks represent the top
5 cm of soil [19]. This kind of benefit can promote the SMAP
performance, but the refined AMSR?2 is still comparable with
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Fig. 9. With respect to the quality-controlled ESA_CCI soil moisture observations, (a) root-mean square difference (RMSD, unit: m3/m?) for AMSRY,
(b) RMSD for AMSRc, and (c) RMSD differences with areas shading in blue color indicating that the developed AMSRr is more consistent with ESA_CCI,
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Fig. 10. Data availability (%) for (a) AMSRc and (b) AMSR, as well as (c) daily global domain-averaged data availability for the both over the 2012-2021
time period.

the reference SMAP product. The CONUS domain-averaged consistency results shown in this study suggest that the data
ubRMSE values for AMSRr and SMAP are 0.065 m?/m® accuracy for the refined AMSR2 SM retrievals is qualitatively
and are 0.063 m3/m?, respectively. The strong year-to-year stable.
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Fig. 11. With respect to the quality-controlled NASMD soil moisture obser-

vations, ubRMSE differences (m3/m?) between the refined AMSR2 (AMSRr)
and the reference data SMAP datasets over the April 1, 2015-December 31,
2021 time period.

C. Future Work

Prior to AMSR2 mission, the AMSR-E has been operated
for about ten years starting from June 2002 and stopping
operations in October 2011. With experience of the AMSR-E
and AMSR?2 development and operations, the third generation
of AMSR (AMSR3) was targeted to launch within the time
window of April 2023-March 2024. The AMSR3 will succeed
AMSR series observations, which allows to produce long-term
continuous low-frequency Tb data records. Through calibrat-
ing the past AMSR-E and the upcoming AMSR3 observa-
tions toward the ongoing AMSR2 datasets, it is expected
to develop long-term consistent low-frequency Tb measure-
ments in dual-polarization from the three-generation AMSR
missions. Benefiting from the XGB machine learning model
trained in this article, a longer than two-decade daily AMSR
SM dataset over the global domain will be produced in the
near future.

Additionally, AMSR2 SM is an important component of the
operational SMOPS blended SM data products at the NOAA-
NESDIS [10], [11], [12], [13]. To meet the requirements of the
National Weather Service users, the latency for 6-h SMOPS
is less than 3 h, while the daily SMOPS has latency within
24 h. Based on the XGB model, the refined AMSR2 SM can
be produced within 1 h, ensuring it can be integrated into the
SMOPS with the 3-h time cutoff limit. The ascending and
descending refined AMSR2 SM retrievals can improve the
data quality of 6-h SMOPS blended product, while the daily
AMSRr can benefit the daily SMOPS. The refined AMSR2
SM will thus be ingested into the SMOPS system to promote
its quality in the near future.

VI. CONCLUSION

The target of this study is to enhance the quality of the
current AMSR2 SM data product operationally produced by
the NOAA-NESIDIS. The development and comprehensive
assessment of the refined AMSR?2 retrievals are introduced
in this second article of the two-part series. Based on the
trained XGB machine learning model, the refined AMSR2
(AMSRYr) can well respect to the reference data SMAP spatial
and temporal patterns. The developed XGB model is able to
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reasonably predict AMSRr retrievals when the SMAP is not
unavailable. Respecting to the quality controlled in situ obser-
vations, the developed AMSRr shows overwhelming advan-
tages over the AMSRc SM data products with significantly
increasing correlation coefficient and tremendously reducing
RMSE and unRMSE values. Compared to AMSRc, AMSRr
is more successfully to respect to the ESA_CCI SM data
product over the global domain. Relatively, the AMSRr shows
higher spatial coverage than the AMSRc, which allows to
operationally offer more available SM observations. Valida-
tion results in this article also indicate that the AMSRr is
comparable with the latest version SMAP. The better quality
of AMSR?2 will improve the NOAA SMOPS data product and
will eventually benefit our operational users.
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