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Abstract Accurate prediction of surface soil moisture (SSM) is vital for understanding the complex
interactions between terrestrial and atmospheric processes with significant implications for weather forecasting,
agriculture, and water management. In this study, we introduce an innovative physics-guided deep learning
(PGDL) model by integrating the process-based insights of the terrestrial ecosystem model (TEM) with the
dynamic predictive capabilities of long short-term memory (LSTM) networks to improve SSM prediction. The
PGDL model leverages the complementary strengths of the deterministic framework of TEM and the data-
driven prowess of LSTM, providing predictions that are deeply rooted in physical processes while capturing
complex patterns in data. We evaluated the PGDL model against traditional process-based (PB) models and
pure deep learning (DL) approaches in both single-site and multisite simulations. For single-site simulations, we
performed time-based partitioning on 7 sites with different vegetation types, whereas for multisite simulation,
data from 13 sites within the same vegetation type were used for model training and evaluation. In single-site
simulations, PGDL achieved significantly lower RMSE (0.04) and higher R? (0.66) compared to PB (RMSE:
0.13, R*: —2.32) and DL (RMSE: 0.06, R: 0.36). In multisite simulations, PGDL (RMSE: 0.06, R*: 0.63) also
outperformed PB (RMSE: 0.09, R%: 0.28) and DL (RMSE: 0.08, R?: 0.38). Our results show that the PGDL
modeling framework improves the predictive accuracy of DL models and the physical interpretability of PB
models, which can serve as a robust tool to predict SSM dynamics.

Plain Language Summary In our study, we developed a new model to predict how wet the soil is at
the surface, which is important for understanding how land interacts with the atmosphere. This information is
crucial for better weather forecasting, farming, and managing water resources. Our new method combines
traditional process-based models with advanced deep-learning techniques. By blending these approaches, our
model not only relies on established physical principles but also learns from patterns in data that process-based
methods might miss. We evaluated our approach through single-site and multisite simulations. For single-site
simulations, we independently analyzed data from 7 sites each with a different vegetation type. For multisite
simulation, we used data from 13 sites within the same vegetation type. Compared to traditional process-based
and pure deep-learning models, our new model achieves higher accuracy and more physically consistent
predictions. The success of our model highlights the advantage of combining the interpretability of traditional
scientific methods with the flexibility of big data analytics. This could lead to better ways of predicting soil
moisture, which is becoming increasingly important as the climate changes.

1. Introduction

Understanding and predicting surface soil moisture (SSM) is important in the field of Earth sciences due to its
critical role in hydrological, ecological, and atmospheric dynamics. SSM acts as a pivotal link between the
terrestrial water cycle and atmospheric conditions influencing weather patterns, climate regulation, and water
availability for ecosystems and agriculture (Koster et al., 2004; Rodriguez-Iturbe, 2000; Seneviratne et al., 2010).
Accurate measurements and predictions of SSM can significantly improve weather forecasting accuracy, agri-
cultural productivity, and water resource management (Abowarda et al., 2021; Chatterjee et al., 2022). SSM
affects evapotranspiration, soil respiration, and plant transpiration processes as well as the exchange of water and
heat energy between the land surface and the atmosphere (Porporato et al., 2002; Zhou et al., 2021). SSM is also
important to understanding the carbon cycle and its feedback on the Earth climate system (Green et al., 2019;
Humphrey et al., 2021).
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Despite its critical role, achieving accurate predictions of SSM is fraught with challenges stemming from the
intricate interactions among soil characteristics, vegetation cover, and atmospheric conditions. The advancement
in soil moisture prediction necessitates both empirical progress and theoretical refinement. Recent efforts have
leveraged data-driven machine learning/deep learning (ML/DL) techniques (e.g., Adab et al., 2020; Cai
et al., 2019; Celik et al., 2022) and traditional theory-driven process-based (PB) methods (e.g., Fan & Van Den
Dool, 2004; Mo et al., 2012; Xia et al., 2014) to improve soil moisture predictions. Although both purely data-
driven and theory-based approaches have their respective strengths, they each also possess limitations that may
compromise their effectiveness in making SSM predictions.

The core strength of ML/DL lies in processing large amounts of data and deciphering the complex nonlinear
patterns and interactions, thereby revealing insights into complex SSM dynamics influenced by multiple factors
(Reichstein et al., 2019). However, the opacity of ML/DL models, which complicates the interpretability and
understanding of their predictive causal mechanisms, significantly hinders their applications that require a deep
understanding of process dynamics (Karpatne et al., 2017; Rasheed et al., 2022). ML/DL models often suffer from
overfitting to training data due to their sensitivity to data quality and quantity, exacerbating poor generalization
performance under unobserved conditions, and requiring large and carefully curated data sets to perform efficient
training on data sets that are not always available (Hawkins, 2004). Furthermore, the success of ML/DL models in
capturing complex nonlinear relationships does not necessarily imply the ability to predict future conditions under
climate change where the underlying dynamics may be beyond the range of historical changes captured in the
training data (Reichstein et al., 2019). The lack of transparency and difficulty in establishing causal relationships
limits the applicability of ML/DL methods to fields where process understanding is crucial, a domain where PB
models demonstrate superior performance (Clark et al., 2017).

