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ABSTRACT

As the most recent 3 km soil moisture product from the Soil Moisture Active Passive (SMAP) mission,
the SMAP/Sentinel-1 L2_SM_SP product has a unique capability to provide global-scale 3 km soil
moisture estimates through the fusion of radar and radiometer microwave observations. The spatial
and temporal availability of this high-resolution soil moisture product depends on concurrent radar
and radiometer observations which is significantly restricted by the narrow swath and low revisit
schedule of the Sentinel-1 radars. To address this issue, this paper presents a novel two-layer machine
learning-based framework where the brightness temperature and subsequently the soil moisture are
predicted at gap areas. Combined with the transfer learning strategy, the proposed method is able to
gap-fill soil moisture with higher accuracy at areas where the radiometer observations are available
while the radar observations are missing. The effectiveness of the two-layer framework is validated
against hold-out SMAP/Sentinel-1 3 km soil moisture estimates at three study areas with distinct
climate regimes, Arizona, South Dakota, and Arkansas. Results indicate that our proposed method
is able to reconstruct 3 km soil moisture at gap areas with higher Pearson correlation coefficient
(mean R = 0.723/0.82/0.798, at Arizona/South Dakota/Arkansas) and lower unbiased Root Mean
Square Error (mean ubRMSE = 0.029/0.029/0.08) when compared to 1) the SMAP 9 km soil moisture
product (mean R = 0.471/0.765/0.523, mean ubRMSE = 0.036/0.032/0.109) and 2) the conventional
one-layer machine learning model that directly downscales soil moisture from 9 km to 3 km (mean R
= 0.532/0.76/0.69, mean ubRMSE = 0.036/0.033/0.092).

Keywords Soil Moisture ·Machine Learning ·Multi-Resolution Gap Filling · SMAP satellite · Sentinel-1 satellite ·
Spatial/Temporal Transfer Learning

1 Introduction

Soil moisture is an essential variable controlling the exchange of water and energy fluxes between the land surface
and the atmosphere. Retrieving high-resolution soil moisture at local, regional and global scales is critical for best



agricultural and irrigation practices [1], weather and climate predictions [2, 3], biogeochemical process characterizations
[4] and drought and flood predictions [5, 6]. To complement the sparsely distributed ground-sampled soil moisture
measurements [7, 8, 9], various microwave remote sensing techniques have been developed over the last few decades to
retrieve soil moisture estimates at global scale such as the Advanced Scatterometer [10], the Advanced Microwave
Scanning Radiometer-EOS [11], the Soil Moisture and Ocean Salinity (SMOS) [12], the Soil Moisture Active Passive
(SMAP) mission [13], and the Sentinel-1 mission [14]. These global microwave sensing soil moisture products have
the advantage of capturing soil moisture heterogeneity over large spatial extents. This further benefits regional and
global scale applications that are impacted by land-atmosphere interactions and/or soil moisture variability [15, 16, 17].

Existing microwave remote sensing techniques measure the near surface soil moisture (≤ 5 cm) indirectly through its
relationship with water content and soil dielectric constant. They can be classified into two categories according to the
source of their signals, 1) the active radar that measures the backscattered signal after transmitting an active pulse and 2)
the passive radiometer that measures the land surface emissions. Radar observations are provided with high resolution
that in turn can capture fine-scale (∼1-3 km) soil moisture/land surface heterogeneity. In addition to soil moisture, they
are also highly sensitive to surface roughness and vegetation, which reduces the accuracy of the produced soil moisture
estimates [18, 19]. On the contrary, the relatively mature passive radiometer remote sensing has the ability to provide
more accurate estimates of soil moisture due to the high sensitivity of its observations to soil moisture [20]. The high
accuracy of the soil moisture estimates produced by the passive remote sensing is, however, compromised by its coarse
resolution, ∼40 km for both the SMOS and SMAP passive soil moisture products [12, 21] and 9 km for the SMAP
enhanced passive soil moisture product [22], which restricts the applications of the resulting soil moisture products to
many regional hydro-climatological studies [23, 13, 24, 25].

Among the various methods that are proposed to downscale the coarse-scale soil moisture [26, 27], the fusion of radar
and radiometer microwave observations is one of the most promising and robust techniques to provide high resolution
(1-10 km) soil moisture estimates at global scale. The SMAP mission, specifically, adopts the active-passive retrieval
algorithm proposed by [28]. In this two-layer retrieval algorithm, the radar backscatter measurements are first used to
downscale the coarse-scale passive brightness temperature measurements, from which the high resolution soil moisture
is then retrieved through the single channel algorithm (SCA) [29]. The original SMAP observatory was launched
on January 31, 2015. Equipped with an L-band radiometer and an L-band radar as a single observation system, its
mission was to combine 36 km resolution brightness temperature and 3 km resolution radar backscatter to provide 9 km
resolution accurate soil moisture at global scale [13, 30].

Unfortunately, the SMAP L-band radar unexpectedly ceased its operation on July 7, 2015. To recover the capability of
providing high resolution soil moisture, one possible solution was to replace the SMAP L-band radar measurements
with the C-band radar measurements from the European Space Agency (ESA)’s Sentinel-1 radars, Sentinel-1A and
Sentinel-1B [31, 32]. Many studies have investigated the performance of integrating the C-band active and the L-band
passive observations to retrieve high resolution soil moisture, with promising results [31, 33, 34, 35].

As the most recent 3 km soil moisture product from the SMAP mission, the SMAP/Sentinel-1 L2_SM_SP product [36]
adopts the SMAP active-passive retrieval algorithm to combine the 9 km brightness temperature measurements from the
SMAP enhanced passive soil moisture product with the 3 km aggregated co-polarization (co-pol) and cross-polarization
(cross-pol) backscatter measurements retrieved by the Sentinel-1 radars. One restriction of this product, however, is that
the Sentinel-1 radar observations have much narrower swath width (∼250 km) compared with the relatively wide swath
width (1000 km) of the SMAP radar and radiometer. As the SMAP active-passive retrieval algorithm requires concurrent
radar and radiometer observations, the narrow swath of the Sentinel-1 radar observations significantly reduces the
spatial coverage of the resulting daily soil moisture product compared with the SMAP enhanced passive 9 km soil
moisture product (Figure 1). The temporal resolution also drops from a 3-day revisit schedule to a 6-day one when
using the collocated Sentinel-1A and Sentinel-1B radar backscatter observations [13, 31, 37]. Additionally, considering
that the Sentinel-1A and Sentinel-1B sensors provide backscatter measurements with different swath patterns and
interleaved revisit schedules, the temporal resolution further drops to 12 days or more for some locations. Thus, the
narrow swath and low revisit schedule of the produced SMAP/Sentinel-1 3 km soil moisture product cannot achieve the
required temporal resolution for many soil moisture related applications [27, 38].

