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ARTICLE INFO ABSTRACT

Edited by Jing M. Chen Current space-borne L-band radiometers have been routinely providing global soil moisture maps every 2 to 3

days for more than 15 years. However, they can only estimate soil moisture in the top 5 cm of the soil, which

Keywords: limits its usefulness in applications that need deep layer soil moisture. Fortuitously, recent work has shown that

P-band there is a potential to retrieve root zone soil moisture (RZSM) when combining P-band radiometer data with L-

;'b;nd . band radiometer data at the same spatial resolution. Nevertheless, there are antenna size limitations that
adiometer

currently restrict L-band radiometer data to a resolution of 40 km. Accordingly, if the same antenna is used for a
joint P-band (750 MHz) and L-band (1.4GHz) satellite mission, the footprint size at P-band will be double that
attained at L-band, limiting its usefulness in applications and making joint interpretation difficult. It is therefore
essential to downscale the P-band radiometer measurements to at least the same resolution as the L-band
measurements. Consequently, this paper has explored three alternative passive-passive P-band downscaling al-
gorithms using the spatial information that exists in the L-band radiometer data, to achieve P-band brightness
temperature (Tb) information at the same resolution as the L-band passive measurements. Analysis was con-
ducted using data from three airborne campaigns in south-eastern Australia, with resolutions ranging from 36 km
to 200 m under a range of moisture conditions and spatial characteristics. The three alternate downscaling al-
gorithms used in this paper, designated as Algorithm A, B, and C, were not only compared to determine which
generated the best performance, but were also analysed according to different land cover types and seasons. The
results demonstrated that the Smoothing Filter-based Intensity Modulation (SFIM) method, referred to as Al-
gorithm A, outperformed the others, with a median root mean square error (RMSE) compared to the original
observations of 3 K when downscaling to half of the original spatial resolution, increasing to around 8 K when
downscaling to 36 times finer than the original resolution.

Passive microwave
Spatial resolution
Downscaling

1. Introduction

Soil moisture is acknowledged as an essential climate variable due to
its direct impact on land-atmosphere interactions, influencing the
physical processes in climate change, climate variability, and vegetation
conditions (Seneviratne et al., 2010; World Meteorological Organiza-
tion, 2022). Moreover, with the world’s population predicted to reach
10 billion by 2050, agricultural productivity will need to increase by 70
% to maintain food security (World Bank Group, 2021). Consequently,
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soil moisture information will play a critical role in ensuring that sus-
tainable irrigation practices are applied in agriculture for achieving crop
yield improvement and for more efficient water resources management
(Merlin et al., 2013; Peng et al., 2021). Furthermore, it is the root zone
soil moisture that is most important in governing the soil and plant
dynamics for crop health, yield, and soil water monitoring, with around
75 % of plant roots being within the top 40 cm layer of soil globally
(Jackson et al., 1996; Li et al., 2006).

Microwave radiometer observations at L-band have demonstrated a
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Fig. 1. The APPLEx-1/—2 and PRISM-21 campaign locations near Yanco NSW, Australia together with the OzNet soil moisture monitoring network station locations.
A true colour Landsat-8 satellite image taken on 6 March 2021 is used as the background.

direct relationship with the dielectric properties of soil and water
(Escorihuela et al., 2010; Wagner et al., 2007) for more than three de-
cades (Engman and Chauhan, 1995), providing a capability to retrieve
soil moisture information globally (Wigneron et al., 2017). While the
success of L-band radiometer data for determining soil moisture has
been demonstrated through satellite missions like Soil Moisture Active
Passive (SMAP; Entekhabi et al., 2010) and Soil Moisture and Ocean
Salinity (SMOS; Kerr et al., 2010), their soil moisture estimate is limited
to the top 5 cm of the soil surface (Calvet et al., 2011) for areas with a
canopy layer having not more than 5 kg/m? of Vegetation Water Content
(VWGC; O’Neill et al., 2021). Importantly, the capability for P-band ob-
servations to retrieve the soil moisture content over deeper soil layer
depths (Shen et al., 2022; Ye et al., 2021) and for canopies with higher
VWC (Shen et al., 2023) has been demonstrated. Consequently, P-band
Tb at 750 MHz can be used to retrieve soil moisture to a depth of 10 cm
or greater under drying conditions (Shen et al., 2021), and down to a
depth of 28 cm depth or more with less than 0.04 m®/m® RMSE when
combined with observations of L-band Tb at 1.4GHz (Brakhasi et al.,
2024b, 2024a, 2023). However, as the spatial resolution is proportional
to the ratio of the wavelength and antenna size (Le Vine et al., 1989), a
bigger antenna is required at P-band to maintain the 35 km to 50 km
resolution of current L-band missions, having an antenna diameter of 6
m in SMAP (Entekhabi et al., 2014b), and an interferometric aperture
synthesis antenna with an arm length of around 4.5 m in SMOS,
resulting in an overall effective antenna size of around 8 m (Waldteufel
et al., 2003). At 750 MHz, this would mean an antenna size of at least 12
m, being impractical for current satellite platforms. Importantly, this
issue is not unique to observations at P-band. For example, the Coper-
nicus Imaging Microwave Radiometer (CIMR) mission currently under
development will have L-, C-, X-, K- and Ka-band radiometer channels
with separate antenna feeds illuminating a deployable mesh reflector,
being conically scanned on one satellite (Vanin et al., 2020). Conse-
quently, it is planned to use the C-band data to downscale the L-band

