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Abstract: Soil surface roughness and above-ground vegetation water content (VWC) are estimated
by inverting physical models for L-band scattering and absorption at 40◦ incidence angle using
ground, airborne and Soil Moisture Active Passive (SMAP) radar data. The spatial resolution varies
from field scale (airborne and ground) to 3 km (SMAP). The temporal resolution is defined by the
length and interval of observation time windows (weeks to three months for surface roughness, and
three to seven days for VWC). The validation of the roughness estimates shows an accuracy of 25%
(bare surface) and 29 to 46% (croplands and pasture). The correlation degrades as vegetation becomes
thicker, indicating the stronger scattering and absorption by thicker vegetation. The roughness
retrievals with the SMAP data are within the physical range of 0.5 cm to 4 cm. They show larger
values in croplands than in natural terrain. The VWC estimate modifies a ‘first guess’ (in situ values
for the airborne experiment; and 16-daily climatology for SMAP). The VWC retrievals correctly follow
the full growth of crops and the RMSE is smaller than 20% in the airborne retrievals: the correlation
ranges from 0.57 to 0.91. These results demonstrate that the forward model inversion has a potential
to retrieve VWC for the four major crops over the entire phase of the crop growth. The VWC retrievals
from the SMAP data revised the climatology first guess more in the croplands, where the climatology
is more likely to depart from the contemporaneous condition than in natural landcover. The value of
this work lies in the fact that the surface roughness at the footprint scale is difficult to characterize
and a global VWC product at SMAP’s spatial scale from microwave observations is rare, and that
this paper presents a plausible pathway towards such products. The estimates at these temporal and
spatial scales derived from microwave observations will be useful for studies of climate, agriculture,
and soil moisture.
Keywords: surface roughness; vegetation water content; soil moisture; synthetic aperture radar

1. Introduction
Accurate knowledge of water content within the above ground vegetation (VWC) is important
in characterizing plant productivity and crop growth, which are controlled by the water availability
within a root zone [1]. VWC also controls evapotranspiration: it returns two thirds of precipitation over
land to the atmosphere [2], 60% of which is through vegetation [3]. With regard to surface roughness,
the interest of this paper lies in the microwave scale roughness on the order of the wavelengths
(e.g., 21 to 24 cm in free space at L-band). At these scales, scattering occurs by Bragg resonance and
physical/geometric optics processes. In comparison, the scattering is due to the changes of incidence
angle in the case of larger-scale terrain slope. The microwave scale roughness is found useful for
monitoring agricultural tillage practices [4,5] in compliance with a farm subsidy and soil conservation.
Remote Sens. 2018, 10, 556; doi:10.3390/rs10040556