This paper thus focuses on downscaling/gap-filling soil moisture at areas where the SMAP active-passive retrieval
algorithm cannot be applied due to missing radar backscatter measurements. [26] and [27] outline the various
techniques to downscale passive remote sensing soil moisture. The techniques that do not rely on concurrent radar
observations can be applied to the gap-filling task of the SMAP/Sentinel-1 3 km soil moisture product, such as fusion
of optical/thermal and microwave methods [39, 40, 41], data assimilation methods [42, 43], and machine learning
methods [44, 45, 46, 47, 48]. Among these approaches, machine learning techniques have shown great potential to
downscale soil moisture with its ability to handle noisy data and learning complex non-linear systems [49, 50]. Existing
machine learning methods capture the relationship between coarse-scale and fine-scale soil moisture directly with the
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Figure 1: Spatial availability of the SMAP/Sentinel-1 active-passive 3 km soil moisture product (L2_SM_SP) and the
SMAP enhanced passive 9 km soil moisture product (L3_SM_P_E) on June 16, 2018 for the Continental United States.
(a) 9 km brightness temperature retrieved by the SMAP radiometer. (b) 9 km soil moisture converted from (a) using the
single channel algorithm. (c) 3 km aggregated normalized co-pol backscatter retrieved by the Sentinel-1A/Sentinel-1B
radars. (d) 3 km aggregated normalized cross-pol backscatter retrieved by the Sentinel-1A/Sentinel-1B radars. (e) 3
km downscaled brightness temperature from the SMAP active-passive retrieval algorithm. (f) 3 km downscaled soil
moisture converted from (e) using the single channel algorithm.
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aid of auxiliary environmental variables, such as soil properties, topography, land cover, and meteorological forcings.
The fine-scale soil moisture estimates they use to train/calibrate the machine learning models are restricted to ground
observed data that is from either catchment-scale campaigns [45, 48] or sparsely distributed soil moisture monitoring
network [44].

In this paper, estimates from the SMAP/Sentinel-1 active-passive 3 km soil moisture product serve as target variables to
train the machine learning models for the downscaling/gap-filling task. This greatly expands the training data size and
has the potential to learn more complex relationship that exists between coarse-scale and fine-scale soil moisture [51].
Directly using remote sensing soil moisture estimates for training a machine learning model also has the advantage of
maintaining high consistency, or “high fidelity” [52] between the downscaled predictions and the SMAP/Sentinel-1 3
km soil moisture product.

To exploit the 3 km estimates that are available at regional extent from the SMAP/Sentinel-1 product, we bring in a
new learning strategy to the soil moisture gap-filling task, the transfer learning [53], that has been successful in many
practical machine-learning applications [54, 55, 56]. Transfer learning, also known as the knowledge transfer, can be
applied to applications where the training and test data have different input feature (or covariate) spaces and distributions.
The hypothesis of transfer learning is that knowledge learned in one task (the training data) can be transferred to another
task (the test data) with satisfactory predictive performance. This fits well for the soil moisture downscaling/gap-
filling problem which is the primary focus of this paper. Relationship between the SMAP/Sentinel-1 3 km soil
moisture/brightness temperature and the input features (including the SMAP enhanced 9 km soil moisture/brightness
temperature and additional ancillary information such as soil properties, topography, etc.) can be learned through
machine learning models at areas where both the Sentinel radar and SMAP radiometer observations, thus the 3 km
soil moisture/brightness temperature, are available. The learned models can then be applied to predict 3 km soil
moisture/brightness temperature at spatially/temporally neighboring gap areas where the Sentinel radar observations,
and thus the downscaled soil moisture and brightness temperature, are missing.

Additionally, we propose in this paper a two-layer machine learning-based framework motivated by the SMAP active-
passive retrieval algorithm to further improve the consistency between the downscaled soil moisture and the retrieved 3
km soil moisture from the SMAP/Sentinel-1 soil moisture product. The downscaled brightness temperature and soil
moisture are predicted consecutively in two layered machine learning models. Instead of directly downscaling the 9
km soil moisture from the SMAP enhanced passive soil moisture product to 3 km, the 9 km brightness temperature
(from the same product) is first downscaled to 3 km through a machine learning model. A separate machine learning
model is then applied to convert the 3 km downscaled brightness temperature to 3 km soil moisture. This machine
learning approach, different from the SMAP active-passive retrieval algorithm, removes the dependence on concurrent
radar and radiometer observations, and thus can be applied to gap fill soil moisture at areas where the the SMAP
active-passive retrieval algorithm is not able to. Compared with conventional one-layer machine learning models that
directly downscale soil moisture from 9 km to 3 km, the two-layer framework avoids the dependence on the 9 km soil
moisture that has additional uncertainties incurred by the indirect conversion from the 9 km brightness temperature.
Moreover, it allows us to naturally introduce the average of historical (past 30 days) radar backscatter measurements
as one of the key inputs to downscale the 9 km brightness temperature. This is useful as the vegetation and surface
heterogeneity captured by the average of historical radar backscatter measurements can help produce more accurate
downscaled brightness temperature, from which high resolution soil moisture with higher accuracy can be subsequently
derived.

