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Correcting the AMSR-E NASA Soil Moisture for
the Effects of Vegetation Transmittance and
Emission: A Refined 2002-2011 Dataset

Qiuxia Xie™, Li Jia"”, Member, IEEE, Massimo Menenti*, and Qiting Chen

Abstract—The Advanced Microwave Scanning Radiometer-
Earth Observing System/National Aeronautics and Space Admin-
istration (AMSR-E/NASA) daily global soil moisture (SM)
product (2002-2011, 25-km resolution) has been widely used
but exhibits limited sensitivity to intra-annual and interannual
variability in many regions. This limitation is mainly attributed
to inaccurate parameter values (4, and A;), which account for
vegetation transmittance and emission in the AMSR-E/NASA SM
retrieval algorithm. To address this issue, we recalibrated A, and
Aj using in situ SM measurements from 13 observation networks
(192 sites) and established their empirical relationships with frac-
tional vegetation cover (FVC). Four dominant land cover types
(i.e., bare soil, grassland, cropland, and forest) were considered
due to their global representativeness and extensive coverage with
in situ SM measurements. Based on these relationships, we gener-
ated global maps of Ay and A; and produced an improved Global
Daily AMSR-E SM dataset (GD_ AMSR-E_SM; 2002-2011,
25-km resolution) using the Global Land Surface Satellite
(GLASS) FVC dataset and AMSR-E observations. Validation
against in situ SM measurements within six independent net-
works shows that the GD _AMSR-E SM dataset achieves greater
consistency with in situ SM measurements, with mean absolute
error (MAE) and root-mean-square error (RMSE) values of
0.026 and 0.032 cm®/cm?, respectively. This represents average
reductions of 20% and 26% compared with the AMSR-E/NASA,
AMSR-E/Japan Aerospace Exploration Agency (JAXA), and
AMSR-E/Land Parameter Retrieval Model (LPRM) SM prod-
ucts. The enhanced algorithm improves the accuracy and
reliability of AMSR-E observations for long-term global SM
monitoring.
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I. INTRODUCTION

OIL moisture (SM) is one of the indispensable compo-

nents of the land surface water circulation system, and
it is also one of the key factors determining the exchange
of energy and moisture between the atmosphere and the
land surface [1]. With the continuous development of remote
sensing technology, the use of remote sensing measurements
to monitor SM quickly and efficiently has become common
[2]. At present, three types of remote sensing signals are
used: visible and near-infrared reflectance, thermal infrared
emittance, and microwave backscatter and emittance [3]. SM
affects the spectral properties of the soil by influencing the
reflectance of the soil. Visible and near-infrared reflectance
is highly sensitive to soil water content and can be used to
retrieve SM [4]. However, visible—near-infrared observation is
severely affected by clouds, rain, and other atmospheric effects,
making it difficult to achieve a good spatial and temporal
coverage of SM retrievals. Compared with thermal infrared
and optical remote sensing, microwave remote sensing has
the unique advantage of all-sky retrievals. There are two main
advantages: 1) microwave radiation has a good transmittance
through moderately dense vegetated surfaces and high sensi-
tivity to SM and 2) microwave is less affected by atmospheric
factors such as clouds and rain, and all-sky observations are
feasible. These advantages make microwave remote sensing
the primary method for retrieving global SM, which is widely
documented in the literature [5], [6], [7].

Many satellites equipped with active/passive microwave
sensors have been successfully launched since the 1970s (see
Table I) [8], [9]. Among them, the Advanced Microwave
Scanning Radiometer-Earth Observing System (AMSR-E) is a
passive microwave radiometer aboard the Aqua satellite jointly
developed by the National Aeronautics and Space Admin-
istration (NASA) and Japan Aerospace Exploration Agency
(JAXA). AMSR-E achieves global coverage with ascend-
ing and descending orbits (except for a few polar regions)
in two days [10], [11]. Unlike the microwave radiometers
onboard satellite missions such as the Soil Moisture and Ocean
Salinity (SMOS) and Soil Moisture Active Passive (SMAP),
AMSR-E measures emittance over a wide frequency range
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TABLE I
OVERVIEW OF MAJOR SATELLITE ACTIVE/PASSIVE MICROWAVE SENSORS
Frequenc o Temporal . .
Properties  Satellites Sensors Cov%ragey Ban(:) Polf;rlzatlon covell‘)age Ob. Time Temlpo'r al Spatllal. Spatial MR
(GHz) number mode (vear) resolution resolution coverage
Aqua AMSR-E  6.9~89 6 V,H 2002~2011  01:30; 13:30  1~2 days 5~56km Global 11]
Coriolis WindSat  6.8~37 5 V,H 2003~2012  06:00; 18:00 1 day 13~60km  60N~60S [20]
GCOM-W AMSR-2  6.9~89 14 V,H 2012~now  01:30; 13:30  1~2 days 5~62km Global 21]
FY3-B MWRI 10.65~89 10 V,H 2011~2020 01:40; 13:40 1 day 15~85km  Global 22
Passive FY3-C MWRI 10.65~89 10 V,H 2014~now  10:40;22:40 1 day 15~85km Global 22
microwave SMOS MIRAS 1.4 1 V, H, VH, HV 2010~now  06:00; 18:00 3 days 35~50km  Global 23
SMAP SMAP 1.41 1 V,H 2015~now  06:00; 18:00 2~3days 40km Global 24
TRMM TMI 10.65~85.5 9 V,H 1997~2015  Non fixed 1 day 7~63km 35N~35S  [25
DMSP SSM/I 19.35~85.5 7 V,H 1987~2007  06:00; 18:00 1 day 15~69km  Global 26
Nimbus-7 SMMR 6.6~37 10 V,H 1978~1987  12:00; 24:00 6 days 27~148km _ Global 27
Active ERS-1/2 SCAT 53 1 HH, VV 1991~2011  11:00~14:00 3 days 25km Global 28
microwave MetOp-A/B ASCAT  5.255 1 HH, VV 2007~now  09:30;21:30  1~3 days 25km Global 29
SMAP SMAP 1.26 1 VV, HH, VH, HV 2015~now  06:00; 18:00 2~3days 1~3km Global 24

*Ob. Time represents the local time of satellite overpass; MR: Main References;

V: Vertical polarization; H: Horizontal polarization; AMSR-E: Advanced Microwave

Scanning Radiometer-Earth Observing System; SCAT: Scatterometer; ERS-1/2: European Remote Sensing Satellite-1/2; ASCAT: Advanced Scatterometer; MetOp-A/B:

Meteorological operational satellite-A/B; SMAP: Soil Moisture Active Passive;

SMMR: Scanning Multichannel Microwave Radiometer; SSM/I: Special Sensor

Microwave/Imager; DMSP: Defense Meteorological Satellite Program; TMI; Microwave Imager; TRMM: Tropical Rainfall Measuring Mission; MIRAS: Microwave
Imaging Radiometer with Aperture Synthesis; SMOS; Soil Moisture and Ocean Salinity; MWRI: Microwave Radiation Imager; FY3-B: Feng Yun 3-B; FY3-C: Feng Yun 3-
C; AMSR-2: Advanced Microwave Scanning Radiometer-2; GCOM-W: Global Change Observation Mission-Water.

