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Evaluation of the Bayesian Downscaling Algorithm
for Achieving Higher Resolution Soil Moisture Data

Xiaoling Wu , Jeffrey P. Walker , and Nan Ye

Abstract—The NASA-launched Soil Moisture Active Passive
satellite mission (SMAP) had the objective to globally characterize
soil moisture with an intermediate resolution (9 km), through the
integration of radar (3 km) and radiometer (36 km) observations.
The SMAP team has evaluated various downscaling techniques
to achieve this goal. This study examined the performance of an
additional downscaling technique, the Bayesian merging method,
as an alternative candidate approach. This method breaks from the
standard linear downscaling techniques of SMAP, opting instead
for a more innovative approach based on Bayes’ theorem. Here,
the intermediate resolution soil moisture is achieved via the incor-
poration of a background estimate, which is refined through com-
parison between observed and predicted brightness temperatures
and backscatter coefficients that link the high- and low-resolution
data. However, it is crucial to assess the robustness of the Bayesian
method using actual satellite observations, in addition to its prior
evaluation using synthetic datasets. The fourth Soil Moisture Active
Passive Experiment (SMAPEx-4), conducted in Australia, repre-
sented the sole occasion for concurrent high-resolution airborne
observations during operation of the SMAP radar. As such, this
study employed the Bayesian algorithm using the SMAP datasets
throughout the SMAPEx-4 period. Downscaled soil moisture prod-
ucts from this method, as well as from the official baseline and
enhancement techniques, were compared. The average root-mean-
square-error and R2 of the 9 km downscaled soil moisture were
found to be 0.035 cm3/cm3 and 0.55 for the Bayesian method,
0.093 cm3/cm3 and 0.35 for the baseline, and 0.069 cm3/cm3 and
0.41 for the enhancement method.

Index Terms—Active and passive, resolution improvement, Soil
Moisture Active Passive Experiment (SMAPEx), soil moisture
retrieval.

I. INTRODUCTION

SOIL moisture data at a medium resolution of approxi-
mately 9 km on a global scale can greatly contribute to

various hydrological and meteorological applications, such as
flood forecasting, drought assessment, weather forecasting, and
agriculture administration [1]. The primary challenge in utilizing
remote sensing technologies for soil moisture measurement lies
in balancing the tradeoff between resolution and radiometric
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precision. While microwave radiometry is widely recognized
as the most effective technique for accurately retrieving surface
soil moisture, its low resolution of approximately 40 km restricts
its usage for regional-scale applications [2], [3]. Conversely,
the radar microwave sensing technique, which boasts a higher
resolution being better than 3 km, often struggles to accurately
retrieve global soil moisture because of the high level of noise.
Consequently, the Soil Moisture Active Passive (SMAP) mission
of NASA aimed to address the limitations of both the radar and
radiometer technologies by incorporating both into its design.
This combination was intended to result in soil moisture products
of intermediate resolution, being approximately 9 km [4], [5].

Apart from radar, high-resolution data from other sensors
including optical and thermal also offers a potential solution to
disaggregating large pixels into smaller ones [6], [7], [8]. More-
over, additional information on factors controlling soil mois-
ture variability, such as soil properties, vegetation characteris-
tics, or meteorological observations could be used to disaggre-
gate the low-resolution passive microwave observations, using
either physical models or empirical relationships [9]. However,
intermediate resolution soil moisture retrievals from the above
mentioned downscaling algorithms are limited by the availabil-
ity of the soil and vegetation properties required as inputs by the
methods at global scale and high resolution. It should also be
noted that the use of optical data is limited to clear sky conditions,
while the active–passive microwave approach has the advantage
of being applicable under all weather conditions.

The active–passive method is commonly implemented
through the integration of both radiometer and radar data utiliz-
ing a linear downscaling technique. Two methodologies, namely
the SMAP official baseline algorithm and the optional down-
scaling algorithm, have been put forward as potential solutions
[10], [11]. These methods, in conjunction with an additional
linear downscaling method referred to as the change detection
method [12], were assessed using prelaunch data [13]. Compar-
ison of those methods indicated that the optional downscaling
method produced the most favorable outcome in terms of re-
trieving soil moisture at an intermediate resolution. Given that
all three active–passive downscaling algorithms are linear in
nature, relying on the premise of linear correlation between
passive and active data, it is advisable to evaluate other possible
active–passive combination approaches for the SMAP mission.

