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Abstract—The baseline active and passive (AP) algorithm of the
NASA Soil Moisture Active Passive (SMAP) mission disaggregates
the brightness temperature (TB) from a spatial resolution of 36
km to 9 km for the soil moisture (SM) using the radar backscat-
tering coefficient (σ0 ) at 3 km. This algorithm was derived based
upon an assumption of a linear relationship between TB and σ0 . In
this study, we investigated the robustness of this assumption with
plot-scale AP measurements obtained under different conditions
of surface roughness and stages of growing sweet corn. The un-
certainties in the estimated TB at 9 km and, hence, the retrieved
SM, due to uncertainties in the algorithm parameters, β and Γ,
were assessed under different landcover heterogeneities. Overall,
the linear regression was robust, with r2 > 0.75 under bare soil
conditions when surface scattering is dominant and >0.52 during
the growing season. The uncertainties in β and Γ due to AP obser-
vations result in uncertainties in retrieved SM < 0.04 m3/m3 for
most conditions of heterogeneity. The differences in TB at 9 km, ob-
tained when using β derived from vegetation water content (VWC)
and using those from radar vegetation index, were also assessed.
The errors in retrieved SM could reach as high as 0.5 m3/m3 for
the worst-case scenario, when an intermediate scale contains high
VWC, but the coarse scale region has low averaged VWC. These
results suggest that determination of growth stages using a bio-
physical parameter is essential for β estimations, particularly for
highly heterogeneous landcovers.

Index Terms—Active and passive (AP) microwave remote sens-
ing, NASA Soil Moisture Active Passive (NASA SMAP), radar veg-
etation index (RVI), soil moisture (SM), vegetation water content
(VWC).

I. INTRODUCTION

SOIL moisture (SM) is one of the dominant factors of soil
heat and water transport governing meteorological, hy-

drological, and agricultural processes. Accurate estimates of
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SM are essential for improved predictions of climate, surface
runoff, crop growth and yield, etc. [1]. Remotely sensed ob-
servations at microwave frequencies (0.3–300 GHz) have been
widely used for SM applications, because they are highly sen-
sitive to the dielectric changes between wet and dry soils [2].
Satellite-based microwave systems using active and/or passive
techniques have provided global observations of radar backscat-
ter (σ0) and brightness temperature (TB), respectively, for SM
monitoring. Both active and passive (AP) microwave observa-
tions are sensitive to the SM in the near surface [3], but σ0 is also
highly sensitive to surface roughness and vegetation in addition
to SM, compared to TB [4]. For example, σ0 at C-band (fre-
quencies of 4–8 GHz) from the European Space Agency (ESA)
Advanced SCATterometer [5], [6], ESA ENVISAT advanced
synthetic aperture radar (SAR) [7], and TB from the Japan
Aerospace EXploration Agency (JAXA) Advanced Microwave
Scanning Radiometer-Earth Observing System (AMSR-E) [8]
and its follow-on mission, AMSR-2 [9], have been used for
global SM estimations.

The observations at L-band (1–2 GHz) may be optimal for
SM studies due to low attenuation in the atmosphere and better
penetration through vegetation [10], particularly for SM estima-
tions in agricultural regions [11]. The Soil Moisture and Ocean
Salinity mission by ESA [12], [13] provides SM products using
dual-pol TB at a frequency of 1.41 GHz with a spatial resolu-
tion of 25–50 km and a repeat coverage of two to three days.
However, passive observations are available at low spatial res-
olutions, at the 10 s of kilometers, which may be too coarse for
applications in regional hydrology and agriculture [14], [15].
Active observations using SAR technique, such as JAXA Ad-
vanced Land Observing Satellite-2 [16] and the upcoming Na-
tional Aeronautics and Space Administration (NASA) and In-
dian Space Research Organization SAR (NISAR) mission [17],
are able to provide quad-polarized (quad-pol) σ0 at L-band with
higher spatial resolutions of <0.1 km, every 12–14 days, that
may be too infrequent for SM studies. The recently launched
NASA Soil Moisture Active Passive (SMAP) mission [4] in-
cluded active quad-pol observations at a frequency of 1.26 GHz
with spatial resolution of 3 km and passive dual-pol observations
at 1.41 GHz with spatial resolution of 36 km every two to three
days. Synergistic integrations of these AP observations are able
to provide SM products at an intermediate scale of 9 km [18]–
[22]. The current SMAP baseline algorithm disaggregates TB

observations from coarse (C) at 36 km to intermediate scale (M)
at 9 km using aggregated active observations of fine scale (F) σ0

at 3 km to obtain the Level 2 SM product [18], [23]. Although
the active observations in the SMAP are no longer available
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since July in 2015 due to an anomaly in the radar’s power am-
plifier, the algorithm is still valid when using alternative active
observations such as from the upcoming NISAR mission.

The combined AP algorithm is given as [18]

TBp
(M) = TBp

(C) + β(C){[σ0
pp(M) − σ0

pp(C)]

+ Γ[σ0
qp(C) − σ0

qp(M)]} (1)

where p and q represent V- or H- polarizations, β, in K·dB-1,
is the slope of the AP observations from their assumed linear
relationship, and Γ is a heterogeneity correction parameter de-
fined as ∂σpp /∂σpq . The parameter Γ varies with vegetation
type and polarization, but is relatively consistent under different
growing stages of the same type of vegetation [18], [24], while
the parameter β significantly varies with polarization, surface
roughness, vegetation type, growth stage, and density. Because
these parameters impact retrieved SM, the accuracy of these is
essential to obtain accurate estimates of SM. A few studies have
tested and evaluated the algorithm over various landcovers us-
ing airborne AP observations through synthetic studies in which
the observations were aggregated to match the scales for SMAP
[18], [23]–[25]. In these studies, the β values were estimated
through linear regressions under different vegetation densities
based upon radar vegetation index (RVI). A gap still remains in
an assessment of β and Γ using accurate vegetation parameters,
such as vegetation water content (VWC), and their uncertain-
ties as propagated through the algorithm to obtain TB(M), and,
hence retrieved SM. Sources of uncertainties may include AP
observations and vegetation parameters used to determine the
effective range of vegetation stages for estimating β. In addition,
the RVI measurements used to determine the vegetation growth
stages in the current studies are affected by observation noise
[26], which may introduce additional errors in β.

