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This study assesses two remotely sensed soil moisture products from the Advanced Microwave Scanning
Radiometer 2 (AMSR2), a sensor onboard the Global Change Observation Mission 1 — Water (GCOM-W1) that
was launched in May 2012. The soil moisture products were retrieved by the Japan Aerospace Exploration Agency
(JAXA) algorithm and the Land Parameter Retrieval Model (LPRM) developed by the VU University Amsterdam,
in collaboration with the National Aeronautics and Space Administration (NASA). The two products are
compared at the global scale. In addition, the products are evaluated against field measurements from 47 stations

ﬁf\ﬁgd& from the COsmic-ray Soil Moisture Observing System (COSMOS) network which are located in the United States
JAXA (36 stations), Australia (7 stations), Europe (2 stations) and Africa (2 stations).

LPRM After examining the retrieval algorithms, it is hypothesized that four factors, namely, physical surface temperatures,
COSMOS surface roughness, vegetation and ground soil wetness conditions, may affect the quality of soil moisture retrievals.

Soil moisture From the inter-comparisons at the global scale, the correlations of the two products highlight differences in the

representation of the seasonal cycle of soil moisture, with negative correlations found for several regions.
Correlations of the anomaly time series were generally strong (R > 0.6) as a result of soil moisture sensitivity to
external meteorological forcing and possibly also random noise in the satellite observations. Due to the inherent
differences in spatial coverage and measurement scale of the COSMOS and satellite data, the comparisons in
terms of correlation coefficients are the most reliable. It was found that both products show rapid decreases in
correlation coefficients under low mean temperature (<290 K), high mean EVI (>0.3) and highly wetted
conditions. These findings are further supported by the bias and RMSE estimates which show that JAXA has
relatively better performance under dry conditions while the bias and RMSE of LPRM are generally smaller
than JAXA, when considered against the four variables. These results provide information on appropriate
parameterizations and model selection for the retrieval algorithms and a future research direction to improve
the quality by leveraging the strengths of the JAXA and LPRM algorithms. With these, when a multi-year dataset
is available, there will be more confidence in defining the seasonal cycle and the data can be decomposed to
identify the anomalies where the bias is not relevant.

© 2015 Elsevier Inc. All rights reserved.

1. Introduction Schmugge et al,, 2002; Wagner et al., 2007; Zhu et al., 2014). The prima-

ry advantage of microwave-based observations is that they are available

Soil moisture is an important variable in hydrological systems affect-
ing the water cycle in the atmosphere, land surface and subsurface. It is
considered that microwave remote sensing provides a unique capability
for retrieving soil moisture at the global scale (Njoku & Entekhabi, 1996;
Schmugge, Kustas, Ritchie, Jackson, & Rango, 2002) and a number of
microwave-based soil moisture products have been used in various
fields of Earth sciences in the past decades (Brocca et al., 2010;
Bruckler & Witono, 1989; Chen, Crow, Starks, & Moriasi, 2011; Crow &
Ryu, 2009; Engman, 1991; Jackson, Schmugge, & Engman, 1996;
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under cloudy weather and night time, are less sensitive to roughness
conditions of the surface (Wigneron, Schmugge, Chanzy, Calvet, &
Kerr, 1998) and can provide information on water content of the top
soil layer, rather than the land surface only, even under vegetation
coverage (Njoku & Entekhabi, 1996).

To better understand the accuracy of microwave-based soil moisture
retrievals, many previous studies have investigated the performance of
remotely-sensed soil moisture products by validating against ground-
based observations (Albergel et al., 2012; Brocca et al.,, 2011; Draper,
Walker, Steinle, De Jeu, & Holmes, 2009; Gruhier et al., 2010; Jackson
et al.,, 2010; Yee, Walker, Dumedah, Monerris, & Riidiger, 2013). These
studies have concluded with remarks on their relative strengths and


http://crossmark.crossref.org/dialog/?doi=10.1016/j.rse.2015.02.002&domain=pdf
http://dx.doi.org/10.1016/j.rse.2015.02.002
mailto:a.sharma@unsw.edu.au
http://dx.doi.org/10.1016/j.rse.2015.02.002
http://www.sciencedirect.com/science/journal/00344257
www.elsevier.com/locate/rse

44 S. Kim et al. / Remote Sensing of Environment 161 (2015) 43-62

weaknesses among the products by presenting their error statistics such
as bias, standard error, root mean squared error (RMSE) and correlations
with ground-based measurements. Other ways to evaluate the remotely-
sensed soil moisture products at the footprint scale include modern
validation techniques such as triple collocation (Crow, Miralles, & Cosh,
2010; Dorigo et al., 2010; Miralles, Crow, & Cosh, 2010; Scipal, Holmes,
de Jeu, Naeimi, & Wagner, 2008) and rainfall-based data assimilation
verification (Crow et al., 2010).

While microwave can provide near-real time observation (global
coverage every 1-3 days for the majority of the sensors), its direct
applications have been limited due to the coarse spatial resolution
(>100 km?) and uncertainties resulting from a number of complex
factors that affect the radiative transfer model. Due to these com-
plexities, several retrieval algorithms have been developed or are
under development to estimate surface soil moisture from micro-
wave emissions (De Jeu & Owe, 2003; Fujii, Koike, & Imaoka, 2009;
Jackson, 1993; Koike et al., 2004; Njoku, Koike, Jackson, & Paloscia,
1999; Njoku, Jackson, Lakshmi, Chan, & Nghiem, 2003; Owe, De Jeu,
& Walker, 2001; Wigneron, Chanzy, Calvet, & Bruguier, 1995).

The Advanced Microwave Scanning Radiometer 2 (AMSR2) is a pas-
sive microwave sensor onboard the Global Change Observation Mission
1 — Water (GCOM-W1) satellite that was launched by the Japan Aero-
space Exploration Agency (JAXA) in May 2012. AMSR2 is the successor
of the successful Advanced Microwave Scanning Radiometer for the
Earth Observing System (AMSR-E, May 2002-October 2011) which
was the first passive microwave sensor that was widely used for the re-
trieval of soil moisture (Koike et al., 2004; Njoku et al., 2003; Paloscia,
Macelloni, & Santi, 2006). AMSR-E provided a number of consistent
and continuous datasets for almost a decade. AMSR2 is expected to pro-
vide improved spatial resolution due to its larger reflector compared to
its predecessor. Moreover, it has an additional 7.3 GHz channel that was
developed for Radio Frequency Interference (RFI) mitigation and an im-
proved calibration system (Imaoka et al., 2010). JAXA developed a soil
moisture retrieval algorithm (Fujii et al., 2009) and has made available
its soil moisture product from AMSR2 since July 2012. Recently, another
algorithm, the Land Parameter Retrieval Model (LPRM), developed
by the VU University Amsterdam in collaboration with the National
Aeronautics and Space Administration (Owe, De Jeu, & Holmes, 2008),
has been applied to AMSR2 passive microwave observations to derive
a soil moisture product (Parinussa, Holmes, Wanders, Dorigo, & De
Jeu, in press). Apart from the soil moisture product, LPRM also produces
land surface temperature and vegetation optical depth (VOD) an indica-
tor of the total vegetation water content of above-ground biomass (Liu,
de Jeu, McCabe, Evans, & van Dijk, 2011; Liu, van Dijk, McCabe, Evans, &
de Jeu, 2013).