One such alternative is the Bayesian merging method, which
uses a nonlinear approach to retrieve soil moisture at medium
resolution [14]. Such evaluations should be conducted within a
comparable experimental framework to ensure a fair comparison
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TABLE I
SUMMARY OF DATASETS USED IN THIS STUDY, INCLUDING DATA FROM THE SMAP SATELLITE AND FROM THE SMAPEX-4 FIELD CAMPAIGN IN AUSTRALIA

DURING MAY 2015

of results. According to Zhan et al. [14], the Bayesian method
demonstrated encouraging outcomes in the retrieval of soil
moisture at the resolution of 9 km, with a root-mean-square-error
(RMSE) of 0.027 cm3/cm3 when utilizing synthetic data with
low-level noise, and 0.044 cm3/cm3 when utilizing synthetic
data with high-level noise. The low- (0.1–1.0 dB) and high-level
(1.0–2.0 dB) scenarios were simulated due to limited knowledge
about actual radar noise levels. However, the development and
implementation of the synthetic data used in work [14] were
based on numerous assumptions that may not be thoroughly
justified. Hence, the aim of the current study was to assess
the validity of the Bayesian method using actual observations
from the SMAP satellite’s radar and radiometer data. This
was achieved through comparison with the officially released
SMAP downscaled products, including those obtained through
the baseline algorithm and the resolution enhancement method.

II. DATASET AND STUDY AREA

As listed in Table I, two main datasets were used in this
study: the actual SMAP radar and radiometer data, and the
field data obtained from the extensive field campaign in NSW
Australia, namely the 4th Soil Moisture Active Passive Exper-
iment (SMAPEx-4). Accordingly, the satellite data analyzed
in this study were acquired in May 2015, during the period
when the SMAP radar sensor was still operational, allowing
the Bayesian downscaling technique to be assessed using seven
days of airborne observations: 2nd, 5th, 10th, 11th, 18th, 19th,
and 21st of May 2015.

The SMAP data used include the 36 km resolution brightness
temperature (Tb) from the radiometer at h-pol and v-pol and its
retrieved soil moisture at the same resolution, the 3 km resolution
backscatter (σ) from the radar at hh-pol, vv-pol, and hv-pol,
the retrieved soil moisture at the same resolutions, the ancillary
data used for both the radar and radiometer retrieval models,
the active–passive downscaled 9 km soil moisture product,
and the Backus–Gilbert enhanced soil moisture product posted
onto the 9 km grid. The ancillary data utilized in this study
encompass the vegetation parameters such as vegetation water
content (VWC) and the parameter b that is dependent on the

Fig. 1. Location and coverage of the SMAPEx-4 field campaign. The cam-
paign was conducted in Yanco, NSW, Australia, from 1 to 22 May 2015. The
flight area (in orange) for SMAP is ∼72 km × 85 km. Rectangle in black with
the size of ∼36 km × 36 km is the main study area where the ground sampling
activities were conducted.

type of vegetation, surface roughness parameter h, and surface
temperature Tsurf, all of which are incorporated in the forward
modeling of brightness temperature and backscatter within the
context of the Bayesian downscaling framework. It is noteworthy
to mention that the accuracy of these parameters has the potential
to impact the accuracy of the downscaled soil moisture produced.

The field data, used here as the reference data only, were
collected from the SMAPEx-4 field campaign conducted in the
township of Yanco in New South Wales in Australia from May 1
to May 22, 2015 (see Fig. 1). The SMAPEx field campaign was
crafted with the objective of acquiring airborne microwave data
including active and passive observations, along with ground
collected soil moisture data and any relevant ancillary parame-
ters, during SMAP overpasses. This was done to provide refer-
ence observations of both microwave and soil moisture data for
the SMAP mission.
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Fig. 2. Map of land use (left) and map of surface roughness h (right) for the
SMAPEx-4 study area.