The goal of this study is to understand the potential impacts of
uncertainties in β and Γ on estimates of TB(M) and, hence, SM,
using the combined AP algorithm for SMAP [18]. Concurrent,
ground-based AP observations at high temporal resolution for
bare soil and two growing seasons of sweet corn were used to es-
timate β and Γ. Weekly VWC measurements were conducted to
monitor the change of vegetation under different growth stages
and were used to determine stages of the AP observations based
upon biophysical characteristics. Even though β in the current
algorithm is obtained at coarse scale, the assumption of a linear
relationship between TB and σ0 would hold true at finer scales as
well [24], and the field-scale observations in this study provide
conditions that minimize the errors due to heterogeneity within
the footprint. The objectives of this study are to

1) evaluate the impacts of surface roughness and different
growth stages of sweet corn on β and Γ;

2) evaluate the errors from using RVI as a surrogate for VWC
in determining β during growing sweet corn;

3) quantify the uncertainties propagated from uncertainties
in β and Γ and the difference due to the β values derived
from VWC and RVI in estimated TB(M) and retrieved SM
under different levels of heterogeneities.

The results of this study will provide the lowest bounds for
errors in retrieved SM from SMAP due to parameters uncer-
tainties and also contributes robust β and Γ values for growing
sweet corn to the SMAP database.

II. EXPERIMENTAL OBSERVATIONS

The Microwave, Water, and Energy Balance Experiments
(MicroWEXs) are a series of season-long experiments con-
ducted at Plant Science Research and Education Unit, oper-
ated by University of Florida (UF), in north central Florida, to
monitor the microwave signatures of soil and vegetation during
different stages of growth (e.g., [27]–[29]). Soil texture at the
field site is sandy, a dominant soil type in the state of Florida,
consisting of 89% by vol. of sand, 7.5% by vol. of clay, and
3.5% by vol. of silt. In this study, we use observations during
the tenth and eleventh MicroWEXs (MicroWEX-10 and -11) in
2011 and 2012 [28], [29], respectively, which were conducted in
a 65 m × 75 m field. The sensors layouts are shown in Fig. 1(a)
and (b).

A. Observations Under Bare Soil Conditions

A bare soil experiment was conducted during MicroWEX-11
for 36 days, from May 9 (Day of year (DoY) 130) to June 13
(DoY 165), 2012, prior to planting corn. During the experiment,
concurrent AP observations were conducted every 15 min at an
incidence angle of 40◦, using the UF L-band Automated Radar
System (UF-LARS) [30], the UF L-band Microwave Radiome-
ter (UF-LMR), and the Truck Mounted Radiometer System from
the University of Michigan (UM-TMRS).

The UF-LARS is a network-analyzer-based radar scatterom-
eter system providing magnitude and phase of the power ratio
measurements at four polarization combinations, VV, HH, HV,
and VH polarizations, with a center frequency of 1.25 GHz (λ
= 24.0 cm). Table I lists specifications of the UF-LARS. A
single-target calibration technique [31] using a trihedral corner-
reflector was applied weekly to obtain quad-pol σ0 from the
received signal. In order to reduce the fading in radar measure-
ments, observations of σ0 were averaged over measurements
obtained spatially along three azimuthal scans at −9◦, 0◦, and
+9◦ with respect to due South (see Fig. 1), and nine frequency
measurements at 30 MHz increments from 1130 to 1370 MHz
at each azimuth angle. These observations met both spatial and
spectral independence criteria given in [32]. In all, 27 samples
were averaged for a backscattering measurement and the stan-
dard deviation of fading was decreased from 5.57 to 0.85 dB
[33]. The overall uncertainty of radar measurements was found
to be 1.71 dB from errors in angle and range measurements and
radar stability during calibration [30], [34]. During the experi-
ment, the UF-LARS was mounted on a Genie manlift set at a
height of 16.2 m and an incidence angle of 40◦, resulting in an
observation footprint of about 9.8 m × 8.7 m.

The UF-LMR was designed and built by the Microwave Geo-
physics Group at the University of Michigan (UM-MGG) to
observe the H-pol thermal electromagnetic emission of soil at
the frequency of 1.4 GHz (λ = 21.4 cm). Table II lists specifi-
cations of the UF-LMR. An internal calibration technique [35],
using measurements from sky at an elevation angle of 50◦ and
an internal matched load, was conducted weekly to convert the
measurements from output voltage to TB. The noise equivalent
radiometric uncertainty of the UF-LMR is less than 0.5 K and
the accuracy of brightness measurements calibrated using the
internal matched load was estimated to be within 2 K [27]. Dur-
ing the experiment, the UF-LMR was mounted on a tower at a
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Fig. 1. Layout of sensors during (a) MicroWEX-10 and (b) MicroWEX-11. UF-LARS, UF-LMR, and UM-TMRS represent University of Florida L-band
Automated Radar System, UF L-band Microwave Radiometer, and University of Michigan Truck Mounted Radiometer System, respectively. Row structure was
in the east-west direction during the rough soil period and sweet corn seasons.

TABLE I
SPECIFICATIONS OF THE UF-LARS

Parameter Qualifier UF-LARS

Frequency(GHz) Center 1.25
Bandwidth(GHz) 0.3
Beamwidth(degree) 3 dB (E- and H-Plane) 14.7 and 19.7
Polarization Isolation (dB) Center/Edge >37/23
Polarization HH, VV, VH, and VH
NEσ 0 (dB) HH/VV/VH/HV −23.42/−25.58/−48.12/−38.84

TABLE II
SPECIFICATIONS OF THE UF-LMR AND UM-TMRS

Parameter Qualifier UF-LMR UF-TMRS

Frequency(GHz) Center 1.4 1.4
Bandwidth(MHz) 3 dB 20 20
Beamwidth(degree) 3 dB (E- and H-Plane) 20 and 22.5 20 and 22.5
Polarization Sequential H H/V
Noise Figure (dB) From Trec 3.99 3.99

height of 8.0 m and an incidence angle of 40◦, resulting in an
observation footprint of about 5.6 m × 5.1 m.

