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Abstract: In this work, we developed a data-driven framework to predict near-surface
(0–5 cm) soil moisture (SM) by mapping inputs from the Soil & Water Assessment Tool to
SM time series from NASA’s Soil Moisture Active Passive (SMAP) satellite for the period
1 January 2016–31 December 2018. We developed a hybrid artificial neural network (ANN)
combining long short-term memory and multilayer perceptron networks that were used to
simultaneously incorporate dynamic weather and static spatial data into the training algorithm,
respectively. We evaluated the generalizability of the hybrid ANN using training datasets comprising
several watersheds with different environmental conditions, examined the effects of standard and
physics-guided loss functions, and experimented with feature augmentation. Our model could
estimate SM on par with the accuracy of SMAP. We demonstrated that the most critical learning of the
physical processes governing SM variability was learned from meteorological time series, and that
additional physical context supported model performance when test data were not fully encapsulated
by the variability of the training data. Additionally, we found that when forecasting SM based on
trends learned during the earlier training period, the models appreciated seasonal trends.
Keywords: physics-guided machine learning; hybrid architecture; LSTM; data-driven science

1. Introduction
In the geosciences, it is often necessary to simulate physical processes that are impractical or
impossible to directly observe such as sub- or near-surface water flux. The classic approach to
simulation and prediction for many years has been development, calibration, and validation of
physically based models; however, these techniques have notable limitations including introduction of
user and model bias, not to mention the computational burden. Over the past few decades, applications
of artificial intelligence, most notably artificial neural networks (ANNs), have matured due to advances
in computer hardware in conjunction with the availability of large geospatial datasets. In particular,
ANNs developed to make predictions in the physical sciences informed by domain knowledge
have grown in popularity with the rise of interest in explainable machine learning [1–4]. We define
explainability as a clarification of how interactions between model design and domain knowledge
(i.e., informed physical context) affects the outcome (i.e., physically plausible model output) [1].
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Soil moisture (SM) is a key variable in hydrologic flux with a well-documented need
for near-real-time predictions for risk assessments related to, for example, flooding and crop
viability [5–9]. Many well-known physically based hydrologic models simulate and predict SM;
however, the simulated metric is often a model-specific index of SM state dependent on quantities such
as hydraulic conductivity and porosity. These are calculated within the model instead of explicitly
supplied by the user, as the number of required input parameters can easily scale to a degree that the
requirements for implementation outweigh the availability of measurements [10–12]. Model calibration
is successful if there are many input parameters to which the prediction of interest is sensitive, which
can be adjusted or, more accurately, calibrated to reduce residuals between model predictions and
observed data. Additionally, calibration extends computational time because the required number
of model runs scales with the number of parameters. For hydrologic models, traditional calibration
techniques such as Bayesian inversion are only appropriate for select primary metrics (e.g., runoff or
streamflows), and forecasting alternate quantities of interest (e.g., SM, evapotranspiration) using these
physically based models is challenging [13]. Given the availability of computational resources and the
wealth of remotely sensed, spatially continuous data, there is ample opportunity to apply ANNs to
the geosciences [14]. Remotely sensed (RS) data are commonly used with physically based models to
provide calibration data [15–18], particularly useful in areas where monitored networks may not be
available. Using RS data in concert with ANNs provides the added benefit of leveraging the strength
of ANN pattern recognition to identify signatures in RS data that may be difficult to detect manually.
In physical processes, there is often notable latency between application of the driver (cause)
and the onset of the change (effect). In machine learning, the “cause” is represented by samples
(tensors) of features (individual values or series) to which the target predictions (labels), or “effects”
,
are sensitive. In many cases, the process of interest is affected by conditions over a period of time
reflecting antecedent environmental conditions. For example, infiltration rates depend not only on the
physical characteristics of the land surface (vegetation, porosity and grain size, topographic slope),
but also the level of saturation. SM, and unsaturated flow in general, is a strong function of both
the physical properties of the soil (e.g., pore size and permeability) and the atmospheric conditions
(e.g., precipitation, relative humidity, and evapotranspiration).
Machine learning models depend on a large volume of cause and effect examples (samples and
target labels) to develop a mapping that mimics the complex variability of a system. A sufficiently
trained model has learned a mathematical representation of a physical process such that it is able
to make accurate predictions on new data not used during training, i.e., the model is capable of
generalization. When using spatiotemporal data, it is important that the model be evaluated for
prediction accuracy in both time and space dimensions. When predicting SM, we are concerned with
the static environmental conditions such as topography and land use as well as seasonality. To properly
reflect transient processes, ANN architectures should consider both long and short timescales when
predicting time series data while also taking into account static environmental features that do not
vary in time (i.e., soil type, topography). Additionally, a spatiotemporal model is especially useful if it
can make accurate predictions not only during the temporal window of the training period, but for the
future as well.
Building known physical laws and constraints into machine learning (ML) models of physical
systems can significantly improve the predictive accuracy and statistical efficiency of the model
by limiting the optimization search space to the set of physically plausible possibilities [2,14,19,20].
Physical constraints are often enforced using data or feature augmentation, where additional samples
and features are provided to enhance the variability of the problem presented to the model for training.
Additionally, penalizing the optimization process when physically inconsistent predictions are made
will steer the optimization algorithm to make choices that do not just reduce error, but do so in a
physically meaningful way. The goal is to provide the model with a well-stated objective that does not
violate known physics and is constrained by it.
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In this work, an ensemble of ANNs was trained with eight experimental configurations to assess
the strengths and weaknesses of the hybrid model architecture and the ability of a trained ANN to
estimate and predict SM in environments and time periods outside of the training dataset. A long
short-term memory (LSTM) network was coupled with a multilayer perceptron (MLP) network to map
hydrologic inputs from the Soil & Water Assessment Tool (SWAT; features) to near-surface (0–5 cm) SM
estimates from NASA’s Soil Moisture Active Passive satellite (SMAP; labels) to within ±0.04 cm3 cm−3 .
LSTMs learn to predict patterns in time series data, while MLP networks are particularly adept at
developing many-to-many mappings of discrete samples. As a result of the correlations of SM to both
weather time series and soil/site physical properties, the strengths of both LSTMs and MLPs were
leveraged through development of a hybrid ANN.
Two model designs were trained using data from (1) a single and (2) multiple watersheds,
then evaluated on watersheds with different environmental conditions. Of course, the trained models
were evaluated using data withheld from ANN training (test set). To assess the ability of the trained
models to estimate (current) and forecast (future) SM, test data were used from the temporal window
of the training period as well as a subsequent interval. Experiments were performed to assess the
effectiveness of using augmented input data that set flags for unusually wet or dry days as well as
antecedent conditions. Additionally, we evaluated whether adding static spatial data had significant
effects on model accuracy, or if the physical information encapsulated by weather timeseries was
sufficient to predict SM over a range of environmental conditions. Each model design was trained
by optimizing two different loss functions: (1) a standard mean-squared-error (MSE) and (2) MSE
amended with a component to provide physical context. Performance was evaluated by calculating
the RMSE between hybrid model SM estimates and SMAP SM on the test set.
2. Materials and Methods
2.1. Site Descriptions
The Middle-Tennessee Elk river watershed (ELKR) was selected for hybrid-ANN development
because it has a high density of SM monitoring stations from the Soil & Climate Analysis Network
(SCAN) within the spatial extent of passive satellite SM pixels (≈36 km2 ), is topographically flat
over the westernmost 200 km, and has relatively homogeneous land-use designations (Figure 1).
In many cases, uncertainty associated with RS SM data decreases as the physical characteristics of the
land surface become increasingly homogeneous. In addition, the ELKR site was selected because it
has few developed areas. Here, SCAN data from the top 5 cm of the soil profile were used to replace
missing data in SMAP time series, whenever possible. Previously, a “goodness-of-fit” assessment was
performed wherein RS SM time series were compared with observed data over a nearly three-year
period for the ELKR site [21].
Three additional watersheds were selected for this study based on a variety of criteria including
proximity to the ELKR site, similarities and differences in environmental conditions, and the availability
of in situ SM stations; the Yazoo (YAZO), Escalante-Sevier Lake (ESCL), and Washita (WASH) basins
(Figure 1). The YAZO watershed borders the ELKR site and has similar environmental conditions.
Although the YAZO site shares many of the characteristics of an “ideal” watershed for SMAP
SM retrievals. As a subbasin of the Mississippi River, it is a complex hydrologic system with a
lot of development—shipping routes, dams—that have significantly altered its hydrology. The ESCL
site is in the southwest U.S. where environmental conditions are typically arid in contrast to the humid
characteristics of the ELKR site. This basin was previously evaluated along with the ELKR site in
a goodness-of-fit assessment using RS and in situ SM data [21]. The WASH site is a temperate area
dominated by grasslands and was previously used as a core validation site during SMAP SM calibration
and validation [22]; it is also a common study site for hydrologic modeling with SWAT [23,24].
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Figure 1. Study site land use (NLCD 2011), Soil & Climate Analysis Network (SCAN) stations (orange),
and elevation profile (purple) for (clockwise from top left) Elk river watershed (ELKR), Yazoo (YAZO),
Washita (WASH), and Escalante-Sevier Lake (ESCL). The red curves outline each basin.