data from the same antenna (Zhang et al., 2023). Moreover, another
mission under development, called CryoRad, will include a single feed
radiometer operating in the range of 400 MHz — 2GHz, with an antenna
formed by an offset reflector with a diameter of 6-8 m (Macelloni et al.,
2018), providing different resolutions at each frequency, being 40 km
and 8 km at P- and L-band respectively. Accordingly, a downscaling
methodology will be needed to maintain the same spatial resolution for
the L- and P-band observation frequencies to take advantage of using L-
and P-band observations together for root zone soil moisture retrieval.

While previous downscaling methods have been tested to improve
the resolution of L-band radiometer data (Sabaghy et al., 2020, 2017) by
combining with higher frequency microwave radiometer observations
such as X-, S-, and Ka-band (Lu et al., 2022; Yao et al., 2019; Ye et al.,
2019), such an approach has not been tested at P-band. Moreover, those
applications have been impacted by atmospheric effects, the influence of
vegetation, and soil properties as roughness at the higher frequencies.
Since L-band and P-band are less susceptible to atmospheric conditions
compared to higher frequencies, and are less affected by vegetation and
surface roughness, it is expected that good results can be achieved using
a passive-passive downscaling approach, with the L-band observations
used to downscale the P-band observations. However, it is noted that L-
band has a different depth sensitivity to P-band, which can potentially
impact the downscaling accuracy. Henceforth, this study has tested
three linear downscaling relationships to increase the P-band resolution
using L-band, and assessed their performance under different land cover
types and seasonal conditions.

2. Data

The data used in this paper was collected during three campaigns; P-
band Radiometer Inferred Soil Moisture-21 (PRISM-21), and Active-
Passive P- and L-band Experiment-1 and -2 (APPLEx-1, APPLEx-2),
located near Yanco NSW, Australia (Fig. 1). These campaigns were
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Fig. 2. Derived land cover maps for (a) APPLEx-1, (b) APPLEx-2, and (c) PRISM-21. Note the substantial increase in open water for APPLEx-2 due to local-

ised flooding.

Table 1

Number of pixels that covered each land cover type for each campaign.
Land Cover Type PRISM-21 APPLEx-1 APPLEx-2
Almond - 5 3
Bare Soil 478 386 39
Wheat/Barely - 11 43
Corn 164 15 -
Cotton 144 66 -
Grass 678 694 141
Trees - 90 44
Canola - - 16
Stubble 7 - -

conducted in March 2021, February 2022 and October 2022 respec-
tively. APPLEx-1 data was acquired at 1 km resolution over an area of
36 km x 36 km to simulate a satellite pixel acquisition. Similarly,
APPLEx-2 L-band data was acquired at 1 km while P-band data was at 2
km resolution across the same 36 km x 36 km area. In contrast, PRISM-
21 was collected at 200 m resolution over a sub area of 3 km x 20 km.