Meanwhile, the UM-TMRS was installed on a boom-lift,
about 6 m away from the UF-LMR, at the same height and
incidence angle to observe both the V- and H-pol microwave
emission at a frequency of 1.4 GHz. The UM-TMRS was built
based upon the same design as UF-LMR by UM-MGG and
are available for both V- and H-pol observations, as shown

TABLE III
AMOUNT OF AP OBSERVATIONS DURING MICROWEX-10 AND -11 FOR THE

STUDY

UF-LARS UF-LMR UM-TMRS

Experiments Quad-pol H-pol H-pol V-pol

Bare soil 2966 3268 – 2088
Sweet corn (MicroWEX-10) 3265 – 3278 3114
Sweet corn (MicroWEX-11) 3048 1459 3622 3670

in Table II. During the bare soil experiment, only observa-
tions at V-pol from UM-TMRS were calibrated using the
same calibration scheme as UF-LMR for this study. Table III
lists the microwave sensors and amounts of data used in this
study.

In situ measurements of SM at depths of 2, 4, 8, 16, 32, and
64 cm were obtained using time-domain reflectometry (TDR)
sensors from Campbell Scientific, concurrent with microwave
observations. Four rain gauges were used to record the amount
of water input during irrigation/precipitation events, as shown
in Fig. 1(b). A linear move irrigation system was used to main-
tain uniform water application to the field. Fig. 1(b) shows the
sensor layout during MicroWEX-11. Before the experiment, on
DoY 122, the field was disked to achieve a smooth soil sur-
face, as typically prepared prior to planting. Observations for
smooth soils were used eight days later, on DoY 130, when
the soil had settled down and was naturally smoothed. After 23
days, on DoY 145, a seedless planting was conducted in East–
West direction [see Fig. 1(b)], using a multirow cultivators to
provide a typical uniform soil roughness during the planting
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TABLE IV
SOIL SURFACE ROUGHNESS MEASUREMENTS OF ROOT-MEAN-SQUARE HEIGHT

(s) AND CORRELATION LENGTH (cl) USING 2-M-LONG GRID BOARD DURING

BARE SOIL EXPERIMENT

DoY Grid Board

(2012) s (cm) cl (cm)

132 0.68 9.80
138 0.70 9.33
146 1.71 9.45
163 1.30 12.22

and germination stages. Soil roughness measurements, includ-
ing root-mean-square height (s) and correlation length (cl), were
obtained using a traditional grid board method [36], during the
smooth period on DoY 132 and 138, and during the rough pe-
riod on DoY 146 and 163. Six 2-D surface profiles, in direction
perpendicular to the row structure, were measured using a 2-
m-long grid board. The surface profile from each grid board
was digitized to calculate s and l [36], individually. Each soil
roughness measurement was acquired by averaging six s and l
values, listed in Table IV.

Fig. 2(a)–(c) shows the concurrent AP observations and av-
erage SM at 2 cm from multiple sensors during bare soil exper-
iment. Even though the σ0

V H ≡ σ0
H V , the noise floor of σ0

H V
using UF-LARS is higher than σ0

V H . In this study, the σ0
V H

are used to represent the cross-pol observations. The VSM at
2 cm was chosen to compare the AP observations because the
microwave observations at L-band are found to be sensitive to
SM in 0–2 cm and the current models estimate SM within 0–
2 cm [34], [37]–[39]. As shown in the figures, the variations
of AP microwave observations followed the changes of SM. A
sensitivity analysis of the AP observations under smooth and
rough soils was conducted, as shown in Table V. During the
smooth soil period, the sensitivity of active observations was
estimated only when the surface scattering dominated the radar
backscattering (SM > 0.07 m3/m3). This is because the re-
lationship between σ0 and SM did not follow the theoretical
positive linear relationship when the volume scattering was the
dominant mechanism, which may complicate the sensitivity of
radar observations to SM [34]. Overall, sensitivities of AP ob-
servations to SM were higher under smooth than under rough
soil conditions, except the active observations at cross-pol. This
is because surface roughness tends to mask the sensitivity to
SM [40], but the return signals from cross-pol were too low
under smooth condition, which may not be able to produce
adequate strength of cross-pol observations for SM applica-
tion [41]. In addition, a significant increase was observed in the
radar backscatter at co- and cross-pol after the field was plowed,
but the passive observations did not exhibit significant change
with plowing, as they are less sensitive to changes in surface
roughness [4].

B. Observations During Growing Seasons of Sweet Corn

Concurrent AP observations during two growing seasons of
sweet corn were conducted during MicroWEX-10 and -11 from
DoY 186 to 256 in 2011, and DoY 230 to 300 in 2012, re-
spectively. Fig. 1(a) and (b) shows the sensor layouts during

Fig. 2. Microwave observations of (a) σ0 , (b) TB, and (c) average SM at
2 cm during bare soil experiment in MicroWEX-11. σ0 , TBH, and TBV were
from UF-LARS, UF-LMR, and UM-TMRS, respectively.

MicroWEX-10, and -11, respectively. During MicroWEX-10,
passive observations at both V- and H-pol were obtained us-
ing the UM-TMRS, while during MicroWEX-11, in addition to
V- and H-pol observations from the UM-TMRS, observations
of TB at H-pol from UF-LMR were used to fill the data gaps
when UM-TMRS was not available. The root-mean-square dif-
ference of TB between the two radiometers was found to be
2.85 K, so the data inconsistency is considered to be minimal.
In both growing seasons, active observations were conducted
using the UF-LARS [30]. Table III lists the microwave sensors
and amounts of data used in this study.

