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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 ResearchQuestions

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 (\A ),
saturated water content (\B ), and shape parameters (U , =)—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 \ to matric potential k via the van Genuchten relation, we clamp \ to the physically meaningful interval
»\A ‚n� \B �n…, where n is a small constant (e.g., 10�4), and we normalizek bykmax to keep gradients well-scaled during
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backpropagation. We employ adaptive alpha scheduling during training: the loss begins with full emphasis on data

�tting (MSE) and gradually transitions toward physics enforcement. This schedule prevents early-epoch optimization

sti�ness (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 �rst learn spatial

patterns from APSIM supervision, then re�ne predictions to align with known hydrological constraints. The resulting

extension transformsDeepSoil 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-speci�c supervision where sensors are sparse, while physics-guided losses ensure that

learned �elds 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 speci�c

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 scienti�c 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 scienti�c/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 re�ned to guide the training of models.

(5) We extendDeepSoilbeyond 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 scienti�c 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 INDEEPSOIL

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 in�uence soil dynamics. We also leverage a variety of scienti�c 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
Manuscript submitted to ACM
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Table 1. Datasets leveraged for training and inferences usingDeepSoil.

Dataset Training Inference Dataset
gNATSGO 1.6 GB 8.6 GB

Polaris 2.4 GB 45 GB
Landsat 351 MB 8 GB
NLCD 114 MB 2.3 GB

Köppen Climate 76 MB 1.7 GB
DEM 241 MB 4.2 GB

GridMET 3.3 GB 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 variabilityacrossspatial regions. In contrast,

dynamic phenomena include features that change on a daily/hourly basis. In our model,DeepSoil, 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

(gNATSGO) 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, o�ering insights into the actual soil water content at a given

location. Although it exhibits dynamic characteristics and is in�uenced 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, �eld 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 (�eld capacity) and the point at which plants

can no longer extract water e�ectively (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 speci�cally leverage data on soil texture, such as silt, clay,

and sand percentages. Additionally, we utilize bulk density¹6•2<3º, residual soil water content¹< 3•< 3º, organic

matter ¹%º, and saturated hydraulic conductivity¹;>610¹2<•�Aºº 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 re�ectance 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 Di�erence 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 �rst dataset is the National Land Cover Database (NLCD) [30] that provides a comprehensive classi�ca-

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 Köppen climate classi�cations [43]. The Köppen classi�cations o�er insights

into long-term climatic patterns across di�erent geographic regions. In particular, these classi�cations segment CONUS

into 30 classes organized under �ve 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 �nal static feature. This dataset represents the bare-earth topographic surface, o�ering 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 in�uence 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 quanti�es the leaf area in a speci�c 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 o�ers a relatively coarse estimate of soil moisture, providing an overview of moisture trends

within a region [25, 41], although with limited precision in capturing �eld-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 in�uence 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 forDeepSoilpredictions. Individual networks are managed by di�erent
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 are1216 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 �ow, 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 o�ers 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 re�nements 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.

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 theDeepSoilframework.

Our model development process proceeds in two phases. In the �rst 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,( � . Each spatial extent,( � , 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 di�erent spatial resolutions. Spatial extents are also

employed to adjust soil moisture estimates generated using scienti�c 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 e�cient 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
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 10

speci�c identi�er. 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.

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 (( � ). 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 Köppen 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. Identi�cation 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 identi�ed 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 classi�ed 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 modi�ed 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 �ow during backpropagation, e�ectively mitigating the vanishing gradient

problem. Dropout layers are also strategically added to prevent over�tting during model training. In the �nal decoder

block, we employ a concatenation operation, merging low-level features extracted from the NDVI index, landcover

classi�cation 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 in�uence 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 uni�ed 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 scienti�c consistency of relationships across soil characteristics, soil matric

potential, and soil moisture dynamics during model training. Here,U 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 scienti�c loss term. We dynamically adjustUbased 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

U to �ne-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 scienti�c

loss term attains the highest weight asUvalues decrease to 0 to consider the relations among the predicted SMC and

other soil properties. This approach is an e�ective optimization technique for achieving convergence; crucially, as our