The experimental aircraft was equipped with two passive microwave
radiometers, installed in succession. The first was the Polarimetric L-
band Multibeam Radiometer (PLMR) operating at 1.413GHz, dual-
polarization, and six incidence angles (+7°, +£21.5° & +38.5°). The
second was the Polarimetric P-band Multibeam Radiometer (PPMR)
operating at 750 MHz, dual-polarization, and four incidence angles
(£15° & +45°). During the APPLEx campaigns, the instruments were
installed in a pushbroom configuration, with the PLMR data angle
normalized to 38.5° and PPMR data angle normalized to 45°, being their
outer beams using a cumulative distribution function approach (Ye
etal., 2015). As the flight design of PRISM-21 allowed full area coverage
with the outer beams, angular normalization was not required. The
PLMR and PPMR calibration was conducted using the Tb measurements
from a calibration box at ambient temperature and the sky before and
after each flight, and over a water body during flights for each of the
airborne campaigns. The accuracy for PLMR was found to be 1.55 K +
0.70 K at H polarization and 1.36 K & 0.62 K at V polarization, while the
PPMR calibration resulted in an accuracy of 2.82 K + 1.04 K, and 3.34 K
+ 1.56 K for H and V polarizations respectively.

Complementary ground data included in-situ stations from the
OzNet network, recording precipitation, soil moisture and soil temper-
ature every 20 min at 0-5 cm, 5-10 cm, 10-15 cm, 15-20 cm, 20-25 cm

and 35-40 cm depth. This data allowed any brightness temperature bias
introduced due to a timing mismatch to be assessed, as the PPMR and
PLMR data were taken either on adjacent days (as in APPLEx-1) or a
different time of the same day (as in PRISM-21 and APPLEx-2), since it
was not possible to fly both PLMR and PPMR concurrently. To achieve
this, the effective soil temperature (Teg) of each station was calculated
with the Wigneron et al. (2001) model. This analysis concluded that the
expected error due to spatiotemporal changes in T, should typically be
less than 4 K, and 6 K at most, the uncertainty of which could introduce
an RMSE considerably less than 0.04 m3/m? in soil moisture retrieval
(Entekhabi et al., 2014b).

A regional driving route throughout the study area was followed to
determine point-based land cover characteristics that were subsequently
utilised to develop land cover maps for each campaign. These landcover
maps were derived from a supervised classification with Bayes’ theorem
(Ahmad and Quegan, 2012) using Harmonized Sentinel and Landsat
images (see Fig. 2). The resultant maps were aggregated to the same
resolution as the collected Tb in each campaign with a pixel coverage as
described in Table 1. Additional detailed information related to the
PRISM and APPLEx campaigns can be found in the websites
https://www.prism.monash.edu and https://www.applex.monash.edu
respectively.

3. Methods

To provide an assessment across a wide range of spatial resolutions,
including those used by SMAP and SMOS (Entekhabi et al., 2014b; Kerr
et al., 2001), the radiometer data was aggregated in a mathematical
sequence: the PRISM-21 Tb data was aggregated from the original 200 m
to 3 km, 1 km, and 600 m to simulate coarser resolutions (Fig. 3), and
subsequently, the aggregated coarser P-band Tb was disaggregated to
200 m resolution. Similarly, the APPLEx-1 Tb data was aggregated from
1 km resolution to 36 km, 18 km, 9 km, 3 km resolutions (Fig. 4) to
simulate a satellite data acquisition of P-band Tb at 36 km resolution,
and to evaluate disaggregation to 18 km, 9 km, 3 km, and 1 km reso-
lutions. Moreover, the aggregated medium resolution of 18 km P-band
Tb was disaggregated to 9 km, 3 km, and 1 km resolutions. Due to failure
of one outer beam from PPMR during APPLEx-2, the flight height was
adjusted to achieve full coverage of the study area within the allotted
flight time. Accordingly, the APPLEx-2 P-band Tb observations had a
spatial resolution of 2 km (rather than 1 km) and so was aggregated to
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Fig. 3. An example of aggregated P- and L-band Tb in the bottom and top rows respectively, for PRISM-21 at H- (left) and V-polarization (right) on 9 March 2021,

aggregated to the resolution shown at the top of the figure.
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Fig. 4. As for Fig. 3 but for (a) APPLEx-1 on 1 February 2022 and (b) APPLEx-2 on 18 October 2022.

36 km, 18 km, 12 km, 6 km and 4 km resolutions (Fig. 4), with the 36 km
P-band Tb resolution disaggregated to 18 km, 12 km, 6 km, 4 km, and 2
km resolutions. Moreover, the P-band Tb aggregated to a medium res-
olution of 18 km was disaggregated to 12 km, 6 km, 4 km, and 2 km
resolutions. The aggregation method used the average cell approach
previously used by Entekhabi et al. (2014b), whereby

Thy(C) = &>, Thy(F)

where N represents the number of pixels at the fine resolution in the
coarse pixel, C refers to the brightness temperature at the coarse reso-
lution, F refers to the brightness temperature at the fine resolution, and
the subscript p refers to the polarization.