The study site was chosen for SMAPEx due to its favorable
conditions, including a flat topography, widespread availabil-
ity of in situ stations for soil moisture monitoring, and its
representation of typical surface conditions such as soil type,
vegetation, and land use found in semi-arid environments. Maps
of land use and surface roughness are shown in Fig. 2. The
site is situated within the grazing and semi-arid agricultural
region of the Murrumbidgee River catchment of south-eastern
Australia and is part of the broader Murray-Darling basin. De-
scriptions of the SMAPEx site and its monitoring schedules
can be found from work [15], with complete details of the
experimental workplan available on the experiment website.1

Airborne observations collected during SMAPEx-4 covered
an area equivalent to four SMAP-sized radiometer footprints,
which measured approximately 71 km × 85 km at that latitude.
Please note that only results on the black rectangle in Fig. 1
(with a size of ∼36 km × 36 km) are shown and discussed in the
following sections, as this is the area where the ground sampling
activities had taken place.

The main sources of field data utilized in this study include
the airborne observations obtained from the polarimetric L-band
multibeam radiometer (PLMR). These data included brightness
temperature at both h- and v-polarization, with a resolution of
1 km, as well as the derived soil moisture. Both the observed
brightness temperature and the inversed soil moisture data were
further aggregated to 3 km resolution and 9 km resolution in
order to evaluate the performance of the downscaling algorithm
at these resolutions. This retrieved soil moisture from PLMR
has been validated against the ground soil moisture which
was collected using a handheld instrument (Hydraprobe Data
Acquisition System) at 250 m resolution. The airborne data
underwent a series of processing steps, including calibration,
temperature correction, and angle normalization, to serve as a
reference dataset prototype for the SMAP mission [16]. An-
cillary parameters regarding the vegetation, surface roughness,
surface temperature, etc. were also used here for soil moisture
retrieval from the PLMR observations.

III. METHODOLOGY

The total area consists of approximately four SMAP ra-
diometer footprints. The Bayesian downscaling procedure was

1[Online]. Available: www.smapex.monash.edu.au.

implemented for each footprint and a brief overview is provided
here, with comprehensive information provided in [14]. Within
each 36 km × 36 km area the optimal soil moisture estimates,
θ(F), at a given resolution “F” (in this study, either 3 or 9 km) can
be calculated from an initial background soil moisture estimate,
θb, using the Kalman filter update equation [17]. Accordingly,
this background estimate is updated based on the discrepancy
between the observation Z and the estimated observation (bright-
ness temperature and backscatter) given by h([θb]), as seen in
the following practical application of Bayes’ theorem:

[θ (F )] = [θb] + [K]× {[Z]− h ([θb])} . (1)

Fig. 3 shows a flowchart of this downscaling method. The
final retrieved soil moisture [θ(F)] is a vector of values for each
3 km pixel within a SMAP radiometer footprint in the study
area. Meanwhile, [θb], denoting the vector of background soil
moisture, is also represented in the same manner, at each 3 km
pixel within the same footprint.

The [θb] can be obtained through two alternative approaches,
which have been evaluated in this implementation. The first is
obtained from the 36 km resolution SMAP Tbh, via a single-
channel passive microwave retrieval method [18], [19]. The
second source is acquired from the 3 km resolution SMAP
backscatter that utilizes a fusion of three active microwave
retrieval models [20], [21], [22].

The observation function, h([θb]), considers the soil
covered by vegetation, and so predicts the brightness
temperature and backscatter using the forward models with
the background soil moisture on a 3 km resolution grid. In
terms of [Z], it contains SMAP observations including 36 km
resolution brightness temperature at h- and v-pol, as well as
3 km resolution backscatter σ at hh, vv, and hv-pol. The Kalman
gain, [K], is derived from uncertainties in the observations and
the background states through

[K] = [P ]
[
HT

]
/
(
[H] [P ]

[
HT

]
+ [R]