2.2. Neural Network Architecture
Hybrid architectures leverage the strengths of member networks to uniquely process data.
For example, Ref. [25] successfully used a hybrid convolutional LSTM neural network to analyze long
blocks of text to identify the overall sentiment of the writer Natural language processing is a common
application of LSTMS, where words and characters are analyzed as a series, and convolutional neural
networks have proven effective in image and document classification. Hybrid architectures have also
been employed with great success to predict changes in land surface characteristics [26], accelerate
incompressible flow solvers [27], and locate the source of contaminants detected in time series [28].
The hybrid architecture (Figure 2) was selected to simultaneously interrogate both static and
dynamic input data types as demonstrated by [29]. Initially, an MLP was developed in an attempt
to map SWAT inputs and weather time series to SMAP SM time series, but this was met with
limited success. Not only were unseasonably wet and dry days not replicated by the MLP, but error
for estimates on the test set was not within acceptable thresholds defined in accordance with SMAP
mission objectives [30] (RMSE < 0.04 cm3 cm−3 ). Although MLPs have been successfully used to
develop surrogates of physically based models [31–33], the degree of difficulty increases when the data
depend on processes occurring across both spatial and temporal scales. Time series data are inherently
ordered whereas static data are not, and machine learning algorithms developed to recognize patterns
in unordered data have limitations when applied to time series [34]. For this application, inputting
the static and dynamic features to an MLP network had an accuracy no better than ±0.04 cm3 cm−3
when compared to SMAP SM retrievals. This was because the input feature vectors for each sample
representing all static and dynamic data for a discrete location lost all temporal interrelationships.
Conversely, if the input feature vector represented static data and only a single timestep, then the
static data were repeated for each timestep, and the ANN was “over-informed” about static features.
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Additionally, MLPs do not have the capacity to learn information relevant to the current sample from
neighboring cells or previous time steps because all spatial or temporal coherence is lost.

XS
( N × NSF )

XD
( N × Nt × NDF )

LSTM

ŶAUX
( N × Nt )

[σD (WD XD + bD ), XS ]
( N × ( NSF + NDN ))

MLP

ŶFINAL
( N × Nt )

Figure 2. Hybrid architecture where XD is the three-dimensional array of dynamic (time series) inputs,
XS is the two-dimensional array of static inputs, N is the number of samples, Nt is the number of
time steps, NDF is the number of dynamic features, NSF is the number of static features, and NDN is the
number of nodes in the long short-term memory (LSTM) layers.

The strength of the LSTM architecture is its ability to “remember” characteristic events and
sequences of events, such as mean-state conditions and seasonal behavior in time series data, to better
replicate them in the future [35–38]. One difficulty is that while the LSTM architecture is good at
replicating commonly occurring sequences of events, events that fall outside of short- or long-term
mean state conditions are significantly more challenging not only because the frequency of above- or
below-average events is small compared to the total number of events, but because there is momentum
in the prediction and “discontinuities” are difficult to replicate, especially because they can be mistaken
for noise. As recommended by [38], a value of 1 was supplied as the bias of the LSTM forget gate at
initialization and all other LSTM biases were initialized as a vector of zeros, and LSTM weights were
initialized as arrays of ones. MLP weights were randomly initialized.
During the training process, each ANN, composed of densely interconnected
information-processing nodes organized into layers, identifies the nonlinear function, g, by mapping
input features, X, to the corresponding output labels, Ŷ such that the ANN yields the estimation Ŷ
Ŷ = g (X; (W, b, φ)) ,

(1)

where W and b are weight matrix and bias vector applied to X, which form the mapping matrix Θ and
φ is the activation function that determines the contribution of each node in the current layer to the
nodes in next layer.
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2.3. Input Features
This study used input features corresponding to hydrologic inputs from a new version of SWAT,
the Soil & Water Assessment Tool plus (SWAT+) [39]. The SWAT+ model is a physically based
hydrologic model that predicts near-surface water budget in response to changes in climate, land use,
and/or land-management practices over scales ranging from a single watershed to the continental U.S.,
which is run daily on a 10 km2 grid, [39]. The SWAT+ model was selected because of the availability of
its input datasets, which are amenable for machine learning studies applied to hydrologic modeling
because the volume of data is large (≈500,000 nodes in the continental U.S.). Additionally, we wanted
to develop a tool that could quickly and easily predict SM using common hydrologic model input
data for assessments in regions without available calibration data. An initial attempt was made to
train a surrogate model for SWAT+ by mapping SWAT+ inputs to SWAT+ SM predictions; however,
results were unsatisfactory. The SWAT+ input dataset included only three parameters to which SM
is sensitive to (soil depth, curve number, and percolation rate), and calibration efforts did not yield
acceptable results. We instead decided to map the SWAT+ inputs to RS SM data.
The SWAT+ model uses static inputs for land use (National Land Cover Database; NLCD),
soil type (State Soil Geographic dataset; STATSGO), topography (Advanced Spacebourne Thermal
Emission and Reflection digital elevation map; ASTERM DEM), and weather data. Static parameters
used in ANN development are listed in Table 1. The weather data were provided as measured or
forecasted daily time series, or, when such data were not available or had missing values, these were
replaced by the Agricultural Research Service (ARS) weather-generator model. The weather generator
uses long-term monthly mean data for precipitation, temperature, solar radiation, relative humidity,
and wind speed to project daily values on a 50 km2 grid where each SWAT+ grid node is assigned the
closest simulated weather station. Hourly meteorological data required for SWAT+ were acquired
from the NOAA Integrated Surface Database (ISD; https://www.ncdc.noaa.gov/isd) and averaged
into daily data (Table 2) with any missing data replaced by synthetic values from the SWAT+ weather
generator module.
SWAT+ input data were partitioned into static and dynamic components. Static inputs (Table 1)
define the initial conditions at each SWAT+ model grid cell, while dynamic inputs (weather) drive
hydrologic flux at each grid cell. Static data shown in Table 1 are of numerical (measured or calculated)
and categorical data types. Because the algorithms used only support numerical data, categorical data
were converted using a technique called one-hot encoding. One-hot encoding means that categorical
features are replaced by multiple binary features, one for each category, where the feature value is 1 if a
given sample had that category as the original feature and zero otherwise. Static data were normalized
using the Euclidean (L2 ) norm.
Table 1. Static parameters from Soil & Water Assessment Tool plus (SWAT+) hydrologic input datasets
used as features for the multilayer perceptron (MLP) network.
Parameter