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

LTotal = U� LMSE¸ ¹ 1 � Uº � Lsci (1)

3.4.1 Mean Squared Errors . We de�ne a custom MSE loss between the predicted and target soil moisture maps.

This criterion calculates the pixel-wise average of the squared di�erence 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 signi�cant role during the initial training epochs when errors are typically higher.
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Here,! MSErepresents 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.G:•8 is the value of the pixel at index i in the predicted image of the k-th

image in the batch.~:•8 is the value of the pixel at index i in the target image of the k-th image in the batch.F8 is the

weight associated with the pixel at index I. For the 16 neighboring pixels around the given index where in-situ is located,

F8 has a higher value, giving them more importance than remaining pixels, and<0B::•8 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 scienti�cally consistent target dataset, addressing the inherent

disparities between these target values and ground-truth measurements is necessary.

Fig. 4. Non-linear relation captured using van-Genuchten equation between water content and soil matric potential (in logarithmic
scale) for di�erent 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 (k ) 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. (k ) 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 (k ), 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 �eld/lab values of soil properties. Our

model training relies on this scienti�c 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, theUparameter in�uencing curve shape (shown in Fig. 4), and then parameter representing

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

k =
1
U

�
� � \ B � \ A

\ � \ A

�=•=� 1 � 1
� 1•= (3)

here,k is soil matric potential,U is inverse of air-entry value,\ B is saturated water content,\ A is residual water

content,\ is volumetric water content,=•< are some constants de�ning curve.
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Our scienti�c loss term then becomes -

! B28= k?A4382C43� kC0A64C (4)

We capture this non-linear relationship in our science-guided loss function to calculatek 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 ourDeepSoilmodel by calculating how far

the desiredk is from thek calculated using model-generated SMC. In regions where SMC is unavailable through in-situ

sensors, our target dataset, HydroBlocks SMC is used to calculatek using the van-Genuchten equation.DeepSoillearns

the relation between soil matric potential and soil moisture content by learning patterns over di�erent soil conditions

but at di�erent 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 scienti�c

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-speci�c root-zone soil moisture �elds at �ne 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 �elds;

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 (pro�le) dimension; the CNN

enforces spatial structure and produces dense maps.

In SWIM3, unsaturated vertical �ow is represented by the mixed-form Richards equation (derived from mass

conservation combined with the Darcy�Buckingham �ux law), which can be written as:

m\
mC

=
m
mI

�
 ¹\ º

�
m�
mI

� 1
� �

• (5)

where\ is volumetric water content,� is pressure head, ¹\ º is unsaturated hydraulic conductivity,I is depth (positive

downward), andCis 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 (\ ) and �ow (via  ¹\ º 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 afallow con�guration (crop growth disabled and no irrigation applied) so

that soil-water dynamics are driven bymeteorological forcing andsoil hydraulic properties . We adopt fallow sim-

ulations to remove confounding management e�ects (crop water uptake, rooting depth dynamics, irrigation scheduling)
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so that the generated supervisory targets re�ect physics that is consistent across the landscape and directly attributable

to inputs we can represent everywhere (weather + soil + terrain). Meteorological inputs are provided byGridMET ,

supplying the boundary conditions required to evolve the soil pro�le 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.

SWIM3 requires hydraulically consistent parameter sets. Accordingly, soil hydraulic properties are derived from

texture using a structuredpedotransfer procedure, where a pedotransfer function (PTF) translates readily available soil

descriptors (here, texture fractions) into the hydraulic parameters required by a mechanistic �ow 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) = sand¸ silt ¸ clay. The normalized

texture components are

sand# = 100
sand

)
• silt# = 100

silt
)

• clay# = 100� sand# � silt# • (6)

so thatsand# ¸ silt# ¸ clay# = 100. Normalization is important for numerical stability and physical plausibility because

small inconsistencies in reported texture fractions can propagate into large di�erences in inferred hydraulic parameters.

