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ABSTRACT

Remote sensing of soil moisture plays an important role in advancing various hydrology applications, with Synthetic Aperture Radar (SAR) being the most promising
technique for high-resolution soil moisture estimation. The growing adoption of machine learning methods has further enhanced this field, though their effectiveness
heavily relies on the availability and quality of in-situ measurements. A recent study has demonstrated that pretrained models at 9-km resolution, based on the Soil
Moisture Active Passive (SMAP) soil moisture products, can be transferred to 1-km using fewer in-situ measurements. Despite the success of this cross-resolution
framework, its performance in data-scarce regions at high resolutions remains poor. To address this limitation, a multi-scale domain adaption (MSDA) method
was proposed for soil moisture retrieval from data-scarce regions at a resolution of 50 m, taking the pretrained 9 km models as the starting points. Two modifications
were made: the integration of multi-scale losses at both 9-km and 50-m resolutions, and the application of domain loss to bridge the gap between training and testing
datasets. The MSDA was evaluated in both transductive and inductive modes where transductive mode involves adapting the model using a portion of the unlabeled
test data, and inductive mode involves generalizing the model to entirely new, unseen data. A total of 66,547 daily averaged soil moisture measurements from 480
stations of 7 networks across the Contiguous United States were used. In the transductive mode, the use of a single training station in the MSDA achieved an R and
RMSE of 0.67 and 0.088 m®/m® respectively, which were improved to 0.81 and 0.071 m®/m® when using data from 45 training stations. An acceptable R and RMSE
of 0.76 and 0.078 m>/m® was achieved in the inductive mode. The joint use of the two modifications achieved significantly better results (p < 0.01), with a relative
improvement of 5.8 — 20.0 %, overall, and a lower risk of performance deterioration in data-scarce scenarios.

1. Introduction et al. 2011; Wagner et al. 1999; Zhu et al. 2022), time series methods
(Fan et al. 2021; Kim et al. 2012; Zhu et al. 2019; Zhu et al. 2023) and
machine learning methods (Batchu et al. 2023; Liu et al. 2022; Wang

et al. 2024). Among these, machine learning methods gain increasing

Near surface soil moisture monitoring at coarse resolutions (> 10
km) has been made operational by two state-of-art spaceborne micro-

wave radiometers, i.e., NASA’s Soil Moisture Active and Passive (SMAP,
(Entekhabi et al. 2010) mission and ESA’s Soil Moisture and Ocean
Salinity (Kerr et al. 2010) mission, offering major contributions to
various applications (Cao et al. 2022; Jalilvand et al. 2023). While
various downscaling methods have been developed, reliable soil mois-
ture estimation at a resolution of < 1 km is still challenging (Peng et al.
2020). Synthetic Aperture Radars (SARs) provide a promising alterna-
tive for high resolution soil moisture, with recent SAR missions (e.g.,
Sentinel-1) having an enhanced global revisit of < 12 days (Torres et al.
2012).

In the past decade, substantial efforts have gone to retrieving soil
moisture from SAR data operationally, with the most popular methods
including the change detection methods (Arias et al. 2023; Balenzano
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acceptance as they are free of complex scattering modeling and do not
require rigorous preprocessing of SAR data, e.g., noise removal, inci-
dence angle normalization, terrain correction (Zhu et al. 2024). All the
pre-works of conventional soil moisture inversion can be made auto-
matically or compensated for by the feature (explainable variables)
learning from multimodal data, allowing incredible convenience in
operational soil moisture mapping.

Existing applications of machine learning methods in SAR remote
sensing of soil moisture can be categorized into three main groups, with
the first focusing on modeling of surface scattering. Some studies have
trained machine learning models using simulated data sets generated by
existing scattering models, with the inversion process then made using
the trained models instead of directly inverting the scattering models
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(Baghdadi et al. 2002; Dong et al. 2023; Paloscia et al. 2008). Recent
development of these studies include the Physical-Informed Neural
Networks (PINNs) where physical scattering models are coupled with
neural networks, resulting in improved performance in both the forward
modeling and soil moisture retrieval (Bai and Tan 2023).

Other studies have directly applied conventional machine learning
methods to retrieve soil moisture from plot to global scales, e.g., random
forest (RF, Zheng et al. 2023), support vector regression (SVR,
Stamenkovic et al. 2015; Xu et al. 2019), artificial neural network (ANN,
Ahmad et al. 2010) and eXtreme Gradient Boosting (XGboost, Nguyen
et al. 2022). Apart from directly using the raw backscatter, parameters
derived by polarimetric decomposition (Chen et al. 2021), difference
between or ratios of different polarizations (Wang et al. 2022), or two
successive observations (Xu et al. 2019) were also used, being part of the
feature extraction step. The auxiliary inputs (predictor attributes) have
varied among the aforementioned studies but commonly include terrain
features, soil texture, normalized difference vegetation index (NDVI), as
well as precipitation and/or evaporation from either optical sensors or
reanalysis datasets (Karamouz et al. 2022). The performance of these
methods was commonly compared with the naive version of RF, SVR,
ANN and XGboost, with the ensemble methods (i.e., RF and XGboost)
being found to generally perform better (Chen et al. 2021; Miller et al.
2022; Nguyen et al. 2022; Zhu et al. 2020).

The recent advances in deep learning and the considerable ground
soil moisture measurements now available through the International
Soil Moisture Network (ISMN, Dorigo et al. 2021) allow more powerful
machine learning models be developed for the remote sensing of soil
moisture, built either on the long short-term memory (LSTM, Celik et al.
2022), convolution neural network (CNN, Batchu et al. 2023) and/or
transformer architecture (Wang et al. 2024). The global validation of
these methods showed a much better accuracy than both the conven-
tional machine learning methods and the time series methods, providing
a promising solution to operational global soil moisture mapping at high
spatial resolution (< 1 km). However, these deep learning methods
require a large amount of training samples and the transfer of trained
models to the periods and/or areas with scarce samples is still chal-
lenging (Zhu et al. 2025). In our previous study (Zhu et al., 2024), a
cross-resolution transfer learning approach was proposed, which as-
sumes that the coarse soil moisture products produced by the SMAP
mission can be used to pretrain robust models for a coarse grid (9 km),
and be finetuned to a higher resolution of 1 km. Validation based on the
ISMN showed a root mean square error (RMSE) of 0.06 m3/m?® when
finetuning to 2 % of the ~ 190,000 available ground samples. Despite
the ability to substantially reduce the training samples, the ability to
transfer to locations/areas without samples was still poor. Moreover, the
performance of the transferred models was found to be worse than the
trained model with 9 km data for scenarios with scarce finetuning
samples.