Description

Type

CN2

Curve number

Numerical

SOILDEP

Depth of soil profile

Numerical

SLOPE

Percent slope

Numerical

SLOPELEN

Length of sloping surface (m)

Numerical

ITEXT

Soil textural characteristics

Categorical

IPLANT

Land-use type

Categorical

USLEK

Soil erodibility factor

Numerical

USLEC

Crop/vegetation management factor

Numerical
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Dynamic inputs included all weather data used by SWAT+ (Table 2), primarily meteorological
measurements, but weather-generator replacements for missing data (observations) and those
estimated with the SWAT+ weather generator. As previously described, we purposefully used a
combination of observed and generated weather times series because in a typical hydrologic modeling
investigation, not all time series data required by the model may be available at a given location
or over the period of time for the analysis. For this reason, we wanted to develop a tool that was
developed with common data limitations in mind. Dynamic data were normalized using the Lin f
norm, which encourages extreme values to not be treated as outliers.
Table 2. Weather-parameter feature vectors for the LSTM and their sources. Missing values from
NOAA data were filled in using long-term monthly means and the SWAT+ weather generator.
Parameter

Source

Precipitation (mm)

NOAA ISD

Temperature (max, min, mean;

◦ C)

Wind Speed (m/s)
Wind Direction

NOAA ISD

(◦ )

Solar Radiation (mean, max;

NOAA ISD

NOAA ISD
W m–2 )

SWAT+ weather generator

Relative Humidity (kPa)

SWAT+ weather generator

(◦ C)

SWAT+ weather generator

Dewpoint

Table 3 defines and enumerates input dimensions. Dynamic input data for the LSTM, XD ,
had shape ( N × Nt × NDF ) where N was the number of samples, Nt was the number of daily time
steps, and NDF was the number of dynamic features per sample at each time step. Dynamic features
were time series for weather parameters listed in Table 2, weather anomalies, and, for some experiments,
flags for unseasonably wet or dry days and antecedent conditions (see Section 2.3). The output of the
last LSTM layer (σD ), of shape (N × NDN ), where NDN was the number of LSTM nodes, represented the
short- and long-term history remembered throughout the entire sequence of each sample. Static data
(XS ) of shape ( N × NSF ), where NSF were the number of static features, were then concatenated with
σD and input to the MLP. The error, or “loss” (L), between ANN predictions and SMAP time series
was calculated at the LSTM (“AUX”) and hybrid LSTM-MLP (“FINAL”) outputs. The AUX and
FINAL losses were calculated to assess whether SMAP SM estimates were enhanced by processing
additional static data or if the dynamic features alone contained sufficient information to make accurate
SM estimates.
Table 3. Definitions of feature and label vector with dimensions for the LSTM (dynamic) input (XD ),
MLP (static) input (XS ), Soil Moisture Active Passive (SMAP) SM timeseries (Y), LSTM SM auxiliary
estimate of Y (ŶAUX ), LSTM-MLP final SM estimate of Y (ŶFINAL ) for SNGLT and MULTT
model designs.
Variable
Nt

Definition
Number of time steps

NDF

Number of dynamic features

NSF

Number of static features

Value
1096
22 (without SAT flag) 44 (with SAT flags)
56

Feature Augmentation
In the authors’ opinion, it is critical to combine domain expertise for any machine learning exercise.
Domain knowledge was provided to this physics-guided model by modifying model components
(e.g., samples, labels, loss function, model architecture) to best reflect the physical system and enhance
interpretability of the output [1,2].
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The soil profile retains a “memory”, i.e., a period of persistent moisture retention/deficit following
an atypical event such as intense precipitation or dryness [40]. SM memory is not quantifiable using
only meteorological variables (i.e., weather time series used in dynamic inputs for this study), therefore
we felt it was necessary to augment dynamic samples with features that provided context specifically
for atypical events. Additionally, we know that the amount of moisture present in the soil profile prior
to an event, such as a heavy rainfall, will limit the amount of water that can infiltrate. By augmenting
dynamic features, we sought to encourage the model to pay special attention to “important” time steps
and predict SM of similar magnitude as labeled data as well as recognizing seasonal trends. This is
important in risk analyses, where the magnitude of a flood, for example, determines how and when
emergency response services are deployed.
Feature engineering is a common practice to incorporate physical knowledge into training
data [1]. Use of first- and second-order features, where first-order features are actual data values and
second-order features have been derived from actual data, is common in time series analyses [34,41,42].
First-order features were input to the ANN as both weather time series. Time series anomalies were
calculated as second-order features using a moving average with a window of 90 days (approximately
seasonal) and 50% window overlap. The window size and amount of overlap were chosen because
a 90-day window approximated seasonal changes and the amount of overlap highlighted seasonal
transitions. For some experiments (Table 4: MSEF, PGLF), additional second-order features were
engineered to flag unseasonably wet or dry days (e.g., short-term weather anomalies or long-term
floods and droughts). Hereafter, environmental conditions greater or less than one standard deviation
from the seasonal moving average will be referred to as seasonally anomalous time steps (SATs). Here,
second-order features were generated based on the statistical significance of first-order data at each
time step. Flags for SATs were represented by an additional feature for each weather type where all time
steps within one standard deviation of the moving average were assigned a value of 0 and SATs were
given a value of 1. Antecedent conditions were appreciated by labeling the three preceding time steps
to any SAT with a value of 0.75. The weights applied to SATs and the number of antecedent time steps
were determined by training the five best-performing models with several different configurations
of SAT flag weights and antecedent time steps.In this case, feature augmentation equated to creating
additional binary categorical features that addressed if a condition at the given time step was an SAT
or a precursor to an anomalous environmental state outside of mean-state conditions. The efficacy of
using second-order features was assessed by interrogating the hybrid ANN network trained with and
without SAT feature augmentation to determine if they improved overall predictions.
2.4. Output Labels
Near-surface (0–5 cm) SM data from NASA’s SMAP satellite were downloaded from the NASA
EarthView website (worldview.earthdata.nasa.gov). Data were retrieved as close to 6 AM as possible.
Missing values in SMAP time series were replaced with in situ data from the nearest SCAN site
(nrcs.usda.gov/scan/) to the SMAP grid cell center. Agreement between SMAP and SCAN for
watersheds in the southern US was demonstrated by [21].
2.5. Physics-Guided Loss Function
As demonstrated by [43], the choice of loss function can significantly improve LSTM performance
by as much as 50%. Ref. [3] showed that even for small datasets, incorporating prior knowledge into the
network enhanced model performance and accuracy. For some experiments (Table 4), the traditional
MSE loss function was amended with a physics-guided component that applied a penalty to the loss
of an observed physical relationship between SM when the additional parameter was violated as
suggested by [2]. Experiment PGLNF used a physics-guided loss function with no SAT flags in the
dynamic inputs, and experiment PGLF used a physics-guided loss function with SAT input flags.
The additional loss component assumed that on consecutive rain-free days, the relative differences
between evapotranspiration (ET) on days i and i − 1 should have the opposite sign as the relative
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difference between SMs observed on the same days. Simply put, water flux in the near-surface
environment (0–5 cm below ground surface), is balanced by infiltration from the surface (increase) and
ET (decrease). If SM in the near-surface environment increased between day i − 1 and i, ET should
decrease given the absence of precipitation on either day. Loss was calculated as:

L=

1
(Y
− ŶSMAP )2 + ∆sgn ζ
N SMAP

q

(YET,i − YET,i−1 )2 + (ŶSMAP,i − YSMAP,i−1 )2 ,

(2)

where YSMAP are SMAP labels (target SM), ŶSMAP are ANN predictions of SMAP SMs (either AUX or
FINAL output), ζ is a scaling factor, YET,i are MODIS ET data on day i, YET,i−1 are MODIS ET values
on day i − 1, and
(
∆sgn =

0

if sgn(YET,i − YET,i−1 ) == sgn(ŶSMAP,i − YSMAP,i−1 )

1

otherwise

.

(3)

This analysis used ζ = 0.1, which was chosen by tuning the values {0.001,0.01,0.1,1.0}
with the best-performing models (RMSE < 0.04 cm3 cm−3 ) during hyperparameter optimization
(see Section 2.7). The loss function was amended according to the physical relationship between ET
and SM water balance flux components in the absence of rain to penalize L by the scaled RMSE of
differences in ET and SM on subsequent days. It is acknowledged that this physical relationship is
simplified; however, it was included to assess the efficiency of guiding the loss function. Because the
relationship only holds on rain-free days, dry periods and droughts were preferentially “guided” by
the augmented loss function, although feature augmentation in concert with LSTM memory should
provide support for prediction of high SM due to intense precipitation events.
2.6. Experimental Design and Data Partitioning
Two model designs were developed for experimental analyses: (1) SNGLT (Figure 3),
which trained a model on the ELKR site only and evaluated the trained model on test data for a
range of environmental conditions, and (2) MULTT (Figure 4), which was trained on data from all
sites (concatenated along samples axis), then evaluated on the test dataset for each site individually.
Models were trained, validated, and tested on the sites shown in Figure 1, optimizing MSE and PGL
loss functions, and using input feature datasets with and without SAT flagging as listed in Table 4.
For all experiments, the RMSE of SM estimates at the AUX and FINAL outputs were calculated, and
this metric was used to evaluate model performance of LSTM only vs. hybrid network SM prediction.
The experiments were designed to interrogate the model architecture (LSTM only vs. hybrid), the use
of SAT flagging, choice of loss function (MSE vs. PGL), and time period (TIME_E, TIME_P) to answer
the following questions:
1.

2.
3.

Was an LSTM network alone sufficient to estimate spatio-temporal data, or was the
addition of static environmental data used in the hybrid architecture (soil and landscape
characteristics) useful?
What were the effects of second-order features used to flag wetter/drier-than-normal time steps?
How did the two loss functions compare across the TIME_E (2016–2018) and TIME_P
(2017–2019) intervals?
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YELKR,train
YELKR,val

SNGLT
L(YELKR,train , Ŷepoch )
RMSEval,AUX ,
RMSEval,FINAL

Train
XD,ELKR,train
XS,ELKR,train

Train
SNGLT

Ŷepoch

Test
Ytest

For each site:

L(Ytest , Ŷ)
RMSEAUX , RMSEFINAL

XD,test
XS,test

SNGLT

Ŷ

Figure 3. SNGLT model design. Solid arrows indicate the forward flow of information, dashed arrows
indicate information used to make updates to model weights and/or inform early stopping.
Training data were from the ELKR site only. The trained model was then applied to each
site individually.
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MULTT

Ytrain Yval

Train
For all sites:

L(Ytrain , Ŷepoch )
RMSEval,AUX ,
RMSEval,FINAL

XD,train
XS,train

Train
MULTT

Ŷepoch

Test
Ytest

For each site:

L(Ytest , Ŷ)
RMSEAUX , RMSEFINAL

XD,test
XS,test

MULTT

Ŷ

Figure 4. MULTT model design. Solid arrows indicate the forward flow of information, dashed
arrows indicate information used to make updates to model weights and/or inform early stopping.
Training data were from all sites, such that each tensor was a concatenation of training data from each
site along the samples axis. The trained model was then applied to each site individually.
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Table 4. Experimental design. Two model designs were trained and evaluated: (1) SNGLT was trained
on the ELKR site only and tested on ELKR, YAZO, WASH, and ESCL sites individually and (2) MULTT
was trained using data from all four sites at once, then evaluated on each site individually.
Model

Experiment

Training Sites

Loss Function

SAT Flags

SNGLT

SNGLT_MSENF

ELKR

MSE

No

SNGLT

SNGLT_MSEF

ELKR

MSE

Yes

SNGLT

SNGLT_PGLNF

ELKR

PGL

No

SNGLT

SNGLT_PGLF

ELKR

PGL

Yes

MULTT

MULTT_MSENF

ELKR, YAZO, WASH, ESCL

MSE

No

MULTT

MULTT_MSEF

ELKR, YAZO, WASH, ESCL

MSE

Yes

MULTT

MULTT_PGLNF

ELKR, YAZO, WASH, ESCL

PGL

No

MULTT

MULTT_PGLF

ELKR, YAZO, WASH, ESCL

PGL

Yes

Prior to model training, available data were partitioned into training, validation, and test datasets
(Table 5). Training data, typically the majority (≈90%) of available input features and associated
target labels, were used to train the network, i.e., develop the nonlinear transfer function of input
features to output labels. Validation data were used during training to evaluate the performance
of the current model state on data not used during training and validation. Often the number of
optimization iterations (epochs) is determined according to the performance of the model on the
validation dataset, where training is stopped when model performance on the validation set does not
improve (early stopping). The test data were samples not used during training/validation, instead
they were a “blind” dataset used to assess the prediction accuracy of the trained and validated model.
All raw data (SMAP SM, SCAN SM, MODIS ET time series), preprocessed (normalized/one-hot
encoded inputs) and partitioned datasets (XD , XS , YSMAP , YET ) are available as Supplementary
Materials.
Table 5. Number of samples for training (Ntrain ), validation (Nval ), and test (Ntest ) sets for each site.
Site