In contrast, PB models elucidate the underlying mechanisms affecting SSM and its interaction with the climate
system by explicitly representing physical processes (Wood et al., 2011). This inherent transparency and ability to
incorporate theoretical understandings of the hydrological cycle allow the PB model to gain insight into the
processes driving SSM dynamics. However, the reliability of PB models is often compromised by their
parameter-related uncertainties, oversimplification of complex processes, and the need for extensive calibration
against empirical data (Arhonditsis & Brett, 2004; Clark et al., 2016; Montanari, 2007). These issues may reduce
their predictive accuracy and limit their transferability in different environments. In particular, the calibration
process is often hampered by the scarcity of observational data and the subjectivity of adjusting model parameters
to fit the observed data, causing performance to degrade under untested conditions (Gupta et al., 2008). Addi-
tionally, integrating new data and features into PB models encounters significant lag. This gap slows down the
improvement of PB models reducing their usefulness and rapid response to complex environmental problems
(Read et al., 2019). These key limitations of PB models are exactly the areas where ML/DL methods show
advantages.

Therefore, the weaknesses of ML/DL models in terms of transparency and interpretability align with the strengths
of PB models, which offer clear insights into hydrological processes and the theoretical basis behind predictions.
Conversely, the challenges faced by PB models in parameter uncertainty and the need for extensive calibration
contrast with the strengths of ML/DL approaches, which can efficiently process and learn from large data sets
without explicit programming to capture the underlying process dynamics. This highlights a complementary
relationship, suggesting that integrating ML/DL and PB approaches could harness the data processing and pattern
recognition capabilities of the former with the process understanding and theoretical grounding of the latter,
potentially overcoming the limitations of both to achieve more accurate, interpretable, and robust SSM pre-
dictions. Physics-guided machine learning (PGML) combines theory-driven PB models with data-driven ML
models to leverage their complementary strengths. PGML is based on a new modeling paradigm—*“Theory-
Guided Data Science” (Karpatne et al., 2017)—to consider a hybrid modeling approach to remain true to accepted
theory while also learning complex relationships from abundant data, thus integrating the strengths of both
empirical and theoretical knowledge. PGML has been widely used and developed rapidly in many research fields
(Willard et al., 2022). In terms of hydrology, the application of PGML has significantly enhanced the accuracy
and interpretability of hydrological model predictions by integrating physical principles for deeper insights into
water cycle dynamics, thus greatly improving water resources management under unpredictable climate change
(Wang et al., 2020; Xie et al., 2021). Climate science has also made substantial progress through the application of
PGDL, which combines atmospheric physics with deep learning to improve the prediction of extreme weather
events and long-term climate change (Kashinath et al., 2021; Zanetta et al., 2023). In addition, PGML has
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improved estimations of paddy field water temperature and agricultural nitrous oxide emissions providing
interpretable forecasts for intricate agricultural dynamics (Liu et al., 2022; Xie et al., 2022).

There have also been many recent studies devoted to improving soil moisture prediction using PGDL methods.
Breen et al. (2020) developed a hybrid artificial neural network that integrated dynamic weather and static spatial
data, demonstrated comparable accuracy to satellite observations, and highlighted the value of meteorological
time series in capturing the physical processes behind soil moisture changes. Geng et al. (2024) introduced a novel
loss function based on physical mechanisms significantly improving soil moisture prediction performance
through a physically guided long short-term memory (LSTM) network compared with traditional models. Both
studies are mainly based on physics-guided loss function as the PGDL method. Although this approach shows
promise in improving soil moisture prediction, its effectiveness is not universal. A major limitation is that this
method oversimplifies complex hydrological interactions, resulting in an inability to account for nonlinear re-
lationships between environmental variables and soil moisture, thus making generalization across different soil
types and climate conditions difficult. Han et al. (2023) used physics-informed machine learning to generate a
high-resolution SSM data set using remote sensing and meteorological data guided by knowledge of physical
processes that affect soil moisture dynamics, but it was not based on complete physical processes and lacked
sufficient physical interpretability. Li et al. (2024) developed a hybrid model based on an attention mechanism to
effectively integrate the output of the PB model into the DL model and then improved soil moisture prediction
using an ensemble model that combined the advantages of different hybrid models, but it failed to clearly combine
external climate inputs and internal historical soil moisture data to build the model.

In this study, we developed a PGDL model for SSM predictions by combining a PB model, the terrestrial
ecosystem model (TEM, Zhuang et al., 2004), and a DL model based on long short-term memory (LSTM,
Hochreiter & Schmidhuber, 1997). By integrating these two models, this approach leverages the physical un-
derstanding of SSM processes from TEM and the ability of LSTM to learn complex patterns from data. Unlike
existing studies, our PGDL model combines the explicit physical processes of the water balance equation from the
PB model with the implicit relationships between soil moisture and its historical states. By constructing distinct
neural network branches, our model directly incorporates both historical data and current relevant physical in-
formation into the SSM prediction. Compared with other existing methods, our PGDL model enhances the ability
to handle complex hydrological interactions and nonlinear relationships, effectively integrates multiple data
sources, and provides physical interpretability with better prediction performance.

In this study, we focus on site-level simulations and conduct two sets of experiments: single-site and multisite
simulations. For the single-site simulations, we select seven sites that represent seven major vegetation types to
ensure a broad representation of SSM dynamics. We partition the time series of each site to assess the ability of the
PB, DL, and PGDL models to make predictions using data from the same site. For the multisite simulations, we
select 13 sites with the same vegetation type to evaluate the model performance across different sites. We expect
that the PGDL model will provide a more accurate, reliable, and physically consistent method for SSM prediction.
By bridging the gap between DL models and PB understanding, our framework sets the stage for future ex-
plorations into the vast potential of hybrid modeling approaches in environmental science and beyond.