The poor generalization capability partly arises from the domain
shift (Tan et al. 2018), where the data distribution in the training set
(source domain) differs from that in the testing set (target domain).
Apart from finetune, multi-task learning, few-shot learning, and unsu-
pervised domain adaption can be adapted to address the domain shift,
with numerous successful cases in computer vision (Tan et al. 2018) and
remote sensing classifications (Ma et al. 2024). In view of the training
process, the negative effect of transfer learning can be ascribed to
overfitting of the limited training samples. Widely used solutions
include having a smaller learning rate, or freezing part of the network
and applying another regularization scheme (Abdalla et al. 2019). While
these strategies are useful, substantial efforts are still required for reli-
able high resolution soil moisture retrieval over data-scarce regions
using deep transfer learning.

In this study, a multi-scale domain adaption (MSDA) approach was
proposed for high resolution retrieval over data-scarce regions, taking
the pretrained 9 km models as the starting point (Zhu et al., 2024). The
target “high” resolution was set to 50 m because i) SAR data at a higher
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resolution can have large speckle noise; ii) most auxiliary data are
available at a relatively coarser grid (e.g., the soil texture); and iii) it
meets the requirements of most applications including farm-scale water
management (Peng et al. 2020). Two modifications were made to the
cross-resolution finetune method of Zhu et al. (2024) for improved
generalization capability and lower risk over data scarce scenarios, i.e.,
utilizing the knowledge from both 50 m and 9 km and including the
domain shift loss between the source and target domains. The proposed
method was ultimately evaluated using samples collected from 7 soil
moisture networks across the Continental United States (CONUS),
covering both agriculture types and others. Two evaluation modes of
transductive and inductive were involved for further suggestions in
agricultural water management. The transductive mode makes pre-
dictions only for the unlabeled samples of the SCAN network and the
input features of these unlabeled samples were utilized to minimize the
domain loss, while the inductive mode used the models trained for SCAN
to predict soil moisture on completely unseen data. Moreover, the role of
each modification was addressed.

2. Data and pre-processing

The proposed multi-scale domain adaption (MSDA) approach is built
on the pretrained Densely connected networks for Soil Moisture (Den-
seSM) at 9 km (Zhu et al., 2024). The required input variables of the
DenseSM model are summarized in Table 1, including 3 time-invariant
categories of soil texture, terrain features and locations, as well as 3
dynamic categories of SAR observations, vegetation descriptors and
weather variables. Sentinel-1 SAR data is the main input, with the other
parameters prepared based on the acquisition date of the SAR data.
Since MSDA requires data at both 9 km and 50 m, all datasets were
processed accordingly on the Equal-Area Scalable Earth grid V2.0
(EASE-2.0). SMAP soil moisture is natively distributed on the EASE-2.0
grid, while other datasets were either resampled or upscaled to match
the 9 km and 50 m grids.

2.1. Soil moisture at 50 m and 9 km

The soil moisture truth at 50 m was generated using in-situ soil
moisture measurements from 7 networks across the CONUS (Table 2),
being the SCAN, USCRN, SOILSCAPE, PHO_2HO, iRON, FLUXNET-
AMERIFLUX and ARM respectively. Another national-wide network
(SNOTEL) was excluded due to the large terrain variations around its
stations, which could introduce relatively larger spatial representative-
ness errors (Peng et al. 2024). While pre-selecting networks helps
mitigate scale mismatch between point measurements and the 50 m
reference data, it does not entirely eliminate the issue. However, a more
reliable preprocessing step is not feasible due to the lack of measure-
ments in nearby regions. All available records of these networks from
2016 to 2021 were collected from the ISMN, but only the stations with
> 5 coincident Sentinel-1 acquisitions were kept, resulting in 480 sta-
tions. While Sentinel-1 data was collected at ~ 6 AM (ascending orbit)
and ~ 6 PM (descending orbit) local solar time, the daily average of the
in-situ soil moisture measurements (<= 5 cm) within the same 50-m
grid cell was treated as the truth for simplicity, suggesting that the
models and method proposed in this study are designed for daily aver-
aged soil moisture. However, the soil moisture difference between the
daily averaged value and the value of the descending or ascending hour
was only ~ 0.002 m®/m>. All 480 stations were located in separate grid
cells. While some stations having multiple sensors at the same depth,
data was collected from a small area of a few m?, being much smaller
than the target grid cell (50 x 50 mz). Consequently, the soil moisture
truth at 50 m may deviate from the “real” soil moisture, with the un-
certainty of scale mismatch remaining unclear.

Soil moisture at 9 km were extracted from the SMAP L3 Radiometer
Global Daily 9 km Soil Moisture, Version 5 (O’ Neill et al. 2021). While
this product is provided on a 9 km grid, it does not really reflect the
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Table 1
The input variables of the DenseSM.
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Category Variable name Range for normalization # Input variables Grid size Temporal resolution
SAR observation VV [dB] [-30, 5] 1 10m 6 or 12 days
VH [dB] [-35, 0] 1
Incidence angle [°] [29.1, 46] 1
Sentinel-1 DoY* [1, 365] 2
Soil texture Sand [%] [0, 100] 1 250 m Static (released in 2020)
Clay [%] [0, 100] 1
Bulk density [g/cm®] [1,1.8] 1
Terrain attributes Elevation [m] [0, 5500] 1 30m Static and the data source was collected at 1999
Slope [°] [0, 40] 1
Aspect [°]* [0, 3601 2
Location Grid row number [0, 1624] 1 9000 m Static
Grid column number* [0, 3856] 2
Vegetation NDVI [-0.2, 1] 46 250 m 8 days
Weather Temperature [°C] [-10, 35] 46 0.1° 1h
Precipitation [m/d] [0, 0.3] 46

" Projected to the cosine and sine space.

Table 2
The number of samples for 9 km and 50 m from the 7 soil moisture networks
located in the CONUS.