www.mdpi.com/journal/remotesensing

Remote Sens. 2018, 10, 556

2 of 16

Another benefit of accurate knowledge of surface roughness and VWC originates from its
critical role in achieving reliable estimates of surface soil moisture. They parameterize the effects
of scattering and absorption of microwave signals. They are two of the main parameters in the
zeroth-order single-scattering tau-omega model [6], single-scattering water cloud model [7] or Bayesian
model [8] for microwave emission and scattering. A merit of using σ0 for roughness estimate to help
radiometer-based soil moisture retrieval originates from the strong sensitivity of σ0 on roughness as
explored by Theis et al. [9].
Coarse-resolution estimates of VWC and surface roughness have been made using the tau-omega
model. For example, VWC is estimated using the data from L-band Soil Moisture Active Passive [10],
L-band Soil Moisture Ocean Salinity (SMOS) [11–13], and X-band/higher Advanced Microwave
Scanning Radiometer [14]. Surface roughness was retrieved using SMOS data [15]. As common with
these retrievals, the spatial resolution is defined by the raw radiometer footprint (25 km to 36 km).
In comparison, synthetic aperture radar (SAR) offers a better resolution (3 km with SMAP and tens
of meters for scan SAR). Noting that these two parameters are influential in characterizing SAR
backscattering coefficients (σ0 ), they may be retrieved using σ0 data at the spatial resolution SAR.
High-resolution VWC was derived using shortwave infrared data at 30 to 250 m resolution [16]
rather than using SAR data. However, leaves are opaque at infrared frequency. As a result, the retrieval
becomes saturated when the canopy fully covers the ground. Then, VWC of trunks under the canopy
may not be well represented. To mitigate, an empirical adjustment (stem factor) was introduced [16].
In comparison, C- or L-band SAR signal penetrates thin leaves, which offers the feasibility of estimating
high-resolution VWC. A linear relationship was found for some crops between VWC and radar
polarimetric signature [17,18], but the applicability to more diverse types of crops has yet to be
confirmed. The effect of vegetation on σ0 was corrected implicitly [19,20], without explicit retrieval of
VWC. In this paper, we explicitly derive VWC.
High-resolution surface roughness values for bare surfaces [21–23] were estimated by inverting
radar scattering models. However, solutions for vegetated surfaces are rare, where vegetation effects
on σ0 reduce signal-to-noise ratio for roughness retrieval. An empirical relationship was studied
between roughness and σ0 over harvested fields [4]: more comprehensive methods are desired to
attain wider applicability. Azzari et al. [5] used temporal stacks of Sentinel-1 SAR data to estimate
the effect of surface roughness and detect tillage practices in the US corn belt. Since the temporal
changes in σ0 respond to other causes as well, such as variations in vegetation and soil moisture,
rigorous estimation or correction of all the major parameters contributing to σ0 is important, which is
the approach adopted in this paper.
Our goal is to explore the feasibility of retrieving high-resolution VWC and surface roughness
using L-band radar σ0 . The capabilities to retrieve such information will be highly valuable (1) to fill
the void of the high-resolution information and (2) because we exploit the L-band’s capability. L-band
signals with wavelengths longer than canopy structures penetrate the vegetation layer down to the
soil, as evidenced by strong scattering from soil surface for grass, soybean, and wheat vegetation and
by strong double-bounce scattering for savanna (Figure 7 of [24]). The reflections from the soil surface
may allow the retrieval of surface roughness. Among other factors, the degree of penetration and the
magnitude of σ0 depend on VWC, which permits the retrieval of VWC using σ0 observations.
To implement the retrieval, we developed physical models for L-band scattering and absorption
from the vegetated surfaces using discrete scattering processes [25,26]. The models were designed
to perform soil moisture retrieval. Since rigorous correction of the effects by vegetation and surface
roughness is required, the parameters are derived and used for the correction. When evaluated
using in situ data, the simulated σ0 was accurate to 1 to 2 dB root mean square error (RMSE),
and the soil moisture retrieval error ranges from, 0.042 to 0.075 m3 /m3 (as a reference of ‘good’
retrieval, the accuracy targets of SMAP radiometer and radar soil moisture products are 0.04 to
0.06 m3 /m3 ) [22,24,25,27–29]. The encouraging evaluation of σ0 and soil moisture leads us to explore
the feasibility of the retrieval of VWC and surface roughness.
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This paper is organized as follows. Section 2 describes the retrieval method. Section 3 presents
the data used to evaluate the approach. The assessment and discussions of the retrieval performance
are provided in Section 4.
2. Method
Physical forward models for radar scattering from vegetated surface are used for retrieval of
VWC and surface roughness. The scattering theory of distorted Born approximation (DBA, [30]) may
apply to a single scattering process involving soil permittivity, VWC, roughness, and σ0 :

t
s
v
sv
σpq
= σpq
(ε, s, l )exp −2τpq (VWC ) + σpq
(VWC ) + σpq
(VWC, ε, s, l ).

(1)

t represents the total radar scattering cross-section in polarization pq
In this expression, σpq

s
(HH, VV, or HV), σpq exp −2τpq denotes the scattering cross-section of the soil surface modified
v is the scattering cross-section of the vegetation volume,
by the two-way vegetation attenuation, σpq
sv represents the scattering interaction between the soil and vegetation. The quantity ε is the
and σpq
complex dielectric constant of bare soil, s and l are the rms height and the correlation length for
bare surface roughness, respectively, and τ as a function of VWC is the vegetation opacity along the
slant path of a radar beam. Any of ε, s, l, and VWC may be prescribed as an input or be estimated
through inversion.
The implementation of Equation (1) incorporates a full-wave numerical calculation of bare surface
scattering [31]. For light vegetated surfaces, the scattering theory of the DBA is applied to model
the single-scattering radar backscattering from discrete scatterers for a vegetation-covered soil layer,
composed of three elements (surface, volume, and double-bounce). For thick vegetation such as corn,
a radiative transfer theory allows the modeling of multiple scattering [29]. When scatters are close
enough to produce coherent scattering such as soybean, the coherent modeling significantly improved
the accuracy [27]. Full details of the forward model development are available in Kim et al. [25].
These models were trained to agree with airborne or ground observations with residual co-pol RMSE
of ~1.5 dB (bare soil [31]), 1.8 dB (grass [25]), ~1 dB (soybean [27]), ~1.7 dB (corn [29]), and 2.7 dB
(woody savanna [32]).
The retrieval algorithm was developed to estimate soil moisture using SMAP’s radar observations.
It inverts the lookup table representation of the forward model per each vegetation type (Equation (1)).
The full details are available in Kim et al. [25], together with the successful evaluation of the
soil moisture estimates reported in the publications by the authors.The time-series of dual-copol
observations are used as inputs. The lookup table (Figure 1) is searched to find a soil moisture solution
by minimizing the cost function C between modeled and observed σ0 :