(6.9-89 GHz) [12], [13], [23], [24]. The broad frequency
range of AMSR-E means that it has the potential to cap-
ture vegetation conditions using the higher frequency bands,
which are more sensitive to vegetation scattering and canopy
water content [12], [13]. This potential, however, would be
diminished by the higher radiometric noise and coarse spa-
tial resolution, which render these channels less reliable for
parameterizing vegetation transmittance and emission than
the fractional vegetation cover (FVC) indicator derived from
optical remote sensing. The Advanced Microwave Scanning
Radiometer-2 (AMSR-2) sensor, a successor to AMSR-E,
provides similar frequency coverage but with improved cal-
ibration and data quality [14], [15]. However, the historical
AMSR-E data (2002-2011) remain invaluable for long-term
SM trend analysis. Compared with the Scanning Multichannel
Microwave Radiometer (SMMR) aboard Nimbus-7, AMSR-E
has a significantly improved spatial resolution (from 150 to
50 km at 6.925 GHz). It also incorporates all the channels
of the previous SMMR, Special Sensor Microwave/Imager
(SSM/I) and Tropical Rainfall Measuring Mission’ (TRMM)
Microwave Image (TMI) sensors (6.925, 10.65, 18.7, 23.8,
36.5, and 89 GHz). The combination of high temporal res-
olution, a broad frequency range, and global coverage by
the AMSR-E sensor enables all-weather, all-time brightness
temperature (BT) observations with low sensitivity to atmo-
spheric conditions. This leads to accurate and consistent SM
monitoring even under cloudy or rainy conditions, thereby
improving our understanding of global hydrological dynamics
[16], [17], [18], [19]. Although the AMSR-E sensor stopped
operating in 2011 due to an antenna failure, it did acquire
nearly ten years of data (2002-2011), which played a crucial
role in the global long-term SM data record [10], [11].

Researchers have used AMSR-E observation data to develop
various SM retrieval algorithms, such as the semi-empirical
algorithms and the SM retrieval algorithm based on the
Land Parameter Retrieval Model (LPRM), thus increasing
the usefulness for agriculture, climate research, and drought
monitoring [30], [31], [32]. At present, AMSR-E data have
generated the largest variety of SM products, and there are
mainly three types of products.

1) NASA released the official global SM products with a
daily resolution of 25-km space grid from 2002 to 2011
[33], [34]. The product used the microwave polariza-
tion difference index (MPDI) at the 10.7-GHz band to
eliminate the effects of vegetation and surface roughness
and used the semi-transcontinental SM inversion algo-
rithm with the minimum monthly MPDI to generate the
AMSR-E/NASA SM product [35].

JAXA released the AMSR-E/JAXA SM product with
a daily resolution of 25 km from 2002 to 2011 by
using the radiative transfer equation to simulate different
polarization BT data for a different vegetation, soil, and
frequency [30].

Owe et al. [36] developed the LPRM in 2008, and
based on this model, developed AMSR-E/LPRM SM
products with a daily spatial resolution of 25 km from
2002 to 2011. Based on radiative transfer theory, LPRM
combined SM and emitted radiance to retrieve vegetation
density using SM and BT simulations.

2)

3)

The AMSR-E/JAXA lookup table (LUT) approach improves
the ability of the product to capture SM under different
conditions, but introduces complexity and potential inaccu-
racies [37]. One key issue is the dependence of the LUT
on the accuracy of the input parameters and the underlying
assumptions used to model radiative transfer, such as the
homogeneity of the land surface, the validity of the 7—w
model approximation, neglecting of multiple scattering effects,
and the assumption that atmospheric contributions have been
effectively corrected [38], [39], [48]. These assumptions can
lead to biases in SM estimates, especially in heterogeneous
landscapes where the actual conditions may differ significantly
from the modeled scenarios. In addition, the AMSR-E/JAXA
has been found to exhibit seasonal biases in certain regions.
For example, in the Naqu region of the Tibetan Plateau, it tends
to overestimate SM during the summer months (July—August)
and underestimate it in winter months (January—February of
the next year), likely due to surface freezing and vegetation
cover effects [9]. The AMSR-E/LPRM SM product uses a
physically based retrieval algorithm that links SM and BT data
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through radiative transfer theory. However, its performance
over densely vegetated areas is primarily limited by the
relatively high observation frequencies (C/X bands), which
reduce microwave penetration into soil [41]. In addition, the
complexity of accurately modeling the interactions between
SM, vegetation, and temperature in the radiation transfer
model may also contribute to systematic biases, particularly in
regions with dense vegetation or highly variable soil conditions
[40], [41]. Furthermore, the reliance of the AMSR-E/LPRM
product on ancillary data, such as surface temperature
estimates, may introduce additional errors if these inputs
are not accurate or representative of the actual conditions
[39], [40].

The evaluation and analysis of global long-term microwave
SM products and the comparison with other SM products,
such as AMSR-E/JAXA and AMSR-E/LPRM, documented
the poor sensitivity of the AMSR-E/NASA SM to actual SM
[9]. More specifically, the data showed a small interannual
and annual variability and could not reflect the interannual,
annual, and seasonal variations of SM [9], [34], [42]. These
studies showed that the root-mean-square error (RMSE) of
AMSR-E/NASA SM products in most of the International Soil
Moisture Network (ISMN) observation networks was greater
than 0.06 cm®/cm®, whereas the unbiased RMSE (ubRMSE)
value was substantially smaller (typically below 0.04 cm?/cm?)
[9]. Since RMSE combines both systematic (bias) and random
error components (RMSE2 = bias’+ ubRMSEz), this notice-
able discrepancy indicates that part of the total retrieval error
arises from systematic bias (i.e., a consistent offset between the
product and in situ measurements). Such a difference between
the RMSE and ubRMSE suggests the existence of a bias
component in the AMSR-E/NASA SM product and highlights
the need for bias correction. The AMSR-E/NASA SM retrieval
algorithm developed by Njoku et al. [32] used the monthly
minimum MPDI as a static proxy for vegetation effects,
but this approach lacks sensitivity to vegetation dynamics
and does not explicitly account for emissivity and transmit-
tance, which may limit its capacity to capture SM variability.
Xie et al. [9] explained the large error in the AMSR-E/NASA
SM product with the inability of the AMSR-E/NASA SM
products to capture annual and seasonal variations in SM.
Specifically, their results showed that one of the main reasons
might be the inaccurate estimation of the parameters Ag and
A using the minimum monthly MPDI, which account for the
effects of vegetation transmittance and emission. In contrast,
Chauhan et al. [43] showed that incorporating the Advanced
Very High-Resolution Radiometer (AVHRR)-based FVC into a
microwave-optical synergy framework significantly improved
SM retrieval by explicitly modeling vegetation -effects.
Thomas et al. [44] demonstrated that incorporating a veg-
etation indicator into the parameterization of microwave
vegetation effects significantly improved the accuracy of
SM retrievals over East Asia by better capturing seasonal
vegetation dynamics and its influence on surface emissivity
and transmittance. These findings indicate the potential-
ity of dynamic vegetation indicators (e.g., FVC) over the
minimum monthly MPDI for improving of AMSR-E SM
product.