Given that the underlying microwave emission observations are the
same for LPRM and JAXA retrieval algorithms, an exciting opportunity is
now available to assess the effects of algorithms on the resulting AMSR2
soil moisture products. A preliminary correlation analysis between daily
LPRM and JAXA soil moisture products for one year at the global scale
shows that there are a number of similarities and also differences
between these products (Fig. 1).

This paper seeks to answer the obvious question that arises from
Fig. 1 — what are the reasons for their similarities and differences?
Previous studies have compared individual remotely sensed soil
moisture product to ground-based measurements at a regional
(Brocca et al., 2011; Draper et al., 2009; Gruhier et al., 2010; Yee
et al., 2013) or global scale (Albergel et al., 2012; Albergel et al.,
2013; Al-Yaari et al., 2014). These performance verifications have
generally been limited to examining differences with little attention
paid in identifying the causes for these differences. The objectives of
this paper are twofold. First is to provide a guidance for users of these
products by performing a comprehensive comparison between these
two AMSR?2 soil moisture products as well as with ground-based
measurements for a single year. The second aim is to identify the rea-
sons for the differences and similarities between the two remotely
sensed products for better understanding and further improvements
of the algorithms. While JAXA and LPRM algorithms start from the
simple radiative transfer model (Mo, Choudhury, Schmugge, Wang,
& Jackson, 1982), they use different ways to define the physical
surface temperature, surface roughness, vegetation conditions
and dielectric constants. The influences of these four factors will
be investigated in detail.

More details of the JAXA and LPRM AMSR?2 products, ground soil
moisture measurements and statistical methods used in this study
are described in Section 2. The results of the spatio-temporal com-
parisons are presented in Section 3 with an emphasis on the regions
or time periods where these two products differ. The last sections
discuss the results and suggestions for future research directions.

2. Data and methods

Datasets used over the study period 1 August 2012 through 31
July 2013 are listed in Table 1, including: (1) two AMSR2 soil mois-
ture products (JAXA and LPRM algorithms), (2) field soil moisture
measurements collected from the COSMOS network, (3) enhanced
vegetation index (EVI) from the Moderate Resolution Imaging
Spectroradiometer (MODIS) to represent global green vegetation
density, (4) topographic data from the Global Land One-kilometre
Base Elevation (GLOBE) Digital Elevation Model (DEM), version 1.0
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Fig. 1. Spatial distribution of Pearson correlation coefficients (R) between daily JAXA and LPRM soil moisture products for the period August 2012 through July 2013. The soil moisture
products are from the descending overpasses of 10.7 GHz (X-band), and the regions with dense forests are masked out.
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Table 1

Details of satellite-derived soil moisture, field soil moisture measurements and ancillary data used in this study.
Data Product name Temporal Spatial resolution Units

resolution
AMSR2-JAXA Level 3 geophysical parameter SMC Daily 0.25° m>/m>
AMSR2-LPRM Level 3 Surface Soil Moisture Daily 0.25° m>/m>
COSMOS Level 3 SM12H Hourly A few hundred metres  m®/m?
USCRN SOIL_MOISTURE_5_DAILY (depth 5 cm) Hourly Point measurement m>/m>
MODIS-EVI MOD13C2 Monthly 0.25° (resampled) -
Digital Elevation Model  Global Land One-kilometre Base Elevation (GLOBE) Digital Elevation Model, Version 1.0 - 0.25° (resampled) -
Soil temperature European Centre for Medium-Range Weather Forecasts (ECMWF) re-analysis (ERA) 6 hourly 0.25° K
interim, Soil Temperature Level 1

Precipitation Tropical Rainfall Measuring Mission (TRMM), 3-hourly product 3B42 (V7) Daily (aggregated)  0.25° mm/day

(GLOBE-Task-Team & Others, 1999) used as an indicator of the
large-scale surface roughness, (5) soil temperature level 1 data
from ERA-Interim produced by the European Centre for Medium-
Range Weather Forecasts (ECMWEF) (Dee et al., 2011) to mask out
data with freezing condition and (6) precipitation data from Tropi-
cal Rainfall Measuring Mission (TRMM 3B42 V7, http://pmm.nasa.
gov/node/158) (Huffman & Bolvin, 2014) for qualitative compari-
sons with the temporal dynamics of the satellite soil moisture
products.

2.1. Satellite-based soil moisture products

The LPRM product provides AMSR2 soil moisture retrievals for
the 6.9, 7.3 and 10.7 GHz channels as this algorithm can be applied
to low microwave frequencies (<20 GHz), whereas the JAXA product
is only available for 10.7 GHz. Although the soil moisture retrievals
from lower microwave frequencies are expected to be more accurate
(Parinussa, Meesters, et al., 2011) this study focuses on the soil mois-
ture retrievals from 10.7 GHz at a 0.25° global grid that is available
from both retrieval algorithms. Another benefit is that RFI issues
are less severe for the 10.7 GHz soil moisture retrievals than the
6.9 GHz (Njoku, Ashcroft, Chan, & Li, 2005). Differences are noted be-
tween ascending and descending overpass soil moisture retrievals
(Draper et al., 2009; Fujii et al., 2009; Owe et al., 2001) as the geo-
physical conditions are different at day- and night-times. As night-
time has more favourable conditions (De Jeu et al., 2008), only soil
moisture products from descending overpasses are used in the
main text, while results from the ascending overpass data are pre-
sented in Appendix C.

Both JAXA and LPRM algorithms use a simple radiative transfer
model (Mo et al., 1982) as the starting point. The satellite observed
brightness temperature (T,) measures the natural microwave emis-
sions from the land surface and consists of three components: (1) ra-
diation from the soil attenuated by the overlaying vegetation layer,
(2) upward radiation from the vegetation layer and (3) downward
radiation from the vegetation, reflected upward by the soil and
again weakened by the vegetation canopy (Owe et al., 2001). Both al-
gorithms use brightness temperature at 10.7 GHz and 36.5 GHz
channels from AMSR2, but they have differences in estimating phys-
ical surface temperature, surface roughness, vegetation dynamics
and dielectric mixing models. These four key differences between
the two algorithms in relation to the parameterization models are
summarized in Table 2 and the section below is dedicated to
explaining their differences. Full details about these two retrieval
algorithms can be found in Koike et al. (2004) and Fujii et al.
(2009) for JAXA and Meesters, De Jeu, and Owe (2005) and Owe
et al. (2001, 2008) for the LPRM algorithm.