In situ SM measurements were obtained, concurrent with
microwave observations, using TDRs at depths of 2, 4, 8,
16, 32, and 64 cm during both MicroWEX-10 and -11. Four
rain gauges were used to record water input during the irriga-
tion/precipitation events. Similar to the bare soil experiment,
the field was disked and planted using a multirow cultivator to
make the surface roughness and seed and, hence, the vegetation
density uniform in the field. For both seasons, the row spacing
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TABLE V
SENSITIVITY OF ACTIVE AND PASSIVE MICROWAVE OBSERVATIONS TO VSM AT 2 CM DURING BARE SOIL EXPERIMENT AND CORN GROWING SEASONS AT

DIFFERENT STAGES IN MICROWEX-10 AND -11

TBH TBV σ 0
H H σ 0

V V σ 0
V H

VWC Sp r 2 Sp r 2 Sa r 2 Sa r 2 Sa r 2

BS-S – −15.47 0.92 −9.85 0.87 2.07 0.69 2.08 0.75 0.26 0.24
BS-R – −8.92 0.91 −6.55 0.89 0.52 0.74 0.56 0.76 0.42 0.72
MW10-Early 0.17 −5.13 0.89 −4.57 0.82 0.32 0.54 0.44 0.72 0.45 0.78
MW10-Mid 2.50 −3.66 0.81 −3.66 0.71 0.41 0.77 0.62 0.85 0.32 0.49
MW10-Late 3.02 −2.92 0.75 −2.70 0.39 0.23 0.72 0.51 0.44 0.33 0.32
MW11-Early 0.54 −5.54 0.92 −2.80 0.85 0.39 0.69 0.34 0.79 0.50 0.76
MW11-Mid 1.13 −4.43 0.95 −1.99 0.75 0.56 0.92 0.61 0.92 0.51 0.93
MW11-Late 1.65 −4.27 0.82 – – 0.39 0.69 0.43 0.84 0.58 0.82

The Sp and Sa represent sensitivity of radiometric and radar observations with units in K/0.01 m3 /m3 and dB/0.01 m3 /m3 , respectively.

was 91 cm, with approximately six plants per meter. In addi-
tion, the linear move system was used for irrigation in the field to
maintain the uniformity in water application. Weekly destructive
vegetation samplings were conducted including measurements
of leaf area index, biomass, and VWC over the seasons [28],
[29].

Fig. 3(a)–(f) shows the concurrent AP observations and av-
erage SM observed at 2 cm from multiple sensors, and Fig. 4
shows the sampled VWC over the two growing seasons. A lo-
gistic regression was used to represent VWC over the growing
seasons during MicroWEX-10 and -11 with r2 of 0.95 and 0.93,
respectively. During MicroWEX-10, the VWC was significantly
higher after tasseling on day after planting (DAP) 38, because
of higher water input and sun illumination in the Summer than
during MicroWEX-11.

The growing season of sweet corn was divided into early-
(before tasseling, DAP 0-38), mid- (tasseling to silking, DAP
38-50), and late-seasons (after silking, DAP 50-70), and sensi-
tivity analyses of AP observations to SM were conducted at the
three stages, during MicroWEX-10 and -11, as shown in Ta-
ble V. Four-day drydown observations were used at each stage
for the sensitivity estimation to ensure a wide range of SM, 0.05-
0.30 m3/m3 , and to minimize the effect due to VWC increasing
over time. For the passive observations, the sensitivity decreases
along with the growing seasons, because the vegetation atten-
uates the emission from soil [40]. For the active observations,
the sensitivity increases in the mid-season, and then decreases
in the late-season. This is because during the mid-season, in ad-
dition to backscattering contribution from soil, the contribution
from the interaction between soil to vegetation may enhance
the sensitivity of the observation, but during the late-season,
the direct contribution from soil was mostly attenuated, while
the interaction of soil with vegetation dominated the scatter-
ing mechanism. However, the change of dominant scattering
mechanisms during growing season over time complicates the
sensitivity of active observations to SM.

III. METHODOLOGY

A. β and Γ in the SMAP Combined AP Algorithm

Combinations of AP observations at V-pol, σ0
V V -TBV, and

at H-pol, σ0
H H -TBH, were used to estimate β and Γ. For bare

soil, β was calculated from observed TB and σ0 under different
roughness conditions during MicroWEX-11, for three periods:

1) before planting, representing smooth soil (ks � 0.18,
where k = 2π/λ);

2) immediately after planting DoY 146 to DoY 157 (ks de-
clining from 0.45 to 0.40), representing a typical agricul-
tural field with high roughness;

3) under a moderate roughness condition from DoY 157 to
165 (ks declining from 0.40 to 0.35).

During the growing season, the β values were calculated from
combining MicroWEX-10 and -11 AP observations based upon
VWC. The effective range of VWC used to combine AP obser-
vations that provide the optimal β value was identified based
upon the local maximum of r2 . Due to different mechanisms
affecting microwave scattering and emission at V- and H-pols,
the ranges of VWC for obtaining the β values were different for
each polarization combination. The r2 and standard error using
Student’s t distribution of the parameters with 95% confidence
interval were used to evaluate the regression performance.

Based upon active observations during MicroWEX-10 and -
11, σ0

pp and σ0
V H are linearly related during bare soil experiment

and growing sweet corn, with r2 > 0.8. The parameter Γ was
estimated as the slope of σ0

pp to σ0
V H through linear regression.

These β and Γ values estimated from field observations, hence-
forth βopt and Γopt , contain minimal heterogeneity of field,
therefore have minimal uncertainties, and may be considered as
optimal parameters.

B. VWC Estimation Using RVI

The use of RVI as an indicator of VWC [20], [42] was
examined for determination of β values [18], [23]–[25]. The
RVI values were obtained using radar observations during
MicroWEX-10 and -11 and were averaged daily to minimize
the effect of diurnal variations [20]. A linear regression analysis
was conducted to model the relationship between the averaged
RVI and observed VWC. This relationship was applied to
estimate VWC, which was assumed to remain constant during a
day. The RVI-derived VWC were used to estimate the β values,
henceforth βrvi , using the same ranges of VWC as mentioned
in Section III-A. This process is similar to the typical current
practice when observed VWC is not available [18], [23]–[25].
The parameters βrvi and βopt were compared with each other
and the differences between these were propagated through the
AP algorithm to errors in the estimated TB(M), representing
errors due to deriving VWC from RVI.
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Fig. 3. Microwave observations of (a) σ0 , (b) TB, and (c) average SM at 2 cm of the sweet corn during MicroWEX-10, and (d) σ0 , (e) TB, and (f) average SM
at 2 cm of the sweet corn during MicroWEX-11. The green dots in (c) indicate H-pol TB obtained from UF-LMR to fill the data gaps during MicroWEX-11.

