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Abstract—The performance of the advanced synthetic aperture
radar (ASAR) global mode (GM) surface soil moisture (SSM) data
was studied over Australia by means of two widely used bivariate
measures, the root-mean-square error (RMSE) and the Pearson
correlation coefﬁcient ( ). By computing RMSE and at multiple
spatial scales and for different data combinations, we assessed how,
and at which scales, the spatial sampling error, noise, and the choice
of the reference data impact on RMSE and . The results reveal
large changes in RMSE and with continental average values of
8% and 18% for the RMSE of relative soil moisture saturation and
between 0.4 and 0.7 for
depending on the spatial scale of
aggregation and the choice of reference data. The combined effect
of noise and spatial sampling error accounted for a 79% RMSE
increase at 1 km and predominated over the error due to the
choise of the reference data also at 5 km scale. The effect of noise
on RMSE strongly diminished at spatial scales
. By contrast, the impact of uncertainties in the reference data was larger on
than on RMSE. This highlights the better potential of
to
estimate the beneﬁt of observations prior to data assimilation. Based
on our results, it is further suggested that a potential way for an
improved ASAR GM SSM error assessment is to: 1) aggregate the
data to
resolution to minimize the noise; 2) subtract the
spatial sampling error within the coarse resolution footprint; and
3) remove the reference uncertainty using advanced techniques
such as triple collocation.
Index Terms—Advanced synthetic aperture radar global mode
(ASAR GM), bivariate analyses, Pearson correlation coefﬁcient,
root-mean-square error (RMSE), soil moisture, synthetic aperture
radar (SAR).
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I. INTRODUCTION

U

NDERSTANDING errors in surface soil moisture
(SSM) data is essential for assimilation of these data
into models and blending SSM products from multiple satellite
platforms [1]. The error is commonly estimated using bivariate
measures [ , root-mean-square error (RMSE)] between the
satellite SSM and a second SSM dataset derived by independent
means. The latter is expected to be closer to the truth and hence
referred to as the “reference” data. However, SSM is a notoriously ambiguous concept with high lateral and vertical variabilities that complicate a derivation of the true spatial SSM on
ground. Moreover, the reference data often have different
spatial resolutions from the evaluated SSM data. The error
estimates thus not only reﬂect the random error and the conceptual discrepancies of the evaluated SSM product but are also
inﬂated by errors due to: 1) spatial sampling; 2) bias between
the evaluated and the reference data; and 3) uncertainty in the
reference data related to the assumption that these data
are free of error and represent the same quantity as the evaluated data.
Spatial sampling errors can originate from the assumption
that a ﬁner measure is representative of a larger resolution
measurement or vice versa. This assumption is essentially
wrong given the different causes for spatial variability between
the point- and footprint-scale [2] and between different footprint sizes [3]. In particular, at small to medium resolutions
) soil moisture respond to variations in soil
(
properties, vegetation, topography, radiation, and precipitation. At larger scales ( >
), different sources of variation
become apparent, such as climatic variations in precipitation or
variations in humidity, temperature, and radiation that affect
SSM through evapotranspiration. The impact of spatial sampling
error was recently documented by Van der Velde et al. in [4]
who used coarse resolution SSM acquisitions as a reference
to evaluate advanced synthetic aperture radar (ASAR) wide
swath (WS) ﬁne resolution SSM. The authors concluded that
the combined effect of spatial sampling error, noise, and bias
explains more than 70% of the deviations between the two
products.
Additionally, bivariate measures are affected by uncertainty in
the reference data. Much attention has been recently given to
understand the reference data uncertainty and to develop methods for its removal, such as triple collocation [5], [6]. Triple
collocations studies, however, have focused on coarse resolution
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data. To date, the assessment of the reference uncertainty when a
variety of spatial resolutions is used in evaluation has not been
explored.
In this study, the ASAR global mode (GM) SSM data
developed through ESA DUE’s SHARE [7] project are evaluated
over the Australian continent using common bivariate measures
(RMSE and ). An important contribution beyond previous
studies is that we perform the analyses at multiple scales and with
different choices for reference data. This helps to assess how, and
at which scales, the spatial sampling error, ASAR GM noise, and
the choice of the reference data impact on RMSE and . As such,
this study explores the impact of spatial scale and reference data
(the “extrinsic errors” from here on) and noise when evaluating
medium resolution SAR SSM products. The ASAR GM data
used here cover the Australian during the ENVISAT’s live time
(2005–2012).
A number of previous evaluation studies demonstrated the
ability of the data to capture soil moisture drying and wetting
trends. These used an error propagation scheme [8], or comparison against in situ data [8], [9], or coarse (
) resolution
SSM from models [10], or scatterometers [8]. The latter studies
addressed the role of the ASAR GM SSM noise and its reduction
via data averaging but did not investigate the role of spatial
sampling error and error due to the uncertainty of the reference
data.
In this study, ﬁrst the spatial sampling error and noise are
quantiﬁed over a smaller study area (
) in southeastern Australia using the spatial variance of the ASAR GM
SSM within the coarser resolution (25 km) footprint as a proxy.
The proportional share of noise in the latter is estimated by
studying the differences between proxies computed using ASAR
GM SSM with and without simulated random noise. Next, the
effects due to spatial sampling error and noise are mapped over
the entire continent. This is performed by computing the differences between RMSE maps acquired at ﬁner ( <
) and
coarse (25 km) resolution ASAR GM. The important assumption
is that the spatial variance differences between the ASAR GM
25 km aggregated product and the reference data can be
neglected. Similarly, the effects due to choice of the reference
dataset are studied by computing the difference maps between
bivariate measures computed with different reference data.
The coarse resolution data used were the Australian Water
Resources Assessment landscape hydrological model (AWRA-L),
ERA-Interim reanalyzes, and data from the Advanced
Microwave Scanning Radiometer (AMSR-E). Finally, to
allow for a comparison of effects due to separate error components, the differences are normalized by the 25-km RMSE
and maps.
Given the differences between the model conceptualization
and the satellite acquisition the data do not necessarily represent
the same time of the day. In particular, the ERA-Interim model
runs at 3-hourly time step, the AWRA at a daily time step, and
the ASAR GM and the AMSR-E acquisition produce soil
moisture at the discrete time of acquisition. These differences
in temporal support may introduce another additional source of
(conceptual) error. This error is only marginally discussed in
this study.