Second, we apply a Rosetta pedotransfer model to map normalized texture to van Genuchten�Mualem hydraulic

parameters:

¹\ A• \B• U•=•  Bº = 5PTF¹sand# •silt# •clay# º” (7)

These parameters de�ne both storage (via the retention curve) and �ow (via conductivity), so they form the physical

�signature� of a soil column that governs how precipitation in�ltrates and redistributes with depth.

This mapping is evaluated through a precomputed Rosetta lookup table de�ned over integer texture fractions.

Parameters for an arbitrary texture are obtained by interpolation over neighboring texture vertices in this table. Let

x = ¹sand# •silt# •clay# º and letx8 denote the surrounding vertices with associated table parametersp8. Barycentric

weightsF8¹xº are computed such that
Õ

8

F8 = 1• F8 � 0• x =
Õ

8

F8x8• (8)

and parameters are interpolated as

p¹xº =
Õ

8

F8¹xº p8” (9)

For parameters reported by Rosetta in base-10 logarithmic form (e.g.,log10U, log10=, log10 B), interpolation is performed

in the reported log space to re�ect the scale on which these quantities are parameterized and to preserve positivity

upon back-transformation:

U = 10log10U• == 10log10=•  B = 10log10 B” (10)

Interpolating in log space is critical becauseU, =, and B can vary over orders of magnitude; linear-space interpolation

would bias parameters toward unrealistically large values and can destabilize the �ow solution.

Next, given¹\ A• \B• U•=º, the van Genuchten retention function with< = 1 � 1
= is de�ned as

\ ¹� º = \ A ¸
\ B � \ A

»1¸ ¹ Uj� jº=¼<
• < = 1 �

1
=

• (11)
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and standard water contents used in SWIM-style parameterizations are computed, includingLL15 (a lower-limit water

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

with �eld-capacity conditions), obtained by evaluating\ ¹� º at standard reference suctions (denoted as� 15 and� 33,

respectively). Hydraulic conductivity is represented using the Mualem�van Genuchten formulation,

 ¹( 4º =  B( �
4

h
1 �

�
1 � ( 1•<

4

� < i 2
• (4 =

\ � \ A

\ B � \ A
• (12)

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

stable simulation. Together, the retention and conductivity functions ensure that SWIM3 responds di�erently for coarse

vs. �ne 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 hierarchy0 � AirDry Ÿ LL15 Ÿ DUL Ÿ SAT � 1, and separately bounding saturation, bulk

density, and conductivities; hereAirDry denotes a residual (near air-dry) volumetric water content andSATdenotes

saturated volumetric water content) to ensure plausibility and stability in SWIM3. These checks act as a guardrail

against physically impossible soils (e.g.,\ B � \ A) and against parameter combinations that can cause numerical sti�ness

or nonconvergence in Richards' equation. In practice, they are also what makes it safe to deploy the same procedure at

scale across heterogeneous landscapes.

SWIM3 outputs soil moisture states by soil layer. To de�ne a depth-consistent supervisory target at 20 cm, we

compute\ ¹20cmº by linear interpolation between the two adjacent layer midpoints that bracket 20 cm . In

our con�guration, the reported states used for this interpolation are taken from the fourth (SW[4] ) and �fth (SW[5] )

layers, whose mid-depths are approximatelyI 1 = 17”5 cmandI 2 = 25 cm, respectively. Speci�cally,

\ ¹I � º = \ ¹I 1º ¸ ¹\ ¹I 2º � \ ¹I 1ºº
I � � I 1

I 2 � I 1
• I � = 20 cm• (13)

whereI 1 Ÿ I � Ÿ I 2 are the bracketing mid-depths and\ ¹I 1º• \ ¹I 2º 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 inDeepSoil. The hydraulic

parameters inferred via Rosetta (e.g.,\ A, \ B, U, =) 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

�elds 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 takes64� 64pixel input tiles (with 20 feature channels) and produces corresponding64� 64pixel 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 �eld

estimate, and the �nal statewide raster is obtained by stitching the outputs in geographic space. Because the model

operates on �xed-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 64� 64 to 8� 8.