In this paper, Section 2 first describes the process of data collection and then presents the PB and DL models used
for PGDL development and transitions to elaborating on the innovative creation of the PGDL model, concluding
with the establishment of an experimental setup designed to evaluate this model. Section 3 presents our findings
by contrasting model performances through time series analyses and scatter plot evaluations to discern the ef-
ficacy of each modeling approach. Finally, in Section 4, we provide a critical discussion comparing DL and
PGDL models in the context of physical law compliance, the impact of limited training data on model perfor-
mance, and strategies to enhance model interpretability and accuracy through feature importance analysis.

2. Methods
2.1. Data Collection
2.1.1. Observation of Surface Soil Moisture

In this study, we use in situ measured SSM from the International Soil Moisture Network (ISMN; Dorigo
et al., 2011, 2013) as the label to train DL and PGDL models. The ISMN provides high-quality, in situ SSM
measurements. Established as a centralized global database, ISMN integrates diverse soil moisture observations

XI ET AL.

3 of 20

85UB0|7 SUOWIWOD 311D 8|qedl|dde auy Aq peusenob afe saoe YO 8N JO Sajni 10 Ar1q1T8UIIUO A1 UO (SUOTIPUCO-PUR-SWRIAWI0D A3 | 1M AReIq 1 Ul |UO//Sd1L) SUORIPUOD pue SWB 1 81 885 *[5Z0z/£0/T0] uo AriqiTauliuo A8|iM ‘ enehee 9/ ‘AIsieAIUN anpind - Buenyz k|ueid Aq Z89000HCSZ0Z/620T 0T/10p/wod A8 |1mAreiqijputjuo'sqndnbBe//:sdny wouy pepeojumoq ‘€ ‘G202 ‘0TZSE662



~1
A""l JGR: Machine Learning and Computation 10.1029/2025JH000682
AND SPACE SCIENCES
Table 1
Information on the Selected Sites From ISMN in This Study
Simulation Site Vegetation type Name Network Location
Single-site 1 Alpine tundra and polar desert Fremontpass SNOTEL 106.20°W, 39.38°N
2 Boreal forest MountainHome SCAN 110.40°W, 40.37°N
3 Temperate coniferous forests Raggedmountain SNOTEL 117.04°W, 47.86°N
4 Temperate deciduous forests McalisterFarm SCAN 86.58°W, 35.07°N
5 Grasslands Phillipsburg SCAN 99.33°W, 39.78°N
6 Xeric shrublands BlueCreek SCAN 112.43°W, 41.93°N
7 Xeric woodlands Louismeadow SNOTEL 111.76°W, 40.83°N
Multi-site 1 Grasslands AdamsRanch#1 SCAN 105.42°W, 34.25°N
2 ErosDataCenter SCAN 96.62°W, 43.73°N
3 FortReno#1 SCAN 98.02°W, 35.55°N
4 Jordan SCAN 107.13°W, 47.52°N
5 LosLunasPmc SCAN 106.77°W, 34.77°N
6 Mandan#1 SCAN 100.92°W, 46.77°N
7 Phillipsburg SCAN 99.33°W, 39.78°N
8 UwPlatteville SCAN 90.39°W, 42.71°N
9 FryCanyon SNOTEL 115.93°W, 41.58°N
10 LAPRELECREEK SNOTEL 105.86°W, 42.44°N
11 MedBow SNOTEL 106.35°W, 41.38°N
12 NAVAJOWHISKEYCK SNOTEL 108.95°W, 36.18°N
13 SOURDOUGHGULCH SNOTEL 117.39°W, 46.24°N
from multiple networks and platforms ensuring a comprehensive and heterogeneous data set. This network en-
compasses data from various sensors and retrieval methods offering a robust representation of soil moisture
dynamics across different geographical and climatic conditions.
All sites in this study were located in nonwetland soils within the continental United States (CONUS). For the
single-site simulations, we selected seven sites, each representing a common vegetation type, to compare model
performance across different vegetation conditions. For the multisite simulation, we selected one vegetation type,
grassland, and selected 13 sites within this category. Grassland was chosen for two main reasons: first, it had
enough available ISMN sites ensuring an adequate amount of training data; second, grassland exhibits a more
typical SSM variation pattern. Soil moisture in this ecosystem is primarily regulated by precipitation and
evapotranspiration resulting in relatively intuitive moisture fluctuations that mainly depend on shallow soil layers.
The information on all selected sites from ISMN in this study is shown in Table 1.
The observed SSM from ISMN for each site is collected as a daily time series spanning from 1 January 2016 to 31
December 2021 yielding a total of 2,192 data points. The original ISMN SSM data were recorded in an hourly
time step. We first averaged these hourly data to obtain daily time series for each site. The selection of these sites
ensured that the resulting daily time series was high-quality, complete, and free of missing values.
2.1.2. Input Data
We prepared input data for each site, including spatially explicit information on soils, climate, and leaf area index
(LAI). For the single-site experiment, only dynamic inputs were used for the DL and PGDL models, whereas for
the multisite experiment, both static and dynamic inputs were incorporated to account for spatial variability. To
ensure consistency and comparability across model simulations, we used the same inputs for all models.
For the climate data, we used the 20CRv3-ERAS5 data set (ERAS is the fifth-generation reanalysis of ECMWF
(European Centre for Medium-Range Weather Forecasts)), a global climate data set with a resolution of
0.5° x 0.5° at daily time step from the Inter-Sectoral Impact Model Intercomparison Project (Lange
et al., 2022). The climate data include precipitation (Pr, units: mm), surface downwelling shortwave radiation
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(SWD, units: W/m?), near-surface air temperature (7, units: °C), and near-surface relative humidity (units: %)
where air temperature and relative humidity were used to calculate the vapor pressure (Vp, units: hPa) as
another input. LAI data are obtained from ERAS (specifically, ERAS hourly data on single levels from 1940 to
present, Hersbach et al., 2023) at a resolution of 0.25° X 0.25° at the hourly time step. We then converted the
same hourly LAI into monthly time step as input for the PB model and into daily time step as input for the DL
and PGDL models. For static input, we used elevation and soil texture, including soil sand, silt, and clay
content (Zhuang et al., 2011). These variables vary spatially but remain fixed for each site, providing additional
context information to support multisite simulations.