Network Number of Number of Number of
stations samples at 50 m samples at 9 km

ARM (Galle et al. 17 4,055 4,396
2018)

FLUXNET- 5 875 2,947
AMERIFLUX

iRON (Osenga et al. 9 1,263 2,183
2021)

PBO_H20 134 6,398 49,498
(Larson et al. 2008)

SCAN (Schaefer et al. 187 33,542 50,782
2007)

SOILSCAPE 25 245 3,476
(Moghaddam et al.
2016)

USCRN (Bell et al. 103 20,169 26,014
2013)

Total 480 66,547 139,296

spatial variations of soil moisture variations at 9 km, as each value was
interpolated from the oversampled SMAP native 36 km product using
the Backus-Gilbert optimal interpolation algorithm. This product is a
daily composite of multiple SMAP L2 half-orbit soil moisture, with both
ascending (6 PM LST) and descending (6 AM LST) data. The bias of
ascending and descending data was removed in this study by taking the
descending data as the benchmark and the observations from both orbits
then averaged as the truth of 9 km, being consistent with the calculation
of the daily averaged in-situ measurements. The pretrained 9 km model
was trained for global application with the grid cells of training samples
covering all ISMN stations (Zhu et al., 2024), while only the 480 grid
cells covering the aforementioned 7 networks were used in this study for
providing local information.

2.2. Static input variables of models

Static variables include the terrain features, soil texture and loca-
tions. Three terrain features of elevation, slope and aspect were
extracted or calculated from the Shuttle Radar Topography Mission
Digital Elevation Data Version 3 (SRTM DEM V3) at a resolution of 30 m,
which were resampled to 50 m and 9 km using an Area-based Weight
Aggregation (AWA) method. For a target grid cell resolution of 50 m, the
AWA first determined the DEM pixels overlapped with the target grid
cell and then averaged the overlapped pixels taking the overlapped areas
as the weights. The calculated elevation, slope and aspect were
normalized to [0, 1] using the range listed in Table 1 and the max-min

normalization method. Specially, the aspect angle is a cyclic variable
where 0 equals to 2r and the numerical difference of two aspect angles
cannot represent the difference of terrain orientations. Accordingly, sine
and cosine of aspect angles were used to determine the directional dif-
ference of terrain orientations. In this study, all cyclic variables were
normalized in a similar way.

Soil texture were extracted from the global gridded soil information
(SoilGrids 250 m, Poggio et al. 2021). The sand ratio, clay ratio and bulk
density of the top 5 cm were reprojected and resampled to the two target
grids, first using the AWA method and then normalized to [0, 1] as part
of the model inputs. The location of each grid cell was critical infor-
mation that allowed the DenseSM to learn location dependent features
and was thus included. Following the inputs of the pretrained DenseSMs,
the row and column number of the 9 km EASE-2.0 grid was used for both
the 50 m and 9 km resolution grids. This means that the locations of
multiple 50 m grid cells within the same 9 km grid cell are assigned the
same value.

2.3. Dynamic input variables of models

The dynamic inputs include the Sentinel-1 SAR observations, one-
year temperature, precipitation, and Normalized Difference Vegetation
Index (NDVI) preceding the acquisition date of Sentinel-1. The google
earth engine (GEE) archive of Sentinel-1 was used in this study, collected
in the Interferometric Wide (IW) mode and pre-processed to Ground
Range Detected (GRD) images using a standard processing flow. The VV
and VH backscatter coefficients (sigma null) and the approximate inci-
dence angle at 10 m were upscaled to 50 m and 9 km respectively using
the AWA method. All available Sentinel-1 GRD data was used, resulting
in 66,547 SAR observations from the 480 grid cells at 50 m resolution
(Table 2). In contrast, the number of samples prepared for the 9 km grid
was 139,296 as the SMAP has a shorter revisit of 2-3 days. Since SAR
observations are the main inputs, the acquisition date of Sentinel-1 in
day of year (DoY) was also included as an auxiliary variable, allowing
models to learn time dependent features. Both the Sentinel-1 and SMAP
L3 9 km were prepared using the GEE without downloading the acqui-
sitions; the codes are shared at https://github.com/rszlj/Transfer-
DenseSM-E.

The time series NDVI used in this study was from two Moderate
Resolution Imaging Spectroradiometer (MODIS) NDVI products
(MOD13Q1 and MYD13Q1, V6) with a resolution of 250 m. The
MOD13Q1 and MYD13Q1 were two 16-day composite NDVI products
produced from the data collected by two identical satellites Terra and
Aqua respectively. They were combined to provide the temporal dy-
namic of vegetation every 8 days in this study (Didan 2015). A one-year
time series preceding the acquisition date of each SAR observation were
extracted from the GEE using the AWA method, with the extracted time
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series having a length of 46 and thus not being exactly one year (46 x 8
days).

The time series temperature and precipitation were extracted from
the reanalysis land dataset (ERA5-land, Munoz-Sabater et al. 2021). The
original ERA5-land is an hourly dataset with a resolution of 0.1°. They
were first resampled to 50 m and 9 km using the AWA method. Different
from many studies that take weather variables as the forcing data of soil
moisture, the time series temperature and precipitation were treated as
indicators of climate types in the DenseSM and so were aggregated to a
coarser temporal resolution of 8 days for a smaller size of trainable
parameters (Zhu et al., 2024). More specifically, the temperature is the
average air temperature at 2 m of 8 successive days from the first day of
the year, while the daily aggregation sum of total precipitation was
calculated first, with the average of the same 8 days being the precipi-
tation required in DenseSM. The pre-processed temperature and pre-
cipitation preceding each SAR observation thus also had a length of 46,
being consistent with the NDVI time series.

3. Methodology
3.1. Pretrained models at 9 km

The proposed multi-scale domain adaption (MSDA) approach was
built on the DenseSM. The inputs of DenseSM are summarized in Table 1
with all the variables required to be normalized to the interval [0, 1]
using the min—-max normalization method. The DenseSM consists of a
feature extraction block, a few dense blocks, and a regression block
(Fig. 1 a). In the feature extraction block, a one-year time series of
temperature, precipitation and NDVI were fed into a temporal feature
extractor to extract 15 features representing the vegetation and climate
conditions. They were then concatenated with the corresponding SAR
data (4 variables), static terrain features (4 variables), soil textures (3
variables) and location attributes (3 variables). The 29 concatenated
features were fed into d (depth) densely connected blocks (Huang et al.
2017), each of which had 3 fully connected layers with w (width) neu-
rons in each layer. The outputs of the dense blocks were then fully
connected to a bottleneck layer of 32 neurons, followed by a regression
layer to predict the soil moisture; refer to Zhu et al. (2024) or the shared
pre-trained models for more details about the temporal feature extractor
and dense block.