4422321

In this study, the microwave sensor BT data collected
by AMSR-E were used. The AMSR-E (NASA, JAXA, and
LPRM) SM products (2002-2011) were evaluated. AMSR-
E observations of BT were used to retrieve SM using three
retrieval methods: 1) the semi-empirical soil water algorithm;
2) the LUT; and 3) the LPRM. The improved algorithm was
developed using in situ SM measurements from the ISMN
observation networks and the Global Land Surface Satellite
FVC (GLASS FVC) dataset. The temporal and spatial statistics
of the global AMSR-E/NASA, AMSR-E/JAXA and AMSR-
E/LPRM soil water products were compared and analyzed.
The semi-empirical algorithm of the AMSR-E/NASA SM
product was analyzed, and its parameters were optimized.
This algorithm can lead to a low range of SM values that
cannot reflect the real interannual and annual soil water
changes. By introducing auxiliary data such as vegetation
cover, improved SM retrievals were obtained. This article is
structured as follows. Section II provides detailed information
on the datasets used in this study and the preprocessing
applied. Section III introduces the methodology, including the
semi-empirical AMSR-E/NASA SM retrieval algorithm, the
proposed improvements, and evaluation metrics. Section IV
presents the spatiotemporal comparisons of three AMSR-
E SM products (NASA, JAXA, and LPRM), the parameter
optimization/estimation of the improved AMSR-E/NASA SM
retrieval algorithm, the improved SM data product, and its
evaluation. Finally, the discussions and main conclusion are
presented in Sections V and VI, respectively.

II. DATASET COLLECTION AND PREPROCESSING
A. AMSR-E BT Data

The Aqua satellite was an Earth science satellite launched
by NASA on May 4, 2002, carrying six sensors, including
the Atmospheric Infrared Sounder (AIRS), the Advanced
Microwave Sounding Unit (AMSU), the Clouds and Earth
Radiant Energy System (CERES), the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS), the Advanced
Microwave radiometer AMSR-E, and the Humidity Sensor
for Brazil (HSB) [13], [30]. The primary objective of the
Aqua satellite mission was to obtain information on the Earth’s
water cycle, including precipitation, evaporation, atmospheric
water vapor, ice, snow cover, and SM. In addition, data
on vegetation cover, radiative energy flux, aerosol optical
depth (AOD), and temperature were obtained by inversion of
observations from the Aqua AMSR-E sensor. The latter was a
six-band microwave radiometer (6.92, 10.65, 18.7, 23.8, 36.5,
and 89 GHz) [35]. The Sun’s synchronous orbit crossed the
equator at 1:30 and 13:30 local time. The AMSR-E sensor had
both horizontal and vertical dual polarization modes and was
widely used for global-scale SM retrievals. Global-scale Level
1 (L1) BT data (2002~2011) observed by the AMSR-E sensor
were generated by JAXA and then were used to develop and
produce Level 2 (L2) and 3 (L3) application products (https://
nsidc.org/data/AE Land3/versions/2).

B. Three Global-Scale AMSR-E SM Products

To analyze the spatiotemporal characteristics of the
AMSR-E/NASA SM product, three AMSR-E SM products
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TABLE I
MAIN INPUTS OF THE RETRIEVAL ALGORITHMS OF THE AMSR-E/NASA, JAXA, AND LPRM SM PRODUCTS
NASA [32] JAXA [48] LPRM [31]
Forward theoretical model The simplified RTM, i.e., T — w model the fully physically RTM The simplified RTM i.e., T — w model
SM retrieval algorithm The semi-empirical algorithm The LUT algorithm LPRM

Bands of BT

10.65 GHz and 18.7 GHz

6.925 GHz, 10.65 GHz and 18.7
GHz

10.65 GHz and 37 GHz

Land surface roughness

Not considered

The simulation using AIEM [49]

Not considered

Vegetation parameter

The linear model:

g*=fo+B1*In (MPDI'1o.7)

(g* is the vegetation parameter related to
g* is the baseline parameter, interpreted
as equivalent vegetation water content;
MPDIjo; is the minimum monthly
MPDI at 10.7GHz)

Negligible (VWC<0.1 kg/m?)

The internal analytical approach for
Vegetation optical depth (7))

Teg) = C]Z* In(MPDI)? + C, *
ln%MPDI) ++ In(MPDI) + C,.

Soil temperature (Ts) and
vegetation canopy temperature
(Tv)

Not considered

A LUT composed by the soil
physical temperature, SM, BT
(10.65 GHz) vertical polarization
and an index named dBT calculated
as following:

dBT=BT (57612 1-BT (10.656Hz v\,

Assuming that Ts and Tv are
approximately equivalent temperatures

(Teff):
Ter=0.688*BT 3761, v) 7101.126.

Vegetation
albedo (w)

single scattering

w~=0

DMRT [50]

/

Dielectric constant of soil

Dobson model [51]

Dobson model [51]

Wang and Schmugge model [52]

Atmosphere effect

Negligible

Negligible

Negligible

*RTM: Radiative Transfer Model; LUT: Look-Up-Table; LPRM: Land Parameter Retrieval Model; BT: Brightness Temperature; VWC: Vegetation Water Content; MPDI:
Microwave Polarization Difference Index; H: Horizontal polarization; V: Vertical polarization; ATEM: Advanced Integration Equation Model; DMRT: Dense Media Radiative

Transfer Theory.

(i.e., AMSR-E/NASA, AMSR-E/JAXA, and AMSR-E/LPRM)
were selected and compared with each other. These three
AMSR-E SM products used the same BT observations by the
AMSR-E sensor, but used a different SM retrieval algorithm
(see Table II), i.e., the semi-empirical SM algorithm using
the MPDI (AMSR-E/NASA), the LUT (AMSR-E/JAXA), and
the LPRM (AMSR-E/LPRM), respectively [13], [30], [31],
[32]. The AMSR-E/NASA and AMSR-E/LPRM SM products
have been published by the National Snow and Ice Data
Center Distributed Active Archive Center (NSIDC DAAC)
(https://nsidc.org/data/amsre/data\summaries/index.html), and
the AMSR-E/JAXA SM product has been released by JAXA
(https://gcom-w1.jaxa.jp/auth.html). The temporal resolution
of AMSR-E (NASA, JAXA, and LPRM) SM products was
one day, the spatial grid resolution was 25 km, and the unit
of SM was the soil volumetric water content (cm’/cm?).