)
(2)

where the matrix [P] symbolizes the error covariance of the
background soil moisture, the matrix [R] symbolizes the error
covariance of the observations, and the matrix [H] is the linear
form of the function h([]) that relates the observations vector to
the background state vector. Here, [P] was estimated through
two methods: 1) by comparing the background soil moisture
vector [θb] to the reference soil moisture from the airborne
PLMR sensor, or 2) as the difference between SMAP radar-
based background and SMAP radiometer-based background soil
moisture. The comparison of results from both methods aimed
to determine assess the practical approach for estimating [P]
in an operational context from the second approach, with those
of the best available estimate from the first approach. As [R]
is founded on the instrument parameters and the precision of
the data processing, particularly the accuracy of calibration as
outlined in the SMAP algorithm theoretical basis documents.
Moreover, [H] was represented by the first derivative (Jacobian)
of the observation function h([θb])

[H] = δh ([θb]) /δ [θ] . (3)

www.smapex.monash.edu.au
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Fig. 3. Flowchart of the Bayesian downscaling method.

For a single pixel-wise implementation, the vector [Z] en-
compasses 434 observations in this study, including two SMAP
brightness temperatures at 36 km being h- and v-pol, and
backscatter at three polarizations including hh-, vv-, and hv-pol
taken at each of the 144 3 km × 3 km pixels. The elements of the
observation vector [Z], the predicted observation vector h([θb]),
and the matrix [H] are represented as follows:

[Z] = [Tbh Tbv σhh,1 σvv,1 σhv,1

. . . σhh,144 σvv,144 σhv,144]
T
434×1 (4)

h ([θ])=[Tbh (θb) Tbv (θb) σhh,1 (θb) σvv,1 (θb) σhv,1 (θb)

. . . σhh,144 (θb) σvv,144 (θb) σhv,144 (θb)]
T
434×1 (5)

[H]=

⎡
⎢⎣

δTbh/δθf,1 · · · δTbh/δθf,144
...

. . .
...

δσhv,144/δθf,1 · · · δσhv,144/δθf,144

⎤
⎥⎦
T

434×144.
(6)

[P ] =

⎡
⎢⎣
θb_P−θb_A,1 · · · 0

...
. . .

...
0 · · · θb_P−θb_A,144

⎤
⎥⎦
T

144×144.

(7)

In (4)–(6), each SMAP radiometer footprint consists of 144
3 km × 3 km pixels, with a total of 434 observations made
for each footprint. These observations include one brightness
temperature measurement for both h- and v- polarizations, as
well as 144 backscatter measurements for each of the three
polarizations hh-, vv-, and hv. The error covariance of the back-
ground soil moisture field constituted the 144 diagonal values
of [P], while zeros were assigned to all off diagonal elements as
shown in (7), with the assumption of uncorrelated soil moisture
error among the 3 km pixels. In terms of the matrix [R], the
434 diagonal elements were set as the observation accuracy of

SMAP for the passive (1.3 K for both h- and v-pol) and active
data (1 dB for hh-, and vv-pol, 1.5 dB for hv-pol), while the off
diagonal elements were also assigned zeros, with the assumption
that observation errors were independent of each other in both
spatial and polarization domains.

The resulting soil moisture values obtained through the down-
scaling process [θ(F)] were compared to the soil moisture
reference map with a resolution of 3 km, derived from high-
resolution PLMR observations with a resolution of 1 km [23].
The Bayesian algorithm’s performance was then assessed by
comparing its results to the SMAP baseline algorithm in [13],
and the SMAP resolution enhancement method. The SMAP
resolution enhancement method is based on the Backus–Gilbert
optimal interpolation technique which utilizes the information
contained in the oversampling to produce a slightly enhanced
spatial resolution (27 km rather than 36 km), and posted onto
a 9 km grid. Accordingly, the accuracy of this product at an
assumed 9 km spatial resolution was assessed, along with the
downscaled results at a 9 km. Two distinct approaches can be
used to obtain the downscaled results at 9 km resolution: 1) by
linearly upscaling the downscaled data from 3 to 9 km resolution,
and 2) by utilizing the SMAP radar backscatter aggregated to
9 km resolution directly as the input of [Z]. The performance of
both approaches was evaluated.