The size of DenseSM is controlled by the value of w and d, with a
larger w and d meaning a wider and deeper network that is more
powerful when sufficient training samples are available. However, the
performance was variable for scenarios with sparse samples (Zhu et al.,
2024). Determining the “optimal” values for w and d using k-fold cross-
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validation can be challenging when the training set is too small to be
split effectively. Additionally, the “optimal” hyperparameters based on a
small training set may not be reliable for the target domain. So instead of
searching for the optimal hyperparameters, w was set to 8, 16, 32, 64
and 128, while d was set to 1, 2, 3, 4 and 5, resulting in 25 DenseSM
models. Soil moisture was then estimated independently using the 25
models and the ensemble averaged as the output, being denoted as
DenseSM-E (Fig. 1 b). The DenseSM-E was found to have better results
than any single model and to be insensitive to the hyperparameters (Zhu
et al., 2024). Accordingly, the proposed MSDA was also applied to the
DenseSM-E of 25 DenseSM models in this study.

3.2. Multi-Scale domain adaption (MSDA) method

The proposed MSDA has two main branches (Fig. 2). The inputs of
the first branch are labeled samples at 50 m and 9 km, with the labels
being the soil moisture truth at 50 m and 9 km resolution respectively.
The inputs of the second branch are unlabeled samples at 50 m resolu-
tion from the target domain. Since the SMAP L3 9 km resolution soil
moisture was treated as the truth of the 9 km grid and are available
globally, the samples at the 9 km resolution of the first branch were
taken from both the source and target domains. Both branches have
identical architecture to the DenseSM, with the initial trainable pa-
rameters being copied from the pretrained DenseSM (Zhu et al., 2024).
The outputs of the first branch include the predicted soil moisture at
both 9 km and 50 m resolutions. Moreover, the outputs of the bottleneck
layer were extracted for the 50 m resolution, being the learned feature
representations of the source domain for regression. In contrast, the
second branch only has the feature representations of the target domain
as its output.

Three loss items are calculated using the estimated soil moisture and
the extracted feature representations, being the estimation loss at 50 m
(<Z’som) and 9 km (Lgyy,) resolutions, and the domain discrepancy be-
tween the source and target domains. The soil moisture estimation losses
were calculated using Mean Squared Error (MSE):

1< ~
L= n Z si — .Ysj)z (€]
i1

where y;; and y;; are the truth and estimated soil moisture of the ith
sample, with s being either 50 m or 9 km resolution, and n is the number
of labeled samples for training, being the batch size in deep learning.
A few methods/metrics have been proposed to estimate the domain
discrepancy, including the Maximum Mean Discrepancy (MMD,
(Dziugaite et al. 2015), Kullback-Leibler Divergence and CORrelation
ALignment (CORAL, Sun et al. 2017). In this study, CORAL was selected

DenseSM-1-8 DenseSM-1-16 DenseSM-1-128

DenseSM-2-8 DenseSM-2-16 DenseSM-2-128

DenseSM-5-8 DenseSM-5-16 DenseSM-5-128

(b) Ensemble of 25 DenseSM

Fig. 1. The architecture of the DenseSM with the numbers in parentheses being the number of variables or feature representations (a) and the ensemble concept of 25
DenseSM-d-w, with the w and d being the width and depth of the dense blocks respectively (b).
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1 of 25 pretrained models at 9 km (Zhu et al., 2024)
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Fig. 2. The proposed multi-scale domain adaption, taking the pretrained 9 km models as the starting points. The source and target domain refer to the training and

testing sites.

as it is computationally efficient and straightforward to be implemented
without requiring complex kernel functions or hyperparameter tuning.
The simplicity is from the assumption of linear relationships between the
source and target domains, being not valid for most scenarios. However,
the CORAL loss was calculated for the final feature representations in
this study. Aligning second-order statistics is sufficient and more
straightforward than considering higher-order statistics, as the final
feature representations were fed into a linear regression layer for soil
moisture retrieval. The domain loss in CORAL of two feature pre-
sentations can be calculated using:

1

4d2\|cs*CTH§ @

< domain —
where Cs and Cr are the covariance matrices of the source and target
feature representations respectively, | || denotes the Frobenius norm
and d is the dimensionality of the features, being the number of neurons
of the bottleneck layer in this study, i.e., 32.

A joint cost function was calculated using the three cost items:

< = aJSOm + (]- - a)Jka +ﬁjdomain (3)

where a and p are two empirical parameters, controlling the weight of
each item, with a having a range of [0, 1]. The special case of a =
0 means that only the loss at 9 km resolution was considered and thus
ground truth at 50 m resolution is not required, being an unsupervised
domain adaption method. In contrast, the special case of @ = 1 only uses
data from 50 m resolution and thus becomes a single scale domain
adaption method. Since the estimation loss and domain loss have
different units and are challenging to be normalized, it is impossible to
determine a unique f. Previous experiments on various object recogni-
tion tasks have suggested that maintaining a balanced classification loss
and CORAL loss after training lead to feature representations that are
both discriminative and have minimized discrepancy between the
source and target domains (Sun and Saenko 2016). However, it is still
not straightforward for a determined g that “’soy, and -/ "gomain have a
similar value at the end of training. In contrast, the balance between
estimation and domain can be made easily at the beginning of the

training, allowing a rough balance at the end of training. Accordingly,
was determined using:

__  cyppretrained ; pretrained
/j - ajSOm /Jdomain (4)
where #2erained gnd yPretmained ape the estimation and domain loss of

the pretrained 9 km model at 50 m resolution. Eq. (4) therefore allows a
similar value of domain loss and estimation loss at the beginning of the
training process.

3.3. Training and validation methods

A pretrained DenseSM model was finetuned using the loss function
described in Eq. (3) and the Adam optimizer with default parameters (51
= 0.9, f3 = 0.999, and € = 1078 Kingma and Ba 2014). Training was
conducted for 50 epochs, and the trainable parameters from the last 10
epochs averaged to form the final trained model (Zhu et al. 2021). The
batch size was set to 128, meaning each batch included 128 labeled
training samples at 50 m resolution, 128 labeled samples at 9 km reso-
lution, and 128 unlabeled samples at 50 m resolution. Given the sub-
stantially smaller number of labeled samples at 50 m resolution
compared to those at 9 km resolution and the unlabeled samples at 50 m
resolution, samples from the 9 km resolution set or the unlabeled 50 m
resolution set were randomly selected without replacement until all
samples were used. This iteration method addresses the discrepancy
between the small source domain and the large target domain, as well as
the estimation loss of 9 km resolution over a larger area and/or a longer
period. A relatively small learning rate of 5¢™ was used to reduce the risk
of overfitting during the early epochs. Moreover, there are 25 pretrained
9 km resolution DenseSM models and so the MSDA was applied to each
model independently, resulting in 25 transfer DenseSM models at 50 m
resolution. The ensemble average of these 25 models was then consid-
ered the final output, referred to as the transfer DenseSM-E. Notably, this
study only focused on the transfer version of DenseSM-E.