(€8]

Three passive-passive multifrequency downscaling relationships,
referred to as Algorithm A, B, and C in this paper, were tested for their
ability to reliably downscale P-band Tb using L-band Tb, and their
performance evaluated under different land cover types, moisture con-
ditions and spatial resolutions. The Smoothing Filter-based Intensity
Modulation (SFIM) downscaling method developed by Liu (2000),
referred to as “Algorithm A" in this paper, is a multi-sensor combination
that has been used to improve the L-band Tb resolution of SMAP using
finer resolution Ka-band observations from the Advanced Microwave
Scanning Radiometer 2 (AMSR2) (Ye et al., 2019). This approach has
been evaluated with original 1.4 K accuracy aircraft L-band Tb data as a
reference for the SMAPEx-4 and SMAPEx-5 campaigns (Sabaghy et al.,
2020; Ye et al.,, 2019). Here, the L-band medium resolution was
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Fig. 5. Parameters used in Algorithm B for PRISM-21 (a), APPLEx-1 (b), and APPLEx-2 (c). The scale represents the coarse resolution from which the parameters
were calibrated according to the corresponding polarization, In the case of 36 km the regression was per time so there is only one value in the box plot per each
parameter. Meanwhile, the other scales represent the variability of the parameters throughout the campaigns. The average RMSE (K) and R represents the statistics

metrics from the linear regression using the calibrated parameters.

aggregated to the same coarser resolution as P-band, with the down-
scaling factor using the coarse and medium resolution L-band data used
to modulate the coarser resolution of P-band such that

TbL,(M),

TbP,(M) = TbL, (C) TbP,(C), 2

where M and C refers to the brightness temperature at medium and
coarse resolution respectively, TbP is the brightness temperature at P-
band, and TbL is the brightness temperature at L-band.

The brightness temperature disaggregation method “Algorithm B"
proposed by Yao et al. (2019) was used to downscale aircraft-based L-
band Tb using S-band Tb sampled at 800 m resolution. This method uses
a linear relationship whereby slope and intercept are related to the
microwave vegetation index (MVI; Shi et al., 2008; Shi and Li, 2013), in
an effort to reduce vegetation effects. The equation includes four pa-
rameters (a, b, ¢ and d) calculated from a spatial or temporal normal
regression of the coarse resolution observations according to

B = (XX)"'X"y, )
TbP,(C) = a(C) +c(C)M:¥§+ (b(C) +d(c>%)*ﬂmp(0), @

TbPy(C) — TbPy(C)

MVT = IbLy (C) — ThLu(C)’

)

where f is the matrix with the parameters a, b, ¢, and d; X is the matrix of
the function inputs; and y is the matrix of the coarse P-band brightness
temperature. MVIis the mean (temporal or spatial) of the MVI, the
subscript V refers to V polarization, and the subscript H refers to H po-
larization. The parameters are then applied to the downscaling algo-
rithm to obtain a medium resolution P-band estimate using the medium
resolution L-band observation according to

MvI
MvI

+ (b(C) +d(C)M:VI>*Tpr(M). )

TbP,(M) = a(C) +¢(C) Vi



L.F. White-Murillo et al.

Remote Sensing of Environment 323 (2025) 114737

a
L-band P-band P-band Algorithm A Algorithm B Algorithm C
200m 3km 3km-200m AD  3km-200m AD  3km-200m AD
s e W =
©
TR
T
R:0.89 R:0.89 R:0.89
RMSE: 7.5 RMSE: 7.6 RMSE: 8.0
W [ ! i i | TB (K) AD (K)
B G 300 [ 20
: / R | |
I I ) )
g f 'y i{ r 3
< r " o
sl N :
Broi | 5 %) %)
- - L i
T T il T
y W |/
R:0.89 R:0.89
b RMSE: 5.3 RMSE: 5.4 225 | 10
°
@
T
150 0
R: 0.90
RMSE: 9.6

R:0.82
RMSE: 8.5

R:0.82
RMSE: 8.7

R:0.81
RMSE: 10.7

Fig. 6. An example of (a) dry (7 March 2021) and (b) wet (25 March 2021) conditions during PRISM-21 at horizontal (H) and vertical (V) polarization, downscaled
from 3 km to 200 m. The three strips to the left side show the original brightness temperature data for L- and P-band at 38.5° and 45° incidence angle respectively
with 200 m resolution, and the aggregated P-band at 3 km resolution. The remaining strips represents the downscaled brightness temperature for each algorithm

together with the respective absolute difference (AD).