The Bayesian algorithm present here have been previously
studied by Zhan et al. [14] and Wu et al. [24]. Zhan et al.
[14] has shown the feasibility of this algorithm for acquiring
medium-resolution soil moisture product by using synthetic
radar and radiometer data; while Wu et al. [24] evaluated the
same approach but using data from SMAPEx-3 field campaign.
Data from SMAPEx-3 2011 were first processed to mimic
SMAP data (which were not launched by then) and then analysis
was performed on different soil moisture retrieval methods. But,
in this article, the novelty is that it is the first ever evaluation of
Bayesian downscaling algorithm using real SMAP radiometer
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Fig. 4. 3 km resolution SMAP radar backscatter at hh-pol on D1, D4, and D7 together with the soil moisture (cm3/cm3) maps derived from those backscatter
data.

and radar data. Reference data from SMAPEx-4 2015 provided
the only opportunity, while SMAP radar was still functioning
and therefore worth investigating of the Bayesian algorithm with
such realistic satellite data.

IV. RESULTS AND DISCUSSION

A. Estimation of the Background Soil Moisture Field

Estimating the background soil moisture was achieved by di-
rectly inverting either 1) the 36 km resolution SMAP brightness
temperature or 2) the 3 km resolution SMAP backscatter. Thus,
there are four different sources for estimating the background
field: from the 36 km SMAP brightness temperature and SMAP
ancillary data (Type 1); from 3 km SMAP radar and SMAP
ancillary data (Type 2); from 36 km SMAP radiometer and
actual ground ancillary data (SMAPEx field data; Type 3); or
from 3 km SMAP radar and actual ground ancillary data (Type
4). The soil moisture values for Type 1 and Type 2 were obtained
directly from SMAP published products, while the background
soil moisture value for Type 3 was calculated in this study
from h-pol Tb utilizing the single channel τ -ω model [19], and
the soil moisture value for Type 4 was computed using the
active retrieval model, as described in [14], based on hh-pol
backscatter. Comparison between Type 1 and Type 3 background
fields across seven days is displayed in Table I. An example of
the SMAP radar observation and the retrieved soil moisture on
D1, D4, and D7 (D refers to day) is illustrated in Fig. 4. The
spatial variation in surface roughness (as shown in Fig. 2) and
vegetation structural characteristics have been shown to have a
notable impact on the accuracy of soil moisture retrievals using
the active remote sensing. Therefore, it is crucial to consider
these factors when estimating soil moisture at a fine spatial
resolution through downscaling, as their effects can propagate
through the retrieval process and potentially result in substantial
errors in the derived soil moisture values.

Type 1 and Type 2 background soil moisture data are discussed
in the following context. First, the most appropriate background
soil moisture value was selected between the active and passive
soil moisture retrieval models. Next, [P] was calculated as the
error covariance by comparing the background soil moisture
against the reference soil moisture obtained from PLMR.

Utilizing the background soil moisture obtained from the
SMAP radiometer or SMAP radar, the Tb and σ were then
calculated through the forward models. Their first derivatives
(Jacobian) were also calculated accordingly. Table II shows the
time series of the estimated Tb and associated Jacobians across
the seven days of the field campaign, with the estimated σ and
Jacobian on D1 illustrated as an example in Fig. 5, when the
SMAP radiometer inversed soil moisture at 36 km was used
as the background field. Consequently, by comparing with the
observed brightness temperature, the RMSE of the estimated
brightness temperature was around 14 K at h-pol and 13 K at
v-pol across the seven days; and the RMSE of the estimated
backscatter was approximately 2.9 dB at hh-pol, 2.1 dB at vv-pol,
and 12.6 dB at hv-pol. In contrast, Table III displays the changes
of estimated Tb and their Jacobians across the seven days; the
estimated σ and Jacobian on D4 are presented in Fig. 6 as an
example, when the SMAP radar-derived soil moisture at 3 km
was taken as the background. The RMSE of the estimated bright-
ness temperature in this circumstance was found to be higher, at
approximately 10 K at h-pol and 8 K at v-pol, and the RMSE of
the estimated backscatter was approximately 3.6 dB at hh-pol,
3.0 dB at vv-pol, and 14.1 dB at hv-pol, than when adopting the
radiometer inversed soil moisture as the background.