1. Physical surface temperature: Both JAXA and LPRM algorithms as-
sume that soil temperature (Ts) and vegetation canopy temperature

(T¢) are equal. The JAXA algorithm also assumes they are at a con-
stant value of 293 K throughout the year globally (Koike, 2013),
whereas the LPRM algorithm estimates the surface temperature
based on a linear relationship between vertical polarization T}, at
36.5 GHz and surface temperature as the first step in the LPRM algo-
rithm (Parinussa, Holmes, Yilmaz, & Crow, 2011). Thus the surface
temperature is observation-based and dynamic in the LPRM algo-
rithm while constant in the JAXA algorithm.

2. Surface roughness: Both JAXA and LPRM algorithms consider that
the emissivity is related to the surface roughness, but different as-
sumptions are made in the way that surface roughness is defined.
The JAXA algorithm determined its roughness parameterization
for 10.7 GHz and 36.5 GHz through comparing the T}, data ob-
served by passive microwave instrument with in situ data at the
Mongolia validation site. The LPRM algorithm used an ‘educated
guess’ based on previous research (Njoku & Li, 1999). For both al-
gorithms the surface roughness is assumed to be constant, but dif-
ferent values are adopted in JAXA and LPRM.

3. Vegetation: The JAXA algorithm is essentially a look-up table
method where a linear relationship between optical depth (7)
and vegetation water content (W,) is applied based on Jackson and
Schmugge (1991). The look-up tables are established in advance by
simulating T}, at 10.7 GHz and 36.5 GHz corresponding to different
combinations of (1) soil moisture (range of 0-0.6 m*>/m>), (2) vegeta-
tion water content (range of 0-1.8 kg/m?), (3) fractional vegetation
cover (f, range of 1-100%) and (4) fixed soil and vegetation canopy
physical temperature. When a new satellite-observed Ty, is collected,
two Ty, based indices, Polarization Index (PI) (Paloscia & Pampaloni,
1988) and Index of Soil Wetness (ISW) (Koike, Tsukamoto,
Kumakura, & Lu, 1996) are calculated. PI is obtained by dividing
the Ty, difference between vertical and horizontal polarizations at

Table 2
Summary of main differences between JAXA and LPRM algorithms.

Parameter JAXA LPRM

Soil and vegetation Ts =T, =293 K T, = T, linearly
canopy physical related with Ty37
temperatures GHAV])

Surface roughness Constants Q and H Constants h and Q

Vegetation T=b- W, 7 = f(MPD], k, u, ®)

f. = f(NDVI) o = 0.060

© = 0.060-0.063 depending on

polarization and frequency

Four-stream fast model (Liu, Wang and Schmugge
1998) (1980)

Dielectric mixing model

Ts: soil surface temperature, T.: vegetation canopy temperature, Q: polarization mixing
ratio, H and h: roughness parameters used in JAXA and LPRM, 7: optical depth, W_: vege-
tation water content, b: vegetation parameter, f.: fractional vegetation coverage, k: dielec-
tric constant, u: incidence angle, »: single scattering albedo.
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10.7 GHz by their mean values, while ISW is obtained by dividing the
Ty, difference between 36.5 GHz and 10.7 GHz at horizontal polariza-
tion by their mean value. Next, the value for f. is determined from the
MODIS Normalized Difference Vegetation Index (NDVI), and the cor-
rect look-up table is selected for that particular f., date and location.
The soil moisture and vegetation water content values from the
selected look-up table are considered as the retrievals. As a result
the simulated T;, matches the observed PI and ISW.

The LPRM algorithm retrieves T differently with the important
differences being that no pre-established look-up tables are
used and no ancillary vegetation information from optical sensor
is required. T is expressed in terms of mixed dielectric constant
(k), incidence angle (u) and the Microwave Polarization Differ-
ence Index (Meesters et al., 2005) which is defined as the ratio be-
tween the difference of T, at 10.7 GHz from both polarizations and
their sum (Becker & Choudhury, 1988). The soil moisture and T
value are considered as the final retrievals when the difference
between simulated and observed horizontal polarization Ty, at
10.7 GHz is minimized.

4. Dielectric mixing model: Different dielectric mixing models are used in
JAXA and LPRM algorithms (see Table 2). The Wang and Schmugge
(1980) model is used in the LPRM algorithm to convert the mixed
dielectric constant to a soil moisture value. As the radiative transfer
within the soil layer (rather than the soil surface) plays an important
role under dry conditions (soil moisture less than 0.1 m*>/m?), a four-
stream fast model (Liu, 1998) that combines the soil radiative transfer
model with the conventional soil surface model is adopted in the JAXA
algorithm. With increasing soil moisture, the effect of the soil layer
disappears and the effect of radiation of the soil surface becomes
dominant.

2.2. Field soil moisture measurements

The cosmic-ray method is a newly developed way to measure soil
moisture representative of an area of a few hectares and to a depth in
the order of a few hundred millimetres in the COsmic-ray Soil Moisture
Observing System (COSMOS) (Zreda et al., 2012). Stationary cosmic-ray
probes detect neutrons generated by cosmic rays in air, soil and other
materials. The neutrons are mainly moderated by hydrogen atoms
which are primarily located in soil water, and emitted to the atmo-
sphere in which they are instantaneously mixed within a few hundred
metres and the density is inversely correlated with soil moisture
(Zreda et al., 2012). At present, 95 COSMOS stations are in operation
providing hourly soil moisture data; 68% of them are in the United
States with the remainder in Europe, Africa, South America and

Australia. Two types of data are available: (1) soil moisture for the
counting time interval (1 h) in volumetric units, and (2) a 12-hour run-
ning average by using the 12-hour robust boxcar filter to reduce the
noise (Zreda et al., 2012) from the International Soil moisture Network
(ISMN, http://ismn.geo.tuwien.ac.at/ismn/) (Dorigo et al., 2011) and
which is used in this study.

The use of the COSMOS over different continents ensures consis-
tency in measurement techniques and is expected to minimize the
uncertainties associated with ground measurements which use var-
ious probe types, settings and methods over different regions. Addi-
tionally, COSMOS data is expected to provide an area-representative
value for soil moisture heterogeneities which can be observed in
point measurements within a footprint of the cosmic-ray probe
(Zreda et al., 2012).