Four metrics of bias were used to assess the performance of the
transfer models; Pearson correlation coefficient (R), RMSE and unbiased
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RMSE (ubRMSE). Since model performance depends on the selected
training sets, especially in scenarios with few stations, training and
evaluation were conducted 10 times using different random training
stations. The proposed MSDA was evaluated in both transductive and
inductive inference modes. In the transductive mode, the testing sam-
ples were used to calculate the feature representations of the target
domain, while in the inductive mode the models trained for the trans-
ductive mode were applied without any further training. Accordingly,
the accuracy in the transductive mode is generally expected to be higher
than that in the inductive mode.

€The evaluation of the transductive mode was focused on the SCAN
network as it has the largest number of stations among those listed in
Table 2 and a long continuity of data records, with around 85 % stations
having > 100 samples (Fig. 3 a). To evaluate the MSDA in different
scenarios with scarce stations, the number of training stations was
increased from 1 to 45 with intervals of 4 or 8 stations, accounting for
0.5 % to 24 % of the SCAN network. The non-selected stations of each
scenario were used for evaluation. Moreover, the CONUS was divided
into 6 longitudinal regions and 6 latitudinal regions, each with a similar
number of stations (~ 30). Accuracy statistics were calculated for each
region to highlight the spatial discrepancy in performance. Moreover,
the cross-resolution finetune method (Zhu et al., 2014) was treated as
the benchmark to show the contribution of the proposed MSDA. Since
two modifications were made in the MSDA, including multi-scale loss
and domain loss, two methods incorporating each as a single modifi-
cation was used for comparison. The method using multi-scale loss and
domain loss were denoted as multi-scale finetune (MS) and domain
adaption (DA) respectively. A comparison of four transfer learning
methods was therefore conducted on the SCAN network with varying
numbers of training stations, providing experimental insights into the
impact of these losses and/or constraints.

The models trained on the SCAN stations were further evaluated in
the inductive mode using 6 other networks (Fig. 3b) to demonstrate their
ability to be generalized over areas without stations. These include the
PBO_H20 network located in the western CONUS, the USCRN that is
evenly distributed across the CONUS similar to the SCAN, and the iRON,
ARM, FLUXNET-AMERIFLUX and SOILSCAPE which are clustered in
small regions. The different characteristics of these networks allows a
more comprehensive evaluation of the MSDA, and thus progress towards
operational soil moisture retrieval over areas without stations.
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4. Results
4.1. Performance of the MSDA in the transductive mode

The performance of the MSDA on the SCAN network was evaluated
first. Since 10 random implementations were made, only the model with
the median RMSE (the 5th of the 10 implementations) is presented in
Fig. 4. As expected, directly applying a pretrained 9 km resolution model
(N = 0) on a fine resolution of 50 m led to poor results, with an RMSE of
0.098 m®/m>. However, the accuracy was improved substantially when
data from a single station was involved in the transfer learning, leading
to RMSE and R improvements of ~ 0.01 m%/m® and 0.037 respectively.
The performance was further improved by using more training stations,
reaching an RSME of 0.075 m3/m® when N = 21 (~11 % of the SCAN
network). However, the additional benefit of including more than 21
training stations was relatively small, with the RMSE decreasing only
slightly to 0.071 m®/m? for N = 45, aligning with the finetune method
(Zhu et al., 2024). The absolute values of biases remained < 0.02 m3/m3,
with a shift to negative bias for N > 21. Consequently, removing the
systematic biases contributed only marginally to accuracy improve-
ment, with the difference between the RMSE and ubRMSE being <
0.002 m®/m°. Notably, the scatter patterns of measured versus predicted
soil moisture remained consistent across different N values. Soil mois-
ture values exceeding 0.3 m®/m® tended to be underestimated, whereas
values below 0.03 m®/m? were substantially overestimated. Since most
samples had a relatively small soil moisture of < 0.1 m%/m®, dense data
clusters were observed in this range in each subplot. While biases at low
values could not be fully eliminated, increasing the number of training
stations resulted in a substantial overall improvement in model
performance.

The station-specific bias, R and RMSE were calculated to show the
spatial performance of MSDA, with the statistics averaged over 10
random implementations. The average accuracy metrics for stations
within each longitudinal and latitudinal region are presented in Fig. 5a.
Specially, the absolute values of bias were used to evaluate the model’s
capability in capturing the spatial variation of soil moisture. The RMSE
and absolute bias of the pretrained models exhibited a “U” trend with
longitude, showing higher values in the western and eastern regions,
while R was observed to decrease from west to east. The retrieval error
in the western regions was mainly attributed to station-specific bias,
indicating that the pretrained 9 km resolution models can capture the
overall trend of soil moisture at 50 m resolution but struggled to accu-
rately recover the spatial variation of soil moisture levels within a 9 km
grid. In contrast, the pretrained 9 km models not only failed to capture
the relationship between input features but also made consistently
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the training process.

inaccurate predictions in the eastern regions. The MSDA with a few
training stations could considerably reduce biases, with the western
regions benefiting more than the eastern regions, resulting in an
increasing trend of RMSE from west to east. This trend was related to the
increasing soil moisture levels from west to east, except for some special
regions like the Pacific Northwest. The error caused by underestimating
high values was larger than that caused by the overestimation of low
values (Fig. 4). Moreover, the RMSE of the pretrained model along the
latitude was dominated by the site-specific bias, with the central regions
having relatively smaller biases. In contrast, the R of the pretrained
model generally decreased from north to south. After applying the
MSDA, the performance across all three metrics was improved, but the
pattern with respect to the latitude was maintained. This indicates that
the performance discrepancy of MSDA along latitude was primarily
influenced by the performance of the pretrained model.

Fig. 5 b shows the station-specific RMSE of the pretrained model (N
= 0) and the MSDA across 5 transfer learning scenarios. The pretrained
model achieved an RMSE of > 0.1 m®/m? for 59 of the 187 stations. The
number of stations with large RMSE (> 0.1 m3/m3) was substantially
reduced from 19 to 9 in the west regions (125°W-110°W) when the
MSDA was applied with just one training station. The RMSE was further
reduced in the western regions, with > 62 % stations achieving an RMSE
of < 0.06 m3/m® for N >= 9. However, not all the stations benefited
from the MSDA; e.g., the four stations marked within the black dashed
ellipse. The central and eastern CONUS also saw substantial improve-
ments with a larger N, but still had a considerable number of stations
with a large RMSE of > 0.1 m3/m?3 (27 stations for N = 45), especially in
the southeastern regions.