Note that the novelty of our proposed two-layer machine learning-based framework is that its design, including the
structure and inputs, is motivated by the SMAP active-passive retrieval algorithm. Using the proposed framework,
downscaled soil moisture that is highly consistent with the SMAP/Sentinel-1 3 km soil moisture product can be
reconstructed at gap areas where the SMAP active-passive retrieval algorithm fails. The framework is a general one
though that any machine learning algorithm can be embedded into it to downscale brightness temperature/soil moisture.
We implement both a general one-layer model that directly downscales 9 km soil moisture to 3 km and our proposed
two-layer framework under the transfer learning setting with the Random Forest algorithm [57] serving as the predictive
model. The Random Forest model is specifically chosen here for its ability to handle complex non-linear relationships
with reduced overfitting. It has also shown promising results in many soil moisture downscaling studies [44, 46, 58, 59].
The downscaled soil moisture produced by the Random Forest model through both the one-layer and the proposed
two-layer frameworks are validated against the hold-out SMAP/Sentinel-1 retrieved 3 km soil moisture estimates at
three regions with distinct climate regimes, Arizona, South Dakota, and Arkansas, during the growing season of 2018.

The contribution of this paper is threefold. First, it is the first study using machine learning to address the poor
spatial and temporal coverage issue for downscaled soil moisture estimates that are retrieved by the radar-radiometer
microwave combination approach. Second, it introduces the transfer learning strategy from machine learning field to
enable knowledge learned between the SMAP/Sentinel-1 3 km product and the SMAP enhanced 9 km product over
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large regional extent being transferred to spatially/temporally neighboring regions. Third, it designs a novel two-layer
machine learning framework that is motivated by the original SMAP active-passive retrieval algorithm to improve the
consistency between the machine learning model resulting predictions and the SMAP/Sentinel-1 3 km soil moisture.
The average of historical radar backscatter measurements is introduced for the first time as one of the key inputs to
machine learning models to aid capturing more subgrid heterogeneities. The rest of the paper is organized as follows.
Section 2 describes the data sets and study area. The specifics of the methodology are presented in section 4. The
results and validations are discussed in section 5. The conclusions and discussion for future work are then provided in
section 6.

2 Data Sets and Study Area

2.1 Data Sets

The most recent SMAP/Sentinel-1 active-passive soil moisture product (L2_SM_SP) provides 3 km soil moisture and 3
km brightness temperature that can serve as the learning targets of our machine learning models. As a level 2 product,
for any specific day, there are hundreds of data files each containing a sub-patch of the globally covered data. We
generate daily composites from this level 2 product with the averaged value applied to overlapping estimates. We
take the 9 km soil moisture and 9 km brightness temperature from the SMAP enhanced passive soil moisture product
(L3_SM_P_E). For both the aforementioned SMAP soil moisture products, only the descending overpass, or local 6 am,
data is used in this paper. These products are gridded using the Equal-Area Scalable Earth-2 (EASE2) projection [60]
where the 3 km subgrids are nested consistently inside the 9 km grid. The grid configurations of the data are shown in
Figure 2.

3 km

9 km

Figure 2: Nested EASE2 Grid at 9 km and 3 km supports.

We also take additional inputs to aid capturing the fine-scale heterogeneity in soil moisture and brightness temperature.
Soil properties represented by the percent sand, percent clay, and bulk density were obtained from the Soil Geographic
(STATSGO) Data Base [61]. The elevation data were obtained from the NASA Shuttle Radar Topography Mission
Global 3 arc second product (SRTMGL3) [62]. Land surface controls represented by the land cover class, the leaf area
index, and the land surface temperature were extracted from the MODIS products, MCD12Q1 [63], MCD15A3H [64],
and MOD11A1 [65] respectively. Precipitation forcing data were obtained from the Global Precipitation Measurement
[66] 3IMERGDF product. All these inputs were resampled to the 3-km EASE2-Grid projection through averaging
(for inputs with resolutions higher than 3 km) or bilinear interpolation (for inputs with resolutions lower than 3 km) to
match the grid size of the learning targets.

Additional post-processing was applied to land surface temperature and precipitation data. As retrieval for land surface
temperature depends on the satellite thermal infrared channels, invalid surface temperature values are generated for
surfaces that are obscured by clouds [67]. For these grids with invalid values, we search for historical values within a
two-week finite window and select the most recent valid historical values as substitutes. For precipitation, to incorporate
its lagged effect on vegetation, surface characteristics and soil moisture, instead of using the current-day precipitation
values, we keep historical precipitation values from the most recent three days separately as inputs to the machine
learning models.

5



2.2 Study Area

We apply the proposed framework at three US states with distinct climate regimes and land surface heterogeneities,
Arizona, South Dakota, and Arkansas, separately (shown in Figure 3). Arizona has primarily an “arid” climate (BSk
and BWh classification), South Dakota is classified as having a “fully humid” hydroclimate (Dfa classification) and
Arkansas is “warm temperate” (Csc classification) according to the Köppen-Gieger classification [68]. While Arizona
is predominantly composed of open shrublands (70.8%), South Dakota mainly consists of grasslands (56.4%) and
croplands (40.6%) and Arkansas is covered with forest (28.7%), croplands (25.5%) and woody savannah (19%) [63].
Arizona has a high mean elevation (above mean sea level) of 1283.1 m while South Dakota and Arkansas have mean
elevations of 663.2 m and 166.2 m respectively [62]. In Figure 3, we show daily examples of the 9 km and 3 km soil
moisture. Arizona with the “arid-steppe-hot” climate generally have dry conditions compared with the other two states
(see Figure 3(a) and 3(b)). Even with low soil moisture values, high levels of heterogeneity can still be seen at the 3 km
resolution, especially for areas with latitude lower than 35◦N. South Dakota and Arkansas have soil moisture values
ranging from 0.0 cm3/cm3 to 0.5 cm3/cm3. While the high resolution soil moisture has more variability at Arkansas
(Figure 3(e) and 3(f)), South Dakota is spatially homogeneous at 3 km (Figure 3(c) and 3(d)). The three study areas
also observe different crop growth/vegetation activities during the growing season of 2018, as reflected by the temporal
average of leaf area index shown in Figure 4.