Nevertheless, one known issue with cosmic-ray derived soil
moisture is its uncertainties under high atmospheric water vapour
(Zreda et al., 2012). Previous research has investigated the extent
of the problem and has suggested corrections with respect to the
atmospheric water vapour (Bogena, Huisman, Baatz, Hendricks
Franssen, & Vereecken, 2013; Rosolem et al., 2013). To avoid possible
errors in this study from the COSMOS data a well-tested quality con-
trol (QC) procedure (Dorigo et al., 2013) has been applied, which de-
tects unnatural increases or decreases in soil moisture and flags for
those potentially doubtful observations. In this study, all flagged
soil moisture values are excluded from further analysis. Accordingly,
the final dataset includes field measurements from 47 stations which
have at least 6 months overlapping with the satellite observations
were used.

As another way of validating the COSMOS data, soil moisture
measurements (soil layer depth 5 cm) from 17 stations in U.S. Cli-
mate Reference Network (USCRN) (Diamond et al., 2013) are com-
pared to COSMOS datasets when one or more USCRN stations are
located within 50 km (i.e. adjacent grids) of the COSMOS stations
(see Fig. 2 and Table S1 in the Supplementary data). The results
suggest that the temporal patterns of soil moisture measurements
between these COSMOS and traditional ground stations are well
correlated and provide additional confidence in the comparisons
with AMSR2. In spite of the advantages of COSMOS data: the consis-
tency in measurement techniques and the wider horizontal coverage
compared to point measurements, it should be noted that the differ-
ence in the measurement depths of the cosmic ray probes and
the satellite derived soil moisture products still remains a limit just
like all studies validating remotely sensed soil moisture, which use
in-situ measurements as a reference. It is therefore appropriate to
consider the discrepancies in absolute values of the two products,
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Fig. 2. Locations of 47 COSMOS stations used in this study and coexisting 17 USCRN stations, presented with red and blue ‘+’ symbols respectively. The background colour indicates annual

average EVI during the entire study period.
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which are represented by bias and root mean square error in this
study, as supportive metrics. However, it should be also noted that
temporal correlations are not affected by the depth discrepancy
problem and therefore the main conclusions in this work rely on
the correlations.

The field measurement from each COSMOS station is compared
with the satellite-based soil moisture grid cell in which the station
is located. When more than one station is located in the same grid
cell, their average is taken first. As the satellite observation is a snap-
shot at the overpass time (0130 equatorial local crossing time for
AMSR2 descending overpass), the field measurement recorded at a
time closest to the local overpass time is used for a more direct
comparison.

2.3. Ancillary data

The MODIS-based enhanced vegetation index (EVI) provides in-
formation about global green vegetation conditions. In this study,
the original monthly 0.05° resolution EVI product (MOD13C2) was
aggregated to 0.25° by taking the average value of 25 0.05° grid
cells in each 0.25° grid cell and used as an indication for the vegeta-
tion condition at each site.

As an indication for surface roughness at the remotely sensed soil
moisture scale (0.25°), the Global Land One-kilometre Base Elevation
Digital Elevation Model (GLOBE DEM version 1.0) (GLOBE-Task-Team
et al,, 1999) was used. In each 0.25° grid cell, there are 625 1 km DEM
grid cells. An indication of the relative surface roughness of each 0.25°
grid cell is estimated as the variance (0?) of elevations from all 625
1 km-DEM grid cells (Choudhury, Schmugge, Chang, & Newton, 1979).
The spatial distribution of surface roughness values at the global scale
can be found in Fig. B1. This surface roughness proxy is then compared
to the errors in soil moisture retrievals for each COSMOS station to test
the hypothesis that the differences in the two products' algorithms for
surface roughness will lead to changes in the estimates of soil moisture.
Although this surface roughness proxy does not exactly represent the
overall surface roughness affecting the microwave emission, this simpli-
fied investigation provides information on the relationship between
surface roughness and the retrieval algorithms' performance. A global
map showing the coarse scale surface roughness (log (h)) is included
in Appendix B (Fig. B1).

To evaluate the temporal dynamics of the satellite-based soil
moisture products, the 3-hourly precipitation product (3B42 V7)
from the Tropical Rainfall Measuring Mission (TRMM, http://pmm.
nasa.gov/node/158) (Huffman & Bolvin, 2014) was aggregated to
daily total precipitation (mm/day). This information can assist in
interpreting in particular the anomaly time series of soil moisture
where the responses of both products are expected to be influenced
by local rainfall.

It is not possible to retrieve soil moisture under frozen conditions.
LPRM applies an internal soil-freezing step in the product (Parinussa,
Holmes, et al., 2011) whereas the JAXA algorithm provides data
under such conditions. Therefore to ensure consistent comparisons
between the two products, a mask to remove estimates under frozen
conditions has been used. To construct the mask 6-hourly soil
temperature of the top-layer (i.e. 0-0.07 m) from the ERA-Interim
reanalysis produced by the European Centre for Medium-Range
Weather Forecasts (ECMWEF, http://data-portal.ecmwf.int) (Dee
et al., 2011) was adopted. Since the original soil temperature data
is on the Universal Time Coordinated (UTC) time, they were first con-
verted to local time based on station coordinates. Then temporal
interpolation was performed between two adjacent temperature
values to obtain soil temperature values at the overpass time. When
the interpolated ERA-Interim soil temperature is below 0 °C, the corre-
sponding satellite-based soil moisture retrievals, field soil moisture
measurements, VOD and EVI were masked out. Other masks that were
applied to the data included removing grid cells along the coastline

(i.e. centre of grid cells within 25 km from the coast) to remove the
influence of ocean water. Regions with dense vegetation (i.e. annual
mean VOD greater than 0.8 at 6.9 GHz derived from the LPRM algo-
rithm) are also excluded in this analysis (De Jeu et al., 2008).

24. Statistical metrics

The AMSR?2 products were evaluated by comparing the two products
to each other as well as comparing them to the ground-based soil mois-
ture measurements. The temporal correlations between JAXA and LPRM
products were examined over all grid cells for both raw data and anom-
aly data. The anomaly data was obtained in two steps. The first step was
to calculate the seasonal cycle by taking a 31-day moving average over
the study period 1 August 2012 through 31 July 2013, while the data ac-
tually used is from mid-July 2012 through mid-August 2013. The anom-
aly data was calculated by removing the seasonal cycle from the raw
data. Future work should be carried out using multi-year climatology
as more data becomes available. It should also be noted that the 1-year
analysis period does not allow conclusions on inter-annual variations
and this could be a topic of interest for the future. The seasonal cycles
and anomaly time series from each product were compared over all
grid cells by considering their correlations as well as the maximum,
minimum and mean values.