The downscaling algorithm referred to here as “Algorithm C" is an
alternative approach developed in this paper, with its performance
evaluated assuming that the intercept (a) and slope (b) of the linear
relationship between frequencies is constant at coarse and medium
scale. Algorithm C was inspired by the active-passive baseline down-
scaling relationship used in SMAP (Entekhabi et al., 2014a), by relating
the L- and P-band Tb observations with intercept a and slope b such that
at coarse resolution

TbP,(C) = a(C) +b(C)*TbL,(C), )
and at medium resolution
TbP,(M) = a(M) + b(M)*TbL,(M). 8)

As the target is to achieve P-band at medium resolution from the
coarse resolution, the equation at medium resolution can be subtracted

from the equation at coarse resolution, thus rewriting as
TbP,(M) — TbP,(C) = a(M) + b(M)*TbL, (M) — (a(C) -+ b(C)*TbL,(C) ).
9)

Assuming that the intercept and slope are related by attributes other
than scale, the parameters a and b can be assumed scale invariant at
local areas, implying

a(C) = a(M) (10)
b(C) = b(M), a1

with the slope b equal to MVI (Shi and Li, 2013), resulting in

_ TbPy(C) — TbPy(C)

MVT= Th1,(C) — ToLu(C)

12)
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Fig. 7. RMSE (a) and R (b) performance when downscaling brightness temperature at horizontal polarization (left) and vertical polarization (right) for different
resolution combinations (first number is observed resolution and second number is target resolution), using each of the three algorithms during PRISM-21. The box
and whiskers represent the variability of RMSE and R of the whole data set from PRISM-21, including both wet and dry days. The symbol “+” represents the outliers

in the statistics.

Table 2

VWC (kg/m?) from the destructive samples taken during each campaign from
the accessible sampling areas. The Almond VWC is an estimation based on the
relation of the VWC from a branch sample with the volume of the branch and the
volume of the whole tree.

Land Cover Type PRISM-21 APPLEx-1 APPLEx-2
Wheat/Barely 2.24 +1.09
Corn 1.27 +0.55
Cotton 3.95 £ 1.66 5.12 £1.70
Grass 0.05 + 0.01 0.24 +0.17 1.03 £+ 0.67
Canola 3.67 £ 2.08
Almond 9.01 +7.66

TbP,(M) = TbP,(C) + MVI* (TbL,(M) — TbL,(C) ). 13)

For evaluating these three downscaling algorithms, the original
observed fine resolution P-band Tb airborne observations, and the
aggregated medium resolutions from the original Tb, were then
compared with the downscaled estimate using statistics including RMSE,
correlation coefficient (R) and Absolute Difference (AD), calculated as

N 2
RMSE = \/ Z"*l(Tb"';:,_ omoa)” (14)

R = Eﬁ,l ((Tbmod - ﬁmod)*(Tbobs - ﬁnbs) )

- — = (15)
\/22:1 (Tbmad - Tbmod)2* \/Ele (Tbobs - Tbobs)2

AD = |Tbobs - Tbmadla 16)

where Tb refers to the mean value of Th, N is the number of pixels, the
subscript obs refers to the observed Tb aggregated to the finer resolution,
and the subscript mod refers to the model downscaled product.

4. Results

The three passive-passive downscaling methodologies introduced
above were analysed based on heterogeneity, downscaling ratio, per-
formance through time, and on the scene spatial variability. APPLEx-1
and PRISM-21 represent drier conditions with some rainfall events be-
tween days. Conversely, APPLEx-2 had flooded conditions, with sub-
stantially increased flooded area at the end of the campaign. In the case
of dry conditions, the soil moisture ranged between 0.01 and 0.15 cm®/
cm?®. Meanwhile, the soil moisture ranged between 0.3 and 0.6 cm®/cm®
in the wet conditions. Algorithm B required a linear regression to be
developed using the coarse resolution data to attain the parameters
required by the downscaling, and so more than one pixel or one instance
in time was needed to make this regression. Since the 36 km area rep-
resents only one pixel per day, the regression parameters were deter-
mined (Fig. 5) using a time-series of observations instead of the spatial
variation of observation at an instance in time, as was done for the other
resolutions.