3881

II. DATA
A. ASAR GM SSM
The ASAR GM SSM represents the relative SSM in the upper
<
of soil and is retrieved from active radar sensor at the
1 km spatial resolution. Due to its high temporal sampling, the
ASAR GM 1-km resolution sensor is suitable for monitoring of
dynamical processes such as soil moisture [8] or inundation [11].
The ASAR GM data were retrieved using a change detection
algorithm [8] assuming a sufﬁciently long time series to cover the
full range of soil moisture values from wilting point to saturation
[8], [13]. For the ASAR GM SSM product generation, a processing chain has been setup at the Vienna University of Technology
(TU WIEN) [12]. The processing consists of a series of steps
including geocoding, radiometric correction, resampling, normalization, and soil moisture retrieval [8], [10]. The resampling
grid was deﬁned in the Plate Carée map projection, based on the
WGS84 datum with sampling distance of 0.00417 [12].
The algorithm was initially developed for ERS and ASCAT
scatterometers [13]. Its transfer to ASAR GM was possible due
to the very similar measurement principles of these instruments.
Conversely, differences in spatial and radiometric resolution,
polarization, and image retrieval geometry may limit the validity
range of the transferred algorithm. The unit of the ASAR GM
SSM product is the relative saturation level (%) and can be
easily converted to the volumetric units by multiplying with
porosity.
B. AWRA-L SSM
The AWRA-L SSM represents the relative SSM in the upper
5–10 cm of soil. The AWRA-L hydrological model [14] is a part
of the AWRA [15] system that consists of a selection of models
that estimate all water balance terms associated with the vegetation, soil, groundwater, and surface water balance. The
AWRA-L SSM data are available at daily time step and computed at 0.05 grid resolution (ca. 5 km) across the Australian
continent.
To avoid uncertain and equivalent soil parameters [16], the
separate soil layers in the AWRA-L model are deﬁned not in
terms of soil layer thickness but in terms of their extractable
water storage capacity [14]. Relevant here is that the model
structure is based on the assumption that any water in excess of
ﬁeld capacity drains within a day (in other words, soil moisture
content never exceeds ﬁeld capacity). This simpliﬁcation was
made because the model is designed to provide information of
soil water availability and average storage changes over longer
periods (e.g., months). It will be demonstrated that this simplifying assumption affects the comparison with remotely sensed
SSM. The main difference between the AWRA-L units and the
volumetric soil moisture is that volumetric soil moisture allows
values above ﬁeld capacity and below saturation, whereas
AWRA-L units do not. The main input data to the model are
precipitation, short wave radiation, and temperature data
derived by interpolation from data from a national network of
climate station at 0.05 . In this study, SSM estimates from
AWRA version 0.5 were used; the same data used by [10]
and [17].
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C. AMSR-E SSM
The AMSR-E SSM represents the volumetric soil moisture in
the upper <
of soil. The data are retrieved at the original
footprint of 56 km and resampled to 0.25 spatial resolution. The
brightness temperatures measured by the AMSR-E were converted to volumetric soil moisture using the Land parameter
Retrieval Model [18]. The method uses a forward modeling
optimization procedure to solve a radiative transfer equation for
both soil moisture and vegetation optical depth. The AMSR-E
soil moisture derived from the C-band was used in this study, as
this is expected to represent soil depth corresponding to that
represented by the ASAR GM soil moisture product. Only nighttime acquisitions were used, as these were better suited for
retrieving soil moisture than day-time observations [19].