At each grid cell a paired Student's t-test was used with the daily
time series to test the differences in the mean of JAXA and LPRM soil
moisture products, with a significance level of &« = 0.05 adopted
for this test. To compare the satellite-based soil moisture and
ground-based soil moisture, three statistical metrics were used,
namely, the Pearson correlation coefficient, bias and root mean
square error (RMSE).

3. Results
3.1. Inter-comparison of JAXA and LPRM products; how are they different?

The spatial patterns of mean, maximum and minimum values of
JAXA and LPRM soil moisture products and their difference are pre-
sented in Fig. 3. The mean values of JAXA are generally lower than
LPRM. Over the high latitude regions, e.g. Russia and Canada, both
maximum and minimum values of JAXA products are lower than
LPRM, which results in the lower mean values. Over the other re-
gions (except desert regions), the minimum values of JAXA and
LPRM are quite similar. The lower mean values of the JAXA product
are primarily caused by its lower maximum values. This may be re-
lated to the fact that the soil moisture range in the JAXA and LPRM al-
gorithms is 0-0.6 and 0-1 m>/m?, respectively. The maximum value
(0.6 m3/m?3) of the JAXA product is a result of the pre-established
lookup tables that match soil moisture and vegetation water content
to microwave brightness temperature-derived indices (i.e. PI and
ISW see Section 2.1). The minimum values of the JAXA product
over the desert regions (e.g. Sahara, Africa, Middle East, south
Mongolia and central Australia) are somewhat higher than LPRM.
This can be attributed to the particular approach used in JAXA to es-
timate the soil moisture under extreme dry conditions (<0.1 m?/m?)
as described in Section 2.1. With these considerable differences in
the absolute values between these two products, it is not surprising
to see that the paired-t test indicates that the means of the two prod-
ucts are statistically different for nearly all grid cells (Fig. A1).

The signals in soil moisture products can be decomposed into the
(1) seasonal cycle and (2) soil moisture anomalies which primarily
represent responses to rainfall events. The correlation coefficients
of the seasonal cycle and anomalies between the two AMSR2 soil
moisture products are presented in Fig. 4. The soil moisture anoma-
lies of the two products are highly positively correlated (Fig. 4a) as
a result of similar responses to external meteorological forcing and
to some extent the same random noise in the satellite observations.


http://pmm.nasa.gov/node/158
http://pmm.nasa.gov/node/158
http://data-portal.ecmwf.int
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Fig. 3. Global maps of mean (top panels), maximum (middle panels) and minimum (bottom panels) values of JAXA (left column), LPRM (middle column) and differences (i.e. JAXA-LPRM, right column) derived from descending overpasses.
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Fig. 4. Global maps of correlation coefficients (R) between JAXA and LPRM soil moisture products derived from descending overpasses for (a) soil moisture anomalies (Ranomaty) and
(b) seasonal cycle (Rseqson). Three regions with strong positive correlations in seasonal cycle (outlined by yellow boxes) are in the transition zones identified by Koster et al. (2004). Six
regions with strong negative correlations (labelled as yellow crosses) are selected for further temporal comparison.

Over the ‘transitional regions’ where strong coupling between soil
moisture and precipitation is expected, e.g. central Great Plains of
North America, Sahel and India (Koster et al., 2004), both seasonal
cycle and soil moisture anomalies are highly positively correlated
between these two AMSR2 products (regions highlighted with yel-
low boxes in Fig. 4b). Strong negative correlation coefficients in sea-
sonal cycles are also found over many regions, e.g. western Canada,
Russia, southeast USA, southeast China, central South America and
northern Africa (Fig. 4b) Again, it should be noted that the 1 year
timeframe in which the products were evaluated does not allow con-
clusions on inter-annual variations and there will be more confi-
dence in the seasonal cycle results in future when a multi-year
climatology can be constructed.

To better understand their temporal characteristics, time series of
the JAXA soil moisture and LPRM soil moisture together with soil
temperature and EVI over the highlighted regions in Fig. 4b are
shown in Figs. 5 and 6. Over the transition regions, the overall corre-
lations during the study period are high and the temporal dynamics
as responses to precipitation events are very similar (Fig. 5). Howev-
er, the recession patterns since the end of wet season are quite differ-
ent between these two AMSR2 products. Over the Sahel region
(Fig. 5b and c), the JAXA soil moisture drops to its lowest value
very quickly at the end of wet season and remains constant through-
out the following dry season, but the LPRM soil moisture declines
gradually. When there is no precipitation event, the temporal pat-
terns of the LPRM soil moisture have a tendency to be opposite to
surface temperature. The apparent difference between these two

AMSR2 products under the very dry conditions may also come from
their different dielectric mixing models. It is noticeable that the EVI
value over India is similar between dry and wet seasons (Fig. 5d). Mean-
while, the LPRM soil moisture is kept to 0.3 m>/m? in the dry period
whereas the JAXA soil moisture drops to 0.1 m*/m?>.

Over the regions where strong negative correlations in seasonal
cycles are observed, it appears that JAXA soil moisture variations are
generally in phase with temperature at the locations with strong sea-
sonal cycles in temperature (Fig. 6a-d). In contrast, the seasonal cycle
of the LPRM soil moisture tends to be opposite to the JAXA product
and temperature. When the temperature is consistently high (e.g.
Fig. 6e South America), the JAXA soil moisture still has a strong seasonal
cycle which is similar to the EVI temporal pattern. Meanwhile, the LPRM
soil moisture drops sharply with increases in EVI in austral summer
(i.e. late 2012 to early 2013). Over the arid Sahara (Fig. 6f) with low
EVI during the whole year, there are no notable variations in the JAXA
soil moisture during the whole period, while the LPRM soil moisture
increases during the rainy season.

