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High-Resolution Soil Moisture
Retrieval With ASCAT
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Abstract—Satelliteborne C-band scatterometer measurements
of the radar backscatter coefficient (σ0) of the Earth can be
used to estimate soil moisture levels over land. Such estimates
are currently produced at 25- and 50-km resolution using the
Advanced Scatterometer (ASCAT) sensor and a change detection
algorithm originally developed at the Vienna University of Tech-
nology (TU-Wien). Using the ASCAT spatial response function
(SRF), high-resolution (approximately 15–20 km per pixel) images
of σ0 can be produced, enabling the creation of a high-resolution
soil moisture product using a modified version of the TU-Wien
algorithm. The high-resolution soil moisture images are compared
to images produced with the Water Retrieval Package 5.5 algo-
rithm, which is also based on the TU-Wien algorithm, and to in situ
measurements from the National Oceanic and Atmospheric Ad-
ministration U.S. Climate Reference Network (NOAA CRN). The
WARP 5.5 and high-resolution image products generally show
good agreement with each other; the high-resolution estimates
appear to resolve soil moisture features at a finer scale and
demonstrate a tendency toward greater moisture values in some
areas. When compared to volumetric soil moisture measurements
from NOAA CRN stations for 2010 and 2011, the WARP 5.5 and
high-resolution soil moisture estimates perform similarly, with
both having a root-mean-square difference from the in situ data
of approximately 0.06 m3/m3 in one study area and 0.09 m3/m3 in
another.

Index Terms—Advanced Scatterometer (ASCAT), scatterome-
ter, soil moisture.

I. INTRODUCTION

THE National Research Council’s Decadal Survey empha-
sizes the importance of soil moisture measurements, citing

their significance in predicting natural hazards and the role
of soil moisture levels in the water and carbon cycles [1].
Soil moisture estimates are used for a variety of applications
including drought detection, flood and landslide forecasts, crop
yield monitoring, and rain precipitation models [1]–[5].

Various algorithms have been devised to use active and
passive spaceborne sensors to estimate soil moisture levels
[6]–[9], and ground-based in situ measurements are available
in many locations for data validation [9], [10]. Due to the
properties of spaceborne active C-band sensors, moisture can
only be measured in the top few centimeters of the soil [11].
Orbiting sensors, however, can provide near-global estimates of
soil moisture every few days. These sensors are generally able
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to measure soil moisture parameters despite cloud coverage
and, in some cases, vegetation coverage of the target area.

Both 25- and 50-km resolution global soil moisture products
are presently being produced using a change detection algorithm
developed at the Vienna University of Technology (TU-Wien)
[9], [12]. The products are processed using the Water Retrieval
Package (WARP) algorithm with data from the C-band Ad-
vanced Scatterometer (ASCAT) sensors aboard the MetOp-A
and MetOp-B satellites [10]. To produce an improved res-
olution product, we use the AVE algorithm [13] to create
higher resolution images (approximately 15–20 km [13]) of the
radar backscatter coefficient (σ0). Exploiting ASCAT’s high-
resolution image capability enables higher resolution images of
soil moisture than are currently available. By resolving finer soil
moisture features, the higher resolution soil moisture images
could complement soil moisture-related studies in such areas
as crop yield prediction, drought prediction and localization,
and modeling of the water table and water cycle [1]. This letter
describes how the TU-Wien algorithm can be adapted to create
high-resolution soil moisture images with ASCAT.

Interest in soil moisture retrieval has prompted the develop-
ment and launch of satellite sensors designed primarily for soil
moisture monitoring. For example, the ESA’s Soil Moisture
and Ocean Salinity sensor and NASA’s Soil Moisture Active
Passive sensor are specifically designed to provide accurate
soil moisture estimates at reasonable spatial resolutions (ap-
proximately 50 and 9 km) [14], [15]. When compared with
ASCAT, such sensors can provide more accurate measurements
of soil moisture in certain areas, especially arid regions [16].
However, comparison studies generally show that ASCAT soil
moisture products provide a consistent well-calibrated record
[16], [17]. Although other sensors are perhaps better suited to
soil moisture monitoring the high-resolution ASCAT estimates
can be used to form a consistent soil moisture data record over
a long period of time [8]. Such a record can be continued far
into the future using the next iterations of the ASCAT sensor,
launched on the MetOp-B satellite in 2012 and to be launched
on the MetOp-C satellite in 2018.

The remainder of this letter is organized as follows. Section II
provides a background, Section III discusses the implementa-
tion of an adapted TU-Wien algorithm, Section IV provides
results, and Section V concludes.

II. BACKGROUND

Data collected from both ASCAT and the European Remote-
sensing Satellite (ERS) C-band scatterometers have been used
to estimate relative soil moisture levels at 25 and 50 km per
pixel resolution by applying the TU-Wien change detection
algorithm to reported σ0 values [8], [9]. This change detection
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algorithm exploits the dependence of σ0 on soil moisture levels:
in general, σ0 increases as the amount of moisture in the soil
increases [9]. The relative soil moisture in a particular area can
be estimated by first normalizing all σ0 values to a nominal
incidence angle. Then, the maximum and minimum backscatter
measurements are found from a long time series of data col-
lected from the area under study. An assumption is made that
the highest backscatter value in the time series corresponds to
soil which is saturated with water and the lowest backscatter
value corresponds to dry soil. For a given backscatter measure-
ment, a relative soil moisture value (between 0% and 100%) is
found by examining where the measurement falls between the
measurements corresponding to dry and water-saturated soil.
The volume content of moisture in the soil can also be extracted
by multiplying the relative soil moisture value by the porosity of
the soil [9]. In this way, a quantitative estimate of soil moisture
can be produced using only σ0 measurements.

The TU-Wien algorithm is briefly summarized here. The
relative soil moisture is estimated by first normalizing the σ0

values to incidence angles which reduce the effect of vegetation
growth on the soil moisture estimates. At incidence angles
of 25◦ (θdry) for dry soil and 40◦ (θwet) for wet soil, the
backscatter from an undeveloped vegetation canopy is roughly
equivalent to the backscatter from a developed vegetation
canopy in a variety of climates [11].

As the relationship between σ0 and the incidence angle is
relatively unaffected by changes in soil moisture [18], the local
backscatter values from a wide range of incidence angles are
normalized to incidence angles of θdry and θwet and used to
construct time series of measurements. The backscatter values
are normalized as

σ0(θn, t)=σ0(θ, t)−σ0
′
(θn, t)(θ−θn)−

1

2
σ0

′′
(θn)(θ−θn)

2 (1)

where the first and second derivatives of σ0 with respect to the
incidence angle are given byσ0′ andσ0′′, θ is the incidence angle
of a particular measurement, and θn is either θdry or θwet [10].

The values of σ0′ and σ0′′ over a given area are calculated us-
ing measurements from each ASCAT beam (fore, mid, and aft).
Within a short temporal window, the separate beams observe
each area within their collective swath at different incidence
angles; hence, an estimate of σ0′ can be calculated as

σ0′
(
θm − θa/f

2

)
=

σ0
m(θm)− σ0

a/f

(
θa/f

)
θm − θa/f

(2)

where the m subscript indicates the midbeam measurement and
the a/f subscript indicates either the aft beam or the fore beam
measurement. The value of σ0′′ is estimated by calculating the
slope of a regression line fit to the estimates of σ0′ given at a
range of incidence angles over some time window.

As described by Naeimi et al. [10], the time series of esti-
mates of σ0′ and σ0′′ are parameterized as

σ0′(40, t) =C ′ +D′Ψ′(t) (3)

σ0′′(40, t) =C ′′ +D′′Ψ′′(t). (4)

Here, C ′ and D′ are parameters describing the minimum value
and maximum range of the slope σ0′ , and C ′′ and D′′ describe
the minimum value and maximum range of the curvature σ0′′ .
The seasonal variations of the slope and curvature in a time

series are described by empirically determined trigonometric
functions Ψ′ and Ψ′′ [10].

The backscatter values corresponding to dry soil (σ0
dry) and

wet soil (σ0
wet) at 40◦ incidence angle are found using the

following equations:

σ0
dry(40, t) =C0

dry −D′Ψ′(t)(θdry − 40)

− 1

2
D′′Ψ′′(t)(θdry − 40)2 (5)

σ0
wet(40, t) =C0

wet −D′Ψ′(t)(θwet − 40)

− 1

2
D′′Ψ′′(t)(θwet − 40)2. (6)

Here, C0
dry and C0

wet correspond to the averaged lowest and
highest observed values of backscatter in the time series where
σ0(θinc) has been normalized to σ0(θdry) and σ0(θwet), respec-
tively, [10], [11]. Note that σ0

wet is equal to C0
wet because 40◦ is

chosen for θwet.
The relative topsoil moisture (ms) for a given σ0 measure-

ment can be calculated using σ0
wet and σ0

dry and is given by

ms(t) =
σ0(t)− σ0

dry(t)

σ0
wet(t)− σ0

dry(t)
. (7)

The ms value is an estimate of the water saturation in the top
few centimeters of the soil and takes on values between 0% and
100% [11].