C (s, εr1 , εr2 , . . . , εrN ) =

2

2

2

2

0
0
0
0
w1,HH (σHH,1
− σHH,
f wd ( s, εr1 , f 1 VWC1 ) + c ) + w1,VV ( σVV,1 − σVV, f wd ( s, εr1 , f 1 VWC1 ) + c ) +
0
0
0
0
w2,HH (σHH,2
− σHH,
f wd ( s, εr2 , f 2 VWC2 ) + c ) + w2,VV ( σVV,2 − σVV, f wd ( s, εr2 , f 2 VWC2 ) + c ) + . . . +
2

(2)

2

0
0
0
0
w N,HH (σHH,N
− σHH,
f wd ( s, εrN , f N VWC N ) + c ) + w N,VV ( σVV,N − σVV, f wd ( s, εrN , f N VWC N ) + c ) ,

where the overbar denotes parameters that are retrieved. Numeric subscripts, 1, 2, N, are time indexes.
Radar backscattering coefficients from observations and from the forward model are shown by σ0
and σ0fwd (both in dB), respectively. s is the bare surface roughness, ε is the soil dielectric constant,
w is the weight (uniform between channels and time-instances because the error characteristics of σ0
are uniform across the channels, see Appendix of [22]). fi is a retrieved factor for VWC adjustment,
ranging from 0 and 2. c denotes the correction of any bias between measurement and model (physical
sources of the bias in the forward model include missing physics such as the effect of topography,
and mismatch of the number of discrete scatterers between nature and model).
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Multiple sets of data are used to evaluate the retrieval of VWC and surface roughness.
details are listed in Table 1 and locations are shown in Figure 2. Truck-mounted radar observed four
Their details are listed in Table 1 and locations are shown in Figure 2. Truck-mounted radar observed
different types of bare surfaces in Ypsilanti, Michigan [34] over a two-month campaign at 1.26 GHz
four different types of bare surfaces in Ypsilanti, Michigan [34] over a two-month campaign at 1.26 GHz
and 40◦ incidence angle. The surface roughness is time-invariant at each site, but changes from 0.55 cm to
and 40 incidence angle. The surface roughness is time-invariant at each site, but changes from 0.55 cm
3.5 cm from site to site.
to 3.5 cm from site to site.
Airborne and ground measurements of natural pasture fields from the Southern Great Plains
1999 campaign (SGP99) offer scatterometer data in the Little Washita watershed region, Chichasha,
Oklahoma, USA [35]. The airborne data were collected by the Passive/Active L-band Sensor (PALS)
scatterometer operating at 1.26 GHz at the incidence angle centered at 38. The in situ values of
roughness, correlation length, and VWC (drying destructive samples) remain constant in time.
Across 6 fields, surface roughness changed from 0.3 to 0.9 cm, and VWC varied from 0.1 to 0.5 kg/m 2.
With six time-series inputs spanning a 12-day period, the time-series retrieval was performed for
each of the six fields.
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Table 1. List of datasets.

Spatial Resolution
# Time Series
In situ roughness Availability
In situ VWC Availability

Spatial Resolution
Landcover
# Time Series
In situ roughness Availability
In situ VWC Availability

Michigan Tower
SGP99
SMAPVEX12
SJV
Table
datasets.
NA 1. List of
~800
m
10 m
10 m
10
6
13
14
yes
yes
yes
yes
Michigan Tower
SGP99
SMAPVEX12
Not applicable
yes
yes
yes
Pasture,wheat,
NA
~800 m
10 m
Bare
Pasture6 soybean,corn,
10 soil
13 Shrub
canola

SMAP
3km
~25
no
SJV
no
Pasture,
10
m
Wheat,
14
soybean

SMAP

3 km
~25
yes
yes
yes
yes
no
Not applicable
yes
yes
yes
no
The airborne UAVSAR (Uninhabited Aerial Vehicle Synthetic Aperture Radar) data from the
Pasture,
Pasture,wheat,
Soil Moisture Active Passive Validation Experiment 2012 (SMAPVEX12) [36] provide high-resolution
Landcover
Bare soil
Pasture
soybean,corn,
Shrub
Wheat,
coverage of cropland over the entire growth stages of wheat, pasture, corn, soybean, and canola.
canola
soybean