2.2. Model Description
2.2.1. Process-Based (PB) Model

TEM is a land ecosystem modeling framework that quantifies water, carbon, and nitrogen exchanges between the
atmosphere and terrestrial ecosystems (Zhuang et al., 2004). In this study, we use its coupled water balance model
(WBM; Zhuang et al., 2002), which can provide soil moisture simulation globally on a long-time scale. The
WBM is divided into two parts for simulating soil moisture: one for general non-wetland soils and one for wetland
soils. The focus of this study is on predicting soil moisture for general non-wetland soils. Accordingly, all ref-
erences to soil moisture in this study pertain to non-wetland soils. In the non-wetland soils part of WBM, the soil
profile is represented by six layers with different hydrologic characteristics. In this study, we predict the soil
moisture time series in the first soil layer, which represents SSM in the model.

As the main water reservoir in the ecosystem, soils can be regarded as a “bucket.” Precipitation fills the bucket,
and this water is lost through evapotranspiration and runoff (Waring & Running, 2010). Therefore, changes to the
water content of the soil profile (W) are determined using a water balance approach in TEM as (Zhuang
et al., 2004)

oW,
Tts=1F—EV—Es—DR )

where  means time, I is infiltration, Ey, is evapotranspiration from the vegetation canopy, Eg is evaporation from
the soil surface, and Dy is drainage from the first soil layer. SSM dynamics are influenced by the factors in
Equation 1 and are assumed to vary according to the Richards equation with the SSM obtained simultaneously by
numerically solving both equations using a tridiagonal system of equations (Zhuang et al., 2004).

2.2.2. Deep Learning (DL) Model

In this study, we use long short-term memory (LSTM; Hochreiter & Schmidhuber, 1997) as the DL model. LSTM
models are a specific type of recurrent neural network (RNN) that can keep track of long-term information.
Compared to standard RNNs, LSTM embeds “memory” into its architecture, which allows it to handle the types
of long-term dependencies that are usually difficult for standard RNNs. The cell states of LSTM have gates that
determine whether information can be passed from one of its multiple layers into the next cell state. In the PGDL
model, we directly adopted the original LSTM network structure without making any specific modifications to the
gate structure. Therefore, the function of the LSTM gate structure in the PGDL model is consistent with the
original LSTM gate structure. Specifically, the LSTM unit has three typical gates: the input gate, the forget gate,
and the output gate. The input gate controls how much of the new input information is added to the cell state. The
forget gate decides how much of the previous cell state information is retained. The output gate determines how
much of the cell state influences the output. These gates work together to allow the LSTM unit to effectively
manage information and process time series data to make predictions.

This research fully benefits from the advantages of LSTM networks. First, they are architected essentially to
recognize, remember, and predict based on long-term patterns in data series, which is critical for processing the
large amounts of historical soil moisture data on which our study relies. Second, LSTM can distinguish between
relevant and irrelevant past information and can predict the changing trend of soil moisture over time in a more
detailed and accurate manner. By integrating LSTM into our hybrid model framework, we exploit its superior
temporal data processing capabilities to capture the essence of complex temporal dynamics in soil moisture.
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2.2.3. PGDL Model Development

We already know that SSM is calculated from I, Ey, Eg, and Dy according to the water balance equation (refer to
Equation 1). In addition, previous research has shown that soil moisture exhibits “memory,” indicating that the
current SSM is also highly related to the previous SSM states (Koster & Suarez, 2001). Therefore, we assume that
the target prediction SSM (Ws) is not only decided by an explicit physical model including I, Ev, Eg, and Dy but
also has an implicit relationship with the history data Wg(z — k). Based on this assumption, we propose a dy-
namic process formulation that combines the water balance equation with the historical SSM data:

d
—Ws(t) =l —Ey —Es — D
dr S() F v S R (2)

Ws(8) = f(Ws(t — 1), Ws(t = 1),..., Ws(t = k))

where f is an unknown function and k, serving as a hyperparameter called sequence length in the LSTM structure,
is the number of historical data of Wy used for the current prediction. The second line of Equation 2 describes the
implicit relationship between current SSM and previous k SSM states. Inspired by the Adams-Moulton method
(Hairer et al., 1993), which is a family of implicit multistep methods for solving ordinary differential equations,
we combine the two formulations into

Ws() = N(Ws*, Ig*, Ev*, Es*, Dg*) 3)
where Wg*, ItX, Ey¥, Eg*, Dg* represent the historical data of the corresponding variables that
Ws* = [Ws(t — 1), W(t — 2),...,Ws(t — k)] )
I = [0, (= 1), . Ie(t =k + 1) ] (5)
Ev* = [Ey(0),Ey(t=1),....,Ey(t—k+1)] (6)
Esh = [Es(0),Es(t — 1),....,Es(t —k + 1)] (7
Dgk = [Dy().Dr(t — 1),....Dr(t—k+ 1)] (8)

The Adams-Moulton method uses historical data to approximate the solution of the differential equation at the
current time step. Similarly, our proposed model uses the historical and current data of physical variables and
historical SSM data to predict the current SSM value.