Regarding variability in the soil moisture conditions, the three al-
gorithms were assessed by analysing the AD. During PRISM-21 (Fig. 6),
the dry days or days without a rainfall event showed that the largest
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Fig. 8. As for Fig. 6 but at the single downscaling resolution combination of 3 km to 200 m, separated according to each land cover type.
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Fig. 11. As for Fig. 8 but for a downscaling resolution combination of 36 km to 1 km during APPLEx-1.
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Fig. 14. As for Fig. 8 but for downscaling resolution combination of 36 km to 2 km during APPLEx-2.

errors were located in the vicinity of water bodies and flood irrigated
crops, due to the sharp contrast in Tb between the water and land sur-
face features. Algorithm A demonstrated a slightly better performance,
with a maximum difference between RMSE of Algorithm B and Algo-
rithm C of 0.1 K to 0.5 K, respectively, during the dry condition. For wet
days following high precipitation, the higher Tb areas presented a
greater AD between the downscaled and original P-band Tb values,
especially with Algorithm C. This could be contributed to the hetero-
geneity representation, as those warmer Tb areas also reflected a greater
spatial standard deviation in comparison to the rest of the area, and
therefore the downscaling from a coarser resolution to a finer resolution
resulted in a larger AD. Moreover, in contrast with the dry day, the AD in
the wet day tended to be more spatially variable and not just focussed
around water bodies. Consequently, dry days had a better performance
than wet days in all three algorithms. Additionally, in both wet and dry
conditions, the V polarization was substantially better than H polari-
zation with a difference between 1.1 K to 2.7 K in terms of RMSE, but in
both cases, the R remained approximately equivalent to 0.8. Conse-
quently, the pattern of the downscaled Tb for each algorithm remained
quite similar to that from the observed P-band at that resolution for both
V and H polarization, but the downscaled V polarization had a closer
match to the actual observed Tb values, especially for Algorithm A, with
an RMSE between 5 K to 10 K (Fig. 7).

When downscaling from increasingly finer resolutions, the perfor-
mance increased as expected for all three algorithms (Fig. 7). PRISM-21
tended to have an RMSE above 5 K, which can be related to the fact that
at finer resolution there is more heterogeneity in the observed Tb. Thus,
downscaling from 600 m to 200 m had a better performance than from 3
km or 1 km to 200 m, since the 600 m resolution observations better
captured the underlying heterogeneity than the observations at 3 km
and 1 km.
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The land cover conditions for each campaign were different,
including the VWC quantity (Table 2), and so the downscaling perfor-
mance was analysed per these changes. In PRISM-21, the stubble area
presented the highest RMSE across all three downscaling algorithms
(Fig. 8). This could be related to the size of the area covered, since it is
relatively small in comparison with other land cover types, and so being
neglected in the coarser resolutions. Moreover, the Tb values over that
area tended to be lower than adjacent areas, meaning that the associated
soil moisture was likely higher due to the lack of actively growing
vegetation. Based on the three algorithms and two polarizations within
the dataset, the crops showed more variability in the downscaled error.
Specifically, corn and cotton had a median and standard deviation in
RMSE of 8.3 K + 3.4 K and 8.1 K + 4.6 K, respectively, having a higher
level of RMSE variability compared to grass (6.4 K + 1.6 K) and bare soil
(8.6 K + 2.3 K). The remarkable spatial variability of VWC in cropped
areas potentially influenced the spatial variability in Tb, which the
downscaling was unable to capture.

During APPLEx-1, Algorithm A had a better performance than the
other two algorithms (Fig. 9). It can be seen within the spatial pattern of
Tb that the AD increased over areas where P-band tended to be colder
than L-band, especially at H polarization, and is most obvious for the
downscaling from 36 km resolution with Algorithm B in the south of the
area. However, when downscaling from 18 km resolution, the discrep-
ancies in the patterns reduced. Importantly, using data from adjacent
days to retrieve Algorithm B parameters may have contributed to a
reduced correlation between L- and P-band Tb in some areas where the
downscaling was from 36 km. Additionally, considering the predomi-
nantly dry conditions in APPLEx-1, similarly to PRISM-21, the V po-
larization had the greatest AD values in areas containing water bodies
and/or days with flood irrigation.