Figure 3: Locations of the three study areas. The background shows the MODIS IGBP land cover class. (a) 9 km soil
moisture and (b) 3km soil moisture at Arizona on June 13th, 2018. (c) 9 km soil moisture and (d) 3 km soil moisture at
South Dakota on June 12th, 2018. (e) 9 km soil moisture and (f) 3 km soil moisture at Arkansas on June 3th, 2018. 9
km soil moisture is converted from 9 km brightness temperature through the SCA algorithm while 3 km soil moisture is
the downscaled product from the SMAP active-passive retrieval algorithm.
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Figure 4: Average of the leaf area index values between May 1, 2018 and August 31, 2018 from the MCD15A3H
product.

3 The SMAP Active-Passive Retrieval Algorithm

We provide here an overview of the SMAP active-passive retrieval algorithm [28, 69] that motivates the design of our
proposed two-layer machine learning-based framework. This algorithm adopts a two-layer retrieval strategy where the
brightness temperature is downscaled first followed by soil moisture retrieval (Figure 5(a)).

3 km soil moisture

(c) Two-layer Machine Learning Framework

current-day & historical 3 km 
co-pol & cross-pol from 

SMAP L2_SM_SP  

current-day & historical 9 km 
brightness temperature from 

SMAP L3_SM_P_E  

3 km brightness 
temperature

3 km soil moisture

(a) SMAP Active-Passive Retrieval Algorithm

Brightness Temperature 
Downscaling

Single Channel Algorithm

average & standard 
deviation of historical 3 km 

co-pol & cross-pol from 
SMAP L2_SM_SP  

current-day 9 km brightness 
temperature from SMAP 

L3_SM_P_E  

3 km brightness 
temperature

3 km soil moisture

First-layer Machine 
Learning Model

Second-layer Machine 
Learning Model

(b) One-layer Machine Learning Model

current-day 9 km soil 
moisture from SMAP 

L3_SM_P_E  

ancillary environmental 
variables including sand percentage, 
clay percentage, bulk density, 
elevation, precipitation, leaf area 
index, land surface temperature, 
landcover class, lat, lon

Single-layer Machine 
Learning Model

Figure 5: Comparison of (a) the SMAP active-passive retrieval algorithm, (b) the one-layer machine learning model,
and (c) the two-layer machine learning framework.
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The SMAP active-passive retrieval algorithm first disaggregates the coarse-scale brightness temperature measurements
(TB , at polarization v or h) with the aid of fine-scale radar backscatter measurements. Both co-pol (σvv or σhh) and
cross-pol (σvh) radar backscatter cross-section are used in the algorithm. Cross-pol measurements are included in
the algorithm to capture the subgrid variations of brightness temperature within a coarse-scale footprint due to the
variations in vegetation characteristics and surface roughness. The vegetation characteristics and surface roughness are
assumed to be invariant within a short period of time. Suppose that we have brightness temperature measurements at a
coarse support “C” and radar backscatter measurements at a fine support “F”. Let the resolution of the downscaled soil
moisture product be “M”. Within a single pixel of the grid at support C, the disaggregated brightness temperature of a
sub-pixel at support M can be obtained using

TB(M) = TB(C) + β(C) · {[σvv(M)− σvv(C)] + Γ · [σvh(C)− σvh(M)]}. (1)

The parameters β and Γ here are derived from time-series radar (σvh(C), σvv(M), and σvh(M)) and radiometer
observations (TB(C)) within a short period of time, including the current day. Once the downscaled brightness
temperature is obtained, the single channel algorithm (SCA) [29] is applied to retrieve the downscaled soil moisture.

Table 1 lists the inputs required for downscaling brightness temperature and SCA separately. For some of the derived
inputs like σvv(M), we also list their corresponding data sources that are directly retrieved by the microwave sensors.
Parameters with t as superscript are time-series data retrieved within a finite moving window. Theoretical parameters
like ω and τ depend on vegetation structures, polarization, microwave frequency, etc. They are currently obtained
through a land cover-driven lookup table that contains parameter values under different land cover classes [70]. It can be
seen from the table that the SMAP active-passive retrieval algorithm, especially the brightness temperature downscaling,
requires concurrent radar and radiometer observations on the same day. The narrow imaging swath and low revisit
schedule of the Sentinel radars thus severely restricts the spatial and temporal coverage of the resulting downscaled soil
moisture estimates. In the next section, we propose a machine learning framework to account for this shortcoming.

Table 1: Inputs of the SMAP Active-Passive Retrieval Algorithm.
Brightness Temperature Downscaling TB(C),

σvv(M), σvv(C)← σvv(F ),
σvh(M), σvh(C)← σvh(F ),
β(C)← T t

B(C), σt
vv(C),

Γ(C)← σt
vv(M), σt

vh(M)

Single Channel Algorithm TB , surface temperature,
vegetation water content,
sand & clay percentages
theoretical parameters such as ω, τ
land cover class

4 Methodology

4.1 Spatial-Temporal Transfer Learning

There are three hypotheses that we test in this paper: high resolution soil moisture/brightness temperature at gap
areas can be reconstructed from the models learned at (1) spatial neighboring regions, (2) temporal neighboring
regions, and (3) both spatial and temporal neighboring regions. We define these three settings as the spatial transfer
learning, the temporal transfer learning, and the spatial-temporal transfer learning respectively. For the temporal transfer
learning and the spatial-temporal transfer learning, a 30-day window is adopted to search for the most recent temporal
neighboring regions for the gap regions. As shown in Figure 6, transfer learning models are built using data available at
covered spatial and/or temporal neighboring regions (inside the orange frames) and are subsequently used to predict
high-resolution soil moisture at the gap region (inside the red frame) where the original SMAP/Sentinel-1 active-passive
soil moisture product is missing. The success of these transfer learning models depends on how effectively information
learned at spatial/temporal neighboring regions can be extrapolated to the gap region.

The three transfer learning settings we define in this subsection enable expanded training data from regional-scale
covered areas. Most of existing machine learning soil moisture downscaling methods use ground observed data from
either catchment-scale campaigns whose generalization performance at various distinct climate regimes needs further
verification, or spatially sparsely distributed soil moisture monitoring network that often incurs data scarcity issue
for daily gap-filling/downscaling task. The expanded training data enabled by the transfer learning settings has the
potential of learning more complex relationship between coarse-scale and fine-scale soil moisture and achieving
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Figure 6: 3 km soil moisture swath at Arizona on (a) June 13, 2018 and (b) June 5th, 2018 from SMAP L2_SM_SP.

lower generalization errors at spatially/temporally neighboring regions. Additionally, when the estimates from the
SMAP/Sentinel-1 3 km soil moisture product are used as target variables to train machine learning models, the knowledge
transfer learning strategy has the advantage of maintaining high consistency between the gap-filled predictions and the
SMAP/Sentinel-1 3 km product.