TABLE I
AN OVERVIEW OF USED SSM DATA AND THEIR ORIGINAL UNITS PRIOR TO DATA
TRANSFORMATION USING LINEAR REGRESSION (SEE SECTION III)

D. ERA-Interim SSM
The ERA-Interim SSM represents simulations of soil moisture
in the upper approximately 0–7 cm of soil at approximately
80 km spatial resolution. The data are freely available at http://
apps.ecmwf.int/datasets/. The ERA-Interim reanalysis (both
atmosphere and surface parameters) is based on the ECMWF
Integrated Forecast System (IFS) model [20] using a sequential
data assimilation scheme. In each cycle, available observations
are combined with prior information from a forecast model to
estimate the evolving state of the global atmosphere and its
underlying surface [21]. The variety of satellite and groundbased measurements assimilated include, among others, clearsky radiance, rain-affected SSM/I radiances, or recalibrated
ERS-1 and ERS-2 surface wind data. It should be noted that
the data used here do not involve assimilation of scatterometer
over land. The land surface processes in IFS are described by the
Tiled ECMWF Scheme for Surface Exchanges over Land
(TESSEL) in four layers [22] using a globally uniform soil type
with ﬁxed soil hydraulic parameters with saturation value of
, ﬁeld capacity with
, and the wilting
point with
.

III. METHODOLOGY
A. Data Processing
For the purpose of this study, more than 7000 ASAR GM
scenes over Australia were processed using all available acquisitions between January 1, 2005 and January 31, 2010. Next,
three SSM data (ERA-Interim, AWRA-L, and AMSR-E; the
“reference data” from here on) were obtained for the identical
dates to those of the ASAR GM SSM. The data were assumed to
have independent errors (see Section III-D for discussion).
Remotely sensed and modeled SSM data may represent different soil moisture depths, different spatial footprints (“spatial
support” sensu [3]), and have different statistical moments [23].
This inevitably introduces biases that preclude determination of
the absolute agreement between SSM time series and data
assimilation into models [24]. Commonly applied approaches
for biases removal are transformation using linear regression or
the cumulative distribution function (CDF) [23]. In this study,
the linear regression technique was used. The decision was

Fig. 1. Number of ASAR GM SSM acquisitions per pixel used in this study. The
map is shown at 5 km spatial resolution.

driven by the fact that only slight differences in the absolute
RMSE values were found when different matching techniques
were used and that only at 5 and 25 km scale (not displayed).
Furthermore, linear regression is computationally less expensive, allows tracking back the computation more directly than
CDF and does not change the Pearson correlation coefﬁcient. It
should be, however, noted that other matching techniques may be
more appropriate if other reference or evaluated data are used.
The linear regression removes not only the differences in
statistical moments but also differences in SSM units (Table I).
This is relevant given the expected linear relationship between
the separate SSM units [17], [25]. Given the purpose of this study
to evaluate the quality of the ASAR GM SSM, the reference data
were transformed to the ASAR GM SSM data. In all subsequent
computations, the transformed and bias-corrected AWRA-L,
ERA-Interim, and AMSR-E data were used. Importantly, the
ﬁtting was performed separately for each ASAR GM aggregation
level.
Next, only acquisitions coinciding in time in all the four data
were selected using a maximal temporal difference of 12 h. This
selection was controlled by the irregular acquisitions of the
ASAR GM and by the fact that only night-time acquisitions
from AMSR-E were used. The used amount of acquisition
quartets is shown in Fig. 1.
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B. Evaluation Measures
(

signiﬁes the closeness of ASAR GM SSM
The
) to the reference data (
) as follows:

where
and is the number of days with available
acquisitions, represents the reference data, and stands for the
spatial scale (1, 5, and 25 km, respectively). The squaring is
performed to remove the potential negative value and quadratically penalizes the residuals between ASAR GM and the reference SSM.
The Pearson correlation coefﬁcient
measures linear relationship between ASAR GM SSM (
) and the reference data
(
) as follows:

is the mean of all
and
is the mean of all
for
where
a given spatial scale . The important difference between the two
evaluation measures is that RMSE describes the absolute correspondence of two data while refers to the correspondence of
anomalies computed with respect to the one to one linear
relationship.
The evaluation measures were computed at three spatial
scales—1, 5, and 25 km—that are nearly identical to 0.01,
0.05, and 0.25 for Australia. The scales were selected to address
the spatial scales at which the data quality is often required,
ranging from moderate resolution hydrological models to coarse
resolution atmospheric models. The ASAR GM and the biasescorrected reference data were over-sampled and aggregated to
correspond to the three spatial scales. The nearest neighbor
method was used to over-sample the reference data, whereas
the linear aggregation was applied to the ASAR GM SSM and to
the AWRA-L, when aggregating to the 25 km. The aggregation
of the ASAR GM SSM was performed over areas with at least
30% coverage (the ASAR GM has an irregular orbit that may
result in an incomplete coverage of the aggregated footprints).
The remaining areas were marked with a missing value.
The result was presented in nine maps for both evaluation
measures, RMSE and . These are in the text indexed with AW,
AM, and AE referring to the used reference data AWRA-L,
AMSR-E, and ERA-Interim, respectively and with 1, 5, or 25
that refers to the different spatial resolutions. The results were
also shown in form of box plots summarizing median, median,
minimum, maximum, and 25th and 75th percentiles for each map
using only pixels with signiﬁcant correlation between ASAR
GM and the reference data. The minimum and maximum values
were treated for outliers by removing the 1st and the 99th
percentiles of the data, respectively.
C. Quantifying Impact of Extrinsic Errors and Noise on RMSE
First, we quantiﬁed the spatial sampling error and the ASAR
GM noise on RMSE over a smaller study area (
)
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in southeastern Australia assuming that the spatial variance
differences between the ASAR GM 25 km aggregated product
and the reference coarse resolution products can be neglected
given their alike spatial resolutions. This assumption is relevant
also for medium resolution AWRA-L, as the spatial variances of
AWRA-L at 5 and 25 km was alike (not shown). Under this
assumption, we could estimate the spatial sampling error and the
ASAR GM noise at variety of spatial scales ranging between 1
and 25 km and using the spatial variance of ASAR GM
(
) as a proxy as

where
represents the aggregated 25 km ASAR GM and
represents the ﬁner resolution ASAR GM SSM with
aggregation level ranging between 1 and 25 km. Similar quantiﬁcation was performed in [26] to correct for the spatial sampling
error of a soil moisture network.
Second, the ASAR GM data are affected by a high level of
noise that is expected to have a signiﬁcant impact on RMSE [8].
To assess the signiﬁcance of this effect, (3) was computed twice:
1) once using the actual ASAR GM data and 2) once using the
ASAR GM data with simulated random noise added. The
simulated noise with normal (Gaussian) distribution was used
with
and
of relative soil moisture, respectively. The ’s were selected to describe the expected impact of
the estimated ASAR GM noise level of
on the dynamic
range of the ASAR GM backscatter measurements over
Australia (6–18 dB). In addition, the impact of noise on RMSE
was assessed by studying the change of variance
with the
increasing aggregation level. The
was computed as

with aggregation level ranging between 1 and 80 km.
Third, to demonstrate the spatial impact on RMSE due to the
spatial sampling error and the ASAR GM noise over the entire
continent, we subtracted maps acquired at ﬁner spatial resolutions from those acquired at coarse spatial resolutions while
keeping the reference data identical. This is expressed as

Fourth, the evaluation measures are impacted by the uncertainty of the reference data. To assess how the choice of the
reference data impact RMSE, the continental maps acquired
using different coarse resolution reference data were subtracted while keeping the spatial resolution identical. This is
expressed as

Simply,
measure expresses how much
RMSE differs under the inﬂuence of two independent reference
uncertainties, whereas
expresses how much RMSE
differ due to spatial sampling error and ASAR GM noise.

3884

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 7, NO. 9, SEPTEMBER 2014

Fifth, the overall impact on RMSE was quantiﬁed that
occurred due to: 1) the spatial sampling error and noise and
2) the choice of the reference data. The average percentage
impact on RMSE due to the spatial sampling error and noise
was computed as an average normalized
as

The normalization of RMSE with the 25-km RMSE was
motivated by the assumption that the spatial sampling error at
25 km scale can be neglected. In addition, the normalization to
25 km RMSE allows for comparison of different error contributions. The normalized change due to the choice of the reference
data was computed as

D. Quantifying Impact of Extrinsic Errors and Noise on
The quantiﬁcation of the extrinsic errors and noise on
closely follows the quantiﬁcation of the errors on RMSE in
(3)–(8). First, the spatial sampling correlation ( ) was calculated
according to

and

The subtraction method does not enable the actual quantiﬁcation of the spatial sampling error, noise, and reference uncertainty because
and RMSE are not additive measures. It,
however, does provide an estimate if and how RMSE and
differ under inﬂuence of different sampling error, noise, and
choice of reference data. The method can be applied under the
assumption that the errors of the reference data are independent.
This assumption seems reasonable; the ASAR GM backscatter,
the AMSR-E brightness temperatures as well as the input data to
the AWRA-L and ERA-Interim model are all likely to be
independent from each other. The ASAR GM and AMSR-E
data are perhaps most likely to have dependent errors due to
some similarities in the physics of the retrieval, but previous
studies have shown that the retrievals errors have very different
spatial patterns and, therefore, can probably be assumed independent [5].

IV. RESULTS AND DISCUSSION
A. Impact of Extrinsic Errors and Noise on RMSE

where
is the mean of all
. The measure
identiﬁes the decrease from maximum
due to spatial
sampling error and ASAR GM noise. Inversely to
,
the
increases with the increasing ASAR GM aggregation
level.
Next, the signiﬁcance of the effect of noise on was assessed
by computing (9) twice: 1) using the actual ASAR GM data and
2) using the ASAR GM data with added simulated random noise
[normal (Gaussian) distribution with
and
,
respectively].
To map the change in due to the spatial sampling error over
the entire continent, we, similarly to (5), subtracted maps at
different spatial scales as

The effect due to the choice of the reference data was quantiﬁed, similarly as in (6) for RMSE, according to

Finally, the overall impact due to: 1) the spatial sampling error
and noise and 2) the choice of the reference data on
was
expressed, similarly as in (7) and (8), by

The RMSE between the ASAR GM SSM and three reference
data are shown in Fig. 2 and summarized in boxplots in Fig. 3. At
1 km, the three maps with different references exhibit very
values ( >
)
similar spatial patterns. The high
dominate over vegetated (darker brown color in Fig. 2) and
topographically complex areas and can be explained by the
limited sensitivity of the ASAR GM data to the soil moisture
dynamics due to the vegetation attenuation and by the limited soil
moisture dynamics over outcrop areas with missing soil layer.
This supports the ﬁndings of [10] who found a high correspondence of RMSE and ASAR GM SSM propagated error at 1 km
spatial resolution and concluded that at 1 km, RMSE primarily
reﬂects the random error and noise of the ASAR GM SSM. The
areas in the croplands in the southeastern and southwestern
Australia show RMSE values of 16%–22%. The lowest
values ( <
) are found in the arid and semiarid
grassland and open woodland areas ([10], Figs. 2 and 3) where
soil moisture variations are small.
The
and
are noticeably different from
. Both absolute and relative changes when compared to
are apparent and are probably related to the spatial
sampling error and the decrease of the ASAR GM noise. There is
only a slight decrease from
to
. In particular,
the 18% median
decreases to 12% for
and
further to 10% for
(Fig. 3). Also, the high contrasts
between the
values in eastern and northern Australia
(brownish to green patches in Fig. 2) are reduced at 5 and 25 km
scales. At coarser resolutions (
), the differences between
maps computed with different references become more evident
and will be in detail discussed later in this section. A good
example of this can be found in northeastern Australia where
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Fig. 2. RMSE computed between ASAR GM and AWRA-L SSM (
) (left), ERA-Interim (
) (center), and AMSR-E SSM (
analyses were performed at 1 (upper line), 5 (center line), and 25 (lower line) km scale. The white areas show the nonsigniﬁcant correlation values ( >
values. The units represent the degree of saturation (%).
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) (right). The
) or missing

Fig. 3. Box-plot representation of quantities of the RMSE maps computed
from Fig. 2. The boxes show the median, 25th and 75th percentiles; the crosses
represent the minimum and maximum RMSE after outliers were removed.

Fig. 4. Assessment of the spatial sampling errors, approximated by
,
with the increasing ASAR GM SSM aggregation (3) over 1500 by 1500 km area
in southeastern Australia without (black line) and with introduced random noise
(
and
) (gray lines), overlaid with continental mean of
,
, and
.

and
values remain above 12%, whereas
shows values below 9%. Even, larger differences are
apparent between the three
maps.
Fig. 3 summarizes the statistical quantities from Fig. 2 and
depicts the large decline in values between the RMSE maps
computed at different ASAR GM aggregation levels as well as
the lesser differences between RMSEs computed with different
reference data.
Next, the spatial sampling error and noise were estimated
according to (3) using
as a proxy. The
logarithmically decreases with increasing aggregation
of
ASAR GM SSM (Fig. 4). This corresponds to decrease of
(computed using a reference dataset according to (1)
and overlaid onto Fig. 4) and suggests a strong effect of sampling
error and noise on RMSE at medium scales (
). At coarser

decreases more rapidly than
resolutions,
suggesting the impact of reference uncertainty on
at
coarser resolutions.
The above-mentioned analyses quantiﬁed the combination of
sampling error and noise. To estimate which portion of
is impacted by noise we computed
again,
this time with simulated random noise with
and
relative saturation level, respectively (gray lines in
Fig. 4). The impact on RMSE at the original ASAR GM
resolution is on average 3% and 10% of relative soil moisture
saturation level, respectively. The noise decreases with the
aggregation level of ASAR GM and signiﬁcantly impacts
RMSE up to a spatial scale of 2 km. As a result, at spatial
scales
,
can be assumed to represent dominantly the sampling error.
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Fig. 5. Variance of the ASAR GM computed at different aggregation levels at
three locations:
,
(upper left),
,
(upper right), and
,
(below).

Fig. 6. Impact of the spatial sampling error and ASAR GM noise on
as
computed in (5). The gray areas correspond to the nonsigniﬁcant correlation values
( >
) or missing values. The units represent the degree of saturation (%).