4.2. The contributions of multi-scale and domain loss

A comparison of the pretrained, finetune, MS, DA and MSDA
methods was conducted on the SCAN network (Fig. 6). It was observed

that the performance of the 4 transfer learning approaches improved
gradually in view of RMSE and R as more training stations were used,
with the largest improvements occurring at small N values of < 13.
However, the bias initially decreased but gradually increased for N > 5
with the values generally remaining within a small range of 0 to —0.03
m®/m®. The difference between the RMSE and ubRMSE of all the
methods was thus marginal. As N increased, the performance ranges of
all methods gradually reduced, indicating a reduced sensitivity to the
combination of the training stations.

The MSDA achieved significantly smaller RMSE and higher R than
the finetune method (p < 0.01 in the t-test), the MS method (p < 0.05)
and the DA method (p < 0.05) in all scenarios. Specially, the median
RMSE values of the finetune, MS and DA methods were larger than the
RMSE of the pretrained model when N = 1, while the MSDA out-
performed the pretrained model in all scenarios. This suggests that
transfer learning approaches do not necessarily yield better results in the
target domain because the pretrained models can be overfitted when the
training set is small. However, the proposed joint use of multi-scale and
domain loss methods allows for safer transfer learning. Moreover, the
RMSE range of the MSDA was approximately 0.01 m®/m® when one
training station was used, compared to around 0.06 m>/m? for the fine-
tuning method (Zhu et al., 2024). This suggests that certain sites are
particularly helpful in Zhu et al. (2024), but their influence diminishes
when the MSDA is applied, further confirming that the proposed MSDA
is less sensitive to the combination of training stations. In addition to the
enhanced stability, using two loss terms resulted in an improvement of
0.005 — 0.022 m®>/m® in median RMSE, corresponding to relative
improvement of 5.8 — 20.0 %.

The use of either multi-scale or domain loss alone also achieved
better results than the finetune method, but the difference in RMSE was
not significant in most scenarios (p > 0.05). The limited benefit from a
single loss term can be partly attributed to the small number (10) of
random implementations. The difference between the MS and DA
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Fig. 5. Spatial performance of the MDSA using varying numbers of training stations (N); (a) is the region-specific accuracy metrics in latitude and longitude with the
strip regions being created with a similar number of stations, and (b) is the station specific RMSE of MSDA.

methods was marginal, being < 0.006 m®/m? in RMSE and < 0.06 in R.
However, the MS method had relatively larger negative biases, resulting
in smaller ubRMSE values. In contrast, the DA method had the smallest
absolute bias in each scenario of N > 1. This can be explained by the
minimization of the linear shift between the source and target domains.
Similarly, the absolute bias of MSDA was smaller than that of MS due to
the additional domain loss.

The effects of multi-scale and domain loss were further investigated
from the retrieved time series soil moisture of the Monocline Ridge
station, which had the largest number of samples (Fig. 7). Fig. 7a depicts
the results of the pretrained model, finetune method and MS method,
along with the SMAP L3 9 km soil moisture. All the time series had a
consistent temporal pattern of wet winters and dry summers, with the
main difference being the average soil moisture. The time series soil
moisture of the pretrained model was much smaller than the SMAP time
series during the wet seasons. The finetune method brought only slight

improvements to the retrieved time series, with the soil moisture being
marginally higher than that of the pretrained model. In contrast, the MS
method took the SMAP soil moisture as an extra target, and thus the time
series of the MS was forced to be closer to the SMAP time series. This is
favorable for scenarios with few training stations, as the SMAP soil
moisture maintained the trend of the soil moisture at 9 km which is
generally consistent with that of 50 m except for areas/periods with
irrigation (Zhu et al., 2023). Consequently, the models are less likely to
be overfitted when using only a few training stations.

Fig. 7b shows that the use of domain loss had little effect on the
temporal trend of the retrieved soil moisture, but the retrieved time
series was closer to the in-situ time series during the wet seasons. This
improvement can be explained by the minimization of the domain shift
in the DA method. Fig. 7c compares the in-situ, MS, DA and MSDA time
series. All the models underestimated the soil moisture during the wet
seasons, with the temporal trends of the retrieved time series being
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dominated by the SMAP time series (Fig. 7a). For example, the peaks of
soil moisture in April to June 2016 were not captured by the SMAP
mission and were also missed by all the transfer learning approaches.
The time series of the MSDA was slightly smaller than that of the MS but
higher than that of the DA. The MS method achieved the best results
(RMSE = 0.065 m®/m®) in this case, followed by the MSDA (RMSE =
0.068 m®/m®) and DA (RMSE = 0.073 m®/m?®). This indicates that the
joint use of two loss items does not necessarily lead to better results at a
specific location when compared to the use of a single loss term.

The weight parameter a was used to balance the loss at 50 m and 9
km in training, with its effect evaluated using three different values of
0.5, 0.7 and 0.9 (Table 3). The difference among these three cases were
marginal, with the lowest RMSE being achieved using an a of 0.7 in 7 of
the 9 cases. While not significant, a smaller « of 0.5 was found to result
in the highest accuracy when a small number of training stations were
available (N = 1 or 5). More weight on the 9 km loss can force the
retrieved soil moisture at 50 m to be closer to the 9 km time series. In
view of transfer learning, 9 km was used for pretraining, and so a higher
weight on 9 km loss can reduce the risk of the catastrophic forgetting
and overfitting. However, as more training stations are incorporated, the

role of the 9 km loss becomes less critical and may even have a negative
impact.

4.3. Performance of the MSDA in the inductive mode

The models trained on the SCAN network were further evaluated
using data from the other 6 networks, with SCAN results included for
comparison (Fig. 8). In general, the MSDA achieved the best results,
followed by the DA, MS and finetune method, which is consistent with
the evaluation in the transductive mode. Despite the varying improve-
ments, using more training stations from the SCAN network resulted in
better results on the USCRN, PBO_H20, SOILSCAPE, iRON and
FLUXNET-AMERIFLUX, with the improvements from adding more
training stations diminished for N > 13. Similar to the evaluation results
of the SCAN network, the RMSE of the finetune method decreased using
even a single training station in these networks, while the MSDA ach-
ieved better retrieval accuracy. The ARM was the only network where
the RMSE increased, by up to 0.015 m3/m®, as N increased from 1 to 45.
The increasing RMSE was partly due to increased underestimation. The
mean absolute bias of the 17 ARM stations increased from 0.05 to 0.055



