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Soil moisture plays a critical role in several domains and can be used to inform decision-making in agricultural settings, drought
forecasting, forest fire predictions, and water conservation. Soil moisture is measured using in-situ and remote-sensing equipments.
Depending on the type of equipment that is used, some challenges must be reconciled, including the density of observations, the
measurement precision, and the resolutions at which these measurements are available. In general, in-situ measurements are high-
precision but sparse, while remote sensing measurements benefit from spatial coverage, albeit at lower precision and coarser resolutions.
The crux of this study is to produce higher-precision soil moisture estimates at the top soil and root zone and generate high resolution
maps (30m). Our methodology combines scientific models, deep neural networks, topographical characteristics, and information
about ambient conditions alongside both in-situ and remote sensing data to accomplish this. Domain science infuses several aspects
of our methodology. In particular, we (1) construct science-infused training targets from physics-based soil moisture products, (2)
regulate learning using multipart loss functions that enforce consistency with soil hydraulic behavior, and (3) scale training through
region-aware clustering to balance tractability and spatial specialization. Our empirical benchmarks profile several aspects and
demonstrate that our methodology accounts for spatial variability while accounting for both static (soil properties and elevation) and
dynamically varying phenomena to generate accurate, high-precision 30m resolution soil moisture (SMC) maps. Finally, we extend
DEEPSOIL to root-zone estimation by training a dedicated 20 cm model using supervision from mechanistic soil-water simulations and
a physics-guided composite loss that enforces hydraulic bounds and matric-potential consistency, enabling high-resolution mapping

beyond the surface layer.
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1 INTRODUCTION

There has been a proliferation of in-situ and remote sensing equipment in several geospatial domains such as atmospheric
sciences, agriculture, environmental and ecological monitoring, etc. These systems are used extensively to monitor
and understand diverse phenomena [59, 83]. The devices report measurements at different frequencies, precision, and
spatial resolutions.

Remote sensing systems provide excellent spatial coverage encompassing vast spatial extents (often earth scale).

However, the data are available at coarse resolutions, and the reported measurements are commensurately low-precision
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and contribute to averaging effects across the spatial extent. The coarse measurements coupled with the lower temporal
revisit intervals preclude their effective use in decision-making.

In-situ sensing environments provide high-precision measurements and are typically equipped with networking
capabilities and batteries allowing data generation to occur at higher frequencies. Given that in-situ devices provide
point measurements their spatial coverage is poor. The costs for deploying in-situ sensors to ensure reasonably dense
spatial coverage are often too prohibitive.

Scientific models encapsulate domain science and knowledge within the community to describe, analyze, and forecast
phenomena. A challenge with scientific models is their parameterization to account for regional variations coupled
with ancillary measurements to seed and calibrate the models.

The phenomenon we target is soil moisture, which plays a critical role in several domains. The crux of this study
is the generation of higher-precision soil moisture maps at high spatial resolutions (30m) daily that can facilitate
decision-making. The broader science issue that we consider is how to combine remote sensing, in-situ data, and
scientific models to produce high-precision (similar to in-situ) maps at higher resolutions (much higher than remote
sensing), with substantial spatial coverage (similar to remote sensing), and at moderate temporal frequencies (higher

than remote sensing but lower than frequencies in in-situ devices).

1.1 Challenges

Generation of soil moisture maps by combining in-situ, remote sensing, and scientific models face several challenges.

These include:

(1) Account for regional heterogeneity: Soil moisture is subject to regional variations stemming from ambient
conditions. As such, the methods should be designed to account for such heterogeneity that drives subtle
variations.

(2) Multimodal data: Generation of such maps relies on the inclusion of ancillary data relating to topography,
weather, and soil characteristics. These data are multimodal and often available at different resolutions.

(3) Voluminous data: Cumulatively, the data are voluminous and available at different dimensionality, and rates,

and may have temporal and spatial sparsity.

1.2 Research Questions

Specific research questions that we explore in this study include:

RQ-1: How can we combine the benefits of remote sensing and in-situ sensing schemes at the 5cm top soil level?
Specifically, how can we leverage the spatial coverage of satellite products while anchoring estimates to the precision
of point-based stations at the near-surface layer where remote sensing is most available?

RQ-2: How can we leverage domain science to regulate model training and ensure scientific consistency in our
multi-depth models? In particular, how can physics-based relationships (e.g., soil water retention behavior) be embedded
into the objective so the learned maps remain physically plausible across heterogeneous soils and moisture regimes?

RQ-3: How can we reconcile the competing pulls of computational tractability vs. refining models that are tuned to
the particular spatial extent? This includes identifying a scalable middle ground between a single global model and an
impractical per-location model, while still respecting regional heterogeneity.

RQ-4: How can we combine scientific models and sparse in-situ sensing data to generate soil moisture maps at 20
cm root zone depths for sub-surface soil moisture mapping? We note that root-zone estimation introduces an additional
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constraint: deeper layers are less directly observed and are governed by slower, vertically coupled soil-water processes,

making mechanistic simulation a practical source of depth-consistent supervision when station coverage is insufficient.

1.3 Approach Summary

We combine data from in-situ, remote sensing, and scientific models alongside ancillary data to generate higher-precision
soil moisture maps. To accomplish this, we rely on a novel mixture of - (1) data wrangling, (2) creation of science-infused
training datasets, (3) leveraging multi-modal data from ancillary phenomena that contribute to variations in soil moisture
such as meteorological, topological, and soil properties, (4) designing deep neural networks with carefully calibrated
layers to account for spatiotemporal variations, (5) training deep networks using our multi-part, science-guided loss
functions, and finally, (6) designing a novel transfer learning scheme to orchestrate model training. More specifically,
domain science enters at three levels: physics-based target products and mechanistic simulations provide spatially
complete or depth-consistent supervision; physics-guided loss terms enforce hydraulic consistency during learning;
and region-aware clustering preserves hydroclimatic coherence while keeping training tractable.

Our data-wrangling schemes rely on leveraging data from diverse sensing equipment alongside related phenomena.
These data are available at different resolutions and temporal frequencies. Furthermore, the data have a mix of static
components — such as soil properties, hydraulic conductivity, and topographical information — and dynamically varying
components such as measurements, weather, vegetation, etc. We spatiotemporally align these datasets, partition them
along pre-configured boundaries, and disperse them over our cluster of machines to ensure data locality. Next, we
generate fixed-size tiles from these datasets that are suited for being input to our models. This tiled representation
also standardizes inputs for convolutional prediction, enabling the model to learn spatial structure (edges, gradients,
texture).

We supplement these with data from a well-known scientific model, HydroBlocks [13], to curate training datasets.
HydroBlocks outputs are generated at 30m resolutions. While HydroBlocks encapsulates domain science, a disadvantage
of HydroBlocks is that there are errors in its estimations. We reconcile errors in the HydroBlocks data using ground-truth
data from in-situ sensors and remote sensing in the loss function during model training. This provides a physically
grounded, spatially complete supervision signal while allowing the training objective to “pull” predictions toward
station-consistent values where high-precision measurements exist.

Our deep networks consider observations (in-situ and remote) alongside ancillary information such as topography,
elevation, weather conditions, etc., that, when collated together, get us closer to generating accurate, high-resolution
estimates. Our deep network, code-named DEEPSOIL, is a variant of the U-Net architecture [68]. It is a convolutional
neural network commonly used for image-to-image translation tasks. It features an encoder-decoder structure with skip
connections. The encoder extracts features from the input image, the bottleneck refines them, and the decoder generates
the output. U-Net is ideal for tasks like semantic segmentation, image colorization, and medical image analysis, as it
preserves spatial details and contextual information through skip connections, making it highly effective in maintaining
image quality during translation. We modify this architecture to generate high-resolution soil moisture maps by adding
spatial feature maps to further enhance image quality.

We calibrate custom loss functions to ensure effective training of our deep networks. Our loss functions are multipart,
science-guided, and account for several aspects such as the mean squared error (MSE), mean absolute error (MAE),
incorporating SMC of in-situ observations, and enforcing fuzzy bounds on the expected variation of soil moisture
within a tile. Different components of the loss function are weighted dynamically to account for their contributions

and significance during model training. Our loss functions allow the training to be robust and numerically stable
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while enhancing the model’s capability for generalization. This is accomplished by regulating the model training using
the van-Genuchten model [77], which characterizes the Water Retention Curve (WRC), capturing the relationship
between water content and soil water properties. This physics-guided regularization is especially valuable under sparse
supervision because it reduces the space of admissible solutions to those consistent with known hydraulic behavior,
thereby improving generalization to unseen locations.

Our methodology involves a scaling component that relies on an ensemble of models to generate the soil moisture
maps. Rather than train each of these constituent models exhaustively, we first partition the area of interest (CONUS
or the continuous United States) into a set of clusters based on their land cover, climatic classifications, and soil
characteristics. Clustering provides a practical bias-variance tradeoff: it reduces cross-regime averaging while avoiding
the cost and instability of training a unique model per station or per small region.

We extend the core DEEPSOIL framework to enable the prediction of daily soil moisture at 20 cm, a depth critical for
understanding root zone dynamics [24]. Estimating soil moisture at 20 cm is essential because it captures the root zone
conditions that directly influence plant water uptake, crop stress, and ecosystem functioning. Unlike the near-surface
layer, where satellite products and physics-based downscaling provide spatially complete supervision, the 20 cm layer
is both less directly observed and more strongly governed by vertically coupled soil-water processes, making direct
learning from sparse sensors undetermined. Though the core DEEPSOIL model produces spatially detailed maps at
5 cm, it cannot reliably represent conditions at deeper layers due to the scarcity and uneven distribution of in-situ
measurements. This depth gap motivates the introduction of a mechanistic source of supervision that encodes physically
consistent infiltration, redistribution, and drainage dynamics over time.

To address this limitation, we leverage the Agricultural Production Systems sIMulator (APSIM) [29], a well-established
agricultural systems model that solves Richards’ equation to simulate soil water dynamics. We execute APSIM at a
large set of representative locations using locally parameterized soil hydraulic properties and meteorological forcing,
producing depth-specific time series that can be aligned to our daily mapping cadence. We use APSIM outputs at 20 cm
depth as spatially complete ground truth for training a dedicated U-Net model. During training, APSIM values serve as
supervisory targets at the subset of pixels corresponding to simulation locations, and losses are evaluated only at these
labeled pixels via a mask; the convolutional model then learns a mapping from gridded covariates to dense fields that
generalizes beyond labeled points. This approach allows us to inherit the physical rigor of APSIM while producing
predictions at 30m resolution across the state of Colorado. In effect, the mechanistic model supplies depth-consistent
“anchors”, while the learned model supplies the spatial continuity and scalability required for high-resolution statewide
maps.

Our extended model incorporates physics-guided learning through a composite loss function. The loss combines
a data-driven component (mean squared error against APSIM outputs) with a science-guided component based on
the van Genuchten equation [77]. This composite objective is designed to balance fidelity to mechanistic supervision
with hydraulic plausibility across heterogeneous soils, especially in regimes (very dry or near saturation) where small
moisture errors can imply large changes in soil suction. We derive soil hydraulic parameters—residual water content (6,),
saturated water content (6s), and shape parameters (&, n)—from the POLARIS soil property database. These parameters
vary spatially at 30 m resolution, allowing the physics constraints to adapt per pixel rather than imposing a single global
bound or retention curve. The physics loss penalizes predictions that violate physical bounds and enforces consistency
in matric potential between predictions and targets. To ensure numerical stability when converting volumetric water
content 6 to matric potential ¥/ via the van Genuchten relation, we clamp 6 to the physically meaningful interval

[0, +€, 65 — €], where € is a small constant (e.g., 10~%), and we normalize i by ¢max to keep gradients well-scaled during
Manuscript submitted to ACM



DeepSoil: Physics-Guided Learning for High-Resolution Soil Moisture Mapping from Surface to Root-Zone via
Multimodal Sensing and Process-Based Modeling 5

backpropagation. We employ adaptive alpha scheduling during training: the loss begins with full emphasis on data
fitting (MSE) and gradually transitions toward physics enforcement. This schedule prevents early-epoch optimization
stiffness (when random initial predictions may grossly violate hydraulic constraints) and progressively tightens the
solution space as the model approaches a data-consistent manifold. This strategy allows the model to first learn spatial
patterns from APSIM supervision, then refine predictions to align with known hydrological constraints. The resulting
extension transforms DEEPSOIL from a surface-level estimator into a tool capable of predicting root zone soil moisture
with high spatial resolution. More broadly, it establishes a general template for depth-aware mapping: mechanistic
simulation provides depth-specific supervision where sensors are sparse, while physics-guided losses ensure that

learned fields remain consistent with established soil hydraulic behavior.