C. Global FVC Dataset

Jia et al. [45], [46] and Yang et al. [47] developed the
GLASS FVC dataset. The dataset can be downloaded for
free from the National Earth System Science Data Center,
National Science and Technology Infrastructure of China
(http://www.geodata.cn). The product was based on machine
learning methods by training a model of the relationship
between surface reflectivity and vegetation cover. Thus, the
vegetation cover was obtained by inversion of the observations
by AVHRR on board the NOAA series of weather satellites
[47]. The temporal coverage is from 1982 to 2015, the
temporal resolution is eight days, and the spatial resolution is
5 km. To be consistent with the spatial resolution of AMSR-
E/NASA SM products, the GLASS FVC data were resampled
to a spatial resolution of 25 km by averaging the 5 x 5 pixels.

D. In Situ Measurements

In this study, the 19 in situ observation networks (804 sites,
Fig. 1) from ISMN were divided into two geographically

nonoverlapping subsets for different purposes: one subset
(192 sites) for parameter optimization of the improved
AMSR-E/NASA retrieval algorithm, and another (612 sites)
for independent evaluation (see Table III). This division
avoids spatial dependence between calibration and evaluation
datasets.

The ISMN stands as a collaborative effort initiated by key
entities, including the Global Energy and Water Cycle Exper-
iment (GEWEX), Committee on Earth Observation Satel-
lites (CEOS), Global Climate Observing System—Terrestrial
Observation Panel for Climate (GCOS-TOPC), Group on
Earth Observations (GEQ), and Global Terrestrial Network-
Hydrology (GTN-H) [53], [54]. This repository has been
established and operated with the financial support of Euro-
pean Space Agency’s Earth Observation Program and the
generous contributions of scientists worldwide. The SM data
curated on the ISMN platform serves as an indispensable
resource for the evaluation and refinement of global satel-
lite SM products, as well as for the development of land
surface, climate, and hydrological models [54], [S5]. In this
study, global measurements of SM from the ISMN net-
works were downloaded from the year 2000 onward. These
datasets covered five continents, including Africa (AMMA-
CATCH and DAHRA), Asia (CTP_ SMTMN, MAQU, SKKU,
and MySMNet), Europe (HOBE, FMI, SMOSMANIA,
TERENO, HYDROL-NET PERUGIA, RSMN, REMED-
HUS, and VAS), North America (SNOTEL, USCRN, and
USDA-ARS), and Oceania (OZNET and SASMAS), which
were utilized for the evaluation and analysis of global long-
term microwave SM products. Fig. 1 shows the spatial
distribution of 19 in situ observation networks (804 sites) from
ISMN on European Space Agency-Climate Change Initiative
(ESA-CCI)-Land Cover (LC)-map, 2015.

Of the 19 in situ observation networks, six networks
(i.e., CTP_SMTMN in China, AMMA-CATCH in Africa,
REMEDHUS and VAS in Spain, HOBE in Denmark, and
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Legend
A Sites
201: Consolidated bare areas
202: Unconsolidated bare areas
220: Permanent snow and ice

= Ay AA 153: Sparse herbaceous cover (<15%)
ASA 20: Cropland, irrigated or post-flooding
A ﬁ 2 50: Tree cover, broadleaved, evergreen, closed to open (>15%)
‘AA AA 60: Tree cover, broadleaved, deciduous, closed to open (>15%)
A 61: Tree cover, broadleaved, deciduous, closed (>40%)
A, 62: Tree cover, broadleaved, deciduous, open (15-40%)

70: Tree cover, needleleaved, evergreen, closed to open (>15%)

71: Tree cover, needleleaved, evergreen, closed (>40%)

72: Tree cover, needleleaved, evergreen, open (15-40%)

80: Tree cover, needleleaved, deciduous, closed to open (>15%)
81: Tree cover, needleleaved, deciduous, closed (>40%)

82: Tree cover, needleleaved, deciduous, open (15-40%)

90: Tree cover, mixed leaf type (broadleaved and needleleaved)
100: Mosaic tree and shrub (>50%) / herbaceous cover (<50%)
110: Mosaic herbaceous cover (>50%) / tree and shrub (<50%)
150: Sparse vegetation (tree, shrub, herbaceous cover) (<15%)
160: Tree cover, flooded, fresh or brakish water

170: Tree cover, flooded, saline water

30: Mosaic cropland (>50%) / natural vegetation (tree, shrub, herbaceous cover) (<50%)
40: Mosaic natural vegetation (tree, shrub, herbaceous cover) (>50%) / cropland (<50%)

121: Evergreen shrubland E 120: Shrubland E 190: Urban areas
122: Deciduous shrubland 10: Cropland, rainfed 200: Bare areas
140: Lichens and mosses 11: Herbaceous cover 210: Water bodies
152: Sparse shrub (<15%) 12: Tree or shrub cover 130: Grassland
180: Shrub or herbaceous cover, flooded, fresh/saline/brakish water
B gl 5 (1) AMMA-CATCH and DAHRA
: B (B) SKKU

. (C) MAQU
(D) FMI
(E) HYDROL-NET_PERUGA
(F) SMOSMAIA and TERENO

Fig. 1. In situ observation networks from the ISMN that were used in this study; land cover (from ESA-CCI Land Cover map, 2015) was also shown.