The impact of noise on RMSE can also be studied by assessing
the change in the ASAR GM variance
(4) at different
aggregation levels (Fig. 5). The change in variance is expected
to be composed of variation due to different atmospheric and land
surface processes and follow a power law as a function of the
aggregated area [27], [28]. Superimposed on this variation is the
variation due to the ASAR GM noise. The decrease at medium
scales (
) is rapid and attributed to the decreasing noise
level rather than large scale SSM variations related to land and
atmospheric processes that dominate at coarser aggregation
levels. The length scale of the decrease of variance at medium
scales is shorter for wet (Fig. 5, above left and below) than for dry
SSM conditions (Fig. 5, above right). Nevertheless, the most
signiﬁcant decrease in variance occurs at spatial scales
,
which corresponds to our ﬁndings from the simulated noise
experiment in Fig. 4.
Next, we spatially estimated the impact of the spatial sampling
error and noise on RMSE by subtracting maps calculated at
varying spatial resolutions (5). Maps using the ERA-Interim
reference data are shown in Fig. 6 (
and
). It is noted that this analysis does not provide
an estimate of error itself, but its effect on RMSE. The larger
difference between
and
maps when
compared with the
and
maps are caused

Fig. 7. Impact of the selection of the reference data on RMSE at 1 km resolution
as computed in (6). The gray areas correspond to the nonsigniﬁcant correlation
values ( >
) or missing values.

by the spatial sampling error and ASAR GM noise present at
medium resolutions that rapidly decrease toward 5 km (Fig. 4).
Difference maps using other alternative reference data (i.e.,
AMSR-E and ERA-Interim) were very similar to those in Fig. 6
(not shown). This correspondence supports our assumption that
the difference method (5) mainly shows the effect of spatial
sampling error and is not strongly impacted by reference data
uncertainty.
To spatially estimate the impact due to the choice of reference
data, difference maps were computed between RMSE acquired
from different reference data (6) (Fig. 7). The difference maps
computed at coarser resolutions showed very similar spatial
patterns but different absolute values (not shown). The
values are the lowest. This can be explained by the
high radiometric quality of the product, by the similarities in
the physics of both the AMSR-L and ASAR GM product and
by the similar represented depth of the active and passive
microwave soil moisture data.
The low uncertainty values of AMSR-E product over majority
of the continental land with an exception of the coastal areas
correspond to the ﬁndings of [29]. Also, over vast portion of
Australia,
values are larger than
and
. The higher
is explained by the fact that
the AWRA-L model assumes that the soil drains to ﬁeld capacity
within a day and thus simulated SSM never exceeds ﬁeld
capacity [14]. By contrast, ERA-Interim data allow values
between ﬁeld capacity and saturation as it simulates drainage
of wet soil (above ﬁeld capacity) over 30-hourly time steps.
Similarly, the physically based algorithm of the AMSR-E allows
values above ﬁeld capacity.
The above-mentioned properties of the AWRA-L dataset are
further illustrated by time series of AWRA-L and ERA-Interim
for selected locations (Fig. 8). At Point 1, the ERA-Interim top
soil layer dries out rapidly and reaches a stable low value that is
not realistic when compared with the observations. By contrast,
AWRA SSM reproduces the longer continuing dry-down better,
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Fig. 8. Time series of ASAR GM, AWRA-L, and ERA-Interim SSM over
large areas P1 (above) and P2 (below). The location of the areas is
shown in Fig. 7.
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spatial sampling error and noise
accounted on
average for 79% of RMSE at 1 km and to about 13% of RMSE
at 5 km. The large impact of the spatial sampling error and noise
correspond to the results of Van der Velde et al. [4] who found
that up to 70% of RMSE can be explained with bias and
deviations in scale differences. The continental average of
was 4.3% at 1 km resolution and increased, as the
spatial sampling error and noise decreased, to 9.8% and 10.1% at
5 and 25 km spatial resolution, respectively. It suggests that the
effect of extrinsic errors and noise is large and should be
accounted for prior to application of the ASAR GM data. Based
on our results, it is suggested that a potential way to do is to:
1) aggregate the data to
resolution to minimize the
noise; 2) subtract the spatial sampling error within the coarse
resolution footprint (e.g., using
as a proxy) as performed in [26] for a soil moisture network; and 3) remove the
reference uncertainty using more advanced techniques such as
triple collocation [5].
It is reiterated that the RMSE maps are inﬂuenced by the bias
correction method applied. Different matching techniques can
impact the results locally and need to be further investigated. In
addition, soil moisture from models and from remote sensing
typically exhibit very different mean and variability [23]. Hence,
further investigation on differences in RMSE maps if all data are
bias corrected with respect to the reference data could lead to
additional insights.
B. Impact of Extrinsic Errors and Noise on

Fig. 9. Impact on RMSE and (%) due to the aggregation of the ASAR GM SSM
(
and
) and due to the choice of the reference data (
and
). The indices were computed according to (7), (8), (12), and (13).

but remains stable at ﬁeld capacity for prolonged periods during
the wet season (especially at Point 2) because of the mentioned
simpliﬁcations in the model. Conversely, ERA continues to
show variations that are more realistic when compared with the
observations. In addition, the differences at relatively high values
at Point 2 impact the ﬁnal RMSE stronger than the differences at
relatively low values at Point 1 resulting in RMSE over Point 2 to
be higher. A single RMSE hides this complexity. It should
further be noted that the differences between RMSE maps may
also relate to the different depths (Table I) that the respective
reference data represent.
In the ﬁnal step, the impacts of the spatial sampling error,
noise, and reference data were quantiﬁed as in (7) and (8) and
their continental means are shown in Fig. 9. The effect due to the