Evaluation on all seven days was conducted, with consistent
results obtained for each day. Figs. 5–7 presents the results
obtained for day D1 as an example. When the background
soil moisture inversed from the SMAP radiometer, the 9 km
resolution RMSE against the reference soil moisture on D1
was 0.021 cm3/cm3. The correlation coefficient between the
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TABLE II
TIME SERIES OF OBSERVED BRIGHTNESS TEMPERATURE (TB, IN K) AND ESTIMATED BRIGHTNESS TEMPERATURE (FROM RADIOMETER INVERSED BACKGROUND

SOIL MOISTURE) AT H-POL AND V-POL AT 36 KM RESOLUTION, AND THEIR FIRST DERIVATIVES (JACOBIAN) ACROSS THE SEVEN DAYS OF THE AIRBORNE

CAMPAIGN

TABLE III
TIME SERIES OF OBSERVED BRIGHTNESS TEMPERATURE (TB, IN K) AND ESTIMATED BRIGHTNESS TEMPERATURE (FROM FORWARD MODEL USING 3 KM RADAR

INVERSED BACKGROUND SOIL MOISTURE) AT H-POL AND V-POL AT 36 KM RESOLUTION, AND THEIR FIRST DERIVATIVES (JACOBIAN) ACROSS SEVEN DAYS
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Fig. 5. Example of the observed and estimated radar backscatter, and first derivatives (Jacobian) at hh-pol, vv-pol, and hv-pol at 3 km resolution on D1, using the
background soil moisture derived from the 36 km resolution SMAP radiometer on the same day.

downscaled and reference soil moisture was approximately 0.38.
Conversely, when using the background soil moisture retrieved
from the SMAP radar, the resulting RMSE was 0.165 cm3/cm3,
which is higher than when using the soil moisture inversed from
the radiometer. The correlation coefficient (R2) in this case was
approximately 0.11. Similar to the findings on D1, the results on
other days also demonstrated that background soil moisture from
the SMAP radiometer yielded much higher accuracy in down-
scaled soil moisture compared to that from the SMAP radar.
The inadequate performance from the radar-based estimation of
soil moisture may be due to the use of SMAP’s default ancillary
parameters for retrieval and forward estimation, resulting in an
inaccurate background soil moisture. Consequently, based on
the comparison of these two methods, the SMAP radiometer
for background soil moisture retrieval was selected for further
assessment of the Bayesian downscaling approach.

B. Downscaling Performance and Discussion

The analysis conducted above indicated that the SMAP ra-
diometer retrieval of soil moisture provided the most suitable
soil moisture background for the subsequent predictions of
brightness temperature and backscatter values. Therefore, this
method was chosen for further modeling and analysis. The error
covariance [P] was calculated by comparing the soil moisture
estimates retrieved from both the radiometer and radar methods,
since the actual soil moisture measurements were not available

for the SMAP application. A comparison was conducted be-
tween the estimated [P] and the “true” [P] obtained from the
difference between the background and reference maps. This
comparison allowed for a more rigorous evaluation of the accu-
racy of the background soil moisture used in the SMAP analysis.
The average difference between the RMSE of the estimated and
“true” diagonal elements of [P] was 0.052 cm3/cm3 across the
seven days of SMAPEx-4. Due to there being no true map of
soil moisture at high resolution from SMAP, the downscaling
procedure presented here relies on the estimated [P]. Never-
theless, in order to evaluate the influence of [P] estimation on
the downscaling performance, the findings are juxtaposed with
those obtained using the actual diagonal elements of [P].

The Bayesian downscaling was performed for each of the
seven days. In addition, results at 9 km resolution were acquired
through two methods, as described before, by 1) linearly upscal-
ing the downscaled results at 3 to 9 km; and 2) directly utilizing
the aggregated SMAP radar observations at 9 km resolution as
the input rather than the original 3 km resolution. Only minor
differences were found in terms of the downscaling accuracy
between two methods, being less than 0.003 cm3/cm3. As a
result, the following figures and statistics are all based on the
linear aggregation approach.

To assess the performance of downscaling, three days (D1,
D4, and D7) were selected from the full 7-day experimen-
tal period as an example. Those three days were selected as
they captured the changes in vegetation and surface roughness
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Fig. 6. Example of the observed and estimated backscatter and first derivatives (Jacobian) at hh-pol, vv-pol, and hv-pol at 3 km resolution on D1, using the
background soil moisture derived from the SMAP radar on the same day.