SMAPVEX12 was conducted in Manitoba, Canada, over a 6-week period in 2012 offering 13 temporal
repeat passes. The raw data were normalized to 40° incidence angle using the histogram matching
method; the root mean squared error (RMSE) of the normalization is smaller than 1 dB [36]. The speckle
Airborne
and ground measurements of natural pasture fields from the Southern Great Plains
noise of the UAVSAR data at the raw multi-looked resolution of 7 m is 0.6 dB. In this study, the
1999 campaign
(SGP99)
offer
the speckle
Little Washita
watershed
region,
2. The
data were
averaged
overscatterometer
a field of 800 × data
800 min
noise almost
vanishes during
theChichasha,
Oklahoma,
USA Surface
[35]. The
airborne
were
by the
L-band
Sensor (PALS)
average.
roughness
was data
measured
as collected
follows. A 1-m
longPassive/Active
pinboard was placed
in the northand south-directions
least three
field. Theangle
slope was
removedat
in the
processing.
scatterometer
operating atat1.26
GHzlocations
at the per
incidence
centered
38◦post
. The
in situ values of
The readings of RMS height (six or more per field) were averaged to produce one in situ value. VWC
roughness,
correlation length, and VWC (drying destructive samples) remain constant in time. Across 6
values were measured through drying of destructive samples.
2
fields, surfaceAnother
roughness
changed
from
0.3 toa0.9
cm,
and
VWC
varied
from
0.1California,
to 0.5 kg/m
UAVSAR
campaign
mapped
shrub
site
in San
Joaquin
Valley
(SJV),
USA . With six
time-series
spanning
a 12-day
period,
time-series
retrieval
wasofperformed
17 inputs
times from
June 2010
until August
2014the
[28].
The local incidence
angle
the test site for
waseach of the
six fields. maintained at 36.5° since the flights were a part of interferometry operations. The single-look data
were averaged over an area of 1 km × 400 m. The variation of incidence angle within the domain was
The airborne
UAVSAR (Uninhabited Aerial Vehicle Synthetic Aperture Radar) data from the
± 1°. VWC varied from 0.1 to 0.6 kg/m2 temporally, and the surface roughness of the natural land
Soil Moisture
Active
Passive
Experiment 2012 (SMAPVEX12) [36] provide high-resolution
remained unchanged
at Validation
0.4 cm.
coverage of cropland
entire
growth
of wheat,
corn,
soybean,
The L-bandover
SMAPthe
satellite
provided
σ0 at stages
3-km resolution
with pasture,
2–3 day repeat
intervals
from 24and canola.
April
2015
to
7
July
2015
[24].
Following
spatial
multi-looking,
the σ0 values
produced
at 1-km
SMAPVEX12 was conducted in Manitoba, Canada,
over a 6-week
periodwere
in 2012
offering
13 temporal
spatial resolution. The total measurement error of 0.7
dB includes speckle, relative calibration, and
◦
repeat passes. The raw data were normalized to 40 incidence angle using the histogram matching
residuals after correcting for terrestrial contamination. The results reported in this paper used
method; the
rootT12400
meanofsquared
error
of the
normalization
is smaller
than 30
1 dB
[36].
The speckle
version
the SMAP
radar(RMSE)
data (nearly
identical
to the validated
release dated
April
2016)
noise of the
UAVSAR
at the
resolution
of 7 m is 0.6
dB.
In this
study, the data
To facilitate
the data
assessment
of raw
VWCmulti-looked
and roughness retrieval,
well-characterized
sites
(Core
Validation
Sites, CVS
[37])
were of
selected.
situ speckle
measurements
VWC and
roughness
over the
were averaged
over
a field
800 ×Although
800 m2 .inThe
noiseofalmost
vanishes
during
the average.