The above observations suggest that over these regions where JAXA
soil moisture and LPRM soil moisture have opposite seasonal cycles, the
dynamics of the JAXA soil moisture agrees with temperature and/or EVI
variations whereas the seasonal cycle of the LPRM soil moisture is in-
versely related to temperature and seems to be considerably affected
when vegetation density (represented by EVI) is high which is in line
with the findings in Parinussa, Meesters, et al. (2011). It can also be
seen in Fig. 6e that when EVI is high in the austral summer the behaviour
of JAXA and LPRM is quite different. The performance of the AMSR2



(a) North America (32.50.25°N 109.25°W)

(b) Sahel 1 (12.00°N 5.00°W)

Rseason =0.66 R.,eas'm =0.84
-5’3 Das wig I : o - xE T §g Tl.n..,.l e ..-lll R TR UL
BE 40 S8 40
5t w 5w
o T 120- o 120~
320 1 320 .|
0.8 5 = 08 l.%
o300 o | g0 g™ " il B
@ - € T £
= . 0.61'1E ':— —:D_EnE
£ 280 : | Z280 =
E 04 3| £ 3
@ % . S| @ b S
= 260 o log =| | 200N . =
) UO'J "y ‘m%"'-*—-«. oty C?J
e e e ’-‘dwﬂpw\-\ W .
1 )
Alg2012 Nov-2012 Mar-2013 Ju|-2%13 Augio012 Nov-2012 “Mar-2013 w213
(c) Sahel 2 (10.00°N 10.00°E) (d) India (23.00°N 75.00°E)
RSEI_I_S_OI_I_= 0-84 Rseasnn = 0'83
&~ Ompm RLRIRA 1L L UTAh (3 § O T ¥ Dt n
=] c
5. " 5 )" MR
§E 80 §E 80
o 120 o T 120
320 -1 320 -1
“ 08 & L 08 &
300 - . ' s s - o
= e - £ = o £
g 08| § 06+
B 280 o| B2m0. - =
% 0.4% § ”-s.\- 03.44‘5‘045
L :.,-‘-‘".. 3 00 e g Yol 3 - Y% o TN gl ol T e, 007 R 5"y . 3
F 260571 P gl e prd SN = T 200 et o, g N e ots ST
™ ise e g - 'r-"*d"“!;wﬁ 5.‘&\.;“:.\:.”;_;":,..;0“‘ b - : - - SR . R e :
ug-2012 Nov- 2012 Mar-2013 Jul-2%13 ug-2012 Nov-2012 Mar-2013 Jull2la%13
JAXA LPRM R
JAXA Seasonal Cycle LPRM Seasonal Cycle Temperature(K) EvI I Precipitation

Fig. 5. Descending pass time series of JAXA, LPRM, temperature and EVI at four locations in the transition zones that have strong positive correlations in the representation of the seasonal cycle; (a) the central Great Plains of North America, (b) and

(c) Sahel, and (d) India.

0S

Z9-€¥ (S10Z) 191 Juawo.naug o Suisuas ajoway / o 32wy 'S



S. Kim et al. / Remote Sensing of Environment 161 (2015) 43-62 51
(a) Canada (59.25°N 120.00°W) (b) Russia (59.00°N 86.50°E)
Rsramn =-0.57 Rsensnn =-0.82
g 0 5. 0
3T a0 EF 40
-g 80 TRMM Naot Availlahle §E g0 TRMM Not Available
& 120 &7 120~
320 i 1 320 1
= =
= 300 RR s
Loy _"‘ Lo
s E 280" .+ s B o e
042 £ 0.4 §
= 260 2| Foen
02 E > 02 E
Ay 2012 Nov-2012 Mar-2013 Jutzbia o201z Nov-2012 Mar-2013 Ju2bia
(€) USA (32.25°N 84.00°W) (d) China (31.50°N 112.75°E)
Rseasrm =-0.71 mem =-0.55
5§~ Om =1 | ¥ LECER A ; | " MOPLTOOT N e §~ 91 I s RECI T I | R N UL
I - Nl Rl T UK
§E o EE, 80
4 120 120
320 1 320 1
- os@ 08 @
= 300, S o= —
| ) E|l 2 E
g 20 s| gwo o -
T 20, e Wl x - Fae0- v~y .
Aigaoiz Nov-2012 Mar-2013 2913 $isais Nov 3012 Hor 2013 s
(e) South America (24.50°S 63.00°W) (f) North Africa (23.00°N 10.75°E)
Rseason =-0.55 Rsrusnn =-0.81
5. 0 Wt . . w \ 5.0 o ) -
5E 40 l r | |
E
& <120 10
320 1 320 0.2
L imema b =
. 300 < 1 2 Y bl AR LAy T A 08_::, 300 'ii
T . ) ra S E ;m m"g
g T P Roomte i s g
260 ' 02 = | F 260 w gl 2
e RN e ’ P Sy
Aigaotz " Nov-2012 Mar-2013 bz T LR AR w4t
Aug-2012 Nov-2012 Mar-2013 Jul-2013
JAXA : —_LPRM .
JAXA Seasonal Cycle ° LPRM Seasonal Cycle Temperature(K) EViI I Frecipitation
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products and vegetation is examined in more detail in the next section for
all COSMOS stations to determine if a threshold when EVI affects soil
moisture can been found.

3.2. Comparisons against field measurements

For the grid cells with particularly high correlations and those with
low or even negative correlations between JAXA and LPRM, both products
are compared to field measurements using the available COSMOS stations
over the USA (http://cosmos.hwr.arizona.edu/Probes/StationDat/). The
USA was selected as it has one of the transition zones identified by
Koster et al. (2004) and also has areas where the two products have
similar and different seasonal cycles.

At the grid cells with good agreement in the seasonal cycle (Fig. 7
and Table S1), LPRM soil moisture estimates are generally higher than
the JAXA estimates, except for the dry season at Santa Rita Creosote
(Fig. 7e). The LPRM soil moisture has strong variations throughout the
year, while the JAXA soil moisture shows little variation with a similar
minimum value around 0.05 m?/m? in the dry season for all four loca-
tions. Furthermore, LPRM soil moisture retrievals follow the temporal
patterns captured by the ground-based measurements better than
JAXA soil moisture retrievals.

When it comes to the grid cells with strong negative correlations in
the seasonal cycle (Fig. 8 and Table S1), it is worthwhile to highlight
several points here. (1) These stations are located in forested areas
and the mean EVI and VOD values are higher than the average value


http://cosmos.hwr.arizona.edu/Probes/StationDat/
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panels d and e for better visualization.

of all 47 COSMOS stations used in this study. (2) The dynamics of LPRM
products tend to be opposite to field measurements and/or JAXA prod-
ucts (i.e. Savannah River which has the highest mean VOD among
them). (3) LPRM soil moisture values tend to be higher than JAXA,
which is consistent with the global mean values shown in Fig. 3.
(4) It appears that the variance of the LPRM soil moisture product
is much larger than the JAXA soil moisture, as the former has much
more scatter around the seasonal cycle compared to the latter.
(5) At Savannah River and JERC station which are in relatively dry

conditions, the JAXA product shows fairly good correspondences
to the field measurements. It has been previously found that the
LPRM product has difficulties in this region (Hain, Crow, Mecikalski,
Anderson, & Holmes, 2011).