Fig. 7. Spatial plots of downscaled soil moisture (cm3/cm3) and reference soil moisture (obtained from PLMR Tb via the single channel method) at 3 km resolution
on D1, and the difference in soil moisture between those two. The background field was inversed either from 36 km resolution SMAP brightness temperature (Tb),
or from 3 km resolution SMAP backscatter.
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Fig. 8. Spatial plots of downscaled soil moisture (cm3/cm3) from Bayesian merging algorithm, reference soil moisture map and their absolute differences at 3 km
and 9 km resolution respectively. Data used here were collected from D1.

Fig. 9. As for Fig. 8 but on D4.

throughout the entire SMAPEx-4 period. The downscaling re-
sults for the selected three days are in Figs. 8 –10, after excluding
waterbodies and townships in a preprocessing step.

Upon comparison of the downscaled soil moisture with the
reference map, it was observed that the downscaling error in
the western areas of the SMAPEx-4 site was greater than in
any other area, possibly owing to the influence of varying
land cover types. The north-western area of the site, which
was primarily used for cropping, exhibited greater variability
in surface conditions including surface roughness, vegetation
types and heights, biomass, and vegetation water content, as
compared to the eastern area, which was predominantly covered
by uniform grasslands. The nonuniform vegetation cover in the
cropping-dominated western area affected the accuracy of radar
observations in capturing the spatial distribution of soil moisture
across the entire site, in contrast to the relatively homogeneous

grassland in the eastern area. The impact of surface conditions
on downscaling accuracy was found to decrease from 3 to 9 km.
As shown in Fig. 2, the heterogeneity in vegetation and surface
roughness, which affected the accuracy of the radar observations
at 3 km, was effectively mitigated by pixel averaging at 9 km.
Accordingly, the error in downscaling was reduced when applied
at coarser resolutions. A comparison of the pattern matching
between the downscaled soil moisture maps and reference maps
revealed that the results for D7 were the poorest among the
three selected days. The soil moisture variability was found to
be higher across the SMAPEx site in the reference map shown
in Fig. 10 at a resolution of 3 km, which could be attributed to a
rainfall event that occurred in the northeast region. Conversely,
the results for D1 and D4 exhibited a better match with the
reference map as compared to D7, since the heterogeneity across
the site was reduced.
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Fig. 10. As for Fig. 8 but on D7.

TABLE IV
COMPARISON OF DOWNSCALING RESULTS IN TERMS OF ROOT-MEAN-SQUARE-ERROR (RMSE, IN CM3/CM3), MEAN ABSOLUTE ERROR (MAE, IN CM3/CM3) AND

CORRELATION COEFFICIENT (R2) AT 9 KM RESOLUTION ACROSS SEVEN DAYS OF SMAPEX-4 AMONG THREE DOWNSCALING METHODS: SMAP BASELINE

ALGORITHM, BAYESIAN MERGING METHOD, AND SMAP ENHANCEMENT ALGORITHM

Results for the seven days can be found in Table IV. It
has been observed that toward the end of the campaign, there
was an increase in the error of downscaling, which could be
attributed to a corresponding increase in variation of the surface
conditions (raining event in some part of study area near the
end of the campaign). Results from the other two methods
are also shown in Table IV. Accordingly, the SMAP baseline
algorithm produced the least satisfactory results, due to a poor
linear relationship and/or different patterns displayed by the
radar and radiometer observations. The resolution enhancement
method gave the next best results. While in this study the
downscaling method that relied upon Bayes’ theorem and the
enhancement method had a similar mean absolute error (MAE),
the baseline method showed the largest average MAE across
the seven days. However, in terms of RMSE, the best results
was found from the Bayesian method, with an improvement of

approximately 0.058 cm3/cm3 over the baseline algorithm and
0.034 cm3/cm3 over the resolution enhancement method at 9 km
resolution.

In addition to evaluating the performance on individual days,
the three methods were compared by combining the results
from all seven days, as presented in Table IV (“Combined”).
The MAE, RMSE, and correlation coefficient R2 were obtained
by comparing downscaled soil moisture to the reference soil
moisture map over the seven-day period. Again, the baseline
method demonstrated the weakest relationship between down-
scaled results and the reference soil moisture map.