Surface roughness was measured as follows. A 1-m long pinboard was placed in the north- and
south-directions at least three locations per field. The slope was removed in the post processing.
The readings of RMS height (six or more per field) were averaged to produce one in situ value.
VWC values were measured through drying of destructive samples.
Another UAVSAR campaign mapped a shrub site in San Joaquin Valley (SJV), California, USA 17
times from June 2010 until August 2014 [28]. The local incidence angle of the test site was maintained at
36.5◦ since the flights were a part of interferometry operations. The single-look data were averaged over
an area of 1 km × 400 m. The variation of incidence angle within the domain was ± 1◦ . VWC varied
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from 0.1 to 0.6 kg/m2 temporally, and the surface roughness of the natural land remained unchanged
at 0.4 cm.
The L-band SMAP satellite provided σ0 at 3-km resolution with 2–3 days repeat intervals from
24 April 2015 to 7 July 2015 [24]. Following spatial multi-looking, the σ0 values were produced at
1-km spatial resolution. The total measurement error of 0.7 dB includes speckle, relative calibration,
and residuals after correcting for terrestrial contamination. The results reported in this paper used
version T12400 of the SMAP radar data (nearly identical to the validated release dated 30 April 2016)
To facilitate the assessment of VWC and roughness retrieval, well-characterized sites (Core Validation
Sites, CVS [37]) were selected. Although in situ measurements of VWC and roughness over the entire
3-km pixel are not feasible, synoptic description of their conditions is available from the site host.
4. Results and Discussion
4.1. Surface Roughness Retrieval
The retrievals over the Michigan bare surface were discussed in detail by Kim et al. [22] and
presented with a scatter plot in Figure 3a and Table 2. The test site has an isotropic surface with no row
structure, and is constructed to describe smooth to rough surfaces. The forward model that solved the
Maxwell equation numerically has no approximation and was not tuned. The retrieval follows the
observations closely with the correlation of 0.99. The bias and RMSE are smaller than 25% of the signal.
Although the number of retrievals is small, the high correlation leads to the very small p-value and
high confidence.
With the airborne campaign over the six pasture fields (SGP99), the in situ roughness shows
smooth surface with rms height smaller than 1 cm. The retrievals also depict the surface as smooth
with rms height < 1 cm. The differences from the in situ are smaller than 50% of the signal in most
cases except one field (Figure 3b and Table 2). The outlier retrieval could improve to 0.85 cm (from the
1.4 cm) if the bias offset (c in Equation (2)) is optimized manually. Because the outlier can be fixed by
a retrieval algorithm, we have presented both retrievals by the two algorithms in Table 2, instead of
applying statistical improvement such as bootstrapping. When the one outlier is excluded, the RMSE
and correlation improve to 0.23 and 0.58, respectively. Future studies may further confirm whether
these changes to retrieval algorithm can be widely applied.
For the San Joaquin Valley (SJV) shrubland, the retrieved roughness of 1 cm consistently
describes the land as relatively smooth surface as the in situ measurement of 0.4 cm does (Figure 3c).
The roughness of natural land without tillage would be temporally stationary, and the retrieval was
performed accordingly. The shrub plants are located randomly over a flat natural land (see photos
in [28]), precluding any resonant scattering effects by soil or vegetation periodic rows.
In the SMAPVEX12 airborne campaign, surface roughness was measured for each field at least
once during the entire crop growth period. Because the forward model was developed for each crop
type, the retrieval performance is expected to depend on a crop type. The errors in terms of RMSE
are 32 % (wheat), 29 % (soybean), 46 % (corn), and 42 % (canola) of the signal in terms of its rms
(Figure 3d–g and Table 2). These statistics hint a larger difference as vegetation becomes thicker:
the VWC of fully-grown corn and canola exceeds 5 kg/m2 , while soybean VWC does not exceed
~1.5 kg/m2 and wheat remains smaller than 5 kg/m2 . The correlation between in situ and retrieval
portrays the similar pattern. The correlation for corn and canola is very weak (the high p-value is
an indication of poor correlation and low confidence of the coefficient). The stronger scattering and
absorption by thicker vegetation may pose greater challenges to accurate retrieval of the underlying
soil property.
Periodic row structures were present in some of the farm fields of SMAPVEX12, unlike the cases
of Michigan, SJV, and SGP99. Although the row structures on the soil surface were not built in the
Canadian fields, the vegetation was planted at regular spacing. Constructive Bragg resonance as
studied by Whitt and Ulaby [38] could occur. The Bragg resonance was not included in the forward
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model, and therefore its presence could result in retrieval errors. At a set of preferred incidence angle
(θ), width of the row spacing perpendicular to the row (w), and width in the SAR viewing direction (d),
the resonance may develop:
d = mλ/sin(θ ) = w/sin(φ) ,
(3)
where φ is the azimuth angle between plant’s row and SAR azimuth angle, m is integer multiple, λ is
wavelength. UAVSAR flew and viewed the area in the direction of 45◦ to the north. Therefore, φ is
always 45◦ . The periodic plants have the directions of either north-south or east-west according to
the limited survey in wheat, bean, and corn fields (marked by red color in Figure 3d–f). The spacing
(w) between two rows of plants is 25 cm (wheat), and 75 cm (corn and soybean). It follows that the
preferred θ is 42.3◦ for w of 75 cm (26.6◦ and 63.8◦ are also feasible but these are at the edges of a
scene and were not used during the analysis), and 42.3◦ for w of 25 cm. Each field was imaged by
UAVSAR at three different θ per day to facilitate the incidence angle normalization. The chances are
small that the UAVSAR observes a field at ~42.3◦ out of its entire θ range of 25 to 60◦ across swath.
This prediction is corroborated by Figure 3d–f in that the retrievals (red colored) from the field with
the periodic structure do not show distinctively different retrieval performance.
One static surface roughness value was retrieved per each pixel over the 2.5 months period of
SMAP observation at 3 km pixel. Since in situ measurements of roughness over the entire 3 km pixel
are not feasible, quantitative evaluation is not performed in Table 3. Nonetheless—
-

-

-

First, we examine various properties of the retrieval for soundness. The retrieved values range
from 0.5 cm to 4 cm, which are realistic within the range for isotropic surfaces. To the extent that
the changes to σ0 by terrain slope within 3-km pixel are temporally static, they are corrected by
the bias correction (c in Equation (2)) and the scattering may represent those from the isotropic
surfaces. Considering the departure of the surface condition from the isotropic assumption,
the SMAP retrievals are more likely to be an effective roughness.
Second, there is a general trend towards rougher surfaces in croplands, suggesting the impacts
by farming operations on soil surfaces. The mean of the retrieved roughness is 2.6 cm (cropland)
and 1.5 cm (natural terrain).
An interesting case is found in the Monte Buey site, cropland with mostly soybeans in central
Argentina. After day 160 (9 June), σ0 suddenly decreased (Figure 4). According to the ground
observation, a harvest ended around day 153 with surface roughness having changed during the
harvest. Additional experiments were performed: soil moisture, VWC and surface roughness
were retrieved for two separate periods: before and after the harvest. After the harvest, the surface
roughness increased (from 2.15 cm to 2.47 cm) and VWC is reduced (VWC factor, f, changing
from 0.3 to 0.05), which are consistent with the expectation of post-harvest conditions.
Table 2. Evaluation statistics of surface roughness retrieval in cm, shown in Figure 3. (*) the outlier
is the result of automated unsupervised estimate and is correctable through supervision. p-value
[0, 1] quantifies a probability of occurrence of the null hypothesis that the correlation results from
random variables.
Correlation

Landcover

RMS of Measured Signal

Bias

RMSE

Coefficient

p-Value

Bare
Pasture
(if excluding outlier *)
Wheat
Bean
Corn
Canola

2.04

0.12

0.49

0.99

0.006

0.53

0.16 (−0.02)

0.53 (0.23)

−0.004 (0.58)

0.994 (0.303)

1.20
0.98
1.37
1.17

0.036
0.16
0.034
0.25

0.39
0.28
0.63
0.50

0.54
0.59
−0.16
−0.42

0.105
0.035
0.677
0.479

An interesting case is found in the Monte Buey site, cropland with mostly soybeans in central
Argentina. After day 160 (9 June), σ0 suddenly decreased (Figure 4). According to the ground
observation, a harvest ended around day 153 with surface roughness having changed during the
harvest. Additional experiments were performed: soil moisture, VWC and surface roughness were
retrieved for two separate periods: before and after the harvest. After the harvest, the surface
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Figure 3. Validation of roughness retrievals (in cm) from the field campaigns (a) bare surface of
Figure
3. Validation of roughness retrievals (in cm) from the field campaigns (a) bare surface of
Michigan Tower [22]; (b) SGP99; (c) SJV (only one datum); (d–g) SMAPVEX12. Each datum represents
Michigan Tower [22]; (b) SGP99; (c) SJV (only one datum); (d–g) SMAPVEX12.
Each datum represents
one time-invariant estimate of roughness using time-series observations of σ0 at individual spatial
one time-invariant estimate of roughness using time-series observations of σ0 at individual spatial
fields. Colored in red in (d–f) are associated with the presence of observed exit periodic row structure
fields.
Colored in red in (d–f) are associated with the presence of observed exit periodic row structure
of vegetation. The quantitative values are shown in Table 2.
of vegetation. The quantitative values are shown in Table 2.

Table 3. Surface roughness retrieval in cm using 3-km SMAP data. Mean and standard deviation of the
retrieved roughness are 2.6 ± 1.2 cm (cropland); 1.5 ± 0.81 cm (noncrop land).
Cropland
Retrieval
Noncrop
land
Retrieval

St.
Josephs
3.1
Walnut
Gulch1
grass
1.7

Kenaston1 Kenaston2

Monte
Buey

Valencia

Yanco1

1.3

1.2

2.1

3.9

3.7

TxSON1
savanna

TxSON2
savanna

Yanco2
grass

Yanco3
grass

Yanco4
grass

2.0

1.4

2.0

1.9

0.34

Walnut
Gulch2
shrub
0.26

Tonzi
woody
savanna
2.5

Figure 4. Retrievals of VWC and roughness at the Monte Buey site using SMAP data in 2015. clim and
optml refer to VWC values from climatology and optimized (=retrieval).