Expanding the comparisons from the 8 stations included in Figs. 7
and 8, the error statistics at all 47 COSMOS stations are now considered.
For each station the error statistics (bias, RMSE and R) between both
AMSR2 products and ground-based measurements are plotted against
four independent variables, namely, annual mean temperature,
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Fig. 8. Same as Fig. 7, but for four COSMOS stations where Rgeqs0n between JAXA and LPRM product is lowest among all grid cells with COSMOS stations.

log (h) representing coarse scale surface roughness, annual mean EVI
and mean value of ground soil moisture (dots in Fig. 9). It should be
noted that only dates which are coincident in all datasets were used
for calculating the error. To better visualize and understand the patterns
in these scatterplots, smooth curves were added for each plot using ro-
bust local regression method. The regression used weighted linear least
squares with a span of 50% with lower weights assigned to outliers and
zero weight for data lying outside six standard deviations from the
mean (lines in Fig. 9). All data used in Fig. 9 are available in Table S1.
The results from this analysis are discussed in the following subsections.

3.2.1. Annual mean temperature

Biases in the JAXA product are primarily negative, which means that
the values are smaller than the field measurements, whereas the LPRM
product biases are generally positive. There is no significant trend in the
relationship of RMSE with mean temperature for either product, al-
though there is a sharp decrease in the correlations (Rjaxa and Ryprm)
when mean temperature decreases below 290 K. However the rate of
decrease in the LPRM correlation-temperature relationship is smaller.
This may be due to the large scatter in the LPRM correlation-temperature
relationship compared to the JAXA case.
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3.2.2. Surface roughness

The pattern of biases of the JAXA and LPRM products is very sim-
ilar when plotted against the coarse scale surface roughness. When
considering RMSE, the largest errors in the JAXA product are seen
at around log (surface roughness) = 20 which is also the case for
bias, while no significant trend is observed in the RMSE value of
LPRM. There is a lot of scatter in the distribution of correlation coef-
ficients against changes in log (h). However in general, there are im-
provements in LPRM correlations as the surface becomes rougher
but JAXA correlations decrease with the rougher surface conditions.
Further investigations are required to assess why LPRM correlations
improved and JAXA correlations degrade with increasing surface
roughness and how this knowledge could be used to improve both
products.

3.2.3. Annual mean EVI

The bias in the JAXA product when considered with respect to an-
nual mean EVI is larger than for LPRM, particularly at higher EVI
values (i.e. mean EVI > 0.3).It is observed that the RMSE of JAXA in-
creases strongly when mean EVI is higher than 0.3. The correlations
of both product show a strong degradation in performance as mean
EVI increases, with steeper decline in both correlation coefficients,
occurring for mean EVI greater than 0.3.

3.2.4. Mean field soil moisture

There is a very clear relationship between errors in both products
and mean field soil moisture. As mean field soil moisture increases
the JAXA product increasingly underestimates the soil moisture
(negative bias). Correlations of both products steadily decrease as
mean field soil moisture increases. For LPRM, bias and RMSE are rel-
atively constant for changes of mean field soil moisture. The excep-
tion is found for the LPRM product under dry conditions (i.e., field
soil moisture < 0.2 m*/m>) where soil moisture is overestimated
and for these sites JAXA is found to have smaller errors.

4. Discussion

The primary aim of this study is to provide guidelines for using
and improving the JAXA and LPRM AMSR2 soil moisture products.
In soil moisture retrieval algorithms based on the radiative transfer
equation (Mo et al., 1982), it is very difficult to estimate parameters
such as single scattering albedo (), polarization mixing ratio
(Q) and roughness parameter (h) at the global scale due to the
lack of experimental data to calculate them. To solve this, the pa-
rameters are generally chosen based on past research and limited
site experiments (Fujii et al., 2009; Njoku & Li, 1999; Njoku et al.,
2003; Owe et al., 2001). Uncertainties in the parameterizations
have been used for error estimations of soil moisture retrievals
(Parinussa, Meesters, et al., 2011). Although these parameteriza-
tion choices will lead to biases and possible errors in the modelled
dynamic ranges, it has been proved that the soil moisture retrievals
generally perform well in terms of temporal variability. In many
applications and particularly climate studies, the temporal variabil-
ity is likely to be the most important statistics and scaling ap-
proaches have been proposed to adjust the range of soil moisture
(Draper et al., 2009; Entekhabi, Reichle, Koster, & Crow, 2010; Liu,
Parinussa, et al., 2011; Yilmaz & Crow, 2013). Therefore in this
study we focused firstly on the temporal variability of soil mois-
ture. Our second area of focus was to examine the difference in
values resulting from the two different algorithms by using raw
soil moisture retrievals. This second focus assesses the global pa-
rameterizations and suggests areas where improvements can be
made in the parameterizations through improved understanding
of how the two approaches affect the accuracy of soil moisture
retrievals.

In the analysis, we compared two AMSR2 soil moisture products
with the field soil moisture from 47 COSMOS stations. Four primary
factors were identified between JAXA and LPRM retrieval algorithms,
namely, physical surface temperature, surface roughness, vegetation
density and quantitative soil wetness conditions, which are expected
to affect the accuracy and precision of the satellite products. A sum-
mary of the performance of both products with respect to the inde-
pendent variables is presented in Table 3 based on the results in
Fig. 9 and discussions in the previous section. Five main conclusions
are drawn. (1) The JAXA algorithm generally underestimates the
ground soil moisture, whereas the LPRM algorithm tends to overes-
timate soil moisture. The distributions of bias and RMSE of the
LPRM product are relatively insensitive to changes of the four inde-
pendent variables, whereas JAXA shows larger degradations in per-
formance above certain thresholds. (2) Correlation coefficients
between AMSR2 products and ground measurements decrease
when the mean temperature decreases below approximately 290 K,
but the degree of decline in the LPRM product is smaller than the
JAXA product. (3) Even though there is a large variance in the errors
when shown against surface roughness, in general the LPRM correla-
tions increase as the surface becomes rougher while the JAXA corre-
lations decrease. (4) The performance of JAXA is affected in areas
with dense vegetation, particularly for mean EVI greater than 0.30.
Correlation coefficients of both products decline for mean EVI is
higher than 0.3, which is in line with the findings in Parinussa,
Meesters, et al. (2011). (5) Distributions of bias and RMSE of LPRM
are relatively insensitive to variation of mean ground soil moisture;
however JAXA performs better in dry condition (<0.2 m3/m?). Corre-
lations for both products gradually reduce as mean ground soil mois-
ture increases.

These results suggest possible areas for future improvement of soil
moisture retrievals. Nevertheless, there are several limitations with
the analyses of this study. The main factors that will have affected the
results are: 1) use of data in a single year to calculate the statistics and
shortage of ground stations to derive general conclusions due to the
short period of data available, and 2) discrepancies in the spatial scale
of AMSR2 and COSMOS soil moisture measurements.