V. DISCUSSION

The results above indicated that the supposition of a linear
association between radiometer and radar data might require
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Fig. 11. Spatial distribution of root-mean-square-error (RMSE, cm3/cm3) at top and correlation coefficient (R2) at middle, and scatterplots between downscaled
soil moisture (cm3/cm3) and reference soil moisture (cm3/cm3) for Bayesian merging method, SMAP baseline algorithm and SMAP enhancement algorithm at
9 km resolution. Result was calculated by comparing the downscaled soil moisture to the reference soil moisture map at each 9 km pixel across seven days.

re-examination, particularly over mixed cropping areas. The res-
olution enhancement method had a slightly better performance
over the baseline method, attributed to the fact that radiometer
data is more correlated to soil moisture and less impacted from
vegetation than radar. The 9 km resolution soil moisture achieved
through the Bayesian merging algorithm exhibited an RMSE of
approximately 0.035 cm3/cm3. Regarding correlation between
the 9 km resolution downscaled product and the reference soil
moisture map, the Baseline and Enhancement methods exhibited
similar performance, while the Bayesian algorithm exhibited
slightly better performance.

The spatial distribution of RMSE and R2 has been analyzed
for all three methods by comparing downscaled soil moisture to
the reference across the seven days at each pixel. These results
can be found in Fig. 11. The resulting RMSE and R2 across the
entire study area indicated that the western region dominated by
crops presented a higher RMSE and lower R2 than the eastern
grassland in Bayesian results, possibly attributed to the influence
from vegetation characteristics and surface roughness parameter
on radar observations. However, the discrepancy in RMSE and
R2 across the whole region decreased when the results were
averaged to larger scales. Particularly at 9 km resolution, the
Bayesian downscaling algorithm demonstrated some favorable
outcomes.

Analysis and discussions above are all based on Type 1 or
Type 2 background soil moisture, which only used the SMAP

ancillary parameters over the Australian region. Given that the
radiometer-based background had a better performance than the
radar-based background, Type 4 was not actually considered,
and thus only Type 3 (combining SMAP 36 km radiometer Tb
and SMAPEx-4 field ancillary data) was actually tested. The
resulting RMSE based on Type 3 was 0.029 cm3/cm3 (averaged)
for the Bayesian merging method, confirming that an improved
accuracy of ancillary data for estimating the background field
does indeed have the potential to improve the downscaling
performance.

VI. CONCLUSION

The efficacy of the Bayesian merging approach as a medium-
resolution soil moisture mapping technique was evaluated
through the use of both coarse radiometer data and fine resolu-
tion radar data. Moreover, the applicability of this downscaling
method to the SMAP satellite mission was evaluated in this study
by utilizing real satellite data obtained from SMAP official active
and passive products, and the field campaign named SMAPEx-4
conducted in Australia, in place of the synthetic data used during
the development phase of the satellite mission. The accuracy of
the Bayesian algorithm largely depends on the accuracy of radar-
based inversion of soil moisture at high resolution. Accordingly,
a more advanced radar retrieval algorithm is expected to further
improve the performance of the Bayesian method. However,
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compared to other methods used for determining soil moisture
at an intermediate resolution, the non-linear algorithm based
on Bayes’ theorem even with the radar model applied in this
research exhibited superior outcomes in terms of RMSE and
correlation R2 at 9 km resolution, outperforming the SMAP offi-
cial baseline algorithm and the resolution enhancement method.
One potential drawback of the Bayesian algorithm as applied
here was its reliance on default parameters during radar-based
soil moisture retrieval. As such, it is believed that the adoption of
a more sophisticated radar model would increase the Bayesian
merging method’s ability to produce a more accurate medium-
resolution soil moisture product, surpassing the performance
of currently proposed alternative methods. Unfortunately, the
SMAP radar failed shortly after launch and so the true value of
using L-band radar for retrieving soil moisture has never been
fully realized. It is anticipated that radar data from the series of
SMAPEx field campaigns could contribute to the development
and demonstration of radar soil moisture retrieval models, espe-
cially the availability of multi angular and multi temporal radar
datasets which may help investigate the impact from vegetation
and other surface conditions in future studies.
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