L. Zhu et al.

2017 2018

Journal of Hydrology 657 (2025) 133073

2019 2020 2021

|

W \Y \
¢ ‘k

I ,
. |V /
1 Az

WSO

\ VY
! ,5 § \ﬂ,,";

ke
MRS ,,jcrﬁw

Pretrained *— Zhu et aI.,20?4 — Multi-sé:ale loss (MS)

|
Hia S
g ﬂ' " %W

N
el whi

Soil moisture [m3/m?3]
© o o o o o

Jul

Jan Apr Oct Jan Apr Jul Oct Jan Apr |ul

Oct Jan Apr

Jul

Jul Oct |Jan Apr Oct Jan Apr Oct

in-situ

=
=~

Soil moisture [m3/m?3

—— Zhuetal,2024

—_— Domaizn loss (DA)

— 0.5

in-situ

0.4 -
0.3 A
0.2 A
0.1 A

Soil moisture [m3/m?3

0.0

Jan Apr Jul Oct Jan Apr Jul Oct Jan Apr Jul Oct Jan Apr Jul Oct Jan Apr

Jul Oct |Jan Apr Jul Oct

Fig. 7. The effect of multi-scale loss (MS), domain loss (DA) and the joint use of two losses (MSDA) on the retrieved time series of the Monocline_Ridge station, which
has the largest number of soil moisture measurements. The finetune method of Zhu et al. (2014) and SMAP 9 km were also included for comparison. (a) shows the
role of multi-scale loss, (b) shows the role of domain loss and (c) focus on the effect of the joint loss.

Table 3

The RMSE (m®/m®) of MSDA when compared against the SCAN network using
different weight parameter of a. The A and B in A + B are the average value and
standard deviation respectively, with the best performance case being in bold.

N a=0.5 a=0.7 a=09

1 0.089 + 0.005 0.089 + 0.007 0.091 + 0.006
5 0.081 + 0.002 0.082 + 0.004 0.081 + 0.004
9 0.081 + 0.004 0.079 + 0.005 0.084 + 0.008
13 0.079 + 0.002 0.078 + 0.007 0.079 + 0.004
17 0.079 + 0.002 0.077 + 0.003 0.078 + 0.003
21 0.078 + 0.003 0.076 + 0.002 0.077 + 0.005
29 0.077 + 0.002 0.075 + 0.003 0.076 + 0.003
37 0.076 + 0.003 0.072 + 0.002 0.075 + 0.002
45 0.075 + 0.003 0.071 + 0.002 0.073 + 0.003

m3/m?, while the corresponding values of other stations decreased from
0.065 to 0.043 m*/m>.

The retrieval accuracy of each network varied considerably, showing
the different generalization capabilities in space. All the transfer
methods achieved relatively better results on the PBO_H20 and iRON
networks. This is consistent with the results of SCAN (Fig. 5), where the
western CONUS had relatively better accuracy. The USCRN was
distributed across the CONUS being similar to the SCAN network, and so
the RMSE of USCRN may be treated as an estimation of the overall
inductive RMSE of the whole CONUS, being < 0.08 m®/m? for N > 21.
Moreover, the RMSE of USCRN was higher than that of SCAN in most

10

cases, further demonstrating the importance of exploiting the distribu-
tion information of the target domain.

Fig. 9 shows the spatial performance of the MDSA on the 5 testing
networks, with Fig. 9a illustrating the performance in 6 longitudinal
regions and 6 latitudinal regions. The pattern of performance in longi-
tude generally matched that of the SCAN network where the western
regions had smaller bias, higher R and lower RMSE. Consequently, the
MSDA was found to substantially reduce the bias, with more improve-
ments observed in western regions. In contrast, the pattern along lati-
tude was found to be more complex than that observed in the SCAN
network. However, the RSME was still dominated by the bias, and the
accuracy pattern along latitude changed little after using the MSDA.

Fig. 9b shows the site-specific RMSE, with the number of stations
having large RMSE (> 0.1 m®/m®) being reduced from 68 to 35 in the
western CONUS (125°W-110°W) when the MSDA was applied using one
training station, further reduced to 22 when N = 9. However, it was 21
for N > 17, confirming the reduced benefit of using more training sta-
tions beyond a certain point. The RMSE of stations in the central and
eastern regions also showed smaller changes than those in western re-
gions. The number of stations with large RMSE (> 0.1 m3/m3) was 47,
39, 39, 35, 29 and 28 when N = 0, 1, 9, 17, 29 and 45 respectively.
Similar to the results of the SCAN network (Fig. 5b), the RMSE of a few
stations increased after applying the MSDA, as shown by the black
dashed ellipses in Fig. 9b.
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5. Discussions

The proposed MSDA method was built on the 9 km pretrained
models (Zhu et al., 2024), with two modifications, using multi-scale loss
and domain loss. While the direct use of the 9 km pretrained models at
50 m achieved a relatively high RMSE of ~ 0.1 m®/m5, an acceptable
bias of 0.03 m3/m> and R of 0.631 were achieved with MSDA (Fig. 4).
This confirmed that a pretrained DenseSM-E model for global applica-
tion at a coarse resolution of 9 km can serve as an effective starting point
for regional application at the higher resolution of 50 m, being much
better than training from scratch, due to requiring lower computation
costs and smaller training sets. Compared to the cross-resolution fine-
tune method, which only uses samples at 50 m resolution (Zhu et al.,
2024), the multi-scale loss was found to force the retrieved soil moisture
to be closer to the SMAP soil moisture (Fig. 7), and so a transfer model
was less likely to overfit at the beginning of the transfer learning and in
scenarios with few training samples. The retrieval accuracy declined by
up to 0.007 m3/m?> across all networks when training involved only a
single station. In contrast, the MS method led to improvements in five
out of the seven networks. A similar effect of multi-scale information
was observed in another study (Liu et al. 2022), where coarse-grid loss
acted as a constraint, reducing spurious overfitting, and in-situ data
alone was found insufficient to constrain a soil moisture prediction
model. Moreover, the use of multi-scale data aligned with the idea of
learning from multiple teachers, found to be more robust in various
applications, e.g., data assimilation (Pan et al. 2009). The incorporation
of domain loss, specifically CORAL, in this study effectively reduced
linear shifts between the source and target domains. This resulted in the
smallest biases (<0.01 m3/m®%) among the four transfer learning
methods across all scenarios, along with notable improvements of
approximately 0.05 in R. Since the CORAL is focused on reducing the
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first-order domain shift based on second-order statistics, further but
probably marginal improvements may be achieved by considering
higher-order shifts (Rahman et al. 2020). The effectiveness of jointly
using the two loss terms has been demonstrated in both transductive
(Fig. 6) and inductive (Fig. 8) modes. On the SCAN network, this method
led to improvements in RMSE of 0.005-0.022 m®/m? and in correlation
(R) of 0.03-0.07. Moreover, the most favorable feature of the MSDA is
the lower risk in scenarios with few training samples, outperforming the
pretrained model with only 1 training station (Fig. 6). While two
empirical parameters, a and f, were required to balance domain and
multiscale losses (Eq. (3), an early balance approach (Eq. (4) was pro-
posed to automatically determine f, with the results being largely
insensitive to variations in a. The maximum difference caused by
different a values was 0.004 m®/m?> (Table 3). For practical applications,
a larger « (i.e., greater emphasis on the 50 m loss) is recommended in
areas with a dense station network, whereas a smaller « is preferable in
regions with fewer stations, as the 9 km loss helps prevent early over-
fitting on limited data.