The values of Iy, Ey, Es, and Di within the water balance equation (Equation 1) are calculated from the PB model
using the dynamic physical inputs P(¢), including Pr, SWD, T, Vp, and LAL Although Equation 1 formally
satisfies the water balance condition and is widely used in hydrological modeling, it is often regarded as an
empirical expression as it is difficult to fully characterize complex real-world processes. In particular, the
drainage term Dy involves more complex subsurface hydrological processes, which are simplified and subject to
structural uncertainty in the current PB model, making it difficult to accurately and comprehensively represent the
relevant mechanisms. As a result, the estimation of Dy is more prone to instability and systematic bias than the
other variables, thus limiting its effectiveness as an input feature for neural network training.

To address this issue and avoid relying on potentially inaccurate model outputs, we introduce an uncertainty term
U* in place of Dg*. This term represents all unmodeled or difficult to estimate physical variables related to SSM
(e.g., drainage) and is inferred from the same dynamic inputs P(z), like Iy, Ey, and Eg. U* provides a flexible,
data-driven approach that enables the model to incorporate relevant physical drivers while compensating for the
structural limitations of the PB model and maintaining physical consistency within the modeling framework.
Therefore, the final model can be expressed as

Ws(1) = N(Ws*, I, EvE ES8, P(r) ) ©)
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Figure 1. An illustration for the dynamic inputs of Wy predicted at time step # (SSM(7) ). In this example, we assume the
sequence length (k) is 5. This example shows the data used to predict SSM(¢) (encircled by red frames). The orange frames
and arrows indicate the inputs for the long short-term memory branch, and the green frame and arrows indicate the dynamic
inputs for the fully connected neural network branch within the physics-guided deep learning modeling framework.

Based on Equation 9, we develop a PGDL model as a hybrid modeling framework to predict SSM. First, we use
the intermediate variables that are directly used to calculate SSM from the physical equation (i.e., I, Ey, and Eg)
as the inputs to the LSTM network. In addition, we use the previous SSM value as another input to the LSTM
network to ensure that the necessary historical information is delivered to the network in the same sequential
format as the three intermediate variables. Therefore, LSTM performs feature extraction on four inputs in the
modeling framework. The length of time steps that the LSTM processes these inputs is determined by k. Spe-
cifically, to predict Wg(¢) at time step ¢, the inputs to the LSTM will contain I, Ey, and Eg from time step
t — k + 1totime step ¢, denoted as I¥, Ey¥, and Eg¥, and Wy from time step r — kto time step# — 1, denoted as
Wk, In this way, the LSTM utilizes the past k time steps of data, including I, Ey, Es, and Wy to make accurate
predictions. Figure 1 shows the dynamic inputs of Wy predicted at time step ¢ taking k = 5 as an example. The
detailed computational process of the LSTM is provided in Text S1 in Supporting Information S1.

Since the three intermediate variables cannot fully capture the physical processes to get SSM, we develop an
additional fully connected neural network (FCNN) with the inputs as P(7) . For multisite simulations, we include
static data as additional inputs to the FCNN allowing the model to account for spatial variability and site-specific
characteristics, thus enhancing its ability to generalize across different sites. In this way, we take advantage of the
ability of neural networks to learn the physical processes from P(z) that are not involved in the current PB model.
The FCNN branch contains four fully connected layers and adds nonlinearity through the activation function
ReLU to capture complex data relationships and patterns.

The outputs of the LSTM and FCNN branches are then concatenated to form a comprehensive feature repre-
sentation, which is mapped to the final output through an additional fully connected layer with the output size
being 1, representing the SSM prediction value of the model. By concatenating the two outputs, the PGDL model
can take full advantage of the LSTM's strengths in capturing temporal dependencies and the FCNN's ability to
learn complex patterns of physical variables. A conceptual diagram of the PGDL modeling framework and its
comparison with the PB model is shown in Figure 2.

We perform the preprocessing for the input features and labels before training. First, we perform normalization
for the input features to ensure that all features are on the same scale. This could reduce the sensitivity of the
model to the scale of the input features, thereby helping to accelerate model convergence, avoid vanishing or
exploding gradients, and improve the generalization ability of the model. Specifically, we use Z-Score stan-
dardization: the mean value of the feature is returned to zero, and the standard deviation is normalized so that the
feature conforms to the standard normal distribution. In addition, we applied a one-dimensional Kalman filter to

XI ET AL.

7 of 20

85UB017 SUOWILIOD 3AIKERID 3|qeoljdde ay) Aq peupAoh 318 S3joe YO ‘88N JO S9N 1oy Akeiqi T 8UIIUO A8|IA LD (SUORIPLOD-PUR-SWBYW0D A8 [1M°ARIq 1 [BUIUO//SANU) SUORIPUOD PUe SWB | 8U}88S *[6202/20/T0] uo Ariqiauliuo A8|IM ‘ elefefe S9M AisieAlun enpind - Buenyz eueid Aq Z89000HCSZ02/620T OT/I0p/wioo A8 | imAreiqutjuo sqndnbe//sdny woiy papeo|umoq '€ ‘SZ0z ‘0TZSE662