As the AMSR2 data are made available from July 2012, its tempo-
ral coverage is less than 2 years at present. Therefore, there are not
many ground stations with sufficient overlap with the study period.
Secondly the short record length means that we are not able to
examine inter-annual variations. Furthermore, the data mask using
the 6 hourly soil temperature data reduced the number of available
data. This insufficient temporal coverage and the differences in
temporal resolution (i.e., hourly to monthly) like lead to more uncer-
tainty in the results. Future research using multi-year data can
potentially address this issue and provide further insights into the
difference and similarity between these two AMSR2 retrieval algo-
rithms and products.

Table 3

Summary of relative performance AMSR2-JAXA and LPRM for RMSE and correlation coef-
ficients with mean temperature, log (h), mean EVI and mean ground soil moisture. The
product with generally better results for all 47 COSMOS stations is listed. If the perfor-
mance of both products was similar this is denoted by “Similar”.

Variables Range RMSE Correlation
coefficients
Mean temp. (K) <290 Similar LPRM
>290 Similar JAXA
Log (h) >20 4 LPRM
Mean EVI <0.30 JAXA Similar
>0.30 LPRM Similar
Mean ground soil moisture (m>/m?) Dry (<0.20) JAXA Similar
Wet (>0.20) LPRM Similar

@ JAXA product shows better RMSE out of log (h) 18 to 22.
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Fig. 10 shows the available number of days in common between
the two datasets that can be used to calculate the correlation coeffi-
cients. Most of the ground data is located in the USA where it can be
seen that there is generally a relatively low number of available re-
cords, with the number of available days decreasing as the latitude
increases and the chance of freezing conditions increases, leading
to more masking. Also evident in Fig. 10 is a strip across Africa,
where there are extremely low numbers of days in common between
the two datasets. Interestingly this effect is not evident in the as-
cending pass data (Fig. C4), which indicates that it is most likely
due to processing of the descending pass.

The spatial resolution of the AMSR2 soil moisture is 0.25° grid and
the area-averaged value over each grid represents soil moisture to a
depth of a few millimetres to centimetres. On the other hand,
COSMOS soil moisture is an area-representative value within a diam-
eter of a few hundred metres and to a depth of a few hundred
millimetres. For these reasons, some part of the mismatch between
the AMSR2 and COSMOS soil moisture products can be attributed
to these differences in horizontal and vertical support which is trans-
lated into the evaluation statistics. This is a general problem of all
validation studies using in situ measurements that have different
horizontal and vertical coverages compared with remotely sensed
soil moisture. It is therefore appropriate to see bias and RMSE as sup-
portive metrics showing the relative differences of the two retrievals
with the reference dataset and consider correlation coefficients as
the main metric.

As noted in the previous section, there is considerable scatter in
the ground comparisons shown in Figs. 7, 8 and 9. This scattering
issue has been reported in previous work (Draper et al., 2009). In
general, this scatter has been explained by the systematic differences
between the satellite-derived soil moisture and ground soil mois-
ture. There are also uncertainties in averaging all swath data with
variations due to the progression of satellite orbit, soil parameters
and different spatial coverage. In this study some further possible
reasons for the scatter in the relationships have been identified.
First, the number of data to calculate the statistics is reduced by
masking out the data under the frozen and forested conditions. Sec-
ond, there are differences in the temporal resolutions of the used
data (hourly to monthly).

5. Conclusions

Most previous studies validating satellite-based soil moisture
products have focused on comparisons with ground data at the re-
gional scale which have a limited range of climatic and vegetative
properties, or have only considered the verification without exploring

the reasons for discrepancies or good agreements. This study pro-
vides an important contribution to this area by considering global
performance of the two satellite soil moisture by comparisons with
ground data under various factors as well as considering the reasons
for that performance.

Due to the different spatial coverage and measurement scales of
the COSMOS and satellite data, the results of correlation coefficients
are the most reliable. In this regard, we found that both products
show rapid decreases in correlation coefficients under low mean
temperature (<290 K), high mean EVI (>0.3) and highly wetted con-
ditions. In support of these correlation results, it was found that JAXA
shows relatively better performance in bias and RMSE under dry
conditions, and the bias and RMSE of LPRM are generally smaller
than JAXA.

The results from this study suggest areas that improvements in
the algorithms could be made. Firstly, the different retrievals from
the two algorithms along with the relationships of soil moisture
with the four external variables (i.e. mean temperature, surface
roughness, mean EVI and mean ground soil moisture) provide infor-
mation on appropriate parameterizations and model selection. An-
other possibility is a combined product which would leverage the
strengths of the JAXA and LPRM algorithms, and this would provide
improvements in temporal correlations after scaling to adjust the
dynamic range of the retrievals. With these, an extended work with
use of a multi-year data will be conducted in the future, by which
there will be more confidence in defining the seasonal cycle and
the data can be decomposed to identify the anomalies where the
bias is not relevant.

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.rse.2015.02.002.
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Fig. 10. Number of days available to calculate correlations between JAXA and LPRM soil moisture estimates.
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Appendix A. Global map of paired t-test results for descending data
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Fig. A1. Global map (descending) of p values from a paired t-test for a null hypothesis, Waxa — Hprv With o = 0.05. Over the desert regions, soil moisture values from both AMSR2 products
are consistently low during the entire year, and their difference is very small and not statistically significant.

Appendix B. Global map of coarse scale surface roughness
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Fig. B1. Global map of coarse scale surface roughness (log (h)) derived from 1-km DEM.
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Appendix C. Results for ascending data
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Fig. C1. Global maps of correlation coefficients (R) between JAXA and LPRM soil moisture products derived from ascending overpasses of 10.7 GHz (X-band) for the period 01/08/2012 to
31/07/2013. (a) Raw soil moisture (Rqy), (b) anomalies (Ranomaty) and (c) seasonal cycle (Rseqson)-
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Fig. C2. Global maps of mean (top panels), maximum (middle panels) and minimum (bottom panels) values of JAXA (left column), LPRM (middle column) and differences (i.e., JAXA-LPRM, right column) derived from ascending overpasses.
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Fig. C3. Scatterplots of (y-axis) bias, RMSE and correlation coefficients (R) between AMSR2-based soil moisture and ground-based measurements against (x-axis) mean temperature, roughness (log (h)), mean EVI and mean ground soil moisture. A

robust local regression method is used for smoothing data.
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Fig. C4. Number of available days to calculate correlations between JAXA soil moisture and LPRM soil moisture based on ascending data and p values indicating the significance of corre-

lation coefficients.
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