A comprehensive evaluation was made in this study using the SCAN
network and 6 testing networks in both transductive and inductive
modes. Fig. 8 has confirmed that the evaluation results on the SCAN
network were much better than those from another widespread low-
density network (USCRN), with the average difference in RMSE being
~ 0.01 m3/m3. Accordingly, a model trained by the MSDA for a specific
area/period is not recommended to be used in the inductive inference
mode, as transductive learning can lead to better results. More specif-
ically for the USCRN network, the unlabeled samples should be included
in the calculation of domain loss to achieve better results. Moreover,
stations with consistently high RMSE values exceeding 0.1 m®/m? (e.g.,
those from the ARM network) were predominantly observed in the
inductive mode, where RMSE was largely driven by substantial bias.
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This suggests that the model trained on the SCAN network failed to
capture the average soil moisture levels at these locations. Applying
transductive learning, which leverages SMAP soil moisture to learn the
average soil moisture distribution, is expected to reduce bias and
consequently lower RMSE. Since unlabeled samples can always be pre-
pared for a specific farm or region, the transductive mode thus is sug-
gested for agricultural water management using the codes provided at
https://github.com/rszlj/Transfer-DenseSM-E. However, this approach
comes with the trade-off of a linearly increased computational cost due
to learning from additional unlabeled samples.

The proposed MSDA achieved varying accuracy across the CONUS
for the different networks in both evaluation scenarios. The RMSE for
the drier SCAN stations in the central and western regions was signifi-
cantly lower (0.058-0.065 m3/m?) compared to that of the wetter
eastern SCAN stations (0.077-0.011 m3/m3). This trend was also
observed across other networks; however, the relative error (%)
remained comparable to that of wet areas and seasons (Fig. 5 and Fig. 9).
The time series from three representative stations (Fig. 7) further
confirmed larger deviations during wet seasons, indicating a systematic
underestimation of high soil moisture values by the proposed MSDA
method. Moreover, the experimental results indicated that the relative
spatial performance of MSDA was dominated by the performance of the

(b)

Fig. 9. Same as Fig. 5 but for the 6 testing networks in the inductive mode.
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pretrained model (Fig. 8). Accordingly, the pretrained 9 km resolution
model can be used to assess if more training samples are required for a
specific area and period before applying the MSDA. The MSDA achieved
an R and RMSE of 0.81 and ~ 0.07 m®/m? respectively using 45 SCAN
stations. This is worse than many existing studies that use more than 60
% of samples in training (Batchu et al. 2023; Karthikeyan and Mishra
2021). The performance of MSDA could be further improved using more
training stations, but it suffers from the principle of diminishing mar-
ginal utility (Viering and Loog 2022). In addition, more stations in
training means fewer stations in testing, making the conclusions less
convincing for scenarios with scarce in-situ measurements. Another
reason for not trying to achieve higher training or testing accuracy is the
inherent limitation of in-situ soil moisture measurements in fully rep-
resenting the soil moisture of a pixel (Balenzano et al. 2021). While the
stations used in this study are generally installed in homogeneous areas
with respect to soil texture, land cover, terrain features, and soil mois-
ture—particularly within the nearby 50 m region—uncertainties
remain. It is therefore questionable if a trained model perfectly matches
the generated soil moisture truth at 50 m resolution.

Whilst the training and evaluation was focused on the 480 stations
across the CONUS, the MSDA was developed with an operational global
application in mind. The inputs of MSDA can be easily prepared using
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the GEE Python/API, and running a trained model in the inference mode
requires negligible computation resource. However, it is still challenging
to produce an operational or even experimental soil moisture product, as
GEE’s computational capacity is not sufficient to support a deep
learning-based production pipeline. Utilizing weather data and optical/
thermal data offers a more straightforward approach for generating a
global product at 1 km resolution, as demonstrated by recent work using
traditional machine learning methods (e.g., Zheng et al. 2023). Another
challenge is that a model without further training, i.e., running the
model in the inductive mode, cannot achieve satisfactory results as
demonstrated by the results of the pretrained model and the testing of
MSDA on the USCRN. Applying the pertained 9 km resolution model and
the MSDA to the area/periods of interest using a few stations can be
more feasible for reliable soil moisture mapping. Fortunately, transfer
learning has seen rapid advancements in recent years and thus presents a
more powerful approach that requires less human intervention (Zhuang
et al. 2020). Moreover, the MSDA target is surface soil moisture of < 5
cm, whereas values for deeper layers are desired in agriculture water
management (Jalilvand et al. 2023). Future works can thus explore
extending the MSDA to a cross-layer domain adaption method, with the
pre-trained models being trained using the existing root zone soil
moisture products.

6. Conclusion

A multiscale domain adaption method was proposed with two
modifications, including multiscale loss and domain loss. The perfor-
mance was evaluated in 7 networks across the CONUS. The use of
multiscale loss was found to reduce the risk of overfitting, while the use
of domain loss reduced the retrieval bias. The joint use of the two loss
items in the proposed MSDA achieved significantly better results (p <
0.01) and a lower risk of deterioration in scenarios with scarce in-situ
measurements compared to the cross-resolution finetune method of
Zhu et al. (2024). The overall improvement on the SCAN network was
0.005 — 0.022 m®/m? in RMSE (5.8 % — 20.0 % in relative terms), and
0.004-0.014 m3/m?> (5.7 % — 14.8 % in relative terms) over the 6 testing
networks. The performance of the MSDA varied in different scenarios,
with the median RMSE being 0.088 m®/m® and 0.071 m®/m® when
using 1 and 45 stations respectively. The direct use of the trained model
on the SCAN network achieved an RMSE of ~ 0.08 m>/m® on the 6
testing networks across the CONUS.
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