It was noted in APPLEx-1, that when downscaling from 36 km, the
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referred to the web version of this article.)

three algorithms had a similar performance across scales in terms of R,
and with decreased R by downscaling to an increasingly finer resolution
(Fig. 10). This may be due to the fact that the downscaling was made
from only one pixel covering an area of 36 km x 36 km, but as more
pixels were used, as shown for the 18 km resolution, Algorithm A tended
to have a slightly better R than the other algorithms, reflecting a more
similar spatial pattern in comparison with the observed P-band Tb. In
addition, Algorithm B had considerably greater variability in the error
when downscaling from 36 km resolution than from 18 km resolution.
As there were more dry days than wet days, the given set of parameters
were unsuitable for every condition. Therefore, Algorithm B had a better
performance when the parameter regression was done spatially as
shown in the 18 km downscaling, than when done through time as in the
36 km downscaling. Moreover, the RMSE increased when the down-
scaling was made from a coarser to an increasingly finer resolution in
both polarizations. Accordingly, not all the heterogeneity can be well
represented when going to a finer resolution, thus resulting in more
error. For instance, when the resolution was increased from 36 km to 18
km, the median and standard deviation error from both polarization
datasets combined resulted in Algorithm A having an error of 1.3 K +
1.1 K, Algorithm B of 3.3 K + 4.0 K, and Algorithm C of 2.2 K = 2.2 K.
However, when the downscaling was performed from 36 km to 1 km
resolution the error increased to 5.9 K + 2.0K, 6.8 K+ 3.7 K, and 7.6 K
+ 4.2 K for Algorithm A, B and C respectively.

Land cover types including grass and trees tended to have a similar
median RMSE in the three algorithms during APPLEx-1 (Fig. 11). This
could be related to the fact that the trees are in an open woodland
setting, exposing a substantial amount of grass in between the sparse
distribution of trees. Consequently, a resolution finer than 1 km may be
needed to detect a performance difference between grass and tree
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landcover. Conversely, the dry weather conditions and the low VWC in
the grass could result in a similar performance between the bare soil and
the grass. However, in terms of algorithm performance, Algorithm A was
found to be slightly better and more robust than Algorithm B and C for
these two land cover types. Most of the error and lack of pattern
agreement was in the cereal crops, having the worst results when
downscaling using Algorithm C. One reason is that this area is sparse and
so not prominent during APPLEx-1, with its heterogeneity representa-
tion diminished or not fully captured in coarser resolutions. Moreover,
some of the areas seemingly had wet/irrigated conditions due to their
low Tb, where Algorithm C demonstrated most of the error.

In APPLEX-2, the eastern half of the study area (see Fig. 2) was less
affected by the flooded conditions than the western half. In both areas,
Algorithm C tended to have the least agreement with the observed Tb in
comparison with the other two algorithms (Fig. 12). It is noted that the
coldest Tb pixel values presented a low downscaling performance,
especially by Algorithm C with RMSE of 12.11 K for V polarization and
13.03 K for H polarization when downscaling from 36 km to 2 km res-
olution, inferring that the partially flooded areas could not be well
represented. Moreover, in the three algorithms, the warmest Tb regions
tended to be diminished in the downscaling result. Notably, the RMSE
error increased by 0.1 K to 0.9 K when the downscaling was made from
36 km to 2 km in comparison with the downscaling from 18 km to 2 km
resolution. Accordingly, the downscaling needed to be undertaken from
a higher resolution to capture those small warmer areas, which were
surrounded mostly by flooded conditions.

Algorithm A had better performance than the other two algorithms
for both polarizations during flooded conditions (Fig. 13). Here the error
had a median value of around 10 K when downscaling from 36 km to 2
km, reducing to around 3 K when downscaling from 36 km to 18 km. In
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Fig. 16. RMSE for each algorithm across all three campaigns at V polarization, compared against the scale ratio, defined as ratio of the downscaled to original
resolution. The R is calculated between the fitted line and the median. The box and whiskers represent the variability of RMSE within the three campaigns, while the

circles are outliers. The dashed and dot-dashed lines represent error targets.

general, as the downscaling was made from a coarser resolution to an
increasingly finer resolution the performance decreased, with the per-
formance being further reduced for flooded conditions when compared
with dry days.

The performance for each land cover type was impacted by the
flooding conditions, as shown clearly by the almond crop (Fig. 14). Al-
gorithm C was most affected as it cannot represent well the pattern of the
observed Tb value for ponded areas. Among the other crops in APPLEx-
2, the canola displayed more variability in RMSE and R, which could be
related to more notable differentiation of spatial VWC than the other
crops, reflected in the spread of Tb values and the greater variability in
the downscaling performance.