Note that we still focus on gap-filling the “neighboring” regions in this paper which fall into the same, or, at least,
similar hydroclimates as the regions where the models are learned. Building models that can be applied to “almost
everywhere” or discussing whether a model learned under one hydroclimate is applicable to another is beyond the scope
of this paper and will be explored in the future.

4.2 Two-layer Machine Learning-based Framework

We discuss in this subsection the structure and inputs design of the transfer learning models. To downscale soil moisture
that has a high consistency with the SMAP/Sentinel-1 3 km soil moisture estimates at gap areas, we hypothesize that it
would be beneficial to learn two layered machine learning models whose structure and inputs design is guided by the
SMAP active-passive retrieval algorithm.

First, we formulate the relationship learned by the first-layer machine learning model to disaggregate the 9 km brightness
temperature to 3 km. Following the SMAP active-passive retrieval algorithm, we rewrite equation (1) as

TB(3km)− TB(9km) = β · {[σvv(3km)− σvv(9km)] + Γ · [σvh(9km)− σvh(3km)]}. (2)

The left side of equation (2) can serve as the learning target of our first-layer machine learning model. It is available at
areas where the radar and radiometer observations are available and missing at the gap areas where the radar observations
are absent.

The parameters on the right side of equation (2) are restricted by the availability of radar observations and incur gap
areas of the SMAP/Sentinel-1 3 km soil moisture product. To remove this dependence, we define the function that will
be learned by our first-layer machine learning model as

y = TB(3km)− TB(9km) = f1(rbhist,H). (3)

Instead of directly using the radar observations σvv(3km) and σvh(3km) that are not available at gap areas, we introduce
to our machine learning model the average of historical radar backscatter measurements within a 30-day window as
substitutes to capture the subgrid heterogeneity in vegetation and surface physical characteristics. This substitution is
based on the knowledge that radar backscatter measurements are introduced into the brightness temperature downscaling
process to capture the subgrid heterogeneity and can be assumed to have less variability, compared with the dynamics
of soil moisture, within a finite temporal window [28, 69]. To the best of our knowledge, this is the first time that the
average of historical radar backscatter measurements is used as an input to machine learning models for soil moisture
downscaling/gap-filling. In addition to the average, we also include the standard deviation of the historical 3 km radar
backscatter measurements as an input to reflect the extent to which they change during the past 30 days.

This 30-day window to obtain the average/standard deviation of the historical radar backscatter measurements plus
the aforementioned 30-day window for the search of temporal neighboring regions incur a 60-day set-up latency for
our proposed method and the corresponding gap-filled 3 km soil moisture product. Once the 60-day set-up period has
passed, the 3 km soil moisture can be produced in real-time at gap areas.

To adequately capture more soil moisture dynamics, we also use ancillary information such as soil properties, elevation,
land surface controls, precipitation, latitude, and longitude. These environmental variables interact with soil moisture,
vegetation, and surface characteristics [71, 72, 73, 74] and carry information of the fine-scale soil moisture heterogeneity
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that we want to capture. Table 2 shows the inputs of our first-layer model. They can be decomposed into two parts: 1)
the rbhist set that includes the average/standard deviation of the historical radar backscatter measurements and 2) theH
set that includes the auxiliary environmental variables.

Table 2: Inputs of the First-layer Machine Learning Model to Disaggregate the Brightness Temperature.
rbhist mean(σvv(3km))hist),mean(σvh(3km)hist),

std(σvv(3km)hist), std(σvh(3km)hist)
mean(σvv(9km))hist),mean(σvh(9km)hist)
mean(σvv(3km))hist)−mean(σvv(9km))hist),
mean(σvh(3km))hist)−mean(σvh(9km))hist)

H sand percentage, clay percentage, bulk density,
elevation, precipitation values in the past three days,
leaf area index, land surface temperature, landcover class,
lat, lon

Models will be trained at areas where the learning target and inputs are available. The learned model can then be used
to obtain the predicted ŷ at areas where TB(3km) is missing. We use the “hat” symbol over a variable to denote that it
is a predicted value. The 3 km brightness temperature at these gap areas can, therefore, be reconstructed through

T̂B(3km) = TB(9km) + ŷ. (4)

After downscaling the 9 km brightness temperature, the downscaled 3 km soil moisture is obtained through the
second-layer machine learning model given by

ŜM(3km) = f2(T̂B(3km),H). (5)

Instead of relying on concurrent radar and radiometer observations and theoretical parameters as the SMAP active-
passive retrieval algorithm, the proposed two-layer framework utilizes historical radar backscatter measurements and
ancillary environmental information to capture high-resolution soil moisture dynamics. Once the models are learned at
covered areas where both the 3 km estimates from the SMAP/Sentinel-1 product and the inputs are available, it can be
applied to predict high-resolution soil moisture at gap areas where the SMAP active-passive retrieval algorithm fails.

In addition to the two-layer machine learning-based framework, we also implement a one-layer model whose perfor-
mance is compared to our two-layer framework. The one-layer model directly downscales the soil moisture from 9 km
to 3 km with the aid of available ancillary information. The function learned by this model can be written as:

SM(3km) = f3(SM(9km),H), (6)

Figure 5(b) and (c) shows the structures of the one-layer model and the proposed two-layer machine learning-based
framework respectively. Comparing Figure 5(a) and Figure 5(c), it can be seen that the two-layer machine learning-based
framework follows a similar structure as the original SMAP/Sentinel active-passive retrieval algorithm while using a
machine learning paradigm. Its performance over the one-layer model in terms of downscaling soil moisture at gap
areas will be demonstrated through extensive machine learning-based experiments discussed in Section 5.