Fig. 4. VWC measurements during growing seasons in MicroWEX-10 and
-11. Markers indicate measured data, while the curves are a logistic regression
used to interpolate the data.

C. Uncertainties in TB(M) Due to β and Γ

The uncertainty in the estimated TB at M scale in (1) due to
the uncertainties in β and Γ is given as

ΔTBp
(M) = βΔΓ[σ0

qp(C) − σ0
qp(M)] + Δβ{[σ0

pp(M)

− σ0
pp(C)] + (Γ + ΔΓ)[σ0

qp(C) − σ0
qp(M)]}

(2)

TABLE VI
COEFFICIENTS OF β AND Γ FOR VV-V AND HH-H POL DURING SMOOTH (S)

AND ROUGH (R) BARE SOILS AND THEIR UNCERTAINTIES WITH 95 %
CONFIDENCE INTERVAL AND r2

VV-V HH-H

β (K·dB−1) Δβ (K·dB−1) r 2 β (K·dB−1) Δβ (K·dB−1) r 2

S:VSM < 0.07 1.29 0.32 0.27 4.89 0.53 0.30
S:VSM ≥ 0.07 −10.76 1.10 0.83 −13.04 0.74 0.75
R:ks = 0.35-0.40 −7.99 0.25 0.86 −12.08 0.39 0.85
R:ks = 0.40-0.45 −6.21 0.28 0.81 −10.87 0.28 0.86

Γ ΔΓ r 2 Γ ΔΓ r 2

R:ks = 0.35-0.45 1.04 0.03 0.85 0.90 0.02 0.80

where Δβ and ΔΓ are uncertainties of β and Γ, respectively.
The uncertainties are estimated from standard errors of β and
Γ from data regression, with 95% confidence interval using
the Student’s t-distribution, as mentioned in Section III-A. The
values of β, Δβ, Γ, and ΔΓ can be obtained from lookup tables
(such as Tables VI and VII). The ΔTBp

(M) will be higher for
heterogeneous field, when σ0(C) and σ0(M) are significantly
different. In this study, we investigate this impact in a synthetic
landscape with various levels of heterogeneities. In the SMAP
baseline algorithm, there are 144 F-scale pixels in every C-scale
pixel and nine F-scale pixels in every M-scale pixel, as shown in
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Fig. 5. Illustration of coarse (C), intermediate (M), and fine (F) scale pixels
in the SMAP baseline algorithm.

Fig. 5. In this study, the C- and M-scale pixels were simulated
as mixtures of bare soil and vegetated pixels at F-scale. The
σ0(C) and σ0(M), in (2), were obtained through averaging the
σ0(F ) [23], [25], so the spatial distribution of the σ0(F ) does
not affect the values of σ0(C) and σ0(M).

Observations from bare soil and mature sweet corn, with
VWC of 3.04 kg/m2 , were used for pixels at F-scale for the
simulated scenes. This was the maximum observed VWC dur-
ing the two MicroWEXs, and was used to ensure that the entire
range of VWC values from very dense to sparse vegetation
are accounted for. By simulating fractional vegetation from
0 to 1 in C- and M-scale pixels, the VWC range also covers
values from early- to late-season to simulate VWC changes
during the growing season. The σ0(F ) under bare soil and
mature sweet corn were obtained from active observations,
on DOY 165, 2012, and DAP 65, 2011, respectively. The
observations were averaged during a 2-h period to reduce
the fading in radar observations when the SM at 2 cm
was 0.09 m3/m3 . This also ensured that the uncertainty of
estimated TB(M) in (2) is only affected by the heterogeneous
distribution of sweet corn in the C-scale pixel and not by SM
variations.

The VWC in the C-scale pixel can be estimated by multiply-
ing the fraction of vegetation pixels to 3.04 kg/m2 , to obtain
βopt and its corresponding Δβopt , from a lookup table, as men-
tioned in Section III-A. The uncertainties in estimated TB(M)
due to uncertainties in β and Γ were calculated, under different
levels of heterogeneity. A sensitivity analysis was conducted
using the L-MEB emission model in [43] to evaluate the un-
certainties in retrieved SM due to the uncertainty in estimated
TB(M).

D. Differences in TB(M) Due to βopt and βrvi

The difference in estimated TB(M) due to using βopt and βrvi
is obtained as

ΔTBp , diff(M) = TBp , rvi(M) − TBp , opt(M) (3)

where the TBp , rvi(M) and TBp , opt(M) represent TB(M) from
(1) by using βrvi and βopt , respectively. Because the RVI is

Fig. 6. Scatter plots of σ0
V V and TBV shifted by their respective means under

(a) smooth and (b) rough soil conditions during MicroWEX-11, and compar-
isons of σ0

V V and σ0
V H shifted by their respective means under (c) smooth and

(d) rough soil conditions during MicroWEX-11.

vulnerable to errors in the radar observations [26], using the RVI
as surrogate for VWC during growing vegetation may produce
incorrect β for the AP combined algorithm. This study also
investigates the impact of such a difference in TB(M) that may
introduce additional errors in retrieved SM under various levels
of heterogeneities, as mentioned in Section III-C. The RVI in
the C-scale pixel is obtained from σ0(C) and to determine βrvi
from Section III-B, and βopt is obtained as mentioned in Section
III-C.