LYetd . . .
N\\I JGR: Machine Learning and Computation 10.1029/2025JH000682

ADVANCING EARTH
AND SPACE SCIENCES

Inputs [P(1)]
PB PGDL

=
ey
~
g &
e
75}
&
| S—
I
I
|
|
|
|
|
—

. . | | |
Physical Equations : I_LSTM I I_FCNN I \

—

Yistm YFcNN

S e e i
—
=
175}
=
—

—

Calibration Train | /

~

yPGDL /

\ Yee|<|ype|—| ¥ Yy | — |¥peptL

Observations

Figure 2. Conceptual diagram of the physics-guided deep learning (PGDL) model framework and comparison with the PB
model. The blue part represents the workflow of the PB model, and the green part represents the workflow of the PGDL
model. For the arrow lines, the solid lines represent the transfer of data, and the dotted lines represent the update of
parameters. For the shapes, the black boxes represent data, the orange ellipses represent parameters, and the dashed boxes
represent functional modules. The purple dashed box denotes the physical equation module in the PB model and its coupling
with the PGDL model via the purple solid lines, which represent the flow of Ig¥, Ey¥, and Eg* derived from the PB model and
Ws* from observations as inputs to the long short-term memory (LSTM) branch. The pink dashed box represents the fully
connected neural network (FCNN) module in the PGDL model, which processes the inputs P(¢) . This structure highlights the
input components in Equation 9 and their corresponding pathways in the model. Both PB and PGDL models receive input (X),
consisting of both static and dynamic features, and then obtain the predictions (ypg and ypgpr,) through calculation with
corresponding parameters. Finally, the parameters are updated to obtain the optimized values (Jpg and Jpgp; ) by comparing
with observations (y). .. represents the parameters for the PB model. w and b denote the weight and bias parameters for the
LSTM branch, and w’ and b’ denote the weight and bias parameters for the FCNN branch within the PGDL modeling
framework. The differences between the two models are: (1) the PB model directly receives X, whereas the FCNN branch of the
PGDL model receives normalized X (X7); (2) the PB model directly uses y, whereas the PGDL model uses Kalman filtered

y @)

the SSM observations used as training labels to reduce noise while preserving the overall trend. The filter was
implemented under an identity state transition model with a process variance of 0.1 and a measurement variance
of 1.0. These parameters were selected based on experimental testing to balance smoothing with signal fidelity.
The filtered labels improve training stability by reducing extreme noise in the observations.
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Table 2
The Calibrated Parameters Related to SSM Calculations in the PB Model
Simulation Site (unit) O (mm>/mm?>) kgoe (Mm/s) Wy (mm) b (unitless) Ixmax (unitless) Zmax (MM/s) ER (unitless)
Single-site 1 0.40 0.37 —120.00 5.10 0.20 13.50 0.28
2 0.40 0.60 —147.22 3.18 0.22 15.20 0.50
3 0.40 0.08 —120.79 3.89 0.18 16.70 0.25
4 0.60 0.01 —112.84 3.77 0.27 5.25 0.35
5 0.40 0.23 —116.84 5.49 0.30 4.22 0.38
6 0.65 0.18 —120.07 3.72 0.29 4.13 0.40
7 0.56 0.26 —117.89 3.13 0.26 3.90 0.30
Multisite 1 0.40 0.60 —116.53 6.41 0.21 4.20 0.40
2 0.40 0.01 —119.90 5.87 0.31 4.20 0.40
3 0.40 0.16 —119.56 9.08 0.26 3.50 0.50
4 0.43 0.08 —175.87 4.70 0.31 420 0.40
5 0.40 0.60 —120.26 5.17 0.31 4.20 0.40
6 0.40 0.01 —120.02 11.12 0.31 4.20 0.40
7 0.40 0.24 —116.83 5.48 0.31 4.20 0.40
8 0.41 0.04 —119.79 7.40 0.30 4.20 0.40
9 0.40 0.60 —132.69 442 0.31 4.20 0.40
10 0.40 0.60 —120.08 3.27 0.26 3.50 0.50
11 0.44 0.01 —119.58 11.40 0.21 420 0.40
12 0.40 0.02 —120.00 11.40 0.21 420 0.40
13 0.41 0.01 —114.57 7.90 0.24 420 0.40
2.3. Experiments
2.3.1. For PB Model
To ensure a fair comparison between the PB model and the DL/PGDL models, we first calibrate the PB model.
This calibration is necessary because the accuracy of the SSM prediction of the PB model depends heavily on
several key parameters. Specifically, we calibrate seven critical parameters: 6, (saturated volumetric water
content), kg, (saturated hydraulic conductivity), v, (saturated matric potential), b (Clapp-Hornberger param-
eter), Irmax (canopy rainfall interception parameter), g.,,, (maximum canopy conductance), and E (extinction
coefficient of radiation). These key parameters serve as components of Equation 1 that simulate the change of
SSM and jointly affect the SSM calculation in the PB model. 8, defines the maximum water-holding capacity of
the surface soil directly affecting the soil's ability to retain moisture, which is critical for calculating relative
saturation and influencing water movement and surface runoff. kg, and w,, work together to control water
conductivity and retention. kg, governs the efficiency of I and vertical water movement, whereas y,, determines
the matric potential gradient influencing soil water retention, fluidity, and surface runoff generation. The Clapp-
Hornberger parameter b further refines these processes by describing how soil water retention characteristics
change with varying moisture levels, thus affecting the discharge capacity and SSM dynamics. Additionally,
Irmax controls the interception of rainfall by the canopy affecting rain throughfall and surface runoff, which in
turn influences /g and the daily SSM values. g,..« and Ey play critical roles in regulating Ey and Eg by controlling
canopy water conductance and radiation penetration through the canopy.
The calibration process was conducted using PEST (Model-Independent Parameter Estimation and Uncertainty
Analysis, v17.2 for Linux) software, which is widely recognized in hydrological modeling for its ability to
optimize model parameters by minimizing the difference between observed and simulated values (Doh-
erty, 2004). We ensure consistency across models using the same SSM observational data that are employed for
DL/PGDL training. The calibrated parameter values are presented in Table 2. The simulation from the calibrated
PB model is then used for PGDL model training.
XTI ET AL. 9 of 20
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2.3.2. For DL and PGDL Models

The training of DL and PGDL models is implemented in Python with the PyTorch package. For both models, we
perform cross-validation to fine-tune the hyperparameters by Bayesian optimization. There are seven hyper-
parameters: learning rate, batch size, sequence length, number of hidden sizes of LSTM, number of layers of
LSTM, number of hidden sizes of FCNN, and dropout rate. We use the standard Adam optimizer (Kingma &
Ba, 2014) for gradient descent and mean squared error as the loss function. During cross-validation, we adopted
an early stopping strategy for each fold to prevent model overfitting and reduce unnecessary training time.