TABLE III

INFORMATION OF IN SITU SM MEASUREMENTS FROM 804 SITES OF 19 NETWORKS OF THE ISMN PROGRAM USED FOR THE MODEL PARAMETER
OPTIMIZATION (192 SITES OF SUBSET 1) AND FOR RESULTS VALIDATION (612 SITES OF SUBSET 2) IN THIS STUDY (ST: SOIL TEMPERATURE;
AT: AIR TEMPERATURE; P: PRECIPITATION; SD: SOIL DEPTH; N: NUMBER OF SITES OF IN SITU MEASUREMENTS IN EACH NETWORK)

Use for Ob. Networks Countries N SD  Parameters Periods
CTP SMTMN China 57 S5cm SM, ST 2010.08.01~2016.09.19
AMMA-CATCH Benin, Niger, Mali 7 Sem SM 2006.01.01~2014.12.31
CARBOAFRICA Sudan 1 Sem SM, ST, AT, P 2005.02.01~2010.01.20
DAHRA Senegal 1 5cm SM, ST, AT, P 2002.07.04~2016.01.01
Subset 1: REMEDHUS Soain 24 5cm SM, ST 2007.05.17~2017.12.31
Spatiotemporal VAS P 2 Scm SM, ST, AT 2010.01.01~2012.01.01
analysisand HOBE Denmark 32 5cm SM, ST 2009.09.08~2019.03.13
parameter SMOSMANIA France 21 5cm SM, ST 2007.01.01~2019.01.01
optimization  FMI Finland 1 5cm SM,ST,AT  2007.01.25~2020.09.05
TERENO Germany 1 Scm SM, ST, AT, P 2009.12.31~2020.08.10
USDA-ARS 4 5cm SM, ST 2002.06.01~2009.07.31
SNet ARM USA USA 29 5cm SM, ST 2001.01.01~2015.03.26
DNet BNZ-LTER USA 12 5cm SM,TA 2001.01.01~2013.01.01
OZNET Australia 20 5cm SM, ST 2001.09.12~2018.08.27
SASMAS 14 5cm SM, ST 2005.12.31~2007.12.31
Subset 2: MAQU China 20 5cm SM, ST 2008.06.30~2010.07.31
Evaluation HYDROL-NET PERUGIA Italy 2 5cm SM, ST 2010.01.01~2013.12.31
SNOTEL USA 441 Scm SM, ST 1980.10.01~2020.10.27
USCRN 115 5cm SM, ST 2000.11.15~2020.10.26
DNet BNZ-LTER USA in United States) are relatively parameters of the improved AMSR-E/NASA SM retrieval

dense, with more sites available within the AMSR-E/NASA
SM product pixels. These networks are multiscale observation
networks with 10, 25, 50, and 100 km. The other observation
networks are sparse, with only one observation station within
an AMSR-E/NASA SM product pixel. If there are more than
two sites within the same pixel of AMSR-E/NASA SM prod-
uct, the average in situ measured SM at all sites in the same
pixel was used as the “true value” for this study. According
to the ESA-CCI-LC map (2015), the land cover types of 804
sites were mainly grassland, cropland, and forest, accounting
for 37%, 33%, and 10% of the total area, respectively.
Subset 1 was used to analyze three AMSR-E SM prod-
ucts (i.e., NASA, JAXA, and LPRM) and to optimize the

algorithm proposed in this study. This subset included
13 in situ observation networks (CTP_SMTMN, AMMA-
CATCH, CARBOAFRICA, DAHRA, REMEDHUS, VAS,
HOBE, SMOSMANIA, FMI, TERENO, SNet  ARM_USA,
USDA-ARS, and DNet  BNZ-LTER USA), which had rela-
tively uniform land cover and a dense site distribution. These
13 networks were located in Asia, Europe, Africa, and North
America, and comprised a total of 192 sites.

Subset 2 consisted of six networks (OZNET, SAS-
MAS, MAQU, HYDROL-NET PERUGIA, SNOTEL, and
USCRN), totaling 612 sites in Australia, Asia, Europe, and
North America, and was used exclusively for the independent
evaluation of the AMSR-E SM products (NASA, JAXA,
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e AMSR-E/NASA using the semi-

empirical SM retrieval algorithm;

*AMSR-E/JAXA using the Look-up-
table SM retrieval algorithm;

] ¢ AMSR-E/LPRM using the Land

parameter retrieval model;

AMSR-E soil moisture products
(2002~2011)
1

[ Spatiotemporal analysis
1

Parameter optimization of AMSR-

E/NASA soil moisture retrieval 13 in-situ observation networks from
algorithm ISMIN, 20022011 ( SNet ARM _USA,
T AMMA-CATCH, SMOSMANIA, ARS,
CARBOAFRICA, CTP_SMTMN, FMI,
DAHRA, REMEDHUS,VAS, TERENO,
USDA- DNet BNZ-LTER_USA,
HOBE)

SM* = Ay + Ay x MPDIY, ;
Ay = SMUY + 9y x g* — 3y X exp(d; X g°) x MPDISZ,
A; =0y xexp(d, X g")

*ESA-CCI LC map (2002~2011);

Construction of 4y and 4; retrieval \GLASS FVC, (2002-2011);

model across different underlying
surfaces * MDPI calculation using AMSR-E
T brightness temperature observations at
Estimation of global monthly 4, and 10.7 GHz, 2002~2011;

A; paraments

6 in-situ observation networks from
ISMN, 2002~2011 (OZNET, SASMAS,
MAQU, HYDROL-NET_PERUGIA,
SNOTEL, USCRN, SCAN)

[
[ The improved global-scale AMSR-E ]
soil moisture retrieval

Metrics
(RMSE; MAE; R Bias; ubRMSE)

{
Validation of improved AMSR-E soil
moisture data

Fig. 2. Flowchart of the improvements of the AMSR-E/NASA SM retrieval
algorithm and data product.

and our improved retrieval). The second subset included
six observation networks (i.e., OZNET, SASMAS, MAQU,
HYDROL-NET PERUGIA, SNOTEL, and USCRN) for eval-
uating the AMSR-E (NASA, JAXA, and our SM products),
with two networks in Australia, one in Asia, one in Europe,
and three in North America in United States. These six
networks in subset 2 comprised a total of 612 sites.

III. METHODOLOGY
A. Approach Overview

This study proposed an approach to produce global daily-
scale AMSR-E SM product data (2002-2011) with improved
accuracy compared with AMSR-E/NASA SM data, capable
of reflecting the characteristics of intra-annual and interan-
nual variability of SM (see Fig. 2). First, the spatial and
temporal distribution of the AMSR-E/NASA, AMSR-E/JAXA
and AMSR-E/LPRM SM products were compared, as well as
the spatial distributions of the monthly minimum MPDI at
10.7-GHz data, vegetation cover data, and AMSR-E/NASA
SM data product. Then, for the global land area, based on the
simplified AMSR-E/NASA SM retrieval algorithm [see (5)],
the AMSR-E SM algorithm was optimized using in situ SM
measurements and vegetation cover data and the improved data
products were generated following the procedures: 1) A; and
A parameters were obtained for different land cover types
by fitting the in situ SM measurements from the 13 ISMN
observation networks; 2) the relationship between the A; and
Ap parameters and monthly vegetation cover was analyzed and
optimized; and 3) using the new global A; and Ay parameter
sets, the global daily AMSR-E MPDI data were used to
generate an improved global SM dataset.