IV. RESULTS AND DISCUSSION

A. β and Γ Parameters Under Bare Soil Conditions

The σ0
V V -TBV and σ0

H H -TBH perform similarly so only
σ0

V V -TBV comparisons are shown here. The σ0
V V -TBV were

compared under smooth and rough bare soil conditions, as
shown Fig. 6(a) and (b), respectively. Under smooth and dry
conditions, with ks of 0.18 and observed SM < 0.07 m3/m3 ,
the β value is positive and does not follow a theoretical negative
trend [18], as shown in Fig. 6(a) and Table VI. This may be
due to volume scattering that produces relatively high radar
backscatters under smooth, dry soil [26], [34]. For SM values
>0.07 m3/m3 , the slope of σ0 versus TB is negative, as surface
scattering dominates. The rough soil was separated into two
periods based upon surface roughness, with ks ranges of 0.35–
0.40 and 0.40–0.45, respectively, as mentioned in Section III-A.
As shown in Fig. 6(b), σ0

V V is inversely related to TBV during
these two periods. Unlike the smooth condition, no transition of
dominant mechanisms from volume scattering to surface scat-
tering is observed during the rough periods. A similar inverse
relationship was observed between σ0

H H and TBH as well. As
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TABLE VII
COEFFICIENTS OF βopt AND Γ FOR VV-V AND HH-H POL DURING GROWING SEASON OF SWEET CORN AND THEIR UNCERTAINTIES WITH 95 % CONFIDENCE

INTERVAL AND r2

VV-V HH-H

VWC βo p t (K·dB−1) Δβ (K·dB−1) r 2 VWC βo p t (K·dB−1) Δβ (K·dB−1) r 2

0.08-0.30 −7.03 0.25 0.86 0.08-0.40 −8.55 0.45 0.67
0.30-0.42 −3.67 0.32 0.71 0.40-0.60 −8.58 0.74 0.56
0.42-0.76 −6.34 0.20 0.80 0.60-1.0 −8.46 0.38 0.66
0.76-1.0 −6.60 0.43 0.64 1.0-2.0 −6.37 0.15 0.73
1.0-2.0 −3.49 0.18 0.55 2.0-3.0 −7.24 0.34 0.72
>2.0 −3.53 0.17 0.71 >3.0 −8.32 1.05 0.52

Γ ΔΓ r 2 Γ ΔΓ r 2

0.08-3.25 0.59 0.01 0.84 0.08–3.25 0.55 0.01 0.85

Fig. 7. Scatter plots of σ0
V V and TBV shifted by their respective means at different stages of sweet corn growth based upon VWC ranges observed during

MicroWEX-10 and -11. The color bar shows VWC values during the microwave observations.

shown in Table VI, the absolute values of β, | β |, decrease as
surface roughness increases, because the TB is less sensitive to
SM under rougher conditions than under smoother conditions.
Even though the microwave observations are more sensitive to
SM under smooth soil, the current combined AP algorithm will
work only when surface scattering is dominant as it assumes
an inverse linear relationship between σ0 and TB. Similar scat-
tering mechanisms are also observed in σ0

H H –TBH, as shown
in Table VI.

Observed σ0
V V and σ0

V H under smooth and rough soils are
compared in Fig. 6(c) and (d), respectively. No significant rela-
tionship was observed under smooth soil conditions, due to low
backscatter of cross-pol, approaching to the noise floor [30].
Observed σ0

V V and σ0
V H under rough soil conditions show a

linear relationship, as in Fig. 6(d), and the Γ value was es-
timated using observations during two rough soil periods, as
shown in Table VI. The uncertainties in Γ for both VV-V and
HH-H pol are very low at 0.03 and 0.02 with r2 of 0.85 and
0.80, respectively.

B. β and Γ Parameters During the Growing Season of Sweet
Corn

Fig. 7(a)–(f) shows scatter plots of σ0
V V –TBV at different

stages when their r2 reached local maxima. Overall, all βopt are
at high r2 values (0.52–0.86) and their uncertainties are <1.05
K·dB-1 with 95% confidence interval, as shown in Table VII.
These results demonstrate robust linearity of AP observations at
different stages of growing sweet corn based upon VWC. The
r2 values using σ0

V V –TBV are generally higher than those using
σ0

H H –TBH, because the σ0
V V are more sensitive to SM and VWC

than σ0
H H [3].

Because scattering mechanisms are different at V- and H-
pols, the effective regions of VWC providing the best re-
gression results are not the same. In general, | βopt,V | val-
ues using σ0

V V –TBV decrease as VWC increases but those us-
ing σ0

H H –TBH remain very similar during the growing season.
During the early season, the passive observations were more
sensitive to SM than active observations, resulting in larger
| βopt,V |, when the AP observations are still dominated by the
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Fig. 8. Scatter plots of (a) σ0
V V and TBV and (b) σ0

H H and TBH shifted by their respective means during different stages of sweet corn growth. The markers
indicate observations, and the lines indicate linear regressions as grouped by ranges of VWC (kg/m2 ) described in the legend.

Fig. 9. Scatter plot of σ0
V V and σ0

H H versus σ0
V H shifted by their respective

means during all stages of growth of sweet corn. The markers indicate obser-
vations, and the dashed and solid lines indicate linear regressions of VV- and
HH-pol data, respectively.

contribution from soil. However, when the vegetation is fully
mature during the late season, AP observations were dominated
by the contribution from vegetation, and the active observations
were more sensitive to vegetation than the passive observations,
resulting in lower | βopt,V |. Because the σ0

H H are not as sen-
sitive to vegetation as σ0

V V and are close to saturation during
the late season, the changes in | βopt,H | are not significant.
In addition, a significant separation of σ0

V V –TBV observations
was observed between stages of VWC < 0.30 kg/m2 and oth-
ers, but no such separation was observed in σ0

H H –TBH, as in
Fig. 8(a) and (b). This is because σ0

V V is sensitive to the vertical
structure of vegetation when the height of the stem is longer
than the wavelength. The significant decrease of | βopt,V | for
VWC range of 0.31–0.42 kg/m2 may be due to the transition
of the dominant backscattering contribution from the soil to the
vegetation.

As shown in Fig. 9 and Table VII, the co- and cross-pol
observations during the two growing seasons are approximately
linear with r2 of 0.84 and 0.85 for σ0

V V –σ0
V H and σ0

H H –σ0
V H ,

respectively. The uncertainties in both Γopt,V and Γopt,H are only
0.01 with 95% confidence interval.