1.4 Paper Contribution And Translation Impact

Our methodology targets the generation of high-precision soil moisture maps from observational and other ancillary
data to produce high-resolution maps at temporal frequencies that can be used to inform decision-making. Our specific

contributions include the following:

(1) We reconcile multimodal data from not just sensing devices, but other ancillary data.

(2) Our methodology combines the spatial coverage of remote sensing with the precision of the in-situ measurements.

(3) This study represents a novel combination of scientific models, deep networks, equations governing physics of
the phenomena used to regulate how the model learns, and multimodal data working in tandem to generate soil
moisture maps.

(4) We demonstrate how ancillary-related data can be combined with scientific/domain-theoretic models to inform
the generation of soil moisture maps. In particular, we show how such models can be trained and how their loss
functions can be calibrated and refined to guide the training of models.

(5) We extend DEEPSOIL beyond surface mapping by introducing a root-zone (20 cm) modeling pipeline that leverages
mechanistic soil-water simulations as supervision and a physics-guided composite loss to enforce hydraulic

plausibility, enabling high-resolution sub-surface soil moisture maps under sparse in-situ coverage.

Translational Impact: Similar issues arise in other scientific domains where remote sensing sources may have
higher spatial coverage, but lower precision while in-situ measurements may have poor spatial coverage but higher
precision. Combining such diverse observational phenomena to produce higher-precision maps at high resolutions has
applications in tracking greenhouse gas emissions, ecological monitoring, health hazards due to airborne pollutants, and
other phenomena where spectral measurements are available alongside in-situ observations. Finally, we note that there
will always be subtle regional variations relating to ambient conditions; it is important to account for these variations

to ensure model accuracy. The proposed methodology describes how to accomplish this objective.

2 DATASETS LEVERAGED IN DEEPSOIL
2.1 Input and Target Datasets

Our methodology is designed to produce daily soil moisture maps at 30m spatial resolutions. A key focus is on accurately
estimating soil moisture values in the top 5 cm of soil. We have developed a model that accounts for a rich set of features
from phenomena that influence soil dynamics. We also leverage a variety of scientific datasets input and target data for
our model. We categorize these data sources into two main groups: ‘Static Phenomena’ and ‘Dynamic Phenomena’.
These datasets play a pivotal role in training our multi-step deep neural network. Static features represent attributes or
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Table 1. Datasets leveraged for training and inferences using DEEPSOIL.

Dataset Training Inference Dataset
gNATSGO 1.6 GB 8.6 GB
Polaris 2.4GB 45 GB
Landsat 351 MB 8 GB
NLCD 114 MB 2.3 GB
Képpen Climate 76 MB 1.7 GB
DEM 241 MB 42 GB
GridMET 3.3GB 92 MB
MCD15A3H (Interpolated) 41 GB 13.6 GB
SMAP 1.2 GB 93 MB
HydroBlocks 70 GB -
In-situ stations 1.4 GB -
Total 121.68 GB 83.56 GB

characteristics that are relatively constant for a given region but have variability across spatial regions. In contrast,
dynamic phenomena include features that change on a daily/hourly basis. In our model, DEEpSo1L, we integrate 11
distinct datasets, each described in this section. In Table 1, we provide estimates of the size of the preprocessed datasets
used as inputs and targets during training; we also leverage these datasets for inferences and estimates that we produce
over the states of Colorado and Oklahoma.

1) Static Phenomena

Soil Properties: We incorporate two distinct soil properties datasets: the Gridded National Soil Survey Geographic
(eNATSGO) Database [74] and the Probabilistic Remapping of SSURGO (POLARIS) soil properties [14] dataset, both
covering the CONUS.

From the gNATSGO database, we selectively utilize a subset of key properties at 30m spatial resolution. These include
the available water storage estimate (in mm) and the thickness of soil components (in cm). The available water storage
estimate is a vital factor in our soil moisture estimation, offering insights into the actual soil water content at a given
location. Although it exhibits dynamic characteristics and is influenced by factors such as precipitation, plant water
uptake, and evaporation, it serves as a baseline for the expected available water storage in a particular region. This is
very useful, especially in regions where in-situ observation stations are lacking. Additionally, we incorporate derived
features at coarser (90m) spatial resolution, encompassing available water content, field capacity, and soil porosity. The
available water content represents the range of moisture available for plant uptake. In cropping settings, the available
water content is between the soil’s maximum water-holding capacity (field capacity) and the point at which plants
can no longer extract water effectively (wilting point). Soil porosity provides information about soil pore volumes that
impact water-holding capacity, aeration, and root penetration.

The POLARIS dataset provides additional details (at 30m resolution) about soil properties, including soil texture,
pH, organic matter content, and mineral composition. We specifically leverage data on soil texture, such as silt, clay,
and sand percentages. Additionally, we utilize bulk density (g/cm?), residual soil water content (m3/m?), organic
matter (%), and saturated hydraulic conductivity (logio(cm/hr)) to account for soil mass per unit volume and its
ability to transmit water. One such known relationship is between soil organic matter and soil porosity, where a high
percentage of organic matter increases soil porosity value, allowing the soil to store more water and air for plant
roots, thus increasing soil moisture content [32]. Also, soil moisture, soil matric potential, and hydraulic conductivity
hold non-linear relationships with soil potential (energy exerted by plants to extract water from the soil) which varies
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depending on soil texture and composition (soil particle size), pore size, organic matter content, etc. These interactions
are also expressed using soil retention curves (WRCs) and hydraulic conductivity functions (HCFs).

Satellite Imagery: We also include cloud-free satellite imagery obtained from the Landsat 8 Collection 2 Level-2
atmospherically corrected surface reflectance product [50]. This imagery provides a high-resolution view of the land
surface at 30m across the red, blue, green, and near-infrared (NIR) spectra. These spectral bands enable us to compute
the Normalized Difference Vegetation Index (NDVI), a valuable indicator for assessing vegetation health. Lower NDVI
values suggest moisture-stressed vegetation, while higher values indicate denser and healthier green vegetation.

Land Cover and Climatic Conditions: We incorporate two additional datasets to enhance our model’s contextual
grounding. The first dataset is the National Land Cover Database (NLCD) [30] that provides a comprehensive classifica-
tion of the Earth’s surface into 16 distinct categories, including forests, urban areas, agriculture, and water bodies. This
dataset enables precise characterization of land covers within our study area.

The second dataset we leverage is the Koppen climate classifications [43]. The Koppen classifications offer insights
into long-term climatic patterns across different geographic regions. In particular, these classifications segment CONUS
into 30 classes organized under five primary climatic groups: tropical, dry, temperate, continental, and polar.

Elevation Dataset: Relative slopes have an impact on pooling, water movement, and soil moisture variations within
a region. We include the 3D Elevation Program’s (3DEP) 1 Arc-second Digital Elevation Models (DEMs) dataset [75] as
our final static feature. This dataset represents the bare-earth topographic surface, offering elevation values at a 30m
spatial resolution.

2) Dynamic Phenomena

Meteorological Conditions: We leverage the Gridded Surface Meteorological (GridMET) dataset [1] for access
to daily surface meteorological data covering CONUS. The GridMET data is at 4 km resolution and includes several
meteorological variables that exhibit dynamic changes over time such as precipitation accumulation, maximum and
minimum relative humidity, temperature, etc.

Leaf Area Index (LAI): To capture the dynamic aspect of vegetation and its influence on soil moisture, we incorporate
the MODIS/ Terra+Aqua Leaf Area Index/FPAR (MCD15A3H.061) dataset [58]. The leaf area index plays a pivotal role
in regulating soil moisture dynamics. As vegetation grows, it can extract water from the soil through transpiration.
Higher leaf area index values may indicate increased water uptake, potentially leading to reduced soil moisture levels,
while lower values suggest reduced vegetation. The dataset quantifies the leaf area in a specific region; the leaf area
index changes with plant growth and seasonal variations. It is available at 4-day intervals and 500m spatial resolution.

Satellite-Based Soil Moisture Maps: We also rely on the Soil Moisture Active Passive (SMAP) satellite data [23]
to obtain a time-series of soil moisture measurements at a spatial resolution of 9 km within the top 5 cm of the soil.
This dataset is categorized as a Level 3 product, presenting daily composites derived from Level 2 surface soil moisture
data (36 km). The dataset offers a relatively coarse estimate of soil moisture, providing an overview of moisture trends
within a region [25, 41], although with limited precision in capturing field-scale soil moisture.

In-situ Soil Moisture Measurements [RQ-1]: Our objective in this research extends beyond generating high-
resolution (30m) soil moisture maps using deep neural networks (DNNs). A key goal is to ensure accuracy and precision
that are close to in-situ station data. Notably, HydroBlocks exhibits errors when compared to in-situ observations. A key
source of these errors seems to be limitations in accounting for the influence of precipitation events on soil moisture
dynamics. In-situ soil moisture station data is the most accurate soil moisture estimate available; given that it is a point
measurement the estimate is accurate within proximate spatial regions (typically less than 10-30m), making our task

particularly challenging.
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Table 2. In-situ soil moisture observational networks used for DEepSolL predictions. Individual networks are managed by different
federal and state agencies.

Soil Moisture Network (no. of stations)

TexMesonet (32) Nebraska Mesonet (18)
Texas Soil Observation Network (69) Oklahoma Mesonet (114)
Kentucky Mesonet (42) USCRN (157)

Missouri Agricultural Database (3) Soil Scape (54)

New York State Mesonet (121) Scan (178)

Illinois Climate Network (19) Snotel (350)

Montana Mesonet (14) NoahHMT (21)

Delaware Environment Observing System (24)

To produce 30m spatial soil moisture maps that closely align with in-situ data, we harness soil moisture measurements
from 15 distinct soil moisture observation networks [7, 9, 10, 12, 22, 31, 44, 48, 54, 57, 69, 71, 76, 80], as detailed
in Table 2. In total, there are 1216 observation stations, each continuously measuring soil moisture levels on an

hourly/daily basis. The precise locations of these stations are depicted in Fig. 1.

Fig. 1. Geographic distribution of in-situ soil moisture monitoring stations (operated by state/federal agencies) within the United
States.

Physics-Based Soil Moisture Maps [RQ-2]: SMAP-Hydro Blocks (SMAP-HB) [13, 79] are high-resolution soil
moisture maps generated through a physics-based approach using the Tau-Omega Radiative Transfer Model (RTM),
reverse RTM models and Bayesian Merging Scheme. This methodology starts by identifying hydrologically similar units
within a region, capturing interactions based on meteorological, topological, water flow, and hydrological properties of
the soil. Next, RTM-based temperature products are computed and integrated with SMAP L3 brightness temperature
observations through a Bayesian merging approach. Finally, an inverse RTM is applied to convert these temperature
products into downscaled soil moisture maps. This satellite-based surface soil moisture dataset covers an entire continent,
serving as our primary target dataset for training our deep neural networks. Although not representing the ground truth
data, it provides accurate soil moisture (7% MAE) that closely approximates real-world conditions. The HydroBlocks
product offers data at a 30m spatial resolution, with a temporal frequency of 6 hours, encompassing CONUS but only

for the period spanning 2015 to 2019.