B. Semi-Empirical AMSR-E/NASA SM Retrieval Algorithm

The original AMSR-E/NASA SM retrieval algorithm was a
multifrequency, multipolarization method. In this algorithm,
the coefficients were determined by minimizing the differ-
ence between the BT simulated with the simplified radiative
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transfer equation and the AMSR-E BT observations [9], [32].
Njoku et al. [32] developed a linear method to retrieve SM
from AMSR-E satellite observations, using the MPDI value
and empirical coefficients to retrieve SM. The formulas are as
follows:

SM'=SM™ = o - g" + ar - (MPDI}, ; - MPDI}(), )

-exp(as - g) ()

MPDlyo7 = (T10.7v) — Tsaom) / (Taaovy + Teaogm)
(2
g =Bp+p1-In (MPDIT(N) 3)

where t is the day of the year (DoY), SM' is the SM
at time ¢, SMYY is the minimum SM value (default is
0.05 cm3/cm?®), MPDI!,, is the MPDI at 10.7 GHz value
on day t, MPDI%Y'7 is the annual minimum MPDI value at
10.7 GHz under dry soil conditions, Tg0.7v) is the BT for
vertical polarization at 10.7 GHz, Tp07m) 1s 10.7-GHz BT
for horizontal polarization, and g* is the baseline parame-
ter, accounting for the influence of vegetation and surface
roughness. g* was estimated by MPDIj,, (i.e., the minimum
MPDI at a monthly scale), which can be interpreted as the
equivalent vegetation water content (kg/mz) [37]. The ag, a;,
ap,fo, and B, are empirical coefficients. In order to retrieve
SM, the ag, a;, a,Bo, and B; parameter values need to be
obtained. Jackson et al. [37] determined the ag, ai, az,Bo,
and B, parameters by taking AMSR-E observations from
Chad, Sudan, and the Central African Republic, where surface
SM was low, and assuming an average SM of 0.1 cm?/cm?,
thus allowing the ag, a;, a»,B0, and B parameters to be
determined [37].

C. Improving the AMSR-E/NASA SM Retrieval Algorithm

1) Estimation of Model Parameters: In this study, we
rewrote the semi-empirical AMSR-E/NASA SM retrieval
algorithm [see (1)] as follows:

SM’ = SM™ + ay-g* —ajexp(az - g°) - MPDI‘ljgy_7 +a
-exp(az - ") X MPDI}, . 4)

Therefore, the semi-empirical AMSR-E/NASA SM retrieval
algorithm can be rewritten as a relationship between the SM
and MPDI at 10.7 GHz and A and A( parameters, as follows:

SM' = Ag+ A, -MPDILy;, (1=1,2,...,365)  (5)
Ag = SMY 4 g - " —aj exp (az-g") - MPDISY,  (6)
Ay =a-exp(ar-g) (7)

where A; parameter determines the range of SM’ values, while
Aj parameter determines the magnitude of the initial value of
SM'. Both A; and A, parameters are related to g*, reflecting
the vegetation emittance and transmittance. If a good global
Ap and A; parameter set could be obtained, the MPDI data
could be used to further improve the global AMSR-E/NASA
SM data product [9]. The semi-empirical AMSR-E/NASA SM
retrieval algorithm considers only the impact of vegetation,
ignoring the impact of surface roughness, and uses the monthly
minimum MPDI at 10.7 GHz, i.e., MPDI},; to represent the
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Fig. 3. (a) Variations in annual minimum MPDI values at 10.7 GHz under
dry soil conditions (i.e., the annual minimum AMSR-E/NASA SM values are
less than 0.05 cm?/cm?) from 2002 to 2011 in north of Sudan. (b) Scatter
plots between the monthly average AMSR-E/NASA (or JAXA) SM and MPDI
values at 10.7 GHz in the Naqu, Tibetan Plateau.

impact of vegetation [see (3)]. By substituting (3) into (6) and
(7), respectively, the relationships of Ay and A; parameters
with the monthly minimum MPDI at 10.7 GHz are obtained,
and the equations to calculate Ay and A; parameters are

Ao =co + ¢ - In(MPDI};) —abc, -MPDI;,  (8)

N
Ay =a- (MPDI;,;) )

a=ajexp(aBo), b=axB;, c1 = apf (10)
co = SMY + ayBy, ¢, = MPDL, (an

where a, b, cy,c; and ¢, are the coeflicients. a, b, and c; are
only related to the constant coefficients ag, a;, a»,Bp, and
B1. co coeflicient is related to SMYY (i.e., the minimum SM
value, and the default value is generally 0.05 cm?/cm?). The ¢,
coefficient is equal to the MPDI‘fgyj, i.e., the annual minimum
MPDI value under dry soil conditions.

In (8) and (9), the parameters Ap and A; can be represented
as a linear or exponential (when b # 1) relationship with the
monthly minimum MPDI at 10.7 GHz (i.e., MPDI},,). For
the AMSR-E/NASA SM inversion algorithm, the parameters
A; and Ao are related to the monthly minimum MPDI at
10.7 GHz. g* is calculated using the monthly minimum
MPDI at 10.7 GHz to characterize the influence of vegetation.
Since this affects Ay and A, parameters, the retrieved SM
is ultimately affected. Theoretically, the AMSR-E/NASA SM
data products could be improved if the values of the Ay and
A, parameters were accurate. The variations of MPDI?{)}_'7 and
annual minimum SM pixel values of the AMSR-E/NASA
SM product from 2002 to 2011 in the north of Sudan
and the scatter plots between the monthly average AMSR-
E/NASA (or JAXA) SM values and MPDI at 10.7 GHz in the
CTP_SMTMN network were shown in Fig. 3(a) and (b).

The relationship between the annual minimum SM pixel
values of the AMSR-E/NASA SM product and the MPDI%}T7
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values in the north of Sudan are linear and have high corre-
lation, i.e., 0.98, as shown in Fig. 3(a). This indicates that
in the arid desert areas (no vegetation), such as the north
of Sudan, the annual AMSR-E/NASA SM is approximately
linearly correlated with MPDI values, i.e., Ay and A; param-
eters in (5) can be considered as constant. In addition, in the
Naqu area, Tibetan Plateau, there is also a linear relationship
(y = 0.83*x+ 0.10) between the monthly average AMSR-
E/NASA SM and MPDI values at 10.7 GHz [9], but the
variation of AMSR-E/NASA SM values with MPDI at
10.7 GHz is very low in Fig. 3(b). Conversely, there is a
nonlinear relationship between the AMSR-E/JAXA SM and
MPDI at 10.7 GHz.

2) Global Mapping of A9 and A;: Theoretically, Ay and
A parameters are affected by vegetation, thus Ay and A,
parameters vary with the amount of vegetation. Therefore,
it is necessary to develop a method to estimate Ay and A;
parameters of the AMSR-E/NASA SM retrieval algorithm as
a function of vegetation biomass/fractional cover. In this study,
the SM retrieval algorithm based on (5) was improved

SM' = Ag+ A, -MPDI},, r=1,2,...,365 (12)
A = £ (MPDI}y,) or A; = f(FVC) (13)
Ay = f (MPDI}y,) or Ay = f (FVC) (14)

where ¢ is the DoY, SM' is the SM with time, MPDI,
is the MPDI value at 10.7 GHz on day ¢, MPDIj,, is the
monthly minimum MPDI values at 10.7 GHz, and A,y and
A can be interpreted as emittance and transmittance [see
(13) and (14)]. Equation (12) shows the relationship between
observed microwave signals and SM by separating vegetation
transmittance (A;), emittance (Ap), and soil emittance. By
modeling the parameters of Ay and A; as functions of FVC,
we aim to improve the estimation of below-canopy soil surface
emittance, thereby enhancing the accuracy of AMSR-E SM
retrieval.

3) Improved Global-Scale AMSR-E SM Retrieval: In this
study, Ayp and A, parameter values were estimated by fitting
(12) to the daily in situ SM measurements and MPDI at
10.7 GHz. The estimated A; and Ay values were classified
into five main land cover categories according to the land cover
type (ESA-CCI Land Cover map) at each site where in situ SM
measurements were available, i.e., cropland, grassland, forest,
bare soil, and others. The cropland category includes the rain-
fed and irrigated croplands. The grassland category includes
both natural temperate grasslands and savanna-type ecosys-
tems. Forest category includes various types (e.g., broadleaf,
needleleaf, herbaceous, and mixed forests). The bare soil
category includes the consolidated and unconsolidated bare
areas. The others category aggregates shrubland (evergreen
and deciduous) and all of the mosaic land types (e.g., forest,
shrubland, and cropland). Finally, A; and Ay values were
correlated with MPDI, ; and FVC to obtain a global estimator.

D. Evaluation Metrics

In this study, five metrics, i.e., mean absolute error
(MAE, cm?/cm?®), RMSE (cm’/cm?), ubRMSE (cm?/cm?),
Bias (cm?/cm?), and correlation coefficient (R), were employed
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to evaluate the improved AMSR-E SM product against in
situ SM measurements (see Table III). The formulas of the
five evaluation metrics are
N
MAE = ) " (SMf — SM?) /N

i=1

(15)

N
RMSE = | (SMf - SM2)* /N (16)
\ i=1
N 2
ubRMSE = SME — sM* SM? —SM°)) /N
3 ((sw - 50) - (5w - 5¥7)
(17)
Bias = ‘W—W (18)

cov (SMF, SM?)

o : standard deviation
(19)

{cov: covariance

TsMEO sm?

where SMfE (cm3/cm?) is the estimated SM value on the ith
day, SME (cm?/cm?) is the mean value of the estimated SM
value, SM? (cm3/cm?) is the in situ measured SM on the ith
day, SM? is the mean value of in situ measured SM, and N is
the number of measurements.

IV. RESULTS
A. Spatiotemporal Analysis of AMSR-E/NASA SM Product

1) Comparison of AMSR-E/JAXA and LPRM SM Prod-
ucts in Space and Time: The spatial distribution of the
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80% |
1 6.E+04
~ 60% | §
c\e o
; s AMSR-E/NASA 1 4.E+H04 2
o, | mm—— AMSR-E/JAXA ;
g AMSRE/LPRM =
—o— AMSR-E/NASA
20% | —o— AMSRE/JAXA || 2E+04
J —&— AMSR-E/LPRM
0% Lhowy 0.E+00

\J D A5 D ¢ D S °
N UG- S S SR ) S
S @% &Jp & ’@& K ,;? > @ & e‘? >

SM (cm’/cm?)

Spatial distribution patterns and cdf statistics of (a) AMSR-E/NASA, (b) AMSRE/JAXA, and (c) AMSR-E/LPRM SM (cm?3/em?) product data on

AMSR-E/NASA SM product was compared with the AMSR-
E/JAXA and AMSR-E/LPRM SM products. Specifically, we
used global distribution maps, histograms, and cumulative
distribution function (cdf) curves of the AMSR-E/NASA,
AMSR-E/JAXA, and AMSR-E/LPRM SM products with a
spatial grid resolution of 25 km on August 1, 2010 (see Fig. 4).
These maps, histograms, and cdf curves highlighted the spatial
differences in SM estimates in different regions, reflecting the
specific characteristics of each AMSR-E (NASA, JAXA, and
LPRM) product and data processing methodologies.

The histogram of the AMSR-E/NASA SM data shows
that the SM estimates are mainly concentrated in the
0.05-0.15-cm®/cm? range. The cdf curve shows that the cumu-
lative percentage of SM values increases rapidly in the lower
moisture range, reaching 100% before 0.15 cm®/cm?. This
indicates that a large proportion of the SM values in the
AMSR-E/NASA SM product are in the lower range. The his-
togram of the AMSR-E/JAXA data shows a prominent peak in
the 0.10-0.15-cm?/cm? range, indicating the highest frequency
of SM values within this narrow range. The cdf curve shows
a rapid increase in cumulative percentage, becoming steady
after 0.15 cm3/cm?. This indicates that the AMSR-E/JAXA
data are also concentrated in a narrow SM range, with SM
values slightly higher than the AMSR-E/NASA SM, but still
at the lower end. The histogram and cdf curve of the AMSR-
E/LPRM data show a wider range of SM values, from 0.0
to 0.6 cm’/cm?. The cdf curve shows a gradual increase in
the cumulative percentage over the whole range, approaching
100% only around 0.60 cm?/cm?. This implies that the AMSR-
E/LPRM data are evenly distributed, making it suitable for
monitoring SM in a wide range of conditions, from arid to
humid environments.
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Fig. 5. Monthly temporal evolutions of global average SM (cm3/cm?) values of AMSR-E (NASA, JAXA, and LPRM) SM products from 2002 to 2011.

By comparing the global AMSR-E/JAXA and AMSR-
E/LPRM SM products with the AMSR-E/NASA SM products
on August 1, 2010 (see Fig. 4), the global AMSR-E/NASA
SM product value is from 0 to 0.3 cm?/cm?, and the change is
small, which can hardly capture the spatial variability of SM.
This problem has affected the application of AMSR-E/NASA
SM products in agricultural drought monitoring, global climate
research, and other fields [34], [42].