We applied different data partitioning strategies for training and validation processes for single-site simulation
and multisite simulation. For single-site simulation, we divided the 6-year data of each site into training, vali-
dation, and test sets according to the year. Specifically, the first 5 years are used as training and validation set for
cross-validation, and the sixth-year data is reserved as the test set. We adopt a time-series cross-validation
technique called time series splitting to perform a four-fold cross-validation where each fold progressively ex-
pands the training set by 1 year while using the subsequent year as the validation set. In this way, each model
training is performed on continuous historical data while predictions are made on subsequent, unseen data,
maintaining the temporal order of the time series. To obtain more stable and reliable evaluations, we conducted
five independent runs to evaluate the performance of the DL and PGDL models on the prediction task for each
vegetation type. Each run starts with model initialization, and the training and test processes are carried out
independently ensuring the independence of each experiment and the comparability of results. After completing
all runs, the predictions from each run are averaged to obtain the final results. The subsequent analysis is based on
the averaged results of the five runs, which can more accurately reflect the model performance on the test set.

For the multi-site simulation, we partitioned the data into training, validation, and test sets by site. First, we
selected the entire data set from one of the 13 sites as the test set. The selection of the test site followed a two-step
screening strategy to ensure both representativeness and generalization capability. In the first step, we used mean
and standard deviation as metrics for representativeness. Specifically, we calculated the differences between the
mean and standard deviation of SSM for each site and the overall SSM across all sites and then selected the top
three sites with the smallest differences as candidates. In the second step, we evaluated the generalization
capability of the three candidate sites from the perspectives of temporal correlation, extreme value error, and
variance to select the most challenging site as the final test set. As a result, the FryCanyon (SNOTEL) site was
chosen as the test set. We then performed hyperparameter optimization using leave-one-out cross-validation on
the remaining 12 sites. Specifically, for each set of candidate hyperparameters, we left one site out as the vali-
dation set and used the remaining 11 sites as the training set, calculating the average validation error across all
iterations as the performance metric. Finally, we trained the model on the 12 sites excluding the FryCanyon
(SNOTEL) site and tested it on the test set.

For both single-site and multisite simulations, we apply the updated input method of single-step forecasting for
iterative prediction of SSM time series on the test set. The core idea of this method is to use the output of the
model as part of the input sequence for the next prediction after each prediction and gradually update the input
data in this way. Specifically, every time a prediction is made, the SSM value of the next time step predicted by
the model will be added to the input sequence, and the earliest data point in the input sequence will be removed to
form a new input sequence for the next step. The main benefit of this method is that it can make full use of the
model's ability to predict continuously. By dynamically updating the input data, the model can make predictions
based on the latest information at every step, thereby improving the accuracy and real-time performance of the
prediction. In addition, the single-step prediction method that updates the input also helps the model capture the
dynamic changing characteristics of time series data, which is particularly important for understanding and
predicting time-dependent data sequences. With this approach, we can perform effective SSM time series
forecasting in changing data streams and avoid the observation data being involved in this iterative prediction
process.

3. Results
3.1. Comparison of Model Performance in Capturing Soil Moisture Dynamics

We compared the predictions of PB, DL, and PGDL models for the SSM time series on the test set in both single-
site and multisite simulations aiming to reveal which model more accurately captures the characteristics of SSM
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Figure 3. Comparison between surface soil moisture (SSM) observations and model predictions (units: m>/m>) on the test set. For each subplot, the y-axis is the SSM
value, and the x-axis is the time. The first seven subplots show the results for the seven sites in the single-site simulation, and the last subplot shows the result for the test
site in the multisite simulation.

dynamics. Figure 3 shows the comparison of the observed SSM time series and predictions by the three models on
the test set. In each subplot, observations show the actual SSM dynamic changes over the test period, and the three
models provide corresponding predictions. By comparing predictions with observations, we can evaluate the
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Table 3

ability of each model to capture changes in the SSM time series. In Table 3,

Statistical Values for the Model Predictions Compared to Observations we use two key statistical indicators: root mean square error (RMSE) and

Simulation

Site

PB

coefficient of determination (RZ) to measure the performance of the models.
DL PGDL

RMSE

R2

RMSE R? RMSE R? Figure 3 shows that for single-site simulation, the observed and simulated

Single-site

Multisite

[ R N T B S

Mean

0.13
0.14
0.13
0.09
0.12
0.17
0.16
0.13
0.09

—0.15
-5.23
—3.08
—0.79
S90S
—3.08
—1.63
-2.32

0.28

SSM values across different vegetation types exhibit dynamic differences.
Among them, PGDL model predictions have the highest similarity with the
observed data, especially in capturing peaks and fluctuations, showing a more

0.07 0.70  0.03 092
0.05 035 004 046

0.05 045 003 082 refined response ability than the PB and DL models. In contrast, PB model

0.05 051 004 061  predictions on most vegetation types deviate greatly from the observed
0.05 043 004 0.6 values. During certain time periods at some sites, the PB model prediction is
0.07 024 005 0.8 even a straight line, that is, it cannot simulate any dynamic sequence. The
011 =014 006 064  predictions of the DL model show improvement compared to the PB model in
0.06 036 004 066  Most vegetation types. However, either from an amplitude or variability

0.08 038 006 0.63 perspective, the DL model cannot capture the dynamic changes of the

observed SSM values as precisely as the PGDL model. For multisite simu-
lation, all three models capture the interannual variation trend of SSM time
series. However, the PGDL model outperforms the PB and DL models in capturing the amplitude of simulated
SSM values particularly the annual maximum and minimum values demonstrating higher accuracy and stability.