III. HIGH-RESOLUTION SOIL MOISTURE RETRIEVAL

The process for creating high-resolution soil moisture esti-
mates involves first creating high-resolution σ0 images using
the AVE algorithm, which is shown to have an effective resolu-
tion of approximately 15–20 km when used with ASCAT [13].
Then, an adapted form of the TU-Wien algorithm is applied
to extract the soil moisture estimation parameters on a 4.45 by
4.45 km/pixel grid, which is a standard grid size for ASCAT
AVE products [19]. In the adapted TU-Wien algorithm, a time
series of σ0 measurements for each pixel is normalized to
incidence angles of θdry and θwet and evaluated to obtain the
parameters C0

dry and C0
wet. A correction is applied to compen-

sate for an underestimation of C0
wet in arid regions, and σ0

dry

and σ0
wet are calculated using modified versions of (5) and (6).

The relative topsoil moisture ms is estimated on the 4.45 by
4.45 km/pixel grid.

The high-resolution C-band images of σ0 are developed
separately for the fore, mid, and aft beams of ASCAT using the
AVE algorithm on ASCAT data from 2009 to 2014; six years
of data is assumed to result in a time series of adequate length
to estimate soil moisture. The AVE algorithm is an image re-
construction technique which uses the SRF of the scatterometer
to identify the contribution of each area of the ground footprint
of the sensor to a measured σ0 value [13]. Each pixel in the
reconstructed image is formed by taking an average of all σ0

measurement values, weighted by the SRF value [13], [20].
Due to the fan beam geometry of the ASCAT sensor, σ0 is

measured at a range of incidence angles across the swaths of
the fore, mid, and aft beams. When constructing the ASCAT
AVE images for each beam, the effect of the variation in
incidence angle is preserved across the measurement swaths.
Where the swaths of the three beams overlap, three observations
of σ0 at different incidence angles are available. Using these
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Fig. 1. Images of σ0′′ over North America for day 201, 2009 prior to median
filtering (top) and after median filtering (bottom). Note that the moiré pattern
present in the top image is removed by the median filter.

measurements, the first-order slope (σ0′) and second-order
slope (σ0′′ ) of σ0 versus incidence angle can be calculated.

In order to reduce noise effects while preserving temporal
variation, σ0′ values are calculated for each pixel using (2) and
a moving window of 30 days of data. To estimate the value of
σ0′ at 40◦ incidence angle, estimates of σ0′ near 40◦ incidence
angle are averaged. The value of σ0′′ is estimated by calculating
the slope of a regression line fit to all estimates of σ0′ from
within the 30-day window for each pixel.

Unfortunately, images of σ0′′ contain artifacts where mea-
surements from swath edges of separate orbital passes overlap.
To suppress such artifacts, a median filter is applied to the σ0′′

images. Fig. 1 demonstrates the effect of the median filter on a
sample image of σ0′′ from day 201, 2009. The image artifacts
are removed in the median filtered image, and some finer details
in the unfiltered image may also be removed.

The AVE σ0 images are normalized to 25◦ (θdry) and 40◦

(θwet) incidence angles using (1) with the σ0′ and median-
filtered σ0′′ values. The normalized images from the fore, mid,
and aft beams are combined using a weighted average of the
pixel values, where the weighting is determined by the number
of measurements from the original AVE reconstruction which
contributed to each pixel value.

A time series of σ0 (θdry) and σ0 (θwet) values is constructed
for each land pixel of the combined-beam images, and the
parameters C0

dry and C0
wet are estimated. Following the WARP

version 4 method of ASCAT ms retrieval [10], σ0(θdry) and
σ0(θwet) time series outlier values falling beyond three times
the interquartile range from the mean are discarded. An average
of the remaining σ0 values is taken, and all values falling
beyond 1.5 times the interquartile range are discarded. An
average of the remaining lowest σ0(θdry) and highest σ0(θwet)
values is assumed to correspond to dry and water-saturated soil
moisture conditions over the land area associated with each
pixel. For each pixel, the averaged high and low backscatter
values are C0

dry and C0
wet.

The sensitivity of the algorithm to soil moisture changes
Cs can be observed by normalizing the C0

dry values to a 40◦

incidence angle [using (1)] and taking the difference between
C0

wet and C0
dry,40◦ . In general,Cs decreases as vegetation cover

increases and is greatest in areas of thin vegetation or bare soil

Fig. 2. Series of images showing initial σ0
wet values (top), the corrected σ0

wet
values (middle), and the difference (bottom).

Fig. 3. Time series of σ0
wet , σ0

dry, and σ0 for the pixel indicated in the map

of North America in the upper right. Measurements of σ0 approaching σ0
dry

(bottom line) are assumed to correspond to dry soil, whereas measurements
approaching σ0

wet (top line) are assumed to correspond to wet soil.

[11]. In areas of very heavy vegetation, C0
dry increases, and

Cs decreases, making classification less effective. Despite the
lack of vegetation in especially arid or desert areas, values of
C0

wet are much lower than in other sparsely vegetated wetter
regimes, contributing to an especially low Cs. The decreased
sensitivity in dry regimes likely results from an absence of σ0

measurements from water-saturated soil. Such low-biased C0
wet

values lead to an underestimation of σ0
wet.

LowC0
wet values are identified using a map of climate regimes

to isolate areas with an arid climate classification [21]. Follow-
ing Naeimi et al. [10], a correction is applied in such areas by
increasing C0

wet until Cs is at least 5 dB. Differences between
initial C0

wet values and the corrected values over North America
can be seen in Fig. 2. The majority of the corrections correspond
to dry arid regions in the southwestern U.S. and Mexico.

The values ofσ0dry andσ0wet are calculated by normalizingC0
dry

and C0
wet from incidence angles of θdry and θwet to a 40◦ inci-

dence angle using (1). In this case, θwet is chosen to be 40◦ [10],
so C0

wet is equivalent to σ0
wet and does not vary temporally. The

σ0
dry estimates vary over time and are smoothed to reduce the

effects of noise. An example time series ofσ0
wet, σ

0
dry, andσ0 for

a single pixel is shown in Fig. 3. The figure shows the seasonal
variation of σ0 as well as where σ0

wet and σ0
dry are located with

respect to the highest and lowest observed values of σ0. Using
the values calculated for σ0

dry and σ0
wet, ms is found using (7).
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Fig. 4. Series of images comparing the high-resolution and WARP low-
resolution ms values using data from day of year (DOY) 121 to 125, 2009. The
high-resolution image reveals finer features than the WARP image but reports
greater soil moisture values than WARP in the southern U.S.

IV. RESULTS

The high-resolutionms estimates are compared to the 25-km
resolution WARP 5.5 soil moisture product and in situ data from
monitoring stations in the National Oceanic and Atmospheric
Administration Climate Reference Network (NOAA CRN)
[22], [23]. Data from the WARP soil moisture product are
obtained from the EUMETSAT Satellite Application Facility
on Support to Operational Hydrology and Water Management
(H-SAF) data center and placed on a 12.5-km grid using a
drop-in-the-bucket approach. NOAA CRN soil moisture mea-
surements from a 5 cm depth are used to perform a comparison
study, and results for stations in Stillwater, OK, USA (SW), and
Bowling Green, KY, USA (BG), are described.

Images comparing the high-resolution and low-resolution
WARP retrieved soil moisture parameters over North America,
along with a zoom-in comparison near Lake Superior, are
shown in Fig. 4. Some differences are apparent between re-
trieved values for ms, with the high-resolution product exhibit-
ing somewhat greater values of ms throughout the southeast
and southwest U.S. than the WARP product. In the zoom-in
comparison, the higher resolution image more clearly resolves
the extent of wet areas on the coast of Lake Superior and reveals
more of the variation within drier areas.