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 �rst two encoder blocks use double convolution

layers (Conv! BatchNorm! ReLU! Conv! BatchNorm! ReLU), while the third uses a single convolution for

computational e�ciency. The bottleneck operates at 8� 8 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 use16� the base �lters at the bottleneck, resulting in approximately40" parameters. Our

architecture uses only4� the base �lters (256 channels with base �lter of 64), reducing the parameter count to� 3" .

This reduction is appropriate for our64� 64input size and prevents over�tting while maintaining su�cient 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•1¼. This parameter-budget choice is also aligned with the supervision

regime: because labels are sparse within each tile, excessively large models can over�t 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-speci�c 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•1¼from 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 classi�cation and Köppen climate zone, both normalized to»0•1¼.
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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 in�ltration 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 de�cit, 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 theintegratedhistory

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 de�cits.

3.6.3 Training Data Organization.Training samples are organized as patch-date pairs. Each sample corresponds to

a speci�c 64� 64 spatial patch on a speci�c 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 su�cient 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

¹- C•?• .C•?• " C•?º, where- C•?is the 20-channel input tensor for patch? at dateC, . C•?is the target tensor containing

APSIM-derived\ ¹20cmº values at labeled pixels (and placeholders elsewhere), and" C•?is the binary mask indicating

which pixels are labeled. During optimization, gradients are computed only where" C•?= 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 �lters

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.

Speci�cally, for each supervision source (APSIM simulations and in-situ observations), all labeled samples are �rst

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 �xed 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 speci�ed 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 bene�ting 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 �delity 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 �eld

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:

! total = U� ! MSE¸ ¹ 1 � Uº � ! physics (14)

Here,U 2 »0•1¼controls the balance between �tting the APSIM targets and enforcing physical constraints. We adopt

a convex combination so the objective remains well-scaled and interpretable: whenU = 1 the optimization reduces

to purely data-driven �tting, and whenU = 0 the optimization emphasizes physical consistency (while still being

computed in a di�erentiable manner through the same forward pass). The value ofUchanges 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:

! MSE=
1

# valid

#Õ

8=1

< 8 �
�
\ pred

8 � \ target
8

� 2
(15)

where\ pred
8 is the predicted soil moisture at pixel8, \ target

8 is the APSIM-simulated target,< 8 is the binary mask (1

where labels exist, 0 otherwise), and# valid =
Í

8< 8 is the count of valid pixels. It allows learning from spatially sparse

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 # valid 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 smalln to # valid) 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 ��ts� 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\ A and saturated water content\ B for a

given soil type. We penalize predictions that violate these physical bounds:
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! bound =
1
#

#Õ

8=1

h
max¹0• \8

A � \ pred
8 º ¸ max¹0• \ pred

8 � \ 8
Bº

i
(16)

This term is zero when predictions respect the physical limits and increases linearly with the magnitude of violations.

We compute¹\ 8
A• \8

Bº 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 di�erent feasible moisture ranges, and the penalty respects that heterogeneity rather than imposing a single

global bound. We apply! bound 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:

! k =
1

# valid

#Õ

8=1

< 8 �

�
�
�
�
�
�

k pred
8

kmax
�

k target
8
kmax

�
�
�
�
�
�

(17)

wherek pred andk target are computed by inverting the van Genuchten equation:

k ¹\ º =
1

Uvg

" �
\ B � \ A

\ � \ A

� =•¹=� 1º
� 1

#1•=

(18)

Here,Uvg and= are van Genuchten shape parameters obtained from the Rosetta pedotransfer function using POLARIS

soil texture data. The normalization bykmax cm ensures numerical stability across the wide range of matric potential

values. We computek target from \ target (APSIM-derived) andk pred from \ pred (network output) using the same pixel-

wise hydraulic parameters. This ensures the penalty re�ects di�erences attributable to moisture state rather than

di�erences in parameterization. Because the van Genuchten inversion can become numerically unstable as\ ! \ A

(denominator approaches zero), we clamp\ to »\ A ¸ n• \B � n¼when computingk ¹\ º, with a smalln (e.g.,10� 4) to

maintain di�erentiability and avoid exploding gradients. We apply! k 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:

! physics= _1 � ! bound ¸ ! k (19)

where_1 weights the bound penalty term and controls how aggressively the model is prevented from generating

infeasible outputs. In practice, we set_1 so that! bound is comparable in magnitude to! k during mid-training epochs;

this prevents one physics component from dominating optimization simply due to scale di�erences.