3 METHODOLOGY
Our overall approach for generating 30m daily soil moisture maps is presented in Fig. 2. Our methodology encompasses:

(1) Data wrangling and harmonization: To reconcile and harness diverse multimodal data. We distribute our raw
input datasets uniformly across a cluster of machines, with each machine responsible for preprocessing and

modeling a subset of the data.
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(2) Design of deep neural networks: The network design includes layers suited to our task alongside a calibration of
the network structure using the HyperBand algorithm.

(3) Science-guided loss functions: We have designed a novel, multi-part loss function that accounts for non-linear
interactions between soil properties to regulate how our deep neural network learns.

(4) Clustering regions based on SMC dynamics: This is used to manage the competing pulls of refinements and
computational requirements. Rather than train an all-encompassing model, we cluster spatial extents based on
their spatial similarities along soil and hydrological characteristics. Models are trained for clusters of regions.

During inferences, each spatial extent is parameterized based on their available multimodal data.
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Fig. 2. System Overview: Dataset preprocessing is performed while preserving data locality. k-means++ clustering, soil moisture
prediction models, and science-informed multipart loss functions are key components of the DEepSoiL framework.

Our model development process proceeds in two phases. In the first phase, we design a model that forecasts monthly
average soil moisture maps. The monthly-average model captures nonlinear relationships between soil characteristics
within a region and the monthly average precipitation patterns within a spatial extent. The coarse temporal granularity
of the monthly-average model allows us to ensure accuracy and to provide contextual grounding of the daily-moisture
model.

In the second phase, we design a daily-moisture estimation model that specializes in assimilating daily variations
across input features such as meteorological data (GridMET), leaf area indices, land cover, and topographical information
to estimate daily soil moisture maps. We also include coarse-grained, low-precision SMAP satellite soil moisture
measurements. All the input datasets fed to the daily-moisture model are available daily and at diverse spatial resolutions.

Our methodology partitions the area of interest into spatial extents, Sg. Each spatial extent, Sg, comprises 9 tiles,
and each tile has 64x64 pixels, where each pixel has a 30m resolution. Our training datasets are collated in terms of
spatial extents. For each spatial extent, we spatiotemporally harmonize and align multimodal data across meteorological,
topographical, soil properties, etc. These data are often available at different spatial resolutions. Spatial extents are also

employed to adjust soil moisture estimates generated using scientific models.

3.1 Data Wrangling and Harmonization

Our research involves the integration of diverse data sources with varying value ranges, spatial resolutions, and temporal
frequencies. To ensure efficient model training, we harmonize all datasets to a consistent spatial resolution (30m),
temporal frequency (daily), and normalized values (0 to 1). Missing values are marked as -1, and a mask is created to
identify these locations. Datasets that are not available on a daily basis undergo the nearest interpolation process to
bridge temporal gaps using proximate temporal scans. For spatial consistency, we employ OpenCV’s [8] inter-nearest

image resizing, reducing all datasets to a uniform size of 64x64 pixels.
To handle large raw tiles, some of which encompass the entire CONUS, we adopt the quadkeys concept [63]. This
approach recursively divides the geospatial coordinate space into non-overlapping bounding boxes, each assigned a
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specific identifier. Smaller quadkey lengths represent larger spatial regions. We partition all datasets with 14-character-
long quadkeys. For GridMET and SMAP datasets with coarser spatial resolutions, we use 12-characters long quadkeys.

This partitioning strategy aligns with memory and computational constraints during model training.
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Fig. 3. Example of multiple spatial extents in Northern Delaware represented as a 3x3 grid arrangement of 9 tiles. Here, each tile
is 64x64 pixels in size. The center tile in each spatial extent is colored yellow and encapsulates an in-situ station. Each tile has an
associated unique 14-character key.

In addition to partitioning images into 64x64 spatial regions, we introduce the concept of Spatial Extent (Sg). This is
a spatial region generated by merging 9 neighboring 64x64 tiles centered around an in-situ station. The resulting image
encompasses a larger spatial area, measuring 192x192 pixels. This is illustrated in Fig. 3. When we cluster the tiles and

perform the warn-start model training, we have used a similar scheme of spatial extents.

3.2 Clustering Regions based on Soil Moisture Dynamics [RQ-3]

Next, we identify regions that share similar soil moisture dynamics and properties. This is achieved by integrating an
extensive range of environmental and climatic datasets. These datasets encompass the Képpen climate map, landcover
information, elevation data, seasonal averages of soil moisture extracted from SMAP observations, and soil property
data sourced from the POLARIS and gNATSGO databases.

We cluster spatial extents characterized by similar soil moisture dynamics and properties. We leverage the k-Means++
clustering algorithm, known for its capacity to optimize cluster initialization. Identification of the number of clusters, k,
is guided by the maximization of Silhouette scores which assess how well data points within a cluster are separated
from each other compared to how close they are to data points in neighboring clusters. We classify 1216 spatial extents
into 19 distinct clusters.

The number of identified clusters corresponds to the number of distinct model instances that we train. We train
19 distinct model instances, each specializing in the prediction of soil moisture dynamics within regions classified as
hydrologically similar. Each cluster is comprised of 20 to 110 distinct locations. We distribute the training data across
19 machines, each corresponding to these distinct clusters, and simultaneously train the models. Each model utilizes

locally stored data on its respective machine’s disk.

3.3 DNN Architecture [RQ-2, RQ-3]

Our proposed architecture is a modified U-Net framework [33], a 4-block encoder-decoder DNN with skip connections
between corresponding layers in both the encoder and decoder stacks. The network used for model training has a total
of 12.9 million trainable parameters.

Each encoder block comprises a stack of 2D convolutional layers, batch normalization, and LeakyReLU activation
functions within the inner layers. In contrast, the outer layer employs a ReLU activation function, ensuring that output
values are constrained within the 0-1 range. These activation functions allow our network to model and capture complex

non-linear relationships between input variables such as hydraulic conductivity, porosity, etc, and output soil moisture
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predictions. These encoder blocks extract embeddings from the input meteorological and hydrological features. Identical
decoder blocks replace the convolutional layer with Conv2DTranspose, which upsamples the latent vector (4x4x512)
from the encoder back to a 64x64 image, representing the generated soil moisture. Skip connections are introduced
to recover information lost during input downsampling in the Encoder blocks. Skip connections have been known
to facilitate faster training and gradient flow during backpropagation, effectively mitigating the vanishing gradient
problem. Dropout layers are also strategically added to prevent overfitting during model training. In the final decoder
block, we employ a concatenation operation, merging low-level features extracted from the NDVI index, landcover
classification maps, and Landsat-derived RGB bands with the upsampled image from the U-Net architecture. This
enhances model performance by capturing intricate spatial relationships within the input data. This informs our model’s
understanding of road structures, agricultural patterns, and spatial region structures, ultimately improving its ability to

produce high-quality outputs.

3.4 Science-Guided Loss Function [RQ-2]

A key contribution of this study is a novel loss function to regulate model training by accounting for the influence of
key physical processes that account for the dynamics of soil water content within the top 5 cm of soil. In particular,
we have designed a multi-part weighted loss function that accounts for various factors, including soil texture, soil
dryness/wetness, and available water for uptake by the plant. The weights assigned to each component of the loss
function are dynamically adjusted over training epochs to modify the impact of loss terms on accuracy across various
model training scenarios. For all experiments, the predicted soil moisture values and the ground truth values are
multiplied by a mask to exclude invalid or missing data points as marked in the target data.

Overall, our unified loss function is a weighted combination of the L2 error (MSE) and a science-based loss shown
in Equations (1) and (2), that enforce the scientific consistency of relationships across soil characteristics, soil matric
potential, and soil moisture dynamics during model training. Here, a represents a hyperparameter whose value is
reduced dynamically while training to reduce the impact of the basic loss component (MSE) and increase the weight of
the scientific loss term. We dynamically adjust & based on the training epoch and the total number of epochs with the
objective of enhancing model performance. Our methodology divides the training process into steps, gradually decreasing
a to fine-tune the learning rate over time. During initial training epochs, the model prioritizes backpropagating errors
from pixel-wise squared errors of SMC from the HydroBlocks dataset. Towards the end of the training, the scientific
loss term attains the highest weight as  values decrease to 0 to consider the relations among the predicted SMC and
other soil properties. This approach is an effective optimization technique for achieving convergence; crucially, as our

performance benchmarks demonstrate, this allows DEEPSOIL to achieve better generalization on unseen locations.

Lrotal = @ - LMsg + (1 — @) - L (1

3.4.1 Mean Squared Errors. We define a custom MSE loss between the predicted and target soil moisture maps.
This criterion calculates the pixel-wise average of the squared difference between the corresponding valid elements of
the predicted and target soil moisture maps. The squaring operation, allows the MSE to be more sensitive to outliers or

large errors. The MSE plays a significant role during the initial training epochs when errors are typically higher.
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Lusg = 3 kz_l N ; (Wi - |xk,i - masky; — yx ; - masky | ) (2)

Here, Lysg represents the average MSE over the training dataset. B represents the number of images in the batch. N
is the total number of pixels in each image. x ; is the value of the pixel at index i in the predicted image of the k-th
image in the batch. yy ; is the value of the pixel at index i in the target image of the k-th image in the batch. w; is the
weight associated with the pixel at index I. For the 16 neighboring pixels around the given index where in-situ is located,

w; has a higher value, giving them more importance than remaining pixels, and mask; ; provides valid pixel locations.

3.4.2 Soil Water Retention Curves (WRC). As reported by the authors of HydroBlocks, the SMC dataset exhibits
notable errors that can range from approximately 7% to 15%, when compared to in-situ station measurements of soil
moisture. Given our reliance on HydroBlocks as a scientifically consistent target dataset, addressing the inherent

disparities between these target values and ground-truth measurements is necessary.
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Fig. 4. Non-linear relation captured using van-Genuchten equation between water content and soil matric potential (in logarithmic
scale) for different soil types using 1200+ in-situ sensors observation over a year.

The soil Water Retention Curve (WRC) represents a well-known relationship between soil characteristics - soil
matric potential (/) and water content () [60]. Soil matric potential, also known as capillary pressure, denotes the
pressure or energy required to extract water from the soil against gravity, and the force with which water is withheld
within soil pores and particles. (/) serves as a direct measure of the available water for plants to uptake from soil. As
soil moisture decreases, capillary forces increase, causing water to be retained more tightly within the soil pores. A
decrease in soil moisture thus results in a more negative matric potential (1), indicating a greater energy requirement
for water extraction from the soil and vice versa. The relationship is accurately captured in a widely-used numerical
equation called the van-Genuchten equation [77], which is based on observed field/lab values of soil properties. Our
model training relies on this scientific relation between soil properties, soil matric potential, and SMC to adjust the
model’s trainable parameters. Key parameters characterizing this relationship include soil type, residual water content,
saturated water content, the a parameter influencing curve shape (shown in Fig. 4), and the n parameter representing

soil pore-size distribution. This relationship can be mathematically formulated as below -

_l. 0s — Or n/n-1_ ,11/n
V= (G 1] ®

here, i is soil matric potential, « is inverse of air-entry value, 0; is saturated water content, 0, is residual water
content, 6 is volumetric water content, n, m are some constants defining curve.
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Our scientific loss term then becomes -

Lsci = ‘//predicted - lr//target (4)

We capture this non-linear relationship in our science-guided loss function to calculate ¢ using Equation (3) by
leveraging some of the variables from POLARIS datasets available at 30m resolution and ground-truth SMC using
in-situ sensors. The soil matric potential serves as a regularization term for our DEEPSOIL model by calculating how far
the desired  is from the i/ calculated using model-generated SMC. In regions where SMC is unavailable through in-situ
sensors, our target dataset, HydroBlocks SMC is used to calculate  using the van-Genuchten equation. DEEPSOIL learns
the relation between soil matric potential and soil moisture content by learning patterns over different soil conditions
but at different locations.

By integrating station-based error adjustments through loss function into our approach, we achieve a higher level
of precision and reliability in the target soil moisture maps that we used to train our model against. This scientific
approach enables us to capture localized variations and address discrepancies between ground truth measurements and

physics-modeled values, ultimately increasing the accuracy of our predictions.

3.5 Root Zone Soil Moisture Simulation Using APSIM [RQ-4, RQ-2]

Depth-specific root-zone soil moisture fields at fine spatial granularity are not routinely available from existing gridded
products. This creates a supervision gap for RQ-4: we want 30m maps at 20 cm, but we do not have dense, depth-resolved
measurements that can serve as training targets at that scale. To address this limitation, APSIM (The Agricultural
Production Systems SIMulator) is executed at a large set of representative locations using its SWIM3 soil-water
module to generate point-based, physics-driven estimates that supervise and constrain learning of a two-dimensional,
map-producing predictive model. In other words, APSIM provides physically consistent “labels” at depth, and the
learning model later converts these sparse point labels into spatially continuous rasters by learning how covariates
(soil/terrain/climate/weather) map to the APSIM depth state. The SWIM3 simulations provide point-level soil-moisture
trajectories as supervisory targets, while the predictive model learns a mapping from gridded covariates to spatial fields;
training uses sparse (masked) supervision so that the loss is evaluated only where supervisory targets are available.
This separation of responsibilities is deliberate: SWIM3 enforces physics in the vertical (profile) dimension; the CNN
enforces spatial structure and produces dense maps.

In SWIM3, unsaturated vertical flow is represented by the mixed-form Richards equation (derived from mass
conservation combined with the Darcy-Buckingham flux law), which can be written as:

a0 a oh
EZE[K(Q) (5—1)]> (5)

where 6 is volumetric water content, A is pressure head, K(6) is unsaturated hydraulic conductivity, z is depth (positive
downward), and ¢ is time. These simulations yield physically consistent, point-level time series of soil moisture states
that are used as supervisory targets for learning spatially continuous soil-moisture maps. Richards’ equation is essential
here because it couples storage (0) and flow (via K(0) and pressure gradients), allowing the 20 cm state to respond
coherently to precipitation pulses and drying cycles rather than being a heuristic “shift” of surface moisture.

All APSIM simulations are conducted in a fallow configuration (crop growth disabled and no irrigation applied) so
that soil-water dynamics are driven by meteorological forcing and soil hydraulic properties. We adopt fallow sim-

ulations to remove confounding management effects (crop water uptake, rooting depth dynamics, irrigation scheduling)
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so that the generated supervisory targets reflect physics that is consistent across the landscape and directly attributable
to inputs we can represent everywhere (weather + soil + terrain). Meteorological inputs are provided by GridMET,
supplying the boundary conditions required to evolve the soil profile through time (e.g., precipitation and near-surface
atmospheric variables used to represent evaporative demand). This choice also aligns the simulator’s forcing with the
covariates later used by CNN, ensuring that the supervisory signal is conditioned on the same information the predictor
will receive at the inference time.

SWIMS3 requires hydraulically consistent parameter sets. Accordingly, soil hydraulic properties are derived from
texture using a structured pedotransfer procedure, where a pedotransfer function (PTF) translates readily available soil
descriptors (here, texture fractions) into the hydraulic parameters required by a mechanistic flow model. This PTF step
is not merely convenience: it is what makes statewide scaling feasible, because texture is available as a gridded product
while full hydraulic curves rarely are. First, for each APSIM job location we obtain sand, silt, and clay fractions from
POLARIS and normalize the fractions to enforce closure in percent units. Let T = sand + silt + clay. The normalized

texture components are

sand silt
sandy = 100 T siltyy = 100 - clay, = 100 — sandy — silty, (6)

so that sandp +silty +clay;y = 100. Normalization is important for numerical stability and physical plausibility because
small inconsistencies in reported texture fractions can propagate into large differences in inferred hydraulic parameters.
Second, we apply a Rosetta pedotransfer model to map normalized texture to van Genuchten-Mualem hydraulic
parameters:
(6r, 6, o, n, Ks) = fprr(sandy;, silty, clay ). (7)
These parameters define both storage (via the retention curve) and flow (via conductivity), so they form the physical
“signature” of a soil column that governs how precipitation infiltrates and redistributes with depth.
This mapping is evaluated through a precomputed Rosetta lookup table defined over integer texture fractions.
Parameters for an arbitrary texture are obtained by interpolation over neighboring texture vertices in this table. Let
x = (sandp;, silty, clay ) and let x; denote the surrounding vertices with associated table parameters p;. Barycentric

weights w;(x) are computed such that

Zw,—: 1, w; >0, x:Zwixi, (8)
i i

and parameters are interpolated as

p(x) = D wix) pi. ©)

For parameters reported by Rosetta in base-10 logarithmic form (e.g., log;, a,log;, n, log; K;s), interpolation is performed
in the reported log space to reflect the scale on which these quantities are parameterized and to preserve positivity
upon back-transformation:

a=10°80% 5 =10°80" K =100k (10)
Interpolating in log space is critical because @, n, and K can vary over orders of magnitude; linear-space interpolation
would bias parameters toward unrealistically large values and can destabilize the flow solution.

Next, given (0, 0s, a, n), the van Genuchten retention function with m =1 - % is defined as

0s — 0, m=1-2, (11)

O =6 + e Cal™ n
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and standard water contents used in SWIM-style parameterizations are computed, including LL15 (a lower-limit water

content commonly associated with permanent wilting conditions) and DUL (a drained upper limit commonly associated

with field-capacity conditions), obtained by evaluating 6(h) at standard reference suctions (denoted as hjs and hss,

respectively). Hydraulic conductivity is represented using the Mualem-van Genuchten formulation,
0-06,

e = 93 _ 9’. >

and is evaluated at a representative state (e.g., & = DUL) to obtain a conductivity value used to support numerically

K(Se) = K S° [1 - (1 - s;/’")m]z, (12)

stable simulation. Together, the retention and conductivity functions ensure that SWIM3 responds differently for coarse
vs. fine textures (e.g., rapid drainage in sandy soils vs. stronger retention and slower redistribution in clay-rich soils),
which is exactly the depth-dependent behavior we need the downstream mapping model to learn.

Finally, explicit physical and numerical validity constraints are applied to the resulting hydraulic set (e.g., enforcing
the water-content hierarchy 0 < AirDry < LL15 < DUL < SAT < 1, and separately bounding saturation, bulk
density, and conductivities; here AirDry denotes a residual (near air-dry) volumetric water content and SAT denotes
saturated volumetric water content) to ensure plausibility and stability in SWIM3. These checks act as a guardrail
against physically impossible soils (e.g., fs < ;) and against parameter combinations that can cause numerical stiffness
or nonconvergence in Richards’ equation. In practice, they are also what makes it safe to deploy the same procedure at
scale across heterogeneous landscapes.

SWIMS3 outputs soil moisture states by soil layer. To define a depth-consistent supervisory target at 20 cm, we
compute 6(20 cm) by linear interpolation between the two adjacent layer midpoints that bracket 20 cm. In
our configuration, the reported states used for this interpolation are taken from the fourth (SW[4]) and fifth (SW[5])

layers, whose mid-depths are approximately z; = 17.5 cm and z3 = 25 cm, respectively. Specifically,

0(z") = 0(z1) + (8(z2) — 0(21)) ; :Z Z* =20 cm, (13)

where z; < z* < zy are the bracketing mid-depths and 0(z;), 0(z2) are the corresponding SWIM3 layer moisture
states. This produces a single daily, point-level estimate at 20 cm depth that is used to supervise learning of spatially
continuous soil-moisture maps. This interpolation step ensures that the target depth is consistent across locations even
when SWIM3 layer boundaries do not align exactly at 20 cm, and it avoids introducing discontinuities that would occur
if we selected the nearest layer state without depth adjustment.

Connection to RQ-2 and the physics-guided learning objective: A key advantage of this APSIM-based supervision
strategy is that it is naturally compatible with the same soil physics used elsewhere in DEEPSoOIL. The hydraulic
parameters inferred via Rosetta (e.g., 0, 65, , n) are the same quantities that appear in the van Genuchten relation
used later for physics-guided losses. This creates a consistent physical “language” across simulation and learning:
SWIM3 generates depth dynamics using these parameters, and the learning model can be regularized using the same

parameterized constraints to discourage physically implausible moisture states.

3.6 Generating Daily, Tile-based 20 cm Root Zone Soil Moisture Targets [RQ-4]

Building on the APSIM simulation framework described previously, we describe our approach for generating spatially
continuous soil moisture predictions at 20 cm depth. The APSIM outputs provide point-based, physically consistent
soil moisture estimates that serve as training targets. Our task is to learn a mapping from gridded covariates to spatial

fields that generalizes across the landscape. At a high level, this stage converts (sparse) APSIM point trajectories into a
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supervised learning problem over image-like tiles. The key design challenge is that the predictor must output dense 30
m rasters while the APSIM “labels” exist only at a subset of pixels. We represent each training example as a tile-date
pair augmented with a binary supervision mask, and we optimize the model using losses computed only where APSIM

targets exist.

3.6.1 Model Architecture. We employ a lightweight U-Net architecture optimized for tile-based soil moisture prediction.
The model takes 64 X 64 pixel input tiles (with 20 feature channels) and produces corresponding 64 X 64 pixel output tiles
containing predicted soil moisture at 20 cm depth. Each pixel corresponds to 30-meter spatial resolution. To generate a
complete soil moisture map for Colorado, we apply the model to tiles covering the state and mosaic the predictions into
a seamless raster.

This tile-based inference strategy makes statewide mapping tractable: each forward pass produces a local field
estimate, and the final statewide raster is obtained by stitching the outputs in geographic space. Because the model
operates on fixed-size windows, it can be executed in parallel over tiles and dates, and it does not require loading the
full state into memory.

The architecture consists of three encoder blocks, a bottleneck layer, and three decoder blocks with skip connec-
tions. The encoder path progressively downsamples the spatial resolution through max-pooling: from 64x64 to 8x8.
Simultaneously, the number of feature channels increases at each level (from 20 to 256), allowing the network to learn
increasingly abstract representations as the spatial detail is reduced. The first two encoder blocks use double convolution
layers (Conv — BatchNorm — ReLU — Conv — BatchNorm — ReLU), while the third uses a single convolution for
computational efficiency. The bottleneck operates at 8x8 resolution with 256 channels. The decoder path mirrors this
structure, using transposed convolutions for upsampling and concatenating skip connections to recover spatial detail
lost during encoding. Skip connections are particularly important here because the target variable (20 cm soil moisture)
varies smoothly at broad scales but still exhibits sharp spatial transitions at land use boundaries and terrain breaks. The
skip paths let the decoder reintroduce high-frequency spatial cues (e.g., land cover edges, topographic gradients) that
would otherwise be lost during downsampling. An important design choice is the reduced bottleneck capacity. Standard
U-Net architectures often use 16X the base filters at the bottleneck, resulting in approximately 40M parameters. Our
architecture uses only 4X the base filters (256 channels with base filter of 64), reducing the parameter count to ~ 3M.
This reduction is appropriate for our 64 X 64 input size and prevents overfitting while maintaining sufficient capacity to
learn the deterministic soil moisture patterns from APSIM. The output layer applies a sigmoid activation to constrain
the predictions to the valid soil moisture range [0, 1]. This parameter-budget choice is also aligned with the supervision
regime: because labels are sparse within each tile, excessively large models can overfit to local idiosyncrasies at labeled
pixels and generalize poorly to unlabeled pixels within the same tile. The smaller bottleneck serves as an implicit
regularizer, encouraging the network to learn the dominant, physically plausible controls on root-zone moisture rather

than memorizing site-specific artifacts.

3.6.2 Input Feature Representation. The model receives 20 input channels organized into static and dynamic components.
The static channels (8 total) capture time-invariant soil and terrain properties. These static covariates provide the
“hydrologic template” that shapes how water is stored and redistributed at depth (e.g., texture controls retention and
conductivity; terrain modulates redistribution and local wetness gradients). Soil texture (3 channels): Sand, silt,
and clay fractions from POLARIS, normalized to [0, 1] from their original percentage values. Terrain attributes
(3 channels): Elevation, slope, and aspect derived from the digital elevation model. Land cover and climate (2

channels): NLCD land cover classification and Képpen climate zone, both normalized to [0, 1].
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The dynamic channels (12 total) capture time-varying meteorological conditions from GridMET. These variables act as
the daily forcing that drives infiltration and drying, allowing the model to represent event responses (e.g., rainfall pulses)
and seasonal drying/wetting cycles in the root zone. Daily weather (4 channels): Precipitation, mean temperature,
vapor pressure deficit, and potential evapotranspiration for the prediction date. Antecedent conditions (6 channels):
7-day and 30-day cumulative precipitation, 7-day and 30-day cumulative potential evapotranspiration, and 7-day
and 30-day net water balance (precipitation minus evapotranspiration). Seasonal encoding (2 channels): Sine and
cosine transformations of day-of-year to capture seasonal patterns without discontinuity at year boundaries. Including
antecedent aggregates is essential for root-zone prediction because moisture at 20 cm depends on the integrated history
of wetting and drying, not just same-day forcing. The 7-day windows capture short-term memory after precipitation

events, while the 30-day windows capture slower seasonal transitions and persistent deficits.

3.6.3 Training Data Organization. Training samples are organized as patch-date pairs. Each sample corresponds to
a specific 64x64 spatial patch on a specific date. Labels within each patch are sparse: only pixels coinciding with
APSIM simulation locations have ground truth values. The patch index contains pre-computed valid locations where
APSIM simulations provide sufficient label coverage. We create a binary mask indicating valid label locations and
compute losses only over masked pixels. This sparse supervision approach allows the convolutional architecture to
learn spatial patterns and propagate information to unlabeled regions. Operationally, each training instance consists of
(Xt,ps Ye.p, Mt p), where X;  is the 20-channel input tensor for patch p at date t, Y is the target tensor containing
APSIM-derived (20 cm) values at labeled pixels (and placeholders elsewhere), and M; p is the binary mask indicating
which pixels are labeled. During optimization, gradients are computed only where M; , = 1, ensuring that the model is
trained against physically derived ground truth while still producing dense outputs across the entire tile. This setup
also encourages “spatial generalization within a tile”: even though the loss is applied sparsely, the convolutional filters
are shared across the full image, so the model learns to extrapolate from labeled pixels to nearby unlabeled pixels using
consistent relationships between covariates and soil moisture.

For mixed-supervision UNet training, we construct the APSIM-derived and in-situ datasets using a consistent
season-aware, date-based splitting strategy to ensure temporally disjoint evaluation while preserving seasonal coverage.
Specifically, for each supervision source (APSIM simulations and in-situ observations), all labeled samples are first
grouped by calendar year and then partitioned into the four meteorological seasons (DJF, MAM, JJA, SON). Within
each season, the available dates (not pixels) are randomly assigned to train/validation/test according to fixed fractions
(default 0.70/0.10/0.20), yielding three non-overlapping date lists per dataset. All labels and patches associated with a
given date are restricted to that date’s split, preventing leakage through shared days while ensuring that every split
contains examples from each season. Mixed training is then implemented after these independent splits are formed:
optimization steps draw minibatches from APSIM-train with specified probability (e.g. 0.2) and from in-situ otherwise,
whereas model selection and reporting are performed exclusively on held-out in-situ validation/test dates, aligning
evaluation with the most reliable observational reference while still benefiting from APSIM’s dense spatiotemporal

supervision during training.

3.7 Training With 20 cm Depth Physics-guided Composite loss [RQ-2, RQ-4]

We believe that training the 20 cm soil moisture model requires a loss function that balances data-driven learning with
physical constraints. We design a composite loss that combines mean squared error against APSIM targets with physics-
based regularization derived from the van Genuchten soil water retention model. This design addresses RQ-4 and RQ-2
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simultaneously: APSIM provides depth-consistent supervision at sparse pixels, while physics-based regularization
discourages the network from producing root-zone states that violate known hydraulic bounds or retention behavior. In
practice, the MSE term drives agreement with the simulator where labels exist, and the physics term improves stability
and generalization by constraining solutions in regimes that are underrepresented or noisy in the labeled set (e.g., very
dry or near-saturated conditions). Because supervision is sparse (masked) within each tile, the loss is formulated to (1)
compute data fidelity only at labeled pixels and (2) optionally impose physically meaningful constraints more broadly
(at labeled pixels, or across all pixels if desired). This is important because the model must still output a dense 30 m field

at inference time even though only a subset of pixels contribute direct supervision during training.

3.7.1  Composite loss formulation. The total loss combines a data-driven component and a physics-guided component

through adaptive weighting:

Liotal = @ - Lmsg + (1 — @) - Lphysics (14)

Here, a € [0, 1] controls the balance between fitting the APSIM targets and enforcing physical constraints. We adopt

a convex combination so the objective remains well-scaled and interpretable: when a = 1 the optimization reduces
to purely data-driven fitting, and when o = 0 the optimization emphasizes physical consistency (while still being
computed in a differentiable manner through the same forward pass). The value of « changes during training according

to a schedule described below.

3.7.2 Data-driven loss component. The MSE loss measures pixel-wise agreement between predictions and APSIM

targets over valid (masked) pixels:

N
1 red target z
Lysg = mi - (9p -0, ) (15)
Nyatid ; ! !
target
i
where labels exist, 0 otherwise), and Ny,j34 = >.; m; is the count of valid pixels. It allows learning from spatially sparse

where Glpred is the predicted soil moisture at pixel i, 6 is the APSIM-simulated target, m; is the binary mask (1
supervision while the convolutional architecture propagates information to unlabeled regions. Masking is essential:
without it, unlabeled pixels would introduce arbitrary gradients (from sentinel values or missing data), and the model
could minimize loss by exploiting artifacts rather than learning physically meaningful relationships. To avoid instability
when Ny,jiq is small for a given tile-date sample, we enforce a minimum label count when constructing the patch index
(as noted earlier) and compute the loss with safe normalization (e.g., adding a small € to Ny,;q) so gradients remain
bounded.

3.7.3  Physics-guided loss component. The physics loss enforces consistency with known soil hydraulic relationships.
It comprises two terms: a bound penalty and a matric potential consistency term. Intuitively, these two terms play
complementary roles: the bound penalty enforces feasibility (predictions must lie in physically permissible moisture
ranges), while the matric potential term enforces shape/behavior (predicted moisture should correspond to a matric
potential consistent with soil hydraulic parameters). This combination reduces the chance that the network “fits” APSIM
targets at labeled pixels but produces unrealistic moisture states elsewhere in the tile.

Bound Penalty. Soil moisture must lie between the residual water content 8, and saturated water content 65 for a
given soil type. We penalize predictions that violate these physical bounds:

Manuscript submitted to ACM



DeepSoil: Physics-Guided Learning for High-Resolution Soil Moisture Mapping from Surface to Root-Zone via
Multimodal Sensing and Process-Based Modeling 19

N
Lhound = % Z‘ [maX(O, 0 — 0P + max(0, 07" - 0}) (16)

i=
This term is zero when predictions respect the physical limits and increases linearly with the magnitude of violations.
We compute (6%, 6%) per pixel from soil hydraulic parameters inferred from POLARIS texture (via the same pedotransfer
pipeline used to parameterize SWIM3). This makes the constraint spatially heterogeneous: sandy soils and clay-rich
soils have different feasible moisture ranges, and the penalty respects that heterogeneity rather than imposing a single
global bound. We apply Lyqung across all pixels in the tile (unmasked) because feasibility is required everywhere, not
only at labeled locations. This helps prevent spurious predictions in unlabeled regions, especially during early training

when the network may produce out-of-range values.

Matric Potential Consistency. The van Genuchten equation (Equation 3) establishes a nonlinear relationship
between soil moisture and matric potential. We compute matric potential from both predicted and target soil moisture

values and penalize their disagreement:

N pred target
1 ¥ ¥i
Ly = mj - |—— - = 17)
4 Nyalid ; ' Ymax Ymax
where yPred and y!218¢t are computed by inverting the van Genuchten equation:
_ 1/n
1 [(6; -6\
0)=—||—— -1 18
¥(6) avg[(e_e,) (18)

Here, avg and n are van Genuchten shape parameters obtained from the Rosetta pedotransfer function using POLARIS
soil texture data. The normalization by ¥max cm ensures numerical stability across the wide range of matric potential
values. We compute /128t from g'2rget (APSIM-derived) and yP*d from P4 (network output) using the same pixel-
wise hydraulic parameters. This ensures the penalty reflects differences attributable to moisture state rather than
differences in parameterization. Because the van Genuchten inversion can become numerically unstable as 6 — 0,
(denominator approaches zero), we clamp 6 to [6, + €, 05 — €] when computing /(0), with a small € (e.g., 107%) to
maintain differentiability and avoid exploding gradients. We apply Ly, only at labeled pixels (masked) so that matric
potential consistency is anchored to the APSIM-supervised moisture states; this avoids over-constraining unlabeled
regions where the network should be free to infer spatial structure from covariates.

The complete physics loss combines these terms:

Lphysics = * Lpound + L],// (19)
where Aj, weights the bound penalty term and controls how aggressively the model is prevented from generating
infeasible outputs. In practice, we set A, so that Lyoungd is comparable in magnitude to Ly, during mid-training epochs;

this prevents one physics component from dominating optimization simply due to scale differences.

3.7.4 Adaptive alpha scheduling. One of the key insights in our work is that the relative importance of data-driven and
physics-based losses should evolve during training. We implement adaptive alpha scheduling where « decreases from
an initial value (typically 1.0) toward 0 over the course of training. This schedule serves two purposes. Early in training,
when model weights are randomly initialized, enforcing physics constraints can impede learning. Starting with a = 1
allows the model to first learn spatial patterns from the data. As training progresses and predictions become more
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accurate, decreasing « gradually introduces physics enforcement to refine predictions and improve generalization. We
implement linear scheduling option a(t) = o (1 - ﬁ) where t is the current epoch and Ty, is the total number
of epochs.

This schedule mirrors the training dynamics of many constrained learning systems: first learn a reasonable data-
consistent solution manifold, then “tighten” the manifold by introducing physically motivated penalties once the
network outputs are within a plausible range. Empirically, this reduces optimization stiffness and avoids early-epoch
failures where the model is pushed toward satisfying constraints before it has learned the basic mapping from covariates

to moisture.

4 EMPIRICAL BENCHMARKS & EVALUATION

To assess the performance of our models, we performed empirical benchmarks over a 19-node cluster. Each node in
our distributed cluster is equipped with an Intel Xeon E5-2620v3 processor, 64 GB of RAM, and a Quadro P2200 GPU
with 5GB of memory and 1280 cores. Our approach involves the uniform distribution of datasets, organized by spatial
clusters identified through quadkey assignments. Data originating from different sources but sharing the same quadkey
are placed on the same machine to ensure data locality and minimize network I/O due to data transfers during model
training.

We use the PyTorch framework and the Adam Optimizer to train all our models. We train our models for 1000-1500
epochs, leveraging a dataset comprising 13,000 randomly selected training samples. The input dataset used for training
consists of soil moisture maps from the year 2019, focusing on areas close to in-situ stations, as visualized in Fig. 1. We

evaluate the performance of our models using data from unfamiliar geographical locations.