4.2. VWC Retrieval
Minor variations to the cost function of Equation 2 were experimented, as mentioned in Section 2.
For the SGP99 field campaign, the minimization strategy was to optimize the bias correction (c in
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Equation (1)), which reflects that the forward model may not simulate the number of plants correctly.
Consequently the VWC modification factor (f ) was set to 1, and VWC was not retrieved. Minimization
could also be possible with keeping c to 0 and estimating f, which was not tested.
4.2.1. SMAPVEX12
Over the SMAPVEX12 croplands where the plants grew significantly, fi is let to vary dynamically
while c is held constant. The rationale of this arrangement is that the details of the vegetation such
as the number of the plants were measured comprehensively during the field work, and the forward
models were developed to match UAVSAR σ0 (through physical modeling such as the modeling of
coherent scattering [27] or multiple scattering [29]). Then, the need for the bias correction is diminished.
By acknowledging that plant growth is steady, VWC is allowed to change up to 1.25 times of the
retrieved value at the previous time step during the soybean growth [27], and up to pre-defined
values for the other respective crops. For corn, VWC increases with time except the very late stage of
growth cycle.
The retrievals shown in Figure 5 generally follow the in situ reference despite challenging
conditions. First, even for the dense vegetation such as corn and canola where VWC reaches 4 kg/m2
and 8 kg/m2 , respectively, the retrievals show good agreement with the in situ. Second, the crop VWC
of SMAPVEX12 varies significantly from near zero (seeding) to the maximum (fully grown plants),
and the retrievals follow the temporal variations. The RMSE of the all fields in the scatter plot is
smaller than 20% of the maximum range of in situ VWC for all the crops. The correlation ranges from
0.57 to 0.91. Further details of discrepancy between retrieval and in situ VWC are analyzed below.
A possible reason for the low correlation coefficients of VWC retrieval of the wheat field (Figure 5b)
is that surface and double-bounce scattering generally dominate among the three scattering terms
(Table 4; Kenaston case in Figure 7 of [24]; Figure 7 of [39]). Thus, σ0 is more sensitive to soil moisture
and rms height than VWC. In comparison, for canola (Figure 5h), volume and double-bounce scattering
generally dominate (Table 4; Figure 8 of [39]). Then, the correlation coefficient of retrieval and reference
is high as shown in Figure 5. Accordingly for canola, the soil moisture retrieval results are not as good
as those for wheat and soybean. For soybean fields, all three of the scattering mechanisms can be
dominant (Table 4; Figures 10 and 13 of [40]).
Table 4. Decomposition of modeled total σ0 into scattering mechanism at specified levels of VWC and
soil moisture (Mv ) using SMAPVEX12 data. The coherent model for soybean does not distinguish
double-bounce from volume scattering. For brevity, only the cases for HH are tabulated.
Wheat HH
Surface (dB)
Double bounce (dB)
Volume (dB)
at VWC (kg/m2 )
at Mv (m3 /m3 )

−20.8
−19.4
−41.3
1.5

−20.0
−18.4
−41.3
2.3
0.2

Canola HH

−25.3
−16.8
−17.1
1.9

−18.1
−13.1
−14.1
8.0
0.25

Soybean HH

−26.1

−27.4

−28.0

−19.0

0.10

0.54
0.25

The VWC retrieval for canola field 115 shows large difference (Figure 5g). The evaluation of the
forward model for field 115 shows that from 29 June to 10 July, the modeled HH is much smaller than
the measured HH (Figure 6). For canola, HH decreases with VWC because the increasing vegetation
enhances the absorption. The retrieval attempted to reduce VWC to obtain the high value of modeled
HH to match the observation, resulting in the retrieved VWC being too low.
The scatter plot for soybean shows a large error towards high VWC (Figure 5d). These originate
in field 51 during the later crop development days. The evaluation of the forward model of σ0 for field
51 in Figure 7 shows that the forward model does not simulate the observation well when the VWC is
high. Accordingly, the VWC retrieval of field 51 became too low for large VWC cases. Another possible
reason is that the surface roughness retrieval was too large by 50% for field 51. The combination of
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large rms height and low VWC (resulting in large surface scattering) can have a comparable σ0 as
that of small rms height and large VWC (resulting in large vegetation scattering). As the retrieval can
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2017,
FOR combinations,
PEER REVIEW
of 16
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roughness
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of on
VWC),
which sites
worked
roughness
and temporal
continuity
of VWC),
which worked
well
the other
butwell
not on
on the
field 51.
other
sites
but
not
on
field
51.
Overall, these results demonstrate that the forward model inversion has a potential to retrieve
Overall, these results demonstrate that the forward model inversion has a potential to retrieve
VWC in most
instances for the four major crops over the entire phase of the crop growth.
VWC in most instances for the four major crops over the entire phase of the crop growth.