Differences between the high-resolution and WARP products
over North America are further characterized by examining
data from 2009. Images of ms at high-resolution and from the
WARP product are processed for every two days using five
days of data to reduce coverage gaps. For each pair of high-
and low-resolution images, the difference between pixel ms

values is calculated. The mean and standard deviation of the
pixel value differences for this period are shown in Fig. 5.
The figure demonstrates that the high-resolution ms estimates
exceed those reported by the low-resolution product in some
areas throughout North America. Overall, the high-resolution
product appears to be slightly biased toward greater values
of ms compared to the low-resolution product. The bias in
the high-resolution images may be a result of greater noise
levels present in the high-resolution image or in differences in
processing techniques. The WARP product may also incorpo-
rate more extensive empirical corrections to σ0

wet that are not
replicated here, contributing to the differences.

Data from NOAA CRN monitoring stations are also used
to assess the performance of the high-resolution product com-
pared to WARP 5.5. For comparison, we use the volumetric soil

Fig. 5. Mean (left) and standard deviation (right) of the pixel value differences
between the high-resolution and WARP low-resolution ms estimates over a
time series of images for 2009 for North America.

Fig. 6. Time series of volumetric soil moisture versus DOY for 2010 (top)
and 2011 (bottom). Plots are shown for in situ data from a NOAA CRN
station in Stillwater, OK, and from the nearest corresponding grid cell values
in the WARP 5.5 and high-resolution data. Measurements which may be
contaminated by surface freezing or melt water are indicated by a gray bar.

moisture (m3/m3) measurements of the NOAA CRN stations at
5 cm depth. To convert the WARP 5.5 and high-resolution rel-
ative moisture percent (ms) estimates to volumetric soil mois-
ture, we follow the method of Wagner et al. [17] and multiply
ms by the soil porosity, where the porosity values are estimated
using soil characteristics reported by the Harmonized World
Soil Database [24] and equations from Saxton and Rawls [25].

Time series plots of volumetric soil moisture from the NOAA
CRN stations, WARP 5.5, and high-resolution product are
shown in Figs. 6 and 7 for 2010 and 2011 for the SW and
BG locations. The plotted WARP 5.5 and high-resolution soil
moisture values represent a moving five-day average of grid
cell values closest in location to the NOAA CRN stations; the
averaging reduces estimate noise and produces values at the
temporal resolution for which high-resolution images of soil
moisture over North America can be produced without signifi-
cant coverage gaps. Periods where the WARP 5.5 data indicate
surface freezing or melt water are indicated by a gray bar.

The plots show that the high-resolution and WARP products
demonstrate comparable performance. In some cases, such as
the beginning of 2010 for SW, the high-resolution estimates
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Fig. 7. Time series of volumetric soil moisture versus DOY for 2010 (top)
and 2011 (bottom). Plots are shown for in situ data from a NOAA CRN
station in Bowling Green, KY, and from the nearest corresponding grid cell
values in the WARP 5.5 and high-resolution data. Measurements which may be
contaminated by surface freezing or melt water are indicated by a gray bar.

TABLE I
TIME SERIES COMPARISON ERROR METRICS

better approximate peaks observed in the NOAA CRN in situ
data. The high-resolution estimates also demonstrate greater
variance than WARP 5.5, although this behavior is expected
since fewer measurements are used for each grid cell estimate.

A summary of linear regression statistics for the SW and BG
two-year time series is shown in Table I for WARP 5.5 and
the high-resolution product compared to the in situ data. Time
series periods flagged in the WARP 5.5 product as contaminated
by surface freezing or melt water are omitted from the analysis.
The correlation coefficient (R), average bias, root-mean-square
error (rmse), and the standard deviation of the error (σerr) are
shown and are similar for WARP 5.5 and the high-resolution
product in both the SW and BG locations.

The comparable performance of the high-resolution soil
moisture estimates to point-scale in situ data and WARP 5.5
data suggests that the high-resolution estimates have potential
to characterize soil moisture phenomena at a fine scale.

V. CONCLUSION

Using high-resolution estimates of σ0 produced with ASCAT
and the AVE algorithm, soil moisture estimates are produced,
which show potential for characterizing fine-scale soil moisture
features. Estimates ofms are produced for North America using
a modified version of the TU-Wien algorithm. High-resolution
values of ms show a bias toward greater soil moisture values
when compared with the lower resolution WARP soil-moisture
product. Time series trends in the high-resolution estimates
show a good agreement with the lower resolution product and
with point-scale soil moisture measurements from NOAA CRN
stations. Although soil moisture retrieval in this letter is limited
to North America, retrieval over other regions is possible.
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