4.1 Loss function components [RQ-2]

We begin by assessing the significance of incorporating a science-guided loss function into our model training process.
Our combined loss function comprises two primary components: the traditional MSE loss (Lyisg) and the science-guided
loss component (Lg¢;). Each of the component’s weights is dynamically adjusted while training. We start our analysis
by individually evaluating the contribution of each of these loss terms.

In Fig. 5, we present the training and testing loss profiles under four different scenarios - (1) Training just with the
MSE loss function (also BASELINE model i.e. without using science-guided learning), (2) Training with MSE loss while
gradually reducing learning rate by a factor of 0.8 every 100 epochs using step scheduler, (3) Training with the MSE
loss and scientific loss using ¢ prediction based on HydroBlocks’ model outputs, and (4) Training with the MSE loss
and scientific loss using i prediction based on in-situ sensor observations.

The optimal model training results are achieved when the loss function combines (Lysg and Lgj) using in-situ
observations while reducing @ parameter using step decay. This combination yields an outstanding overall testing loss
0f 0.017 (1.7%) and a testing PSNR of 34.48 dB. While a model trained only with the MSE loss exhibits relatively low
testing MAE (1.9%) and PSNR accuracy of (33.92 dB), the images produced are slightly blurry and lack finer details.

An important observation is that while the loss value of a model trained with the MSE loss is considerably low, the
image quality is quite low when assessing using measures such as PSNR and SSIM (structural similarity index measure;
higher the better), which quantifies the fidelity of images. This is evident in Fig. 6, where 6(b) and (c) corresponds to an
image generated by a model trained only with MSE in the loss function. The image appears blurry and lacking in finer,
sharper spatial details such as road structures and landcover boundaries. Overall, the training and testing loss show

that much better generalization achieved using the scientific loss component, and the model does not overfit.
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Fig. 5. Training and testing loss for models with different combinations of loss components. The training loss combines various loss
terms that guide the model to convergence, while the testing loss is measured by the MAE between the predicted and target soil
moisture maps on unseen locations.

HydroBlocks (Target) MAE:0.02; PSNR:30.8 dB; SSIM:0.83  MAE:0.04; PSNR:26.3 dB; SSIM:0.66

(b)

MAE:0.02; PSNR:32.7 dB; SSIM:0.86  MAE:0.02; PSNR:33 dB; SSIM.0.88

Fig. 6. Sample test images generated by models trained with different configurations: (a) Target SMC map; (b) Lmse, (c) Lmse with

learning rate decay, (d) Lmsg and L using HydroBlocks-based soil matric potential. and (d) Lmsg and L using in-situ sensors
observations.

This shows that DEepPSoIL is able to cope with limited training samples (due to the low number of in-situ sensors) while
achieving a solid performance over entirely unseen locations. As can be seen, the SMC maps are much sharper than
pure MSE-based loss functions.

We also observed an emerging behavior within our DNN models, as depicted in Fig. 7. These models were trained
with a science-guided loss function, leveraging inputs from landcover maps, NDVI indices, and RGB bands extracted
from Landsat imagery. Notably, we observed that approximately 1.1% of pixels in the HydroBlocks ground-truth dataset
were missing, primarily associated with water bodies. While these missing pixels were intentionally excluded during
the loss calculation process to decrease training errors, our DNN models exhibited a remarkable, emergent ability to
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Fig. 7. Emergent behavior in DEEPSOIL: Regeneration of missing pixels based on landcover types.

regenerate these water bodies effectively. During the testing phase, the model indicated the ability to regenerate the

missing pixels within the image and accurately distinguish soil moisture values based on the land cover type.

4.2 Clustering [RQ-3]

We did an accuracy analysis of our model, comparing its performance with and without the incorporation of our
k-means++ clustering scheme. Specifically, we evaluate two different model training approaches: one involving a single
global model trained on all locations in the training set but with fewer time steps and the other utilizing models trained
on clustered spatial extents. The clustering process is based on a combination of soil, land, and hydrological properties,

resulting in 19 distinct clusters.
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Fig. 8. Training and testing loss in models with and without clustering.

As illustrated in Fig. 8, the model trained without clustering indicates significantly higher errors. It converges
slowly during training but also demonstrates poor performance on unseen data, with MAE errors increasing to 10-12%.
Conversely, the models trained using multiple clusters exhibit faster convergence and consistently achieve lower test loss,
with an average MAE of 5%. These models, when trained on clustered spatial extents, become more specialized as they
focus on a smaller number of distinct spatial regions. This experiment highlights the advantages of our clustering-based

approach in enhancing model performance and achieving better generalization overall.

4.3 SMC Maps at 30m Resolution [RQ-1, RQ-2]

Finally, we assess the overall effectiveness of our approach by contrasting soil moisture prediction errors with different
variations of loss functions in DEepSorL, HydroBlocks, and the satellite-based SMAP 36 km data product. These
assessments are performed by contrasting estimates with in-situ, ground truth measurements. This evaluation is

performed over 100+ testing locations spanning the months of March-November of 2019, which were unseen during the
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Table 3. Comparing SMAP, HydroBlocks, and variations of our model DEEPSOIL w.r.t to ground station data.

Model MAE Standard Deviations
SMAP 0.26 +/- 0.06
HydroBlocks 0.077 +/-0.067
BASELINE (Lyssk) 0.061 +/-0.043
Lysg with learning rate decay  0.16 +/-0.062
Lysg and Lgej (HydroBlocks) — 0.0638 +/- 0.046
Lysg and Ly (In-situ sensors) — 0.046 +/-0.0331

model training phase. We report MAE and standard deviations in Table 3 for locations where ground-truth stations are
available.

Notably, our DEEPSOIL has a 4.6% soil moisture error when compared to in-situ station observations. We
achieve a (substantial) 82.3% reduction in SMC percentage error over SMAP 9 km and 40.25% reduction in error
over HydroBlocks. As we experiment with different loss terms, the errors reduce significantly while incorporating
scientific knowledge using van-Genuchten equation 3. Our model outperforms the BASELINE model that is based on
regular MSE-based loss with a 24.59% reduction in errors. Our DEEPSoIL model reduces the weight of MSE errors and
increases the overall impact of the scientific equation over training epochs in the loss function. For fair comparisons,
we also performed experiment by training model using pure MSE-based learning but with reducing learning rates over
epochs (using step learning rate decay). From Table 3, this variation leads to the worst performance with an increase in
errors by 162.2% and 247.8% increase compared to BASELINE and our science-guided model respectively.

Lastly, we compare the model performance and show how incorporating in-situ sensors in scientific-loss term helps
in reducing errors in HydroBlocks. Overall, we achieve 27.8% decrease in errors when in-situ sensor observations are
leveraged to drive the model training. These results demonstrate the accuracy and precision of our model in predicting
soil moisture. Our approach has a demonstrably high correlation with in-situ stations.

For a comprehensive assessment of DEEPSOIL’s performance, we conducted an extensive evaluation encompassing
the entire state of California and Oklahoma (depicted in Fig. 9 and 10). We compared our predictions with satellite-based
SMC from SMAP at its original sensing resolution of 36 km. We generated the SMC map for the months of April (for
CA, 2024) and July (for OK, 2023) because these months influence planting and irrigation plans. April marks the start of
the growing season in temperate regions such as California. Similarly, mid-summer (July), marks a critical period for
crops such as corn as they are in pivotal stage of development and are highly sensitive to available water content. Lack
of water intake can lead to significant loss of crop yield. This evaluation involved utilizing datasets of over 200,000+
64x64 pixel tiles, amounting to approximately 83 gigabytes of data. To contrast the scales involved: our model generated
images for the area of 163,000 mi? for California with 35097x38100 pixels (compared to the 23x26 pixels for SMAP) and
24849x11930 pixels for Oklahoma (versus SMAP’s 9x21 pixels).

SMAP data products include several flags regarding the poor quality of the data, especially for surfaces with permanent
ice and snow, urban areas, wetlands, and proximity of large water bodies or coastlines [42, 62, 73]. Our experiment
includes coastal regions and urban areas where SMAP is known to have high errors [15]. Our model performs well
with the limited number of in-situ stations in this target region and demonstrates an accuracy of higher than 99.7%
across the areas unseen by the model. In particular, this result highlights the effectiveness of our approach in the
regions where SMAP underperforms significantly.

On the other hand, in Oklahoma, in-situ stations are near-uniformly dispersed throughout the entire state, providing
rich data coverage for soil moisture mapping. Our model consistently demonstrates its capacity to generate high-quality
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soil moisture predictions that closely align with SMAP observations that are very coarse in spatial resolution. Crucially,
our approach captures subtle spatial variations in soil moisture, particularly in distinguishing between riverbeds and

the surrounding land areas.

DEEPSOIL (30m): Fine resolution SMAP (36km): Coarse resolution SM map
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Fig. 9. Visualizations contrasting soil moisture maps for April 6th, 2024 over California generated by DEepSoiL (30m) vs SMAP (36km
sensed resolution).

We compared our predictions with the soil volumetric water content (VWC) data produced by Oklahoma State
University at an 800m by 800m spatial resolution[61], as illustrated in Fig. 10(c). This map’s generation process involves
utilizing in-situ SMC measurements from the Oklahoma Mesonet for a regression kriging algorithm. This algorithm
integrates soil texture information, specifically the percentage of sand, along with the precipitation index. The map
depicts elevated levels of VWC in the western region of the state, with several localized hotspots (high VWC). However,
this diverges from both SMAP satellite data and our prediction.

4.4 Predicting 20 cm root zone soil moisture content [RQ-4]

RQ-4 evaluation uses two complementary tracks. First, we measure how well the learned mapper reproduces mechanistic
root-zone dynamics by training and evaluating against APSIM/SWIM3-derived targets; this serves as a mechanistic-
consistency baseline (upper bound) and validates that the architecture, covariates, and loss can recover depth behavior
at 30 m when dense supervision is available. Second, we evaluate our mixed-supervision, observation-calibrated
variant (see section 4.4.2) in which in-situ measurements provide the primary calibration signal; this is the primary
external-validity evaluation, but it is expected to yield lower headline metrics due to sparse and noisy station labels
and point-to-pixel representativeness differences. Because the two tracks use different target sources (and therefore
different label distributions and sparsity), their metrics should not be interpreted as directly comparable.

APSIM simulation locations were selected using a multi-stage, coverage-oriented sampling pipeline designed to
yield statewide sets of points that are representative across land cover, climate regimes, soil texture, and meteorological

SMAP (36km): Coarse resolution SM map of size 9x21 pixels  DEEPSOIL (30m): Fine resolution SM map of size 24849x11930 pixels  Oklahoma State University (800m): SM map o size 935445 pixels
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Fig. 10. Visualizations contrasting soil moisture maps over Oklahoma for 17th July 2023 generated by - (a) SMAP at 36 km resolution,

(b) DEEPSOIL at 30m spatial resolution, and (c) A kriging-based data product for the state generated by OSU.
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forcing grids. We first construct a Colorado-wide candidate pool by sampling valid-land pixels on the 30m master grid
and tagging each candidate with its NLCD land-cover class. Candidates are then intersected with the Képpen climate
raster to form discrete NLCDXK6ppen strata, enabling controlled allocation across both common and rare land-cover—
climate combinations. From this stratified pool, we select a fixed annual budget of approximately 500,000 unique APSIM
locations using proportional allocation across strata so that no single regime dominates the simulation supervision.
Within large strata, representative points are chosen using MiniBatchKMeans clustering over a compact feature vector
that captures soil texture (sand/silt/clay), topographic context (elevation), and GridMET spatial indexing (GridMET
row/column/cell_id), which encourages coverage across both soil-terrain variability and the discrete meteorological
forcing grid. Smaller strata, where clustering is unnecessary or unstable, use randomized selection while preserving the
global proportional allocation. We repeat this procedure independently for each study year, producing ~500k locations
for 2023 and a separate ~500k locations for 2024, and we simulate each annual set under the same APSIM configuration

for its corresponding year.