Table 3 further shows that for single-site simulation, the PGDL model shows superior performance across all
vegetation types. Its average RMSE (0.04, unit: m*/m?) is significantly lower than that of the PB and DL models,
and its R (0.66) is considerably higher. This demonstrates the superiority of the PGDL model in terms of
simulation accuracy and reliability, indicating that the PGDL model consistently outperforms the PB and DL
models across different vegetation types. For multisite simulation, the PGDL model also achieves the best
performance with an RMSE of 0.06 and an R? of 0.63 outperforming the corresponding values of the PB and DL
models. However, compared to single-site simulation, the prediction accuracy of both the DL and PGDL models
decreases in the multisite simulation. This suggests that spatial heterogeneity among multiple sites affects the
generalization ability of the models.

3.2. Evaluation of Model Performance Through Scatter Plot Analysis

We used the scatter fit evaluation method to compare and analyze the prediction bias of the PB, DL, and PGDL
models in both single-site and multisite simulations. Each set of prediction results corresponds to three scatter
plots, showing the comparison between the simulated values and observed values for the three models (Figure 4).
To assess the long-term trend and prediction bias of the models, we applied a linear fit to the predicted and
observed values of each model using the least squares method with the fitted line represented by a red dashed line.
The accuracy and systematic bias of the models were evaluated by comparing the slope and intercept of the fitted
line with the ideal values (slope = 1, intercept = 0). A slope close to 1 indicates that the model can accurately
capture the trend of the data, whereas an intercept close to 0 indicates that there is no systematic bias within the
model. Table 4 presents the average slope and intercept values of the fitted lines for the seven sites in the single-
site simulation as well as the slope and intercept of the fitted line for the multisite simulation.

For both single-site and multisite simulations, the PGDL model's average slope is closest to 1, indicating that there
is a strong positive correlation between the PGDL predictions and the observed values. At most sites of the single-
site simulation, the fitting slope of the PGDL model is higher than that of the corresponding PB and DL models,
suggesting that the PGDL model can make the most accurate dynamic predictions for different vegetation types.
In addition, the average fitting intercept of the PGDL model is closest to 0, indicating that it has the smallest
systematic bias in SSM predictions. Lower fitting intercept values also mean that the model is more accurate in its
predictions for simulating extreme low humidity conditions.

For the seven sites of single-site simulation, the PB model's average fitting slope is lower than that of the PGDL
model, but it shows better trend matching than the DL model, suggesting that the PB model can better simulate the
changing trend of soil moisture in some cases, although its accuracy is not as accurate as the PGDL model. In
addition, the average fitting intercept of the PB model is the highest among the three models, indicating larger
deviations in predicting low humidity conditions. The higher fitting intercept value indicates that the PB model
does not perform as well as the other two models in extreme climate conditions. For the DL model, its average
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fitting slope is the lowest among the three models, indicating its lower accuracy in capturing soil moisture change
trends. This is because DL models have limitations in handling some specific types of data or complexity.
Although the fitting slope accuracy of the DL model is not as good as the other two models, its average fitting
intercept is only lower than the PGDL model, suggesting that the DL model performs better than the PB model
especially when simulating soil moisture in dry conditions. The performance of these models in multisite
simulation is basically consistent with that of single-site simulation.

Overall, the PGDL model is significantly better than the PB and DL models. Our results not only prove the overall
superiority of the PGDL model but also reveal the respective advantages and limitations of the PB and DL models.
The PB model's high fitting slope indicates that it is relatively robust in simulating changing trends. PB models are
able to provide relatively accurate predictions under certain conditions especially simple or stable environmental
conditions, because these situations may be more consistent with the physical process assumptions in the PB
model. However, the high fitting intercept of the PB model indicates that it reflects a certain systematic bias in its
predictions especially when predicting close to zero or low soil moisture values. Because PB models rely on
simplified physical processes and parameterizations, it is difficult to accurately capture the dynamical soil
moisture in extremely low humidity conditions or in the absence of strong environmental drivers. For the DL
model, its low fitting intercept shows the advantage of the DL model in reducing prediction biases when there is
no obvious input signal or under extremely low humidity conditions. However, the low fitting slope of the DL
model indicates that its accuracy in capturing SSM trends is lower than that of the PB model. This is because when
dealing with highly nonlinear and complex time series data especially under extreme climate changes or irregular
environmental conditions, the DL models have difficulties capturing all dynamic changes due to limitations in the
quality and quantity of training data. Although we adopted the LSTM network, which is better at processing time
series and preprocessed labels for noise reduction, the performance of the DL model relies heavily on a large
amount of high-quality training data. Therefore, when data are scarce or of low quality, the DL model may not be
able to learn sufficiently accurate soil moisture change patterns.

By embedding physical mechanisms into DL models, our PGDL model not only captures complex data re-
lationships but also ensures the physical feasibility and accuracy of model predictions. This combination of
physics knowledge and data-driven methods enables PGDL to overcome the lