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ABSTRACT

Soil moisture is an essential climate variable that directly
influences many hydrological, agricultural, and water-cycle
processes. Many satellites have been launched and are still
being launched to map soil moisture accurately at a global
scale. Motivated by the coarse resolution of existing satel-
lite products, many statistical, physics-based, and machine
learning-based methods have been proposed to downscale
soil moisture to much finer spatial scales. In this paper, we
propose a novel deep learning approach that is constrained
by the Tau-omega radiative transfer model to enhance the
resolution of surface soil moisture. We demonstrate the
proposed framework by downscaling Soil Moisture Active
Passive (SMAP) L-band brightness temperature (TB) with
C-band synthetic aperture radar (SAR) backscattering coef-
ficient (0g) imagery from Sentinel-1A/B and subsequently
retrieving high spatial resolution (1 km) soil moisture.

Index Terms— Physics-constrained deep learning, Tau-
omega model, Soil moisture, Downscaling

1. INTRODUCTION

Soil moisture (SM) knowledge is crucial for various ap-
plications, including precision agriculture, water resource
management, flood forecasting, and climate change impact
assessment. To comprehensively map SM, various satellite
missions, such as Soil Moisture and Ocean Salinity (SMOS)
and Soil Moisture Active Passive (SMAP) missions, have
been launched. There are also ongoing efforts, e.g., NASA-
ISRO Synthetic Aperture Radar (NISAR), to enhance SM
resolution. A notable challenge lies in the coarse scale (cur-
rent SMAP products are at 36 km and assimilated products at
9 km resolution) of satellite observations, limiting their appli-
cability to finer-resolution environmental assessments. Many
critical applications, including agriculture, disaster manage-
ment, and mitigation, necessitate higher-resolution (1 km or
finer) SM data.
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Efforts to enhance the spatial resolution of SM mea-
surements have been made through the exploration of vari-
ous methodologies [1], [2], including statistical approaches,
physics-based models, and, more recently, machine learn-
ing (ML) techniques [3], [4]. Physics-based models face
challenges in generalizability and require region-specific
geophysical parameters. On the other hand, data-driven
methods depend on substantial volumes of training and vali-
dation datasets, which may not be consistently available. In
response to these challenges, some studies have proposed hy-
brid approaches, where physics-based models serve as initial
disaggregated estimates for subsequent ML predictions [5],
[6]. Another approach involved leveraging physics to guide
the selection of inputs for ML models [7]. In this paper, we
propose a novel method, bridging the gap between physics-
based and deep learning methods, to downscale SM using
a conditional generative adversarial network (cGAN) model
incorporated with physical constraints from the Tau-omega
(7 — w) model.

2. PHYSICS-CONSTRAINED DEEP LEARNING
MODEL FOR RESOLUTION ENHANCEMENT

The proposed physics-constrained neural network for resolu-
tion enhancement is realized by incorporating the 7 —w model
within the cGAN [8] architecture. The generator model of
c¢GAN is trained to predict brightness temperature (TB) at a
1km scale, and then the SM is retrieved at the same scale.
By adding a discriminator model to compare the predicted-
retrieved SM with validation SM, we build a constraint on
predictions of the generator model to be as close as possible
to the validation dataset.

The generator part of cGAN is a modified U-Net archi-
tecture with an encoding path, a decoding path, and skip con-
nections built with convolutions, normalization, and dropout
layers. The neural network output is passed through a recti-
fied linear unit (ReLU) to get real-valued TB. The inputs to
the generator are coarse-resolution TB maps and 1 km radar
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Fig. 1. An example of downscaled SM image from SMAP brightness temperature (TB) at 9 km and Sentinel-1 radar backscat-
tering coefficient (o) at 1 km using the proposed physics-constrained deep learning model.

backscattering coefficient (o) maps. The output is the 1 km
TB maps.