4.4.1 Evaluation of APSIM-only supervision training. Having defined (1) APSIM-SWIMS3 as a physics-based generator of
depth-specific supervisory targets and (2) a tile-based U-Net trained under sparse supervision, we now evaluate whether
the resulting model can recover temporally and spatially coherent 20 cm soil moisture fields on unseen conditions. We
evaluate the performance of our 20 cm root zone soil moisture prediction model on a held-out test set. The test set
comprises all data from October through December 2024, which was never used during model training. This temporal
split ensures evaluation on genuinely unseen conditions and prevents data leakage from future to past. The training
data spanned January 2023 through September 2024, covering a full seasonal cycle. The test set contains approximately
2.9 million labeled pixels throughout the 91-day evaluation period. We compute aggregate metrics by comparing model
predictions against APSIM-simulated ground truth values at all labeled locations. For each test date we run inference
over the set of valid patch-date pairs, apply the binary mask m; to align predictions with available APSIM targets, and
compute per-pixel residuals in volumetric water content units (m>/m?). We then aggregate errors across space and
time by pooling all labeled pixels in the evaluation window, which yields a single summary MAE/RMSE and a global R?
over the full test period. This pooling-based aggregation is appropriate in our setting because labeled pixel density
varies across patches, and it naturally weights regions by the amount of available supervisory information.

The model achieves a Mean Absolute Error (MAE) of 0.012 in volumetric water content units, computed across all
test pixels. This means that for a typical soil moisture value of 21%, our prediction deviates by only 1.2 percentage
points on average. The Root Mean Square Error (RMSE) is 0.016. The coefficient of determination R? = 0.882 indicates
that the model explains approximately 88% of the variance in root zone soil moisture across diverse soil types, terrain
conditions, and weather patterns in Colorado. The gap between RMSE and MAE suggests that large residuals are
relatively infrequent, indicating that the model’s errors are not dominated by a small number of extreme failures
(e.g., isolated high-variance events). Fig. 11 presents an example soil moisture map (at 20 cm depth) generated by our
model for October 15th, 2024. The 30-meter resolution captures fine-scale spatial heterogeneity driven by terrain, soil
texture, and land cover variations. The map reveals coherent spatial patterns that align with topographic features
and land use boundaries across Colorado. This qualitative behavior is consistent with the model’s design: static
covariates (texture/terrain/land cover) provide the spatial scaffold, while dynamic meteorological forcings modulate
daily departures from that scaffold, enabling depth-consistent root-zone responses rather than purely surface-correlated

patterns.
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Fig. 11. Predicted soil moisture map at 20 cm depth for October 15th, 2024 over Colorado generated by DeepSoiL EXTENSION at
30-meter resolution.

The proposed extension demonstrates the key strength. It uses APSIM simulations as ground truth for model training
rather than relying solely on sparse in-situ measurements. APSIM can be executed at any location given soil texture data
and meteorological forcing. This means our methodology is not constrained to regions with dense sensor networks. The
framework can be extended to any state or region where POLARIS soil data and GridMET weather data are available.
In particular, APSIM provides a physically grounded mechanism for generating depth-specific supervision at scale,
while the trained U-Net amortizes that computational cost by learning a fast mapping from widely available gridded
covariates to 30 m root-zone fields. This pairing is central to RQ-4: it reconciles depth-aware physical consistency with

the operational need to produce daily, high-resolution maps over large spatial extents.

Table 4. Soil moisture label distributions (APSIM vs in-situ, full scan).

Dataset Rows Mean Std Min Max

APSIM 358,708,860 0.234371 0.044081 0.035750 0.469606

In-situ 35,457 0.185810 0.119462 0.000000 0.996000
Dataset P1 P5 P50 P95 P99

APSIM  0.122681 0.166204 0.232412 0.310158 0.340769
In-situ  0.000000 0.023612 0.176000 0.384750 0.500000

Metric Value
Histogram L1 distance 1.091946

4.4.2  Mixed-Supervision Training for Statewide 30 m Resolution Root Zone (20 cm) Soil Moisture Maps (2023-2024). In
this subsection, we evaluate the end-to-end behavior of our 20 cm root zone modeling under two competing goals:
(1) statewide spatial completeness at 30 m spatial resolution and daily cadence, and (2) fidelity to the most reliable
observational reference available. Because mechanistic simulations and field sensors provide complementary but
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Table 5. Mixed training performance on in-situ data.

Run MAE¢rain - RMSEtrain rtrain - MAEtest  RMSEgest T'test

20% in-situ and 80% APSIM 0.0572 0.0748 0.3231 0.0490 0.0721 0.0935
50% in-situ and 50% APSIM 0.0453 0.0570 0.6938 0.0433 0.0568 0.6743
100% in-situ 0.0542 0.0715 0.4260 0.0444 0.0688 0.2662
80% in-situ and 20% APSIM 0.0429 0.0567 0.6986 0.0377 0.0552 0.6095

Table 6. Test performance with mixed-source ratios by season

Run Season MAE RMSE r

80% in-situ and 20% APSIM  DJF  0.0161 0.0414 0.2439
80% in-situ and 20% APSIM MAM  0.0808 0.0899 0.6669
80% in-situ and 20% APSIM JJA 0.0348 0.0451 0.7981
80% in-situ and 20% APSIM  SON  0.0226 0.0264 0.1944
50% in-situ and 50% APSIM DJF 0.0329 0.0433 0.3431
50% in-situ and 50% APSIM  MAM  0.0838 0.0931 0.6887
50% in-situ and 50% APSIM JJA 0.0310 0.0391 0.7809
50% in-situ and 50% APSIM SON 0.0280 0.0346 0.2591
20% in-situ and 80% APSIM DJF 0.0166 0.0367 0.1924
20% in-situ and 80% APSIM  MAM  0.1170 0.1239 0.6833
20% in-situ and 80% APSIM JJA 0.0492 0.0662 0.6740
20% in-situ and 80% APSIM SON 0.0189 0.0236 0.2800

100% in-situ DJF 0.0084 0.0149 0.2910
100% in-situ MAM 0.1198 0.1285 0.6343
100% in-situ JJA 0.0437 0.0535 0.6924
100% in-situ SON  0.0118 0.0140 0.3230

imperfect signals, we benchmark training strategies that reconcile coverage-driven supervision with observation-driven
calibration, and we summarize the resulting statewide soil moisture root zone maps for 2023 and 2024.

Calibration supervision from in-situ sensors. Given the objective of ensuring model accuracy, we consider in-situ
observations to be the most reliable reference for the target variable. This assessment is consistent when compared with
outputs from physics-based simulations. As depicted in Table 4, the physics-based model does not fully reproduce the
complete range of soil moisture content (SMC) captured by in-situ sensors, particularly under extremely dry and wet
conditions, although it effectively fills spatiotemporal gaps in the observations. This limitation motivates a carefully
designed training strategy that leverages both in-situ sensor data and simulation outputs. In particular, we treat in-situ
measurements as the primary calibration signal for model selection and reporting: hyperparameters, mixing schedules,
and early-stopping decisions are chosen to optimize agreement with held-out in-situ dates. This choice reflects the
fact that station measurements capture local extremes and event responses (e.g., rapid wet-up after precipitation and
dry-down under strong evaporative demand) that may be damped by model structural assumptions, forcing uncertainty,
or pedotransfer parameterization in the mechanistic pipeline. Mechanistic simulations provide dense spatiotemporal
supervision that encodes physically consistent vertical redistribution and drainage dynamics, but may exhibit amplitude
compression relative to observations. Our benchmarks, therefore, focus on strategies that preserve the spatial continuity
learned from simulation while correcting systematic bias using sparse but high-fidelity station targets.
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Batch-level mixing. The APSIM simulation labels encourage physically coherent spatiotemporal structure and provide
statewide coverage; however, they can be biased and may underrepresent extremes. Conversely, the in-situ labels
are accurate but extremely sparse. Also, in-situ sensor networks are often deployed to serve specific objectives (e.g.,
agriculture or mountain snowpack monitoring) and therefore do not provide representative coverage across large
spatial extents. Batch-level mixing provides a direct balance between training the model with high fidelity to sparse but
accurate targets and capturing geospatial variability from broadly representative simulation outputs.

From an optimization perspective, batch-level mixing avoids two failure modes that we observed in ablations: (1)
APSIM-only training can converge to a solution that is spatially smooth and physically plausible but systematically
biased relative to station observations; and (2) in-situ-only training can overfit to a small number of station-dominated
environments and exhibit unstable updates due to extreme label sparsity (high variance gradients). Interleaving batches
provides frequent “structure” updates (APSIM) and frequent “calibration” updates (in-situ), yielding a controllable bias-
variance trade-off governed by p. Batch-level mixing provides a direct and controllable trade-off: larger p emphasizes
simulation-driven coverage and structure, while smaller p emphasizes observational calibration. In practice, we select p
based on in-situ validation performance.

Mixed-source training at the batch-level. Mixed-source training is implemented by interleaving APSIM-sourced
and in-situ-sourced minibatches within a single training run. Let p € [0, 1] denote the probability of sampling an APSIM

batch at any optimization step. At each step, we draw:

o an APSIM batch with probability p, sampled from the training split generated by APSIM simulations; or

e an in-situ batch with probability 1 — p, sampled from the training split captured by in-situ sensors.

APSIM batches provide spatially dense supervision (mask coverage is high across the tile) and are computed from
the same covariate stack used at inference time (soil texture/terrain/landcover + GridMET-derived dynamics). In-situ
batches are sparse and are masked to station-aligned pixels (or small neighborhoods around stations, when applicable),
so gradients are driven by high-precision targets but at far fewer labeled locations. This approach differs from simply
concatenating datasets across the training process, where one dataset is used in the early stages of training and another
is used solely to refine model performance. Rather than replacing the broader training samples from APSIM, we adjust
the sampling rate as the probability, p is reduced. Meanwhile, samples collected from in-situ sensors are incorporated
throughout training to continuously correct bias. Each dataset is split independently by date (rather than by pixel) to
assess temporal generalization, and validation and test performance are reported using the in-situ split by default to
better reflect real-world conditions.

Tables 4-6 summarize the central challenge of statewide 30 m root-zone mapping under mixed supervision: the
two label sources provide complementary information, but they differ substantially in both coverage and value range.
Table 5 reports in-situ performance for four training regimes, spanning APSIM-heavy mixtures (20% in-situ / 80%
APSIM) to in-situ-only supervision. A key observation is that the best overall in-situ generalization is achieved by
mixed training, with the 80% in-situ / 20% APSIM configuration attaining the lowest test error (MAEes; = 0.0377,
RMSE ¢ = 0.0552) while maintaining strong correlation (rzes; = 0.6095). Importantly, this improvement is not simply
due to in-situ supervision: the in-situ-only setting yields a higher MAE.¢; (0.0444) and substantially lower r;¢s; (0.2662),
consistent with the instability expected under extreme label sparsity. Conversely, the APSIM-heavy mixture exhibits
low-to-moderate errors but weak correlation (e.g., rzesr = 0.0935 at 80% APSIM), highlighting that physics-guided

supervision alone can produce spatially plausible maps yet remain miscalibrated relative to station dynamics. Table 5
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empirically supports the premise of batch-level mixing: APSIM batches supply dense spatiotemporal structure while
in-situ batches continually re-anchor the mapping to observed magnitudes and event responses.

Seasonal robustness under temporally held-out evaluation. Table 6 decomposes test performance by climatological
season, which is crucial because soil moisture exhibits distinct regimes across Colorado (snow-dominated winter
recharge, spring wet-up, summer dry-down under high evaporative demand, and autumn transition). Two patterns
are noteworthy. First, correlations are consistently highest in MAM and JJA across mixtures (often r ~ 0.67-0.80),
indicating that the model captures the dominant hydroclimatic drivers during active wetting/drying seasons. Second,
DJF and SON correlations are generally lower despite small MAE in some cases, a behavior that is expected when the
absolute variance of the target is reduced (or when snow/freeze-thaw processes and sub-grid heterogeneity introduce
observation noise not fully represented in the forcing). The mixed configurations preserve strong warm-season skill
while avoiding the pronounced degradation observed when relying exclusively on one supervision source, suggesting
that mixed training yields a more seasonally stable mapping function under unseen date sequences.