4.3 Random Forest Model

In this paper, the Random Forest model [57] is used for downscaling soil moisture/brightness temperature. Proposed in
2001, the Random Forest model quickly gained its reputation for being able to learn complex nonlinear relationships
between the target variable and input features while resisting to the overfitting problem. Its superior performance is
achieved through an ensemble of individually learned decision trees combined with the bagging method and random
selections of features. During the training process of the Random Forest model, multiple hierarchical decision trees
are learned independently with the goal of maximizing the variance reduction for each split. The individually grown
decision trees can, however, easily suffer from the overfitting problem where significantly disparate performances can be
observed on the training and test sets. To tackle this issue, the Random Forest model averages the predictions generated
by all trees in the forest with additional strategies to reduce the correlation between them. The correlation reduction
is done through tree bagging and the so-called “feature bagging”. During the training process, each decision tree is
exposed to different data subsets that are randomly sampled with replacement from the same training set. Additionally,
“feature bagging” is adopted where randomly selected subset of the features are considered for each split. The Random
Forest model generalizes well on test set when strong decision trees are constructed with controlled correlations between
them.
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5 Results and Discussions

We validate the downscaled soil moisture at three selected study areas, Arizona, South Dakota, and Arkansas, for the
growing season of 2018 (May 1, 2018 - August 31, 2018). Data from March 1, 2018 to April 31, 2018 are also included
for the temporal neighboring region search and for the generation of the average/standard deviation of the historical
radar backscatter measurements. Besides the one-layer model (equation 6), we also compare the performance of our
proposed two-layer framework with the 9 km soil moisture from the SMAP enhanced passive soil moisture product.
We resample the 9 km soil moisture to 3 km by simply assuming that all the 3 km EASE2 subgrids inside one 9 km
EASE2 grid have the same value. We denote this product as the “resampled 9 km soil moisture”. The resampled 9 km
soil moisture estimates serve as a reference for comparison with the one-layer and our proposed two-layer models. In
terms of metrics, the correlation coefficient (R) and unbiased root mean square error (ubRMSE) are used to quantify
and compare the overall agreement between the predicted 3 km soil moisture and the retrieved ones.

5.1 9 km versus One-layer Model versus Two-layer Framework

To demonstrate the performance of our proposed two-layer machine learning-based framework, we split the covered
regions (where the 3 km soil moisture estimates are available) into training and test regions. Machine learning models
learned at the training region are used to predict the downscaled soil moisture/brightness temperature at the test region.
At each of the selected study areas, Arizona, South Dakota and Arkansas, there are 2 ∼ 3 different major swath patterns
with ∼12 day interleaved revisit schedules. As shown in Figure 7, we select two swath patterns for each of the study
areas, the main swath A and the shadow swath B. The overlap of the two swaths will be used as a filter to obtain the
hold-out test region. For any specific day which has the main swath A available, the filter will be applied to obtain the
test region (as shown in the red frames of Figure 7 (a), (c) and (e)), while the rest will be used as spatial neighboring
regions for the training process (as shown in the orange frames in Figure 7 (a), (c) and (e)). For the temporal transfer
learning task, a 30-day sliding window is adopted to search for the most recent shadow swath B. Once the most recent
shadow swath B is obtained, the filter of the test region is applied to obtain the temporal neighboring region (as shown
in the orange frames of Figure 7 (b), (d) and (f)).
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Figure 7: Train and test splits at Arizona, South Dakota and Arkansas. (a) selected swath A at Arizona on June 13th,
2018. (b) selected swath B at Arizona on June 5th, 2018. (c) selected swath A at South Dakota on July 17th, 2018. (d)
selected swath B at South Dakota on July 11th, 2018. (e) selected swath A at Arkansas on July 8th, 2018. (f) selected
swath B at Arkansas on June 21th, 2018.
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This training and test splitting strategy mimics how the transfer learning is applied to fill/downscale soil moisture at real
gap areas where the 3 km soil moisture estimates are indeed missing. It also allows us to compare the performance of
the three transfer learning settings, the spatial transfer learning, temporal transfer learning, and the spatial-temporal
transfer learning. Figure 8 shows, as an example, the test region at Arizona on June 13 and its corresponding spatial
neighboring region and temporal neighboring region for the training. Table 3 lists the days of year (DOYs) at the
selected study areas where the main swath A is available for test and spatial neighboring regions and the shadow swath
B is available for a temporal neighboring regions search. Models are trained and predicted for each available test region
and its corresponding training regions separately.

spatial

temporal

(a) (b)

(c)

Figure 8: Spatial/temporal transfer learning for (a) test area at Arizona on June 13th, 2018. (b) spatial neighboring
region on the same day. (c) search for temporal neighboring regions within 30-day sliding window is applied to obtain
the most recent temporal neighboring region on June 5th, 2018.

Table 3: Days of Year (DOY) Data Were Available for Test, Spatial and Temporal Neighboring Regions between May 1,
2018 and August 31, 2018.

Region Test & Spatial Neighboring Regions (DOY) Temporal Neighboring Regions(DOY)
Arizona 127, 140, 151, 164, 188, 199, 212 95, 108, 119, 132, 143, 156, 167, 191, 204
South Dakota 126, 139, 150, 163, 187, 198, 211, 222, 235 107, 120, 144, 155, 168, 179, 192, 216, 227
Arkansas 130, 141, 154, 165, 189, 202, 213, 226, 237 100, 124, 148, 172, 197, 220

Figure 9 and Figure 10 compare the performance (in terms of R and ubRMSE respectively) of the resampled 9 km soil
moisture, one-layer model and our proposed two-layer framework under different transfer learning settings at available
test regions. At each selected study area, performance metrics of different DOYs are represented by boxplots to show
a general pattern of how different models perform. It can be seen that the proposed two-layer framework generally
outperforms both the resampled 9 km soil moisture product and the one-layer model in terms of R and ubRMSE under
all three transfer learning settings.