5. Discussion

To demonstrate the correlation between L- and P-band, Fig. 15 shows
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a scatter plot of both Tb observations at the same spatial resolutions. A
linear agreement between L- and P-band is clearly seen, being most
obvious in the coarser observations. The greater variability at the finer
resolutions is likely influenced by the spatial heterogeneity of land
surface conditions and potential variation in the sensing depth of the
observations for the two frequencies, along with effects from angle
normalization of the data and not being at exactly the same incidence
angles. Consequently, this impacts the passive-passive L- and P-band
downscaling linear model performance as it goes to a finer resolution.
Moreover, the correlation tended to be stronger in H polarization than in
V polarization in this relationship.

An analysis of scale ratio between the original coarse Tb and the
downscaled resolution was assessed to determine the expected RMSE for
each algorithm at V and H polarization, and thus the maximum reso-
lution enhancement that could be undertaken within a target accuracy
specification. Accordingly, this analysis incorporated the data from all
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Fig. 17. As for Fig. 16 but for H polarization.

three of the campaigns (Fig. 16 and Fig. 17). At V polarization, Algo-
rithm A achieved an RMSE of 4 K and 6 K for scale ratios of around 0.31
and 0.12 respectively. Meanwhile, at H polarization the same expected
RMSE range was able to execute a downscaling scale ratio between 0.36
and 0.20. Conversely, Algorithm C showed the poorest performance at
smaller ratios in both polarizations than Algorithm B and A. Moreover,
the performance fluctuated between Algorithm C and B once the scale
ratio increased beyond approximately 0.25. Therefore, Algorithm C
could achieve a similar general performance with Algorithm B at around
one-quarter of the initial observed resolution, but the Algorithm C per-
formance decreased at lower downscaling ratios in comparison with the
other two algorithms. Thus, Algorithm A could represent more hetero-
geneity when downscaling from coarser to finer scales than Algorithms B
and C, particularly at V polarization. In addition, across the three
campaigns, the R between the downscaled and observed P-band Tb was
around 0.8 irrespective of the algorithm or scale ratio. Consequently, the
three algorithms followed a similar pattern as the observed Tb, but the
corresponding observed value was represented differently by that
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predicted from each algorithm.

From the three campaigns, it is clear that in wet conditions the
performance reduced in comparison to dry days. In addition, this per-
formance further decreased when encountering predominant spatial
changes in VWC as noticed in crops like canola, cotton, and cereal.
Moreover, the size of the area covered by each crop determined its in-
fluence on the downscaling result. For instance, when cereal was more
extensive in area, such as in APPLEx-2 with 184.5 km? than in APPLEx-1
with 10.5 km?, the RMSE decreased comparatively. Furthermore, in
small areas with flooding or ponded water, the error also increased,
impacting Algorithm C in particular. The performance of the bare soil
area behaved similarly to grass areas during the APPLEx campaigns, but
in PRISM-21 the RMSE was slightly larger, associated with heterogeneity
due to variations in roughness conditions.

6. Conclusion

This paper aimed to find the best approach for enhancing the spatial
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resolution of P-band Tb by using higher resolution L-band Tb, consid-
ering different land cover and moisture conditions. In general, the SFIM
approach, referred to as Algorithm A in this paper, performed best in
comparison with the other two algorithms, especially for V polarization.
A median RMSE of approximately 3 K was achieved when downscaling
from 36 km to 18 km, being better than the performance required for Tb
input for soil moisture retrieval. Accordingly, as long as a 0.5 resolution
ratio is needed, Tb data at P-band can be downscaled with an accuracy
better than 3 K. However, for future satellite missions such as Cryorad
that will allow a resolution ratio of 0.2, the expected error can increase
to around 5 K, allowing the retrieval of RZSM from P-band or/and L- and
P-band together at a higher resolution. When downscaling from coarser
resolution to an increasingly finer resolution the performance degraded,
being related to spatial heterogeneity. In dry periods, the downscaling
accuracy of the three algorithms was relatively improved in comparison
to wet periods. Moreover, predominantly cold Tb conditions were found
to mask small warm areas when downscaling from a coarse resolution.
Finally, in cropped areas, the performance was found to be affected by
the spatial variation in VWC dynamics.
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