Mixed supervision results interpretation Table 4 quantifies the distribution shift between APSIM-derived labels
and in-situ observations. APSIM labels are narrowly distributed (std = 0.0441; max = 0.4696) relative to in-situ (std
= 0.1195; max = 0.9960), with in-situ exhibiting near-zero dry states and high wet extremes that the mechanistic
pipeline rarely attains. This mismatch is non-trivial: optimizing against a narrow-label surrogate typically induces
amplitude compression and under-prediction of extremes when evaluated on a broad-label target. The histogram L1
distance of 1.0919 further indicates substantial divergence in label mass. In this context, achieving the best in-situ test
performance with mixed supervision (Table 4), while retaining statewide spatial completeness learned from APSIM, is
particularly compelling: the model must simultaneously (1) inherit spatial priors and continuity from dense simulation
labels and (2) learn to expand its response range to match observed variability from sparse stations. The gains of the

mixed configurations therefore reflect effective reconciliation of two imperfect signals rather than incremental tuning

on a single homogeneous dataset.
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Fig. 12. Predicted soil moisture map at 20 cm depth for 2023 over Colorado generated by DEepSoiL++ at 30-meter resolution.
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Fig. 13. Predicted soil moisture map at 20 cm depth for 2024 over Colorado generated by DEEPSOIL++ at 30-meter resolution.

Overall, the tables indicate that the best-performing regime is neither purely simulation-driven nor purely observation-
driven, but a calibrated mixture that leverages APSIM for coverage and in-situ sensors for realism. This finding motivates

the batch-level mixed training design described next.

4.4.3  Results summary (mixed-source vs. single-source training). Across experiments, mixed training consistently
outperforms observational fidelity relative to APSIM-only training, while retaining the broad spatial variability patterns
and seasonal dynamics learned from simulation (Table 6). When evaluated on held-out in-situ dates, mixed-source
training reduced systematic bias and effectively captures the relations across observations compared to simulation-only
baselines. Also, training with mixed-source data resulted in more stable learning and effective convergence compared
to training with in-situ data alone. Incorporating APSIM batches in the mixed-source training regularizes the learning
process by providing dense supervision across a broader geospatial extent and a wider range of dates.

Figures 12 and 13 visualize statewide 30 m predictions of volumetric soil moisture at 20 cm depth (root-zone) for
Colorado, reported in percent (%). Each subfigure is a mid-month snapshot (date shown under the map). For readability,
the figures use a 1st-99th percentile stretch, meaning the color scale is anchored to the central distribution of predicted
values so that statewide spatial structure is visible without being dominated by rare extremes; thus, the maps are best
interpreted as showing spatial gradients and seasonal evolution rather than emphasizing a few outlier pixels.

Across both years, the maps exhibit a coherent and physically plausible west—east moisture contrast, with higher root-
zone moisture in the higher-elevation Rocky Mountain headwaters and lower moisture over the eastern plains and other
drier regions, while month-to-month changes reflect the expected seasonal wetting/drying cycle (springtime recharge
and broader wetness in many mountain and adjacent regions versus more widespread summer drying, particularly over
the plains).

We report metrics on temporally held-out in-situ dates to emphasize real-world forecasting conditions (unseen
weather sequences and antecedent moisture states). We additionally inspect map-level behavior such as spatial coherence
across elevation and landcover transitions, absence of unphysical saturation artifacts, and continuity across tile
boundaries; this is because statewide maps stress both the learned spatial priors and the robustness of the masking
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strategy. Topographical characteristics in the 2023 and 2024 mosaics are well preserved. Terrain- and climate-aligned
regions consistently follow spatial gradients while remaining responsive to seasonal wetting and drying. These results
demonstrate that mixed-source training effectively transfers the mechanistic model’s spatial completeness into a

data-calibrated mapping product.

5 RELATED WORK

Estimation of soil moisture maps at high precision for different spatiotemporal scopes is critical given its crucial role
in diverse applications ranging from precision agriculture to hydrological modeling. Research efforts can be broadly
categorized as being based on machine learning techniques, conventional physics-based models, and hybrid methods
that seek to integrate both paradigms.

Numerical models: Physics-based approaches use fundamental equations to predict soil moisture dynamics. For
example, ParFlow, Hydrus-1D/2D, pedotransfer functions [13, 16, 45, 53, 55, 65, 66, 72] are numerical hydrology models
that employ Richards’ equations to simulate 2D/3D subsurface flows. Richards’ equation [67] is a partial differential
equation that estimates water flow through unsaturated soils as a function of space and time. The equation considers
various factors, including soil properties, hydraulic conductivity, and initial moisture content. These 2D/3D models
account for surface and subsurface water flow, as well as land surface processes (CLM) such as evapotranspiration and
snow. While it is very effective for simulations, its resolution is limited by the resolution (spatial) of input datasets.
Furthermore, parameterizing the governing equations can be a challenge alongside the substantial computational
requirements. These models also have known deficiencies in estimating soil moisture values over water-stressed regions.

Machine Learning Approaches: Most recent efforts have focused on utilizing time-series deep neural networks
[34, 36, 46], such as the dynamic NN in Adeyemi et al. [2], offering a one-day-ahead irrigation-oriented soil moisture
predictions using LSTM networks while leveraging dynamic and static climate features. Peng et al’s [64] introduces the
External Parameter Orthogonalization-Partial Least Squares model, improving soil moisture predictions by mitigating
the effect of parameters such as soil salinity.

In a comparative study, Senyurek et al. [70] assess the performance of Artificial Neural Networks (ANN), Random
Forests (RF), and Support Vector Machines (SVM) for soil moisture prediction. Other efforts involve downsampling
satellite-based measurements from Landsat and SMAP-based soil moisture using RFs [81, 82]. Ge et al. [27] propose a
method that combines UAV data with Extreme Learning Machines (ELM) for automated parameter selection. While the
above techniques demonstrate solid performance, often achieving soil moisture errors within the range of 5-10%, their
applicability at larger scales poses a significant challenge. Finally, point-based prediction and evaluations at smaller
spatial scales restrict the generalizability and scalability of these models.

Physics-informed machine learning models: To address these limitations efforts have leveraged knowledge-
guided machine learning in other domains. For example, Karpatne et al. [17, 35] proposed an approach that integrates
physics-based principles and domain knowledge into machine learning models while predicting lake water temperature
with minimal in-situ measurements. This involves modifications to loss functions, network architectures, and ingesting
numerically simulated input datasets. Such knowledge-guided efforts have shown promise in various applications,
including weather and climate modeling [84] and carbon cycling [47]. Some physics-informed machine learning models
[5, 6, 18, 28] formulate water flow by utilizing numerical models outputs to solve Richard’s equation in the loss function.
In super resolving tasks, machine learning models like GANs, Pix2Pix networks, and ESRGAN are often coupled with
PDE-constrained loss functions by penalizing errors based on energy spectrum differences [49, 78]. Several efforts

have explored physics/knowledge-guided machine learning (KGML) methods for modeling spatiotemporally evolving
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phenomena. These methods often operate in concert with mechanistic or process-based domain-theoretic models,
and frequently incorporate multipart loss functions that encode scientific knowledge directly into model training.
Examples include physical constraints from soil hydrology, such as the van Genuchten water-retention equations
and hydraulic-conductivity models based on Richards’ Equation [38-40]; vegetation indices [11]; evapotranspiration
dynamics [3]; preservation of graph-theoretic properties such as betweenness centrality [51]; cloud-occlusion masking
in satellite imagery [37]; perceptual constraints for visualization [56]; soil salinity estimation [20]; hyperspectral imagery
modeling [26, 52]; correlations among soil spectroscopic properties [4], and time-series projections [19, 21].

In our research, we adopt a science-guided approach that combines the U-Net machine learning model with a science-
informed loss function. This combination allows us to predict high-precision soil moisture maps at 30m resolution at

scale.

6 CONCLUSIONS & FUTURE WORK

In this study, we described our methodology to combine remote sensing, in-situ sensing, and scientific models to
produce high-precision soil moisture maps. Our results demonstrate the effectiveness and potential of our model for
accurate and precise soil moisture mapping across diverse geographic regions.

RQ1: Our approach dynamically assigns higher weights to loss values in the surroundings of in-situ stations. This
tailored approach ensures that the model training is guided by ground truth data. Despite the sparsity of in-situ data,
our model successfully integrates essential information, enabling the generation of large-scale soil moisture maps.
Our empirical evaluation demonstrates that our approach achieves soil moisture predictions with a very low 4% MAE
when compared to in-situ station measurements. For deeper root-zone depths where in-situ coverage is insufficient, we
complement this reconciliation strategy with APSIM-supervised learning (RQ-4), thus extending DEEPSOIL beyond
surface moisture while preserving physically consistent behavior.

RQ2: Our weighted multipart loss function assimilates scientific insights and conventional loss functions to regulate
learning and enforce physically plausible soil moisture behavior. In particular, we incorporate the van Genuchten
water-retention relationship to couple predicted soil moisture with soil hydraulic parameters, and we dynamically
schedule the loss weights so the model first learns data-driven spatial structure and then increasingly emphasizes
physics consistency. This design improves numerical stability, reduces overfitting under sparse supervision, and yields
sharper, more coherent maps that preserve landcover and terrain-driven boundaries while remaining consistent with
known soil hydraulic constraints.

RQ3: Our approach of clustering spatial extents based on soil properties, monthly soil moisture averages, landcover
types, and other land-surface properties proved to be effective in reducing training errors when compared to a single
global model trained for CONUS. Additionally, the clustered approach significantly reduces the required memory
footprint and training times by converging faster. This allows our models to scale while tuning individual models
for specific spatial regions. By constraining each model to a hydrologically coherent regime, clustering also reduces
spurious averaging across incompatible climates/soils and improves generalization on unseen tiles within a cluster. In
effect, clustering provides a practical bias-variance tradeoff: we retain regional specialization without incurring the
cost of training and serving a fully bespoke model per location.

RQ4: Our extension of the model to a 20 cm root-zone depth demonstrates that physically grounded, depth-specific
supervision can be generated at scale using APSIM-SWIM3 and translated into high-resolution (30 m) root-zone soil
moisture fields through tile-based learning with sparse (masked) targets. By aligning APSIM point outputs to the 30 m

grid, training a lightweight U-Net under masked losses, and regularizing predictions with a physics-guided composite
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objective (bounds and matric-potential consistency), we achieve accurate root-zone estimates on temporally unseen
conditions while maintaining physical plausibility across heterogeneous soils. This enables sub-surface mapping in
regions without dense in-situ networks.

As part of future work, we will extend DEEPSOIL to multi-depth soil moisture mapping through the root zone,
targeting depths from 20 cm down to 60 cm, by coupling depth-specific supervision with cross-depth consistency
constraints. We note that 50-60 cm spans the lower root zone, where plants draw on stored moisture during dry
spells, making it a strong indicator of drought resilience and irrigation need. In particular, we will (1) expand APSIM
configurations beyond fallow to incorporate crop uptake and management scenarios where appropriate, (2) introduce
a vertical-coherence loss that penalizes physically implausible gradients and enforces consistency between shallow
and deeper layers under wetting and drying events, and (3) quantify uncertainty by comparing ensembles across
cluster-specific models and physics-weight schedules. Finally, we will validate transferability across additional states
and hydroclimatic regimes and assess how 60 cm predictions improve downstream tasks such as irrigation decision

support, yield-risk monitoring, and drought early warning.
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