The AMSR-E/NASA map shows SM predominantly in the
lower range, as indicated by the extensive areas covered in red
and orange, especially over arid and semi-arid regions such as
the Sahara Desert, central Australia, and the Middle East. This
is consistent with the histogram/cdf analysis, which suggests a
concentration of SM values in the 0.05-0.15-cm?/cm? range.
The sparsely distributed green and blue areas indicate regions
with higher SM content, but these are limited, emphasizing
the tendency of the product to underestimate actual SM. The
AMSR-E/JAXA map shows a wider distribution of SM, with
notable blue and green patches spread across temperate and
humid regions, such as North America, Europe, and parts of
Asia. This variation suggests that AMSR-E/JAXA captures a
wider range of SM conditions than the AMSR-E/NASA. The
map still shows substantial red and orange areas, consistent
with the product histogram peak in the 0.10-0.15-cm?/cm?
range. The AMSR-E/LPRM map shows the widest range of
SM values, with significant coverage in the blue and green
areas, particularly at higher latitudes and in regions of high
rainfall. This product shows more extensive regions of higher
SM (0.00-0.60 cm?/cm?), consistent with the histogram/cdf,
which indicates a more even distribution of SM values.

Overall, the global distribution maps, histograms, and
CDFs of the AMSR-E/NASA, AMSR-E/JAXA, and AMSR-
E/LPRM products highlight the distinct characteristics and
capabilities of these three products. Both AMSR-E/NASA, and
AMSR-E/JAXA underestimate SM, while AMSR-E/LPRM is
applicable over a wider range of moisture conditions.

The temporal evolutions of the global monthly average SM
from 2002 to 2011 according to the AMSR-E NASA, JAXA,
and LPRM data products at a spatial resolution of 25 km were
compared (see Fig. 5).

The intra-annual and interannual variability of SM is
evident in the AMSR-E/JAXA and AMSR-E/LPRM SM
products. In January and February of each year, the
SM reaches the annual minimum, while in August and
September, the SM value is the highest. In addition, the
annual range of SM is quite different for AMSR-E/LRPM

and AMSR-E/JAXA SM, ie., 0.1-0.20 (AMSR-E/JAXA)
versus 0.27-0.41 cm?/cm?*(AMSR-E/LRPM). Compared with
the AMSR-E/JAXA and AMSR-E/LPRM SM products, the
AMSR-E/NASA SM product hardly changes with time, i.e.,
the AMSR-E/NASA SM product value is not sensitive to
the intra-annual and interannual variability of SM. From
2002 to 2011, the global monthly average SM value of the
AMSR-E/NASA SM product is close to a constant value,
ie., 0.12 cm’/cm’.

2) Comparison of SM With FVC and Minimum MPDI at
10.7 GHz: According to the AMSR-E/NASA SM retrieval
algorithm, the monthly minimum MPDI value at 10.7 GHz is
used as a parameter to characterize the impact of vegetation.
Therefore, it is necessary to compare the global spatial distri-
bution of monthly minimum MPDI at 10.7 GHz, vegetation
cover, and AMSR-E/NASA SM. This was done for four
months in 2010, namely, January (winter), April (spring), July
(summer), and October (autumn) (see Fig. 6).

The spatial distribution of the AMSR-E/NASA SM products
in January, April, July, and October 2010 is not significantly
different and does not change with time, with no apparent
seasonality. The same is true for the monthly minimum MPDI
data at 10.7 GHz. Most of the global vegetation cover in
northern Asia in July 2010 (> 0.6) was significantly higher
than that in January, April, and October 2010 (range 0.3-0.5).
In this region, most of the AMSR-E/NASA SM values in
January, April, and July—October 2010 are in the range of
0.20-0.25, with no significant change. Similarly, most of the
monthly minimum MPDI values at 10.7 GHz in this region
from January, April, and July to October 2010 are in the range
of 0-0.02, with little variation.

The global monthly MPDI data at 10.7 GHz change little
over time, and it is difficult to detect changes in vegetation
cover over time. Therefore, the monthly minimum MPDI
at 10.7 GHz was replaced by the FVC as an indicator of
vegetation cover in this study. A relationship between Ay and
A; and FVC was established to estimate these parameters.
Finally, the global Ay and A; parameter sets and the MPDI
data calculated from the AMSR-E BT were used to retrieve
the global AMSR-E SM data.

B. Estimation of Global Monthly Ay and A; Parameters

1) Method for Estimating Ay and A; Parameters: The SM
measurements were collected within 13 observation networks
(see Table III). A relationship linking SM to Ag and A,
monthly minimum MPDI at 10.7-GHz scale, and FVC was
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Fig. 6. Monthly minimum MPDI at (1) 10.7 GHz, (2) FVC, and (3) AMSR-E/NASA SM (cm?/cm?) in (a) January, (b) April, (c) July, and (d) October, 2010.

fit to the SM measurements collected within 13 observation
networks. These sites were mainly located in areas of cropland,
grassland, forest, and bare soil. Therefore, a relationship was
obtained for each land cover type, i.e., cropland, grassland,
forest, and bare soil (see Fig. 7).

In general, A; increases with the monthly minimum MPDI
at 10.7 GHz, while Ay decreases. Furthermore, the response to
MPDI in vegetated areas is weakly sensitive to A;. The scatter
plots of A} and A( versus FVC show that A; first decreases
and then increases with FVC, while A first increases and then
decreases. In addition, Aq is more significantly correlated with
FVC than the monthly minimum MPDI at 10.7 GHz.

Two relationships were established to estimate A; and Ag for
bare soil, grassland, cropland, and forest area using retrievals
of FVC and monthly minimum MPDI at 10.7 GHz: 1) FVC
only and 2) monthly minimum MPDI at 10.7 GHz only. For
other land cover types, A; and Ay were estimated using the
general relationship with either FVC or monthly minimum
MPDI at 10.7 GHz (see Table IV). The best estimators of A;
and Ay for each land cover on the basis of the R values were
selected in bold within Table IV.

A is highly correlated with FVC. For instance, in grassland
and forest, the correlation coefficient R is 0.843 and 0.854,
respectively, indicating that FVC is an effective predictor of A;
in these land cover types. However, in bare soil, the correlation
between A; and FVC is notably low, i.e., R = 0.026, whereas
the correlation with the monthly minimum MPDI at 10.7 GHz
is relatively higher, i.e., R = 0.286. A is less sensitive to FVC
and the monthly minimum MPDI at 10.7 GHz (see Fig. 7).
In the bare soil area, A; can be regarded as a constant at

TABLE IV

FITTING EQUATIONS OF A AND A( PARAMETERS (IVS: INDEPENDENT
VARIABLES; FVC: FRACTIONAL VEGETATION COVER;
MPDI};;: MONTHLY MIN MPDI VALUES AT
10.7 GHZ; R: CORRELATION COEFFICIENT)

Para- Land cover

meters 1Vs types Inversion models R
Grassland ~ 4;=69.04x(FVC)*-28.49xFVC+5.67 0.843
Cropland  4,=12.41x(FVC)*+7.73xFVC+3.32  0.519
FVC Forest A;=119.46x(FVC)>-29.63xFVC+2.02 0.854
Bare soil 1.00 /
A, Others A;=28.68x(FVC)*+0.18*FVC+2.21  0.594
A, =18109% (MPDI;,,)*
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