The improvement in R is significant, especially at Arizona and Arkansas. Taking the spatial-temporal transfer learning
as an example, the mean R at Arizona is increased to 0.723 for the two-layer framework compared to 0.532 for the
one-layer model and 0.471 for the 9 km soil moisture, while the mean R at Arkansas is increased to 0.798 for the
two-layer framework compared to 0.69 for the one-layer model and 0.523 for the 9 km soil moisture. Exceptions
of improvement in performance are noticed at South Dakota for the spatial transfer learning and temporal transfer
learning where relatively insignificant changes in the chosen metrics are found when comparing the resampled 9 km
soil moisture product, the one-layer model, and our two-layer framework. This is, however, expected as the retrieved 3
km soil moisture has much lesser spatial heterogeneity compared with the 9 km soil moisture product at South Dakota
as discussed in Subsection 2.2.

Focusing on the two-layer framework, Figure 9 also shows how different transfer learning settings perform, in terms
of correlation coefficient, at the selected study areas. It can be seen that at Arizona and South Dakota, the temporal
transfer learning achieves better performances (with mean R = 0.671 at Arizona and mean R = 0.797 at South Dakota)
compared with the spatial transfer learning (with mean R = 0.585 at Arizona and mean R = 0.769 at South Dakota).
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Figure 9: Correlation coefficient (R) comparisons of the resampled 9 km, one-layer model and our proposed two-layer
framework for the selected study areas under different transfer learning settings.

While at Arkansas, the spatial transfer learning returns higher correlation coefficient (mean R = 0.741) compared
with the temporal transfer learning (mean R = 0.733). One possible explanation is that Arkansas observes more
vegetation cover as reflected in the higher average leaf area index (LAI) discussed in subsection 2.2. As the temporal
transfer learning relies on the subgrid dynamics learned on a temporal neighboring region, having a dense vegetation
cover will, as expected, impair its performance. For all the three study areas, the spatial-temporal transfer learning
outperforms the spatial-only and temporal-only models. The mean R at Arizona, for example, is increased to 0.723 for
the spatial-temporal transfer learning compared to 0.585 for the spatial transfer learning and 0.671 for the temporal
transfer learning. The comparison of ubRMSE follows a similar pattern as R, we thus omit the discussion here.

To visually compare the performance of these models, Figure 11, as an example, focuses on a daily test region on June
13, 2018 at Arizona to show the disaggregated soil moisture produced by the resampled 9 km soil moisture product, the
one-layer model and the proposed two-layer framework. It can be seen that although the one-layer model under the
spatial-temporal transfer learning has the ability to reconstruct fine-scale soil moisture to some extent (Figure 11(c)), its
downscaling quality is still inferior to the proposed two-layer framework, even to the one under the spatial transfer
learning only (Figure 11(d)). With the proposed two-layer framework, more fine-scale soil moisture heterogeneities
can be predicted/downscaled with improvement in both R and ubRMSE, especially under the spatial-temporal transfer
learning setting (Figure 11(f)).

5.2 Transfer Learning Limitation Exploration

5.2.1 Spatial Transfer Learning

To compare the downscaling performances of different transfer learning settings, fixed-size test regions were adopted
for the above experiments at each study area. Meanwhile it is worthwhile to continue exploring whether our proposed
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Figure 10: Unbiased RMSE (ubRMSE) comparisons of the resampled 9 km, one-layer model and our proposed
two-layer framework for the selected study areas under different transfer learning settings.

two-layer framework can keep achieving satisfiable performance when the size of the test regions expands. To project
how our models will perform when we fill the real gaps, or expand the observed regions, we split the training and
test regions by shrinking the regions covered by the 3 km soil moisture. Taking the available swath at Arkansas on
June 14th, 2018 as an example, as shown in Figure 12, we split the region covered by the SMAP/Sentinel-1 3 km soil
moisture product (Figure 12 (a)) into training and test regions with various size ratio (Figure 12 (b), (c), (d) and (e)).
Here, four different size ratios, 1: 4, 1: 2, 1: 1 and 2: 1, are chosen. A higher ratio indicates that less training samples
are used during the training process and more samples are used to validate predictions. Models learned using data from
the training region are used to downscale soil moisture at test region. Figure 13 shows the corresponding experiment
results at the three selected study areas. While generally deteriorating performances were observed with the growing
size ratio, at Arizona and Arkansas our proposed two-layer framework outperforms the resampled 9 km soil moisture
and the one-layer model. Especially at Arkansas, the R values are approximately 0.7 when the test region is twice the
size of the training region compared with ∼ 0.4 R from the 9 km soil moisture and ∼ 0.5 R from the one-layer model.
In South Dakota, the two-layer framework, again as before, returns similar metrics as the 9 km soil moisture.

5.2.2 Temporal Transfer Learning

To obtain the temporal neighboring region for the temporal transfer learning and spatial-temporal transfer learning, we
search back from the current day to find the most recent historical temporal neighboring region from another swath
pattern within a 30-day window. In this subsection, we explore how the timespan between the current day test region and
the obtained temporal neighboring region influences the predictive performance. For the Sentinel-1 radars, the temporal
resolution of one swath pattern is ∼ 12 days while the timespan between two different but consecutive swath patterns is
∼ 6 days. Considering that the swaths may be missing due to various reasons, the timespan between the current-day
test region and the obtained temporal neighboring region can be ∼ 6 days, ∼ 18 days or ∼ 30 days. To explore how
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Figure 11: Performance comparisons for test region at Arizona on June 13th, 2018. (a) 3 km soil moisture from
SMAP/Sentinel-1 active-passive Product. (b) resampled 9 km soil moisture from SMAP enhanced passive product.
Predicted 3 km soil moisture from (c) the one-layer model under spatial-temporal transfer learning, (d) the two-layer
framework under spatial transfer learning, (e) the two-layer framework under temporal transfer learning and (f) the
two-layer framework under spatial-temporal transfer learning.

these different timespans influence the downscaling performances of the one-layer model and our two-layer framework,
as shown in Figure 14, we continue searching within the 30-day window to find all available temporal neighboring
regions and compare the experiment results aggregated by different timespans. Figure 15 shows the comparisons at the
three study areas. All the three study areas observe deteriorating performances, to different extents, as the timespan
increases between the test region and the temporal neighboring region. Again, our two-layer framework returns better
downscaling performances, especially at Arizona and Arkansas, compared with the one-layer model and the resampled
9 km soil moisture.