The discriminator model is a convolutional neural net-
work (CNN) based model with convolutions and normaliza-
tion layers. Unlike the generator, the output of CNN is passed
through a sigmoidal activation function to restrict output to be
within O and 1. The inputs to the discriminator are predicted-
retrieved SM and true SM at 1 km. The output of the discrim-
inator is a value in the range [0, 1], with O indicating that the
two input images given are highly varied and one indicating
both images are the same.

The 7 — w model comprises computing transmissivity
from vegetation optical depth, sequentially calculating emis-
sivity, reflectivity, and soil dielectric. The SM is retrieved
using the Mironov model [9] from soil dielectric and clay
fraction. The detailed equations of 7 — w model can be found
in [10].

3. MATERIALS

Utah, USA (centered at 39.3210° N, 111.0937°W) was cho-
sen as the study site. Utah has relatively heterogeneous land
cover types, comprising shrublands, grasslands, and mixed
forests with dry, semi-arid, and desert climates, but also ex-
periences monsoon rains.

The SMAP TB is the primary variable for retrieving
high-resolution SM. The TB layer is accessed from the

NASA SMAP Enhanced L3 Radiometer Global and Polar
Grid Daily 9km EASE-Grid Soil Moisture product. For
the physics-based model, ancillary data layers, vegetation
optical depth (7), clay fraction, surface temperature (TS),
albedo (w), and roughness parameter (h) were also down-
loaded from the SMAP Enhanced L3 product. The SMAP
TB is disaggregated with oy accessed from Sentinel-1. A
radiometric terrain correction is applied to the raw synthetic
aperture radar (SAR) images using a Hybrid Pluggable Pro-
cessing Pipeline (HyP3) [11] to remove the geometric and
radiometric distortions of the SAR instrument.

4. RESULTS AND DISCUSSION

The proposed framework is validated using upscaled SM from
in-situ networks. The surface SM (top 5 cm) sensor networks
in the study area, SNOTEL, SCAN, PBO H20, COSMOS,
and USCRN, are accessed from the International Soil Mois-
ture Network (ISMN) [12]. Upscaling is done using the Ran-
dom Forest approach [13].

The root mean squared error (RMSE) was computed to
assess the performance of the proposed framework against the
validation dataset. The RMSE with and without the addition
of oy is tabulated in Table 4. An example of a downscaled
product for a day in May 2021 is demonstrated in Figure 1.

The impact of integrating physical constraints within the
neural network framework was studied to assess the effective-
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Without o With o
RMSE Training | Test | Training | Test
TB [K] 3.1255 | 3.4191 | 2.0943 | 2.3393
SM [m?/m3] | 0.0632 | 0.0776 | 0.0595 | 0.0654

Table 1. Performance metrics of the proposed methodology
compared with and without the o

ness of the proposed framework. The physics-based model,
T — w, was moved out of the cGAN loop, and the RMSE of
predicted TB was studied. Figure 2 shows the scatter and bias
plot of the two cases with the same training setup. The pro-
posed methodology showed a 60% error reduction in fewer
epochs, indicating lesser usage of resources and training time.
In general, there was an overestimation of soil moisture in
vegetated regions of the study area.
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Fig. 2. Scatter plots of predicted vs true TB (Left) and error
heatmap at 1 km of TB (Right) for two different case studies.

5. CONCLUSION

In this paper, we propose a physics-constrained deep learn-
ing model to enhance the resolution of surface SM to a 1 km
scale. The SMAP TB was downscaled with Sentinel-1 g,
and subsequently 7 — w model embedded within a cGAN ar-
chitecture was utilized to retrieve high resolution SM prod-
uct. A cGAN based architecture provided neural network
implicit dependence on the physics-based model. The en-
hanced product was validated with upscaled ISMN data. The
proposed framework demonstrated a 0.06 m?3/m? and 3 K
RMSE for SM and TB, respectively. This framework can be

extended to downscale various low-resolution products with
high-resolution observations relevant to the specific geophys-
ical variable of interest.
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