The
maps between the ASAR GM SSM and the three
reference data are shown in Fig. 10 and their statistical properties
are summarized in Fig. 11. The maps show very similar spatial
patterns to RMSE with high ( > ) over areas with large total
rainfall or sparse vegetation and the low over arid and semiarid
areas.
Clearly,
increases with the increasing scale of aggregation
of the ASAR GM SSM product. It is noted that the same
aggregation caused an exponential decrease of
(Fig. 3).
Apparently, the sensitivity of to the spatial sampling error and
noise is lower than the sensitivity of RMSE. This may be
explained by the fact that RMSE quadratically penalizes
residuals between model and observations, whereas the computation of limits the effect of the residuals by computing the
covariance, in other words detecting the correspondence of
anomalies computed with respect to the one to one linear
relationship. This supports the earlier ﬁndings with the ASAR
WS radar backscatter that showed that despite the high variability in the temporal domain soil moisture measured at
speciﬁc locations is correlated to the mean soil moisture content
over an area [30].
Fig. 11 shows the increase of
with decreasing spatial
sampling error and noise for different reference data. In contrast
to RMSE (Fig. 3), differences in values due to the choice of the
reference data are larger than due to increasing aggregation
levels. The largest change in due to the choice of the reference
data was 0.17 (between
and
), whereas
the largest improvement with coarsening spatial resolution
reached only 0.13 (
and
).

3888

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 7, NO. 9, SEPTEMBER 2014

Fig. 10. Pearson correlation coefﬁcient computed between ASAR GM and AWRA-L SSM (
) (left), ERA-Interim (
) (center), and AMSR-E SSM (
)
(right). The analyses were performed at 1 (upper line), 5 (center line), and 25 (lower line) km scale. The gray areas correspond to the nonsigniﬁcant correlation values
( >
) or missing values. The units represent the degree of saturation (%).

Fig. 11. Box-plot representation of quantities of the
maps computed
from Fig. 10. The boxes show the median, 25th and 75th percentiles; the crosses
represent the minimum and maximum after outliers were removed.

Fig. 12. Assessment of the spatial sampling error impact on , approximated by
, and its change with the ASAR GM SSM aggregation level (9) over
area in southeastern Australia without (black line) and with
introduced random noise (
and
) (gray lines) overlaid with the
,
, and
.
continental mean of

This suggests a better suitability of than RMSE to select the
observations with the best beneﬁt for data assimilation prior to
the assimilation process itself. In particular, should be neither
too low nor too high. The former signiﬁes large conceptual
discrepancies in one or both SSM data or the fact that the data
describe different phenomenon. The latter means that the model
and observed SSM are almost identical. Both circumstances
mean that improvement of modeled SSM via assimilation is
unlikely.
The spatial sampling correlation
was estimated according to (9). The
measure indicates the decrease from
maximum
due to the spatial sampling error and noise. The
logarithmically increases (Fig. 12) with the increasing
aggregation level , but does so more rapidly than
. Already at
5 km,
reaches values above 0.9. By comparison,

changes only minimally between different aggregation levels,
suggesting that other error components (i.e., reference uncertainties) decreases
.
The impacts of noise and spatial sampling error on
at
different ASAR GM aggregation levels (10) are shown in Fig. 13.
The
is more uniform when compared with the distinct
patterns in the
difference maps (Fig. 6). Mean
continental
is also signiﬁcantly lower than
(Fig. 9), which indicates that is less impacted
by spatial sampling error and noise than RMSE. The difference
maps using other reference data (AMSR-E and ERA-Interim)
showed very similar spatial patterns (not shown). This conﬁrms that the difference method for
(10) depicts spatial
sampling differences, with a negligible impact of reference
uncertainty.
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V. CONCLUSION

Fig. 13. Impact of the spatial sampling error and noise on
. The gray areas
correspond to the nonsigniﬁcant correlation values ( >
) or missing values.

Fig. 14. Impact of the selection of the reference data on
at 1 km spatial
resolution. The gray areas correspond to the nonsigniﬁcant correlation values
( >
) or missing values.

The effect on due to the different reference data at 1 km
(
) (11) is shown in Fig. 14. Similarly to RMSE, the spatial
patterns did not change with the increasing ASAR GM aggregation levels while the absolute values slightly differed (data not
shown). This supports the use of this difference method for
the assessment of relative impact of reference uncertainty. The
spatial patterns correspond to the
maps and the
differences are most probably related to the simpliﬁcations in
the models and different depths represented. Importantly,
are signiﬁcantly higher than
(Fig. 9) demonstrating a
larger impact of reference uncertainity on . In particular, the
continental means
are 12.9% at 1 km and 18.3% and
16.3% at 5 and 25 km spatial resolution, respectively. This
compares to continental mean
equal to 4.3%,
9.8%, and 10.1% at 1, 5, and 25 km resolution. The regions
where one reference data outperforms other may serve as a tool
for model evaluation. For instance, the lower
when
compared to
can be explained by the known limited
performance of the AMSR-E SSM over coastal areas [29].
It becomes apparent that despite their noisy character at their
native resolution, the ASAR GM SSM data accurately depict
temporal soil moisture variability at resolution
. Further
averaging may slightly improve accuracy.