Ntrain

Nval

Ntest

ELKR

2871

319

10

YAZO

3235

360

10

WASH

4403

490

10

ESCL

4028

447

10

2.7. Hyperparameter Optimization
Hyperparameters were optimized through an exhaustive search of their combinations as listed in
Table 6. The best set of hyperparameters was selected from those in Table 6 that had the lowest RMSE
on the validation set. To reduce computational time, hyperparameter tuning over all configurations
was performed on the training set for model experiments for the SNGLT design for PGL and MSE
loss functions. Configurations that resulted in RMSE < 0.04 cm3 cm−3 at the FINAL output were then
used for training model experiments for the MULTT design. Therefore, the optimal configurations
chosen were the best-performing overall for both model designs.
The Θ that yielded Y ≈ Ŷ was selected according to the optimal configuration of hyperparameters.
Hyperparameters affect the architecture or specifics of network performance, both in terms of
training speed and output performance (i.e., lowest validation loss), but are not inherently “learnable”
.
The number of nodes and layers determine the density and depth of the network, respectively.
Dropout rate, a form of regularization, specifies the random fraction of weights set to zero, which has
the effect of minimizing overfitting by preventing the over-dependence of data flow through a select few
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pathways through the neural network. During training, the dataset is divided into minibatches. For the
hybrid architecture used in this work, minibatches are packets of the same sample indices from the
LSTM and MLP inputs, such that dynamic and static data for the same samples are processed together.
Smaller batch sizes tend to reach the minimized loss function faster because the network weights are
updated more frequently per epoch (one complete exposure of the entire dataset to the neural network
during training), but smaller batch sizes also increase training times because more time is spent passing
smaller data blocks to the processor relative to the time necessary to complete forward and backward
propagation [44]. Optimizers are algorithms that speed up the optimization of L by calculating the
gradients of the loss function with respect to the weights and biases and appropriately setting the
step length to establish the fastest path to the global minimum. Early stopping was implemented,
which stopped training the model if the validation loss did not improve by a minimum value (∆)
within a given number of epochs (patience interval). Choice of loss function (PGL or MSE) was a
hyperparameter to assess the effects of using the PGL.
Table 6. Parameters used during hyperparameter tuning. Optimal hyperparameters are shown in bold.
Hyperparameter

Values Interrogated

SAT antecedent day flag

0.25, 0.5, 0.75 *, **, 1

Number of antecedent time steps

2, 3 *, **, 5

ζ

0.001, 0.01 *, **, 0.1, 1.0

LSTM layers

1 *, **, 2, 3, 4, 5

LSTM nodes

1, 2, 3, 4, 5 *, **, 10, 25, 50, 75

MLP layers

1, 2, 3, 5, 10 *, **, 20, 50, 100

MLP nodes

5, 10, 25, 50, 75, 100 *, **, 150, 200

Dropout rate

0.1, 0.2, 0.3 *, 0.5

MLP activation function

ReLU **, ELU *

LSTM activation function

sigmoid, hyperbolic tangent *, **

Optimizer

Adam, Adamax, Adagrad, Adadelta, Nadam *, **, SGD, RMSprop

Batch size

25, 50, 75 *, 100 **, 250, 500

Min delta

0 **, 0.001, 0.0001 *, 0.00001

Patience

5, 10, 20 *, **, 50, 100, 250, 500

* Optimal parameters using PGL loss function. ** Optimal parameters using MSE loss function during
hyperparameter tuning.

Custom-built software was developed to interrogate hyperparameter space and continually
monitor the search progress. Initial software development allowed models to train without early
stopping to compute the mean number of epochs (training iterations) required for the majority
of model configurations to reach equilibrium, i.e., the rate of change of L had slowed such that
fluctuations in sequential SM estimates from the FINAL output were negligible. More than 90% of
trials indicated that models estimating SM to with RMSE ≤ 0.04 cm3 cm−3 ran for 500 epochs or fewer.
During hyperparameter optimization, each run was set to train for 500 epochs, although most trained
for shorter periods upon implementation of early stopping.
3. Results and Discussion
Spatial generalizability was determined by applying each trained model design (SNGLT and
MULTT) to the test datasets for all sites individually as shown in Figures 3 and 4. Performance metrics
reported in Tables 7 and 8 and time series shown in Figures 5 and 6 show results for the average of
samples in the test set for each site. The model design with the best performance (lowest RMSE, highest
coefficient of determination (R2 )) for all study sites was able to generalize new data. To assess the ability
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of the trained ANN to estimate and forecast SM, each model experiment was tested on data from the
same period as the training data (TIME_E) as well as a future period (TIME_P). Accurate predictions for
test data in TIME_E would indicate the model’s ability to predict SM under meteorological conditions
not explicitly included in the training data, and accurate future projections of SM in TIME_P would
demonstrate the model’s understanding of seasonality and intraseasonal variability. Error for SM
estimates (Ŷ) on the test set were calculated as the mean (µ) RMSE over all test samples as reported in
Tables 7 and 8 for the TIME_E (1 January 2016–31 December 2018) and TIME_P (1 January 2017–31
December 2019) intervals, respectively. Error was calculated at both the auxiliary (AUX; LSTM only)
and FINAL (hybrid LSTM-MLP) outputs to determine if the addition of static data significantly
increased model performance, or if the variability of SM time series could be predicted using only
meteorological data.
3.1. SAT Flag Effect
Overall, there did not appear to be any advantage or disadvantage to using SAT flags. Error at
AUX and FINAL outputs was calculated over all time steps and for SATs only (not shown) to assess
each models ability to replicate not only seasonality (all time steps) but unseasonably wet and dry
days (SATs), which are important in risk analyses. Approximately 87% of the experiments with
the minimum overall RMSE for either SNGLT or MULTT models also had the minimum RMSE for
SATs. This indicated that the best-performing models were able to estimate not only mean trends
and seasonality, but also unseasonably wet and dry days for sites not sampled during training
(Tables 7 and 8). This showed that models that predicted SM with the highest accuracy did so because
they were able to recognize subtle patterns in the time series data, and that our attempt at data
augmentation did little to provide additional context. In hindsight, using both time-series anomalies
and SAT flags as features to the LSTM was redundant because the anomalies already indicated
unseasonably wet or dry days; the LSTM’s ability to learn patterns on long and short timescales
accounted for antecedent conditions. Hence, adding an additional feature that conveyed redundant
information did not provide the model with any additional information.
3.2. SNGLT Model Performance
When assessed on the ELKR site for the interval TIME_E, SNGLT SM time series from the
FINAL output compared well with SMAP SM time series (R2 ≥ 0.96; RMSE ≤ 0.04 cm3 cm−3 )
for all model experiments (Table 7). This result is unsurprising given that ELKR data were
used to train SNGLT, and demonstrated that the hybrid model architecture successfully captured
spatiotemporal variability within the ELKR site. When SNGLT was applied to the ELKR test data, error
was reduced by ≥ 0.02 cm3 cm−3 between AUX and FINAL outputs for all experiments. The most
significant improvement between AUX and FINAL outputs in model performance occurred for the
SNGLT_MSENF experiment (RMSE ≈ 0.2 cm3 cm−3 ). Correlation between ŶELKR,AUX and YSMAP was
high for most experiments (R2 ≥ 0.96), although low correlation was observed for the SNGLT_MSENF
experiment (Table 7, Figure 7). Figure 7 shows that although non-zero SM estimates at the AUX
output for SNGLT_MSENF correlate well with SMAP SM, 57% of timesteps were predicted with a
SM of 0, resulting in overall poor correlation and high error (R2 = 0.021, RMSE = 0.239 cm3 cm−3 ).
The SNGLT_MSENF experiment provided less physical context than the other experiments (no SAT
flags or physics-guided loss). For this experiment, the physical processes governing SM were informed
only by weather time series and anomalies as well as spatial data. Without additional information to
inform the model of known physical laws, the SNGLT_MSENF experiment did not perform within
acceptable error thresholds using meteorological data only. This showed that the additional physical
context provided by spatial data enhanced SM estimation, in particular when little other physical
context was available to the SNGLT model design during training
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Table 7. Performance metrics for SNGLT and MULTT experiments performed on the training time
period (TIME_E; 2016–2018) for all experiments: MSENF (MSE loss function, no SAT flagging),
PGLNF (physics-guided loss, no SAT flagging), MSEF (MSE loss function, SAT flagging), and PGLF
(physics-guided loss, SAT flagging). Performance metrics are shown for both auxiliary and final
outputs, indicating whether the LSTM output (AUX) or hybrid output (FINAL) had better performance
on the test set, i.e., if weather time series were sufficient to accurately predict SMAP SM or if the hybrid
architecture yielded better accuracy. RMSEs and are listed above parenthetical R2 statistics.
Exp

Output

ELKR

YAZO

WASH

ESCL

SNGLT

MULTT

SNGLT

MULTT

SNGLT

MULTT

SNGLT

MULTT

Aux

0.239
(0.021)

0.058
(0.968)

0.228
(0.047)

0.071
(0.950)

0.149
(0.001)

0.053
(0.911)

0.153
(0.003)

0.048
(0.927)

Final

0.035
(0.967)

0.032
(0.978)

87.217
(0.055)

0.054
(0.945)

60.581
(0.000)

0.030
(0.979)

0.237
(0.061)

0.036
(0.969)

Aux

0.043
(0.963)

0.059
(0.967)

0.303
(0.069)

0.049
(0.909)

0.389
(0.079)

0.036
(0.965)

0.419
(0.018)

0.040
(0.915)

Final

0.020
(0.991)

0.032
(0.982)

0.662
(0.004)

0.014
(0.995)

0.597
(0.000)

0.022
(0.981)

1.209
(0.001)

0.013
(0.927)

Aux

0.058
(0.967)

0.058
(0.967)

0.104
(0.563)

0.071
(0.950)

0.136
(0.013)

0.052
(0.923)

0.190
(0.109)

0.047
(0.919)

Final

0.035
(0.990)

0.048
(0.759)

0.102
(0.564)

0.066
(0.844)

0.146
(0.012)

0.043
(0.487)

0.197
(0.115)

0.046
(0.528)

Aux

0.050
(0.976)

0.061
(0.968)

0.144
(0.336)

0.059
(0.929)

0.202
(0.000)

0.041
(0.970)

0.219
(0.057)

0.046
(0.937)

Final

0.031
(0.989)

0.075
(0.837)

0.107
(0.482)

0.062
(0.858)

0.144
(0.013)

0.070
(0.757)

0.197
(0.122)

0.055
(0.401)

MSENF

MSEF

PGLNF

PGLF

When applied to the YAZO, WASH, and ESCL study sites, SNGLT model accuracy was poor,
even for the neighboring YAZO watershed (Table 7). This suggested that the SNGLT training
dataset did not “capture” the variability of environmental conditions in test data and was unable
to estimate physically plausible SM time series outside of the training dataset within 0.04 cm3 cm−3 .
Notably, RMSE between SMAP SM and SNGLT SM estimates increased between AUX and FINAL
outputs for the SNGLT_MSENF experiment (0.08 − 0.87 cm3 cm−3 ). As previously mentioned,
this experiment provided the least amount of physical context. The significant loss in accuracy
between AUX and FINAL outputs for all experiments indicated that for study sites not included in
the training dataset, the inclusion of static data harmed the generalizability of the SNGLT model.
These results showed that critical learning of physical processes governing SM was performed by
the SNGLT LSTM, which was able to generalize trends, if not absolute magnitude, in SM time series
using meteorological features only. Additionally, our results show that the addition of static data
not included in the training dataset did not enhance model performance without additional physical
context provided during optimization.
Correlation at either AUX or FINAL outputs for SNGLT experiments was poor when applied to
other study sites (R2 ≤ 0.1) with the exception of PGLNF and PGLF experiments on the YAZO test
data (0.48 ≤ R2 ≤ 0.56). Although error was high for the SNGLT model applied to YAZO test data
(RMSE ≥ 0.1 cm3 cm−3 ), correlation statistics for experiments optimizing the PGL function suggested
that trend agreement was better for study sites with similar environmental characteristics (ELKR and
YAZO) if the experimental configuration was informed of physical information at the loss function.
This was likely due to a similarity in time series from ELKR and YAZO test data as opposed to true
“learning” of SM variability and the ability to generalize.
The overall loss in performance when applying SNGLT to study sites not included in the training
dataset was likely due to the small number of training samples used (Table 5) over a discrete set of
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environmental conditions. As previously mentioned, an ANN requires a large volume of demonstrated
cause and effect relationships to generalize to new data. Additionally, features specific to anthropogenic
influence (other than “urban” and “developed” land use designations) were not parameterized in
SWAT+ hydrologic inputs, and it makes sense that the environmental characteristics of the YAZO
watershed could not be approximated by a model (SNGLT) trained on the nearby ELKR site.
As shown in Figure 7 and Table 7, comparisons of ŶELKR,FI N AL vs. YSMAP had higher correlation
(red; R2 ≥ 0.97) than ŶELKR,AUX vs. YSMAP (blue; R2 ≤ 0.98), during the TIME_E period, although
overall correlation was high at both output. Correlations for the TIME_P period were low (R2 < 0.2)
with a notable decrease in accuracy between the AUX and FINAL outputs particularly for MSENF and
MSEF experiments. Figure 5 shows time series for the SNGLT_PGLNF experiment for the TIME_E
(top) and TIME_P (bottom) periods applied to ELKR test data. The FINAL output time series for
the TIME_P period (Figure 7 bottom) replicates the trends of the time series for the TIME_E period,
indicating overfitting. In particular, the SNGLT model erroneously “predicted” a drought in the
late summer/early fall of 2017 that was learned from the 2016 drought [21], apparent in time series
for the PGLNF and PGLF (not shown) experiments (Figure 5). Additionally, Figure 7 and Table 8,
suggest a decrease in performance was observed between AUX and FINAL outputs for SNGLT model
experiments using the MSE loss function during the TIME_P period (Figure 7 and Table 8). These results
showed that without the PGL term, the static data did not improve forecasting of SM trends. These
results showed that critical learning of SM variability was performed by the LSTM in the hybrid model
designs.
Table 8. Performance metrics for SNGLT and MULTT experiments performed on the prediction
time period (TIME_P; 2017–2019) for all experiments: MSENF (MSE loss function, no SAT flagging),
PGLNF (physics-guided loss, no SAT flagging), MSEF (MSE loss function, SAT flagging), and PGLF
(physics-guided loss, SAT flagging). Performance metrics are shown for both auxiliary and final
outputs, indicating whether the LSTM output (AUX) or hybrid output (FINAL) had better performance
on the test set, i.e., if weather timeseries were sufficient to accurately predict SMAP SM or if the hybrid
architecture yielded better accuracy. RMSEs and are listed above parenthetical R2 statistics.
Exp

Output

ELKR

YAZO

WASH

ESCL

SNGLT

MULTT

SNGLT

MULTT

SNGLT

MULTT

SNGLT

MULTT

Aux

0.208
(0.023)

0.154
(0.130)

0.272
(0.061)

0.154
(0.227)

0.120
(0.039)

0.172
(0.029)

0.101
(0.027)

0.245
(0.121)

Final

84.92
(0.000)

0.131
(0.147)

87.20
(0.018)

0.157
(0.233)

83.81
(0.007)

0.177
(0.030)

80.25
(0.004)

0.242
(0.113)

Aux

0.258
(0.017)

0.300
(0.070)

0.259
(0.109)

0.217
(0.170)

0.200
(0.065)

0.182
(0.017)

0.213
(0.119)

0.079
(0.175)

Final

0.303
(0.009)

384.47
(0.005)

0.216
(0.080)

432.658
(0.188)

0.247
(0.001)

342.28
(0.028)

0.383
(0.010)

0.086
(0.203)

Aux

0.123
(0.153)

0.198
(0.151)

0.169
(0.287)

0.300
(0.236)

0.135
(0.059)

0.140
(0.035)

0.196
(0.199)

0.080
(0.072)

Final

0.121
(0.144)

0.189
(0.143)

0.168
(0.279)

0.293
(0.248)

0.145
(0.057)

0.137
(0.050)

0.202
(0.200)

0.080
(0.173)

Aux

0.171
(0.076)

0.213
(0.078)

0.175
(0.135)

0.191
(0.029)

0.134
(0.084)

0.210
(0.005)

0.174
(0.192)

0.238
(0.133)

Final

0.169
(0.079)

0.172
(0.082)

0.144
(0.158)

0.103
(0.016)

0.154
(0.073)

0.154
(0.025)

0.221
(0.190)

0.177
(0.094)

MSENF

MSEF

PGLNF

PGLF
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Figure 5. SNGLT_PGLNF model results for the ELKR site during the TIME_E (top) and TIME_P
(bottom) periods. Results shown are for the SNGLT model evaluated on the ELKR test set. The gray
box shows a severe drought observed in the late summer and fall of 2016 that was falsely predicted
during the TIME_P period, indicating overfitting to the training data.

For SNGLT experiments, accurate results with respect to absolute magnitude were made only at
the ELKR site, but that there was an overfitting to the seasonal variability in SM time series for test
data not encapsulated the spatial or temporal training inputs. Seasonality was well-represented by the
LSTM as shown by consistent RMSEs from the AUX output for all experiments, and performance of the
hybrid model was enhanced when additional physical information was provided during optimization.
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Figure 6. Results for MULTT experiments trained and tested on all four watersheds during the TIME_E
period (1 January 2016–31 December 2018). The rows show results for each study site (from top): ELKR,
YAZO, WASH, ESCL. The columns are (from left): MULTT_MSENF, MULTT_MSEF, MULTT_PGLNF,
MULTT_PGLF. Results for ŶAUX vs. YSMAP are shown in blue, and ŶFINAL vs. YSMAP are shown in
red. The output with the highest accuracy is shown as the top layer in each subplot, highlighting the
effectiveness of each loss function.
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Figure 7. ELKR model results from the AUX (blue) and FINAL (red) outputs plotted vs. SMAP SM
labels. Results are shown for the trained SNGLT model applied to ELKR test sets for the TIME_E
(top; 1 January 2016–31 December 2018) and TIME_E (bottom; 1 January 2017–31 December 2019)
time periods. Results are shown for all experiments (from left) SNGLT_MSENF, SNGLT_MSEF,
SNGLT_PGLNF, and SNGLT_PGLF. The output with the highest accuracy is shown as the top layer in
each subplot, highlighting the effectiveness of each loss function.