Figure 5. Retrievals of VWC using SMAPVEX12 data at one field (the field number is shown on the

Figure 5. Retrievals of VWC using SMAPVEX12 data at one field (the field number is shown on the
title) and over all the fields. The corn results are from [29].
title) and over all the fields. The corn results are from [29].
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In about half of the cases, the search of the minimum cost did not require the revision of the
climatology VWC. A few cases exhibit seemingly a large revision, but in fact the revision is not
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In about half of the cases, the search of the minimum cost did not require the revision of the
climatology VWC. A few cases exhibit seemingly a large revision, but in fact the revision is
not significant. As the first example, the significant reductions in Yanco 3–4 are warranted.
The climatology VWC reaches up to 1 kg/m2 , which is too large for natural grassland. The 2015
MODIS data also predict small VWC (the VWC is set to zero in Figure 8 because the NDVI
(normalized difference vegetation index) is −0.3: typically, NDVI smaller than 0.1 is associated
with bare surface or rocks). The grassland VWC measured in the SGP99 campaign ranged from
0.1 to 0.5 kg/m2 only [41]. The second example is Walnut Gulch1. Although the size of f is large,
this represents only a small revision from 0.2 to 0.1 kg/m2 .
In Yanco 2, both the climatology and 2015 observation produce VWC of ~0.5 kg/m2 , while the
SMAP retrieval is smaller than 0.2 kg/m2 . Possible errors in landcover classification may be the
reason. Although the MODIS-based landcover database (mcd12q1) describes Yanco 2 as grassland,
close examination indicates that the area is likely a cropland similar to Yanco 1. Because the
forward models for grass vegetation were selected for this site and applied for retrieval, an error
in retrieved VWC is anticipated. In the future, the forward model of crop vegetation will be
tested on Yanco 2.
In the Monte Buey site, where a harvest ended around day 153, VWC is reduced with f changing
from 0.3 to 0.05 (Figure 4). This is consistent with the expectation of post-harvest conditions.
For this site, f was estimated for two separate time windows unlike the other sites where only
one f was estimated.
The magnitude of the retrieved VWC in Monte Buey is only 20% of the climatology. A potential
cause is that the forward model does not simulate the large undulations in σ0 associated with the
effects by periodic crop rows (Figure 4). The minimization of the cost function could have lowered
the retrieved VWC to best match the SMAP data. As a separate matter, why the 2015 VWC is so
large and why it does not capture the effect of the harvest are unclear. An explanation may be
that the conversion from NDVI to VWC is one formula regardless of the crop type, which may
not be suitable for the dominant bean crop of the site.
In St. Josephs, the retrieved VWC is larger than the climatology, and the retrieval matches the 2015
VWC well. In Yanco1, the retrieval revises the climatology to the lower VWCs. The reduction is
consistent with the comparison that the 2015 VWC is smaller than the climatology. However such
consistency is not found in Kenaston 2.
The revision factor f is larger for croplands than non-croplands if the above rectification for
the Yanco 2–4 and Walnut Gulch1 sites is taken into account. This agrees with the expectation
because croplands experience large interannual changes and the climatology VWC ancillary may
need revision.
Table 5. VWC retrieval using SMAP data, presented in terms of the modification factor, f in %.
The values are consistent with the plots shown in Figure 8.
Cropland

St. Josephs

Kenaston 1

Kenaston 2

Monte
Buey

Valencia

Yanco1

Retrieval
Non
cropland
Retrieval

+20%
Walnut
Gulch1 grass
−50%

0
TxSON1
savanna
0

−50%
TxSON2
savanna
0

−80%
Yanco2
grass
−70%

0
Yanco3
grass
−90%

−80%
Yanco4
grass
−95%

Walnut
Gulch2 shrub
0

Tonzi
woody savanna
0

The above assessment indicates that the SMAP retrieval of VWC offers a sensible outcome.
Further validation may be achieved in the future by comparing with the coarse-resolution VWC
derived with the radiometer data.
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difficult
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and
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sensing
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to characterize by in situ, ancillary, and non-microwave remote sensing because of the vegetation
vegetation scattering and absorption. The optically-derived VWC database are subject to the
saturation of leaf greenness towards high VWC. The approach presented here allows the retrieval
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scattering and absorption. The optically-derived VWC database are subject to the saturation of leaf
greenness towards high VWC. The approach presented here allows the retrieval of surface roughness
and VWC at SAR spatial scale. Such capability may be useful for studies of climate, agriculture, and
soil moisture retrieval.
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