C. β Parameter Using RVI-Derived VWC

Similar to the previous studies [20], [42], the r2 and RMSE
from the linear regression of RVI and VWC were 0.85 and 0.34

Fig. 10. Scatter plot of RVI and VWC during growing sweet corn. The markers
indicate measurements and the dashed line indicates a linear regression.

kg/m2 , respectively, as shown in Fig. 10. This study discusses
the difference, that could introduce additional errors, in retrieved
SM at M scale due to βrvi versus βopt used in the combined
AP algorithm. Assuming the effective ranges of growing stages
for sweet corn as obtained in Section IV-B, βrvi are shown in
Fig. 11(a)–(f). As expected, the r2 values during all stages are
lower than βopt , as shown in Table VIII. Because errors in RVI-
derived VWC are larger than the effective ranges of VWC, AP
observations during significantly different growth stages may
have been combined, resulting in higher errors in βrvi compared
to βopt . This is more apparent during early stages when the radar
scattering mechanisms are still dominated by the soil, because
the RVI is highly sensitive to errors in radar observation at
cross-pol, particularly for lightly vegetated terrains [26].

D. Quantification of the Uncertainty in TB(M) and Retrieved
SM

Uncertainties of TB(M) were computed under different veg-
etation fractions within C- and M-scale pixels using (2), as
mentioned in Section III-C and shown in Fig. 12(a) and (b).
The values of β, Δβ, Γ, and ΔΓ were obtained from Tables VI
and VII for bare soil and vegetation, respectively, based upon
the VWC in the C-scale pixel. When the C-scale pixel is homo-
geneous with a vegetation fraction of 1, implying no bare soil
pixels, all M-scale pixels have vegetation fraction of 1, resulting
in zero uncertainty in TB(M) for V- and H-pol, as shown at
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Fig. 11. Scatter plots of σ0
V V and TBV shifted by their respective means at different stages of sweet corn growth based upon VWC estimated from RVI during

MicroWEX-10 and -11. The color bar shows estimated VWC.

TABLE VIII
COEFFICIENTS OF βrv i FOR VV-V AND HH-H POL DURING GROWING SEASON OF SWEET CORN AND THEIR UNCERTAINTIES WITH 95 % CONFIDENCE INTERVAL

AND r2

VV-V HH-H

VWC (kg/m2 ) βr v i (K·dB−1) Δβ (K·dB−1) r 2 VWC βr v i (K·dB−1) Δβ (K·dB−1) r 2

0.08-0.30 −0.89 0.32 0.06 0.08-0.40 −4.08 0.41 0.33
0.30-0.42 −0.72 0.21 0.08 0.40-0.60 −3.53 1.76 0.08
0.42-0.76 −0.08 0.83 0.01 0.60-1.0 −1.80 0.35 0.11
0.76-1.0 −2.60 0.50 0.18 1.0-2.0 −3.26 0.27 0.20
1.0-2.0 −2.79 0.21 0.31 2.0-3.0 −4.59 0.61 0.27
>2.0 −3.53 0.19 0.70 >3.0 −4.21 0.63 0.36

the top right corner of Fig. 12(a) and (b). However, for another
simulated scene, when the vegetation fraction in C-scale pixel is
0.25, there are many possible combinations of vegetation frac-
tions (0–1) in M-scale pixels, resulting in ranges of ΔTB(M)
from 0 to 2.4 K [see Fig. 12(a)] and 0 to 2.9 K [see Fig. 12(b)]
for V- and H-pol, respectively.

Overall, uncertainties in the TBV(M) and TBH(M) are <2 K,
except for conditions when the C-scale pixel contains signifi-
cantly different VWC from that in the M-scale pixel. Typically,
when the vegetation fraction in the C-scale pixel is <0.35 (VWC
< 1 kg/m2), but the vegetation fraction in the M-scale pixel is
>0.8 (VWC > 2.43 kg/m2), the uncertainties in TBV(M) and
TBH(M) could reach as high as 2.8 and 4.9 K, respectively.
These result in uncertainties in retrieved SM using V- and H-pol
by as much as 0.05 and 0.06 m3/m3 , respectively, as shown in
Fig. 12(c) and (d). The SM uncertainties are slightly higher than
the SMAP mission target, because the TB is less sensitive to SM
during high VWC conditions. This suggests that a higher error
in retrieved SM may be introduced under conditions with low
vegetated C-scale pixel but high vegetated M-scale pixel.

Similarly, when the vegetation fraction in the C-scale pixel
>0.66 (VWC > 2 kg/m2), but the vegetation fraction in the
M-scale pixel is <0.4 (VWC < 1.2 kg/m2), the uncertainties
in TBV(M) and TBH(M) could reach as high as 1.5 and 3.2
K, respectively. These result in uncertainties in retrieved SM
using V- and H-pol only 0.01 and 0.02 m3/m3 , respectively.
Overall, when applying βopt and Γopt from AP observations
and observed VWC in the combined AP algorithm, uncertainties
in retrieved SM propagated from parameter uncertainties and
heterogeneity of the field are lower than the SMAP mission
target at 0.04 m3/m3 . Even though the uncertainties in retrieved
SM under a few extreme scenarios are 0.01–0.02 m3/m3 higher
than the SMAP mission target, this will not impair the reliability
of the use of field observed VWC to determine the range of
growth stages for β in the agricultural regions.

E. Quantification of the Difference in TB(M) and Retrieved
SM Using βopt and βrvi

The difference in estimated TBV(M) and TBH(M) due to
the difference in βopt and βrvi were computed under different
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Fig. 12. Uncertainty in TB(M ) at (a) V-pol and (b) H-pol, and the uncertainty in the retrieved SM using (c) TBV(M ) and (d) TBH(M ) under different
combinations of vegetation fraction in C- and M-scale pixels.

vegetation fractions within C- and M-scale pixels using (3), as
mentioned in Section III-D and shown in Fig. 13(a) and (b),
respectively. The βopt and βrvi were obtained from Tables VII
and VIII using VWC and RVI in the C-scale pixels. Typically,
there are two scenarios for which the combined AP algorithm is
most prone to errors: first, when the M-scale pixel contains high
fraction of vegetation, hence high VWC, but is embedded in a
C-scale pixel with low vegetation fraction, and second, when the
M-scale pixel has low vegetation fraction embedded in a C-scale
pixel that has a high vegetation fraction, as shown in Section IV-
D. These errors would be amplified when the difference between
βopt and βrvi becomes significant.