3.3. MULTT Model Performance
The MULTT model design estimated SM at the FINAL output for all study sites with
RMSE < 0.04 cm3 cm−3 during the TIME_E interval for at least one experiment per study site (Table 7).
As listed in Table 5, the training datasets for the WASH and ESCL sites were considerably larger
than ELKR and YAZO, having approximately 1000 more samples each. The uneven number of
samples per site did not degrade model performance for any site in particular, as the best-performing
MULTT experiments had RMSEs at the FINAL output ranging from 0.013 − 0.032 cm3 cm−3 for all
sites. This indicated that the MULTT model design learned to generalize SM time series for all study
sites using input data with more heterogeneous environmental conditions.
For test datasets in the TIME_E period, 21 of 28 (75%) of the minimum RMSEs were reported for
MULTT experiments using the MSE loss function while R2 for the cross-plots of Ŷ vs. YSMAP , or R2 ,
were >0.9 (Table 7). This finding was contrary to the results from SNGLT, which required additional
guidance from the PGL function during optimization to compensate for variability not accounted for in
the training dataset. As previously noted, this suggested that robust knowledge of SM variability was
largely provided by the diversity of samples in the training dataset, which included a sufficient number
of cause and effect examples for the MULTT model to reliably generate SMAP-like SM time series.
In fact, MULTT SM estimates at either the AUX or FINAL outputs were not within acceptable error
thresholds for experiments using the PGL function (MULTT_PGLNF, MULTT_PGLF), and error
increased between AUX and FINAL outputs for the MULTT_PGLF experiment. This suggested that
for large training datasets, the physical context provided by the PGL function was less accurate than
the processes learned from the training data.
Figure 6 shows that although R2 were high for both AUX and FINAL outputs for the majority of
PGL-function experiments (R2 > 0.7), bias increased between AUX and FINAL outputs. Notable biases
were observed for the MULTT_PGLF model applied to the WASH and ESCL test datasets, where SM
estimates for the FINAL output were drier or wetter than their SMAP-observed equivalents by SMAP
by 0.05–0.1 cm3 cm−3 , respectively. On average, RMSE decreased by ≈0.02 cm3 cm−3 between AUX
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and FINAL outputs for the MULTT model design when assessed on data in the temporal window
of the training data (TIME_E period). These results indicated that the inclusion of static (site) data
enhanced the precision of SM seasonality learned by the LSTM, while the physical context provided
by the PGL function was less robust than physical information in the static data. The gain in precision
between AUX and FINAL outputs when using the MSE loss function could be useful in applications
where the magnitude of SM is important, such as risk analyses. In addition, using a larger volume of
static data accounting for more heterogeneous site conditions could be useful if there were significant
changes in spatial characteristics locally, such and land use, that could significantly alter water balance
for notionally equivalent meteorological conditions. Because it is computationally expensive to train
an ANN yet relatively cheap to apply one, the heterogeneity of environmental conditions represented
in inputs could afford a trained model a longer “lifetime” before retraining would be required due to
significantly altered spatial characteristics of a subset of the study area. Our results suggested that for
such applications, this hybrid architecture could be trained over a longer time period using forecasted
weather data to make accurate predictions under new environmental conditions. New environmental
conditions could be, for example, data from a different watershed or real/hypothetical changes in
static input parameters for sensitivity studies.
The majority of minimum RMSEs for the TIME_P period were reported for experiments using the
PGL function, and overall, seasonal trends were learned (Table 8). None of the experiments performed
on the TIME_P period had RSME within error thresholds and overall correlation was low at either
output (R2 ≤ 0.203). The minimum FINAL output RMSE for any model performed on the TIME_P
period was 0.101 cm3 cm−3 , which, depending on the environmental conditions, could be equivalent
to a discrepancy between mean seasonal conditions and a drought or flood. This revealed that addition
of static features did not reliably improve SM prediction precision unless the loss function at the
FINAL output provided physical context as shown in Equation (2). For testing on the TIME_P period,
experiments using the MSE loss function estimated and predicted SMs that were sometimes as much
as 1000 times greater than SM predictions at the AUX output. As previously noted, this indicated
that when making future predictions, the physical information encapsulated in static data was less
influential on SM than the physical context provided by the PGL function. Our results suggested that
the most useful application of the hybrid architecture (trained with the PGL function) for forecasts
would be applications wherein seasonal trends are of interest.
3.4. Explainability
In this work, a hybrid ANN architecture predicted SMAP-like SM time series using meteorologic
and hydrologic input data (features). In addition to assessing the ability of each model design to
predict SM over a range of environmental characteristics, we also sought to address explainability
(i.e., reasons why interactions between the data and model design resulted in a particular outcome).
Overall, we found that physical processes governing SM variability were learned most robustly
when the larger training dataset of meteorologic time series was used. In summary, LSTM output
was largely consistent across model (SNGLT vs. MULTT) and experimental design configurations
(with and without PGL), demonstrating that regardless of spatial variability, generalizability of the
physical problem was achievable using only time series input data. Importantly, this revealed that
SM variability, including daily SM and antecedent conditions, was learned independently of soil
characteristics such as porosity, runoff potential, and hydraulic conductivity. These parameters are
domain- and grid-specific in physics-based software like SWAT+, and often lead to calculations of SM
that are model-specific indices of near-surface conditions at any given time step [12]. It is important to
note that our data-driven design learned SM processes in a context that was reflective of “true” physics.
Daily SM predictions were often improved upon supplying the hybrid ANN with the static
spatial data, as reflected in the decreased error from AUX to FINAL outputs. The exception to this
finding occurred when using the PGL function during optimization with the MULTT model design,
indicating that the SM estimates learned from the data were more robust than those informed
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in conjunction with the PGL function. For the SNGLT model, application of the PGL function
decreased error at the FINAL output, especially at the ELKR site, likely because the small training
dataset did not include the variability necessary for the ANN to infer a site’s physical processes.
This result highlights a common weakness in physics-based modeling, where process specification
and domain discretization are inescapably unable to capture the true complexity of the physical
system. Physics-based model parameters are also simplified for the sake of computational tractability
(e.g., zones of piecewise constancy). Using a data-driven framework, we predicted SM that was
physically plausible and computationally inexpensive without numerically specifying physical
processes.
4. Conclusions
This work has demonstrated that accurate SM predictions can be made using the same data
input to SWAT+ (weather time series and hydrologic data), despite the fact that these data would not
lead to accurate predictions from this physically based model because calibration of SWAT+ for SM
was unsuccessful. This indicated that the neural network approach was better able to reproduce the
complexity and variability of this dynamic system than even a computationally expensive physically
based model.
Our results showed that critical knowledge of physical processes governing SM variability was
learned by the LSTM network from meteorological time series and anomalies regardless of spatial
characteristics. Model outputs from the hybrid network, which included both dynamic and static
data types, were more sensitive to the variability and volume of input data. The model trained on a
single watershed, SNGLT, was not able to generalize to new data within acceptable error thresholds,
although errors associated with output from the LSTM were consistent for all study sites. For small
volumes of data (<10,000 samples), we found that the additional physical context provided by the PGL
function enhanced model performance for the FINAL output of the hybrid model. Future prediction
of SM using the trained SNGLT model indicated overfitting to trends in the training data, most notably
a drought in the late summer and fall of 2016. The MULTT model design predicted accurate SM for all
watersheds when using the MSE loss function. Because the MULTT model was trained using data from
all watersheds considered in the study, not only was the training dataset larger, it also comprised a
wider variety of environmental conditions. For large volumes of data, the physical domain knowledge
encapsulated in the PGL function provided weaker physical constraints than patterns learned from
the dataset itself; however; for future predictions, the physical context provided by the PGL function
was essential. Static data are most useful for applications in which the precision of SM predictions
on a daily time step is important, such as risk analyses. We recommend that for such an application,
the training dataset use weather-forecast time series so that the model can make informed forecasts
with maximized accuracy.
Although SMAP provides daily predictions, it is advantageous to have near-real-time predictions
within the 24-h latency of the SMAP SM retrieval algorithm. Risk assessments for droughts/floods,
crop viability, and soil health depend on accurate SM quantification. Additionally, SMAP is a highly
sophisticated machine, and like all such devices, will eventually fail or go offline. In the event of
device failure, accurate, if provisional, SM predictions will be needed quickly and easily.
This work demonstrated the strengths and weaknesses of providing physical context during
ML model training and explained under what circumstances the models performed best and why.
Our approach incorporated understanding of the physical processes governing SM, most notably
that SM is sensitive to current and antecedent meteorological conditions. Unlike SWAT+, the ANNs
developed in this work predicted SM that was not dependent upon model-specific static quantities
such as porosity and hydraulic conductivity. In some cases, the ANN SM predictions were enhanced
using static data, although our results showed that the majority of physical learning was acquired from
meteorological data (i.e., primary drivers for near-surface hydrologic processes). We are confident that
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SM predicted using this hybrid model framework would be suitable for input to other models as a
replacement for model-specific SM indices, although more work is required to verify this.
Supplementary Materials: All data and computer code are available online at: https://storage.googleapis.
com/breen_make_supplementary/Breen_supplementary.7z. The volume of data is quite large. If interested in
downloading Python scripts only, the file Breen_supplementary_scripts.7z may be downloaded directly from the
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