The performance of the ASAR GM SSM data was studied
over the Australian continent by means of two widely used
bivariate evaluation measures, RMSE and . An important
contribution beyond previous studies is that we perform the
analyses at multiple scales and with different choices for
reference data. This helps assess how, and at which scales, the
spatial sampling error, noise and the choice of the reference
data impact on RMSE and . As such, this study explores the
impact of spatial scale and reference data (extrinsic errors)
and noise when evaluating medium resolution ASAR GM SSM
product.
First, the spatial sampling error and noise were quantiﬁed
using the spatial variance of the ASAR GM SSM within the
coarser resolution (25 km) footprint as a proxy. The proportional share of noise in the latter was estimated by studying the
differences between proxies computed using ASAR GM SSM
with and without simulated random noise. Next, the spatial
understanding of the effects due to spatial sampling error and
noise on RMSE ( ) was assessed by computing the differences
between RMSE ( ) maps acquired at ﬁner (
) and
coarser (25 km) resolutions. The important assumption is that
the spatial variance differences between the ASAR GM 25 km
aggregated product and the reference data can be neglected.
Similarly, the effects due to different reference uncertainties
were calculated as a difference between RMSE ( ) maps using
different reference data. Finally, to allow for a comparison of
the separate error components, the calculated differences were
normalized using the 25-km RMSE ( ) maps. The subtraction
method does not enable the actual quantiﬁcation of the error
components; it rather provides an estimate of how RMSE and
can differ under the impact of different error sources at
different resolutions.
The results revealed large deviations in RMSE and , depending on the spatial scale of aggregation and the choice of reference
data, producing continental average values between 8% and 18%
for the RMSE of relative soil moisture saturation and between
0.4 and 0.7 for .
When compared to the 25 km sampling error- and noise-free
RMSE map, the combined effect of noise and spatial sampling
error accounted for a 79% RMSE increase at 1 km and a 13%
increase at 5 km spatial resolution. In a simulated experiement,
it was demonstrated that while a signiﬁcant portion of the
increase at 1 km originates from the ASAR GM noise, the
change at 5 km is predominantly explained by the spatial
sampling error. The effect of the uncertainty in the reference
data on RMSE was lesser but not negligible (4.3%, 9.8%, and
10.1% normalized difference at 1, 5, and 25 km resolution,
respectively). Our ﬁndings support the ﬁndings of [8] and [10]
by showing that RMSE primarily reﬂects the random error
and noise of the ASAR GM SSSM when computed at the
original 1 km spatial resolution. Nevertheless, we showed
that this dominance declines with the increasing ASAR GM
aggregation level and that other error components become
evident. Based on our results, it is suggested that a potential
way for an improved ASAR GM SSM error assessment is to:
1) aggregate the data to
resolution to minimize the
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noise; 2) subtract the spatial sampling error within the coarse
resolution footprint (e.g., using
as a proxy) as
performed in [26] for a soil moisture network; and 3) remove
the reference uncertainty using more advanced techniques
such as triple collocation [5].
The impact on due to the choice of the reference data was
larger than on RMSE and increased with spatial resolution
(ranging between 12.9%, 18.3%, and 16.3% normalized difference at 1, 5, and 25 km resolution, respectively). As such it was
more suitable to show how the observations and models change
together and that with a minimal impact of spatial sampling
error (4.8% at 5 km). This highlights the potential role of to
estimate the beneﬁt of observations prior to data assimilation. In
particular,
should be neither too low nor too high as both
circumstances mean that improvement of modeled SSM via
assimilation is unlikely.
Some additional conclusions can be drawn. 1) The RMSE
hides the fact that the impact on the error is much stronger from
relatively high versus from relatively low SSM values. This
single evaluation measure may thus hide the actual origin of the
uncertainty in the reference data. 2) The different bias correction
method may produce slightly different spatial patterns in RMSE
maps. The sensitivity of the ﬁtting techniques is expected high
for data with large level of noise, such as ASAR GM SSM. 3) Of
interest may be further investigation on differences in RMSE
maps if all data are bias corrected with respect to the reference
data. 4) The method of RMSE and
map subtraction with
different reference data enables the evaluation of the reference
data themselves.
In the near future, satellites such as Sentinel-1 or SMAP will
hopefully deliver soil moisture data at medium (1–9 km) spatial
resolutions [31], [32] and improved radiometric accuracy. Of
special interest is thus the transfer of our ﬁndings to the latter
SAR missions.
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