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 whereUdecreases 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 withU = 1

allows the model to �rst learn spatial patterns from the data. As training progresses and predictions become more
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accurate, decreasingUgradually introduces physics enforcement to re�ne predictions and improve generalization. We

implement linear scheduling optionU¹Cº = U0 �
�
1 � C

) total

�
, whereCis the current epoch and) total is the total number

of epochs.

This schedule mirrors the training dynamics of many constrained learning systems: �rst 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 sti�ness 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 identi�ed through quadkey assignments. Data originating from di�erent 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 signi�cance of incorporating a science-guided loss function into our model training process.

Our combined loss function comprises two primary components: the traditional MSE loss (! MSE) and the science-guided

loss component (! sci). 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 pro�les under four di�erent scenarios - (1) Training just with the

MSE loss function (alsoBASELINEmodel 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 scienti�c loss usingk prediction based on HydroBlocks' model outputs, and (4) Training with the MSE loss

and scienti�c loss usingk prediction based on in-situ sensor observations.

The optimal model training results are achieved when the loss function combines (! MSE and! sci) using in-situ

observations while reducingUparameter using step decay. This combination yields an outstanding overall testing loss

of 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 �ner 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 quanti�es the �delity 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 �ner,

sharper spatial details such as road structures and landcover boundaries. Overall, the training and testing loss show

that much better generalization achieved using the scienti�c loss component, and the model does not over�t .
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(a)! MSE (b) ! MSEwith learning rate decay

(c)! MSEand! sci (HydroBlocks) (d)! MSEand! sci (In-situ sensors)

Fig. 5. Training and testing loss for models with di�erent 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.

Fig. 6. Sample test images generated by models trained with di�erent configurations: (a) Target SMC map; (b)! MSE, (c)! MSE with
learning rate decay, (d)! MSE and ! sci using HydroBlocks-based soil matric potential. and (d)! MSE and ! sci using in-situ sensors
observations.

This shows thatDeepSoil 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 inDeepSoil: Regeneration of missing pixels based on landcover types.

regenerate these water bodies e�ectively. 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. Speci�cally, we evaluate two di�erent 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.

Fig. 8. Training and testing loss in models with and without clustering.

As illustrated in Fig. 8, the model trained without clustering indicates signi�cantly 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 e�ectiveness of our approach by contrasting soil moisture prediction errors with di�erent

variations of loss functions inDeepSoil, 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 wereunseenduring the
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Table 3. Comparing SMAP, HydroBlocks, and variations of our modelDeepSoilw.r.t to ground station data.

Model MAE Standard Deviations
SMAP 0.26 +/- 0.06

HydroBlocks 0.077 +/- 0.067
BASELINE(! "(� ) 0.061 +/- 0.043

! MSEwith learning rate decay 0.16 +/- 0.062
! MSEand! sci (HydroBlocks) 0.0638 +/- 0.046

! MSEand! sci (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, ourDeepSoilhasa 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 and40.25% reduction in error

over HydroBlocks . As we experiment with di�erent loss terms, the errors reduce signi�cantly while incorporating

scienti�c knowledge using van-Genuchten equation 3. Our model outperforms theBASELINEmodel that is based on

regular MSE-based loss with a 24.59% reduction in errors. OurDeepSoilmodel reduces the weight of MSE errors and

increases the overall impact of the scienti�c 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 toBASELINEand our science-guided model respectively.

Lastly, we compare the model performance and show how incorporating in-situ sensors in scienti�c-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 ofDeepSoil'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 in�uence 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 signi�cant 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<82 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 �ags 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 anaccuracy of higher than 99.7%

across the areas unseen by the model. In particular, this result highlights the e�ectiveness of our approach in the

regions where SMAP underperforms signi�cantly.

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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