5.3 Model Comparison

As stated before, the proposed two-layer framework is a general framework that any machine learning algorithm can
be embedded in to accomplish the prediction task. In this section, we compare the performances of the Random
Forest model with two other well-known models, the linear regression model and the XGBoost model [75]. The
spatial-temporal transfer learning is considered here. It can be seen in Figure 16 that the linear regression model
performs the worst compared with the other two non-linear models. This is expected as the relationships that we aim to
capture using the machine learning models are non-linear based on the original theoretical algorithms of the SMAP
active-passive product [69]. It can also be seen that our proposed two-layer framework outperforms the one-layer model
for any of the three machine learning models.
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Figure 12: Vertical split of the whole swath at Arkansas on June 14th, 2018 with various size ratios of test region v.s.
training region.
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Figure 13: Performance comparisons of the resampled 9 km soil moisture, one-layer model and our proposed two-layer
framework under different size ratios of the test region v.s. the training region.

5.4 Prediction at Gap Areas

In this subsection, we predict and compare the downscaled soil moisture produced by the models at real gap areas
where the 3 km soil moisture estimates are indeed missing in the SMAP/Sentinel-1 active passive product. As we have
discussed in Subsection 4.1, we first train models using data from spatial-temporal neighboring regions of the gap
regions. The learned models are then fitted to predict the 3 km brightness temperature and soil moisture at real gap
areas. Figure 17 shows the predicted high resolution soil moisture at Arizona on June 13th, 2018, as an example, from
the resampled 9 km soil moisture, the one-layer model and the two-layer framework under different transfer learning
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Figure 14: Search for temporal neighboring regions within a 30-day window for test regions at Arizona on May 7th,
2018 and July 7th, 2018.

settings. Again, our two-layer framework reconstructs more subgrid soil moisture heterogeneities compared with the
one-layer model.

Gaps of SMAP/Sentinel-1 active-passive product for continental United States can be filled adopting the same method-
ology. The produced gap-filled soil moisture has the same 3 km resolution as the SMAP/Sentinel-1 active-passive
product and the same spatial and temporal coverage as the SMAP enhanced passive product. Figure 18 (a) and (b)
show the daily 3 km soil moisture product from the SMAP/Sentinel-1 active passive product and daily resampled 9
km soil moisture product from the SMAP enhanced passive product, on June 17th, 2018, respectively. Large areas
that are not covered by the fine-scale soil moisture can be observed. Again, this is due to missing high resolution radar
backscatter measurements. Figure 18 (c) and (d) show the comparison of the gap-filled soil moisture produced by the
one-layer model and our proposed two-layer framework. We were able to gap-fill most of the missing areas except
those that have missing inputs, mainly the historical radar scatter measurements. Additionally, while the one-layer
model is able to reconstruct the 3 km soil moisture as our two-layer framework (under the spatial-temporal transfer
learning), it produces much less fine-scale soil moisture heterogeneities as our proposed framework.

6 Conclusions

Recognizing the importance of global-scale soil moisture estimates with fine spatial and temporal resolution, this
paper introduces the transfer learning strategy for the first time to enable regional gap-filled high-resolution soil
moisture that maintains high consistency with the SMAP/Sentinel-1 3 km soil moisture product. It also presents a novel
two-layer machine learning-based framework motivated by the SMAP active-passive retrieval algorithm. The two-layer
framework can downscale/gap-fill soil moisture with more heterogeneity captured at areas where the SMAP/Sentinel-1
active-passive 3 km soil moisture product is missing. The average of historical radar backscatter measurements is
introduced for the first time as one of the key inputs to machine learning models for soil moisture downscaling. We
compare the two-layer framework with a conventional one-layer model and the resampled 9 km soil moisture product
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Figure 15: Performance comparisons of the resampled 9 km soil moisture, one-layer model and our proposed two-layer
framework under different temporal distances between the test region and the temporal neighboring region.
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Figure 16: Performance comparisons of the linear regression, Random Forest and XGBoost models under the spatial-
temporal transfer learning setting at (a) Arizona, (b) South Dakota and (c) Arkansas.

under three different transfer learning settings against hold-out SMAP/Sentinel-1 active-passive soil moisture estimates.
We show that our two-layer framework outperforms the one-layer model and the resampled 9 km soil moisture, in terms
of R and ubRMSE, under all scenarios. The most significant performance improvements of the proposed two-layer
framework were seen on the R under the spatial-temporal transfer learning where it is increased to 0.723 at Arizona
compared to 0.471 for the resampled 9 km and 0.532 for the one-layer, 0.82 at South Dakota compared to 0.765 for
the resampled 9 km and 0.76 for the one-layer, and 0.798 at Arkansas compared to 0.523 for the resampled 9 km and
0.69 for the one-layer. Another benefit of the two-layer machine learning-based framework is that it also produces
downscaled brightness temperature at gap areas as an intermediate product. The downscaled brightness temperature
with improved spatial and temporal coverage is also useful and has been applied to various data assimilation applications,
such as the SMAP Level 4 product [76].

One limitation of our gap-filled soil moisture product is that its availability is still restricted by the availability of the
inputs, mainly the 9 km soil moisture and 9 km brightness temperature from the SMAP enhanced passive product. The
best temporal resolution produced is therefore ∼2-3 days. This issue will hopefully be addressed by the generation of
seamlessly covered coarse-scale soil moisture and/or brightness temperature data in the future.This can be achieved
by the development of another gap-filling technique to fill the gaps of the 9 km soil moisture product or a fusion of
multiple passive microwave soil moisture products.
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Figure 17: Real gap filling at Arizona on June 13th, 2018. (a) 3 km soil moisture from SMAP/Sentinel Product for
spatial neighboring region on the same day. (b) Resampled 9 km soil moisture from SMAP L3_SM_P_E. Gap-filled 3
km soil moisture from (c) the one-layer model using spatial-temporal transfer learning, (d) the hierarchical learning
models using spatial transfer learning, (e) the hierarchical learning models using temporal transfer learning and (f) the
hierarchical learning models using spatial-temporal transfer learning.
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