For the V-pol, when the vegetation fraction in the C-scale
pixel is <0.5 (VWC <1.5 kg/m2), but the vegetation fraction in
the M-scale pixel is >0.7 (VWC > 2.1 kg/m2), the differences
in the TBV(M) can reach as much as 29.4 K. This is due to a
large difference between βopt and βrvi when the VWC in the C-
scale is relatively low, and such an impact was amplified through
the AP algorithm under highly heterogeneous landcovers. Such
difference in TBV(M) result in a difference in SM by as much
as 0.49 m3/m3 , as shown in Fig. 13(c), because of the low
sensitivity of TB to SM under high VWC. In another scenario,
when the vegetation fraction in a C-scale pixel is >0.6 (VWC
> 1.8 kg/m2), the differences in TBV(M) are <3.5 K, because
βopt,V and βrvi,V are close to each other at such a high VWC.
However, even under a relatively homogeneous terrain, when
vegetation fraction in a C-scale pixel is between 0.2 and 0.5
(VWC of 0.6–1.52 kg/m2), and the vegetation fraction in the
M-scale pixel is <0.2 (VWC < 0.6 kg/m2), the difference
in TBV(M) can reach as much as 8.6 K. This will result in
a difference in SM by as much as 0.06 m3/m3 , higher than
the SMAP mission target. For the H-pol, when the vegetation

fraction in the C-scale pixel is <0.35 (VWC < 1.06 kg/m2),
but the vegetation fraction in the M-scale pixel is >0.8 (VWC
> 2.4 kg/m2), the difference in TBH(M) can reach as much as
21.7 K, resulting in difference of SM by 0.3 m3/m3 , as shown
in Fig. 13(d). In contrast, when the vegetation fraction in the
C-scale pixel is >0.6 (VWC > 1.84 kg/m2), but the vegetation
fraction in the M-scale pixel is <0.4 (VWC < 1.22 kg/m2), the
difference in TBH(M) can reach as much as 10.8 K, resulting
in a difference in SM by as much as 0.05 m3/m3 , as shown in
Fig. 13(d).

We further explored whether these differences in retrieved SM
using TBV(M) and TBH(M) meet the SMAP mission target, as
shown in Fig. 13(e) and (f). For the V-pol, when the vegetation
fraction in the C-scale pixel >0.5 (VWC > 1.6 kg/m2), dif-
ferences of retrieved SM for all vegetation fractions in M-scale
pixels are lower than the SMAP mission target when using
TBV(M). In addition, when the vegetation fraction in the C-
scale pixel is <0.5, and the difference of vegetation fractions
between C- and M-scale pixels is >0.18, the differences in re-
trieved SM are higher than the SMAP mission target. For the
H-pol, over the entire range of vegetation fraction in the C-scale
pixel, the difference in retrieved SM using TBH(M) is higher
than the SMAP mission target when the difference of vegetation
fractions between C- and M-scale pixels is >0.23.

These results show that the difference in TB(M), and hence,
in retrieved SM, due to the difference from using βopt or βrvi is
nonnegligible, particularly for highly heterogeneous landcovers.
Therefore, quality flags may need to be applied under such
conditions when accurate VWC is not available. In addition, the
development of a more sophisticated algorithm that is able to
accurately estimate VWC from microwave observations for β
values is suggested.
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Fig. 13. Difference in TB(M ) due to the difference in βopt and βrv i for (a) V-pol and (b) H-pol, and the difference in the retrieved SM due to (c) ΔTBV(M )
and (d) ΔTBH(M ) under different combinations of vegetation fraction in C- and M-scale pixels. The conditions that the differences of retrieved SM meet the
SMAP mission target of 0.04 m3 /m3 using (e) TBV(M ) and (f) TBH(M ), where the brown and green colors show higher and lower than the target, respectively.

V. SUMMARY AND CONCLUSION

This study evaluates the linearity of AP observations under
different surface roughness and growth stages of sweet corn
and their impacts on the β and Γ for the current combined AP
algorithm. During the smooth dry bare soils, AP observations
did not follow a theoretical negative-sloped linear relationship.
This will mislead the algorithm and result in incorrect TB(M)
estimation for SM retrieval. When the surface backscatter is
the dominant scattering mechanism, AP observations exhibit
robust linearity with r2 > 0.75 for both V- and H-pol. During
the growing season of sweet corn, linear relationship between
AP observations were still true with r2 > 0.52 for both V- and
H-pol. For V-pol, the β values change, following the variable
sensitivity of the backscatter to the vegetation growth stage, but
they are relatively consistent over the growing season for H-pol.
However, when using RVI as a surrogate for VWC to determine
an appropriate β value for the AP algorithm, incorrect β values

were produced because RVI is particularly sensitive to errors in
the cross-pol observations.

The uncertainties in the TB(M) due to β and Γ values un-
der different levels of heterogeneities were quantified. The re-
sults show that when the vegetation fractions in the M- and
C-scale pixels are significantly different by >0.6, equivalent
to 1.8 kg/m2 , the propagated uncertainties in retrieved SM
were as high as 0.06 m3/m3 , a bit higher than the SMAP mis-
sion target. The difference in the TB(M) due to the difference
from using βopt versus βrvi , that may introduce additional er-
rors, was also evaluated. The difference in the retrieved SM
could reach as high as 0.5 m3/m3 , when the vegetation frac-
tion is >0.8 in the M-scale pixel but <0.2 in the C-scale pixel.
This suggests that a quality flag may need to be applied for
these highly heterogeneous terrains where accurate vegetation
parameters are not available for the determination of growth
stages.
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This study used AP and vegetation observations from two
season-long field experiments to explore the potential errors
that may be introduced into the SMAP SM product by using
the combined AP algorithm when the SMAP radiometer field
of view is heterogeneous. This algorithm often works within the
SMAP requirement of SM retrieval within 0.04 m3/m3 , but in
some highly heterogeneous cases the error exceeds this value.
Another contribution of this paper is the tabulation of β values
for sweet corn under various growth stages. A further finding is
that the use of RVI to determine the appropriate growth stage
introduces significant errors in the retrieved SM, and we suggest
the development of a more sophisticated algorithm to determine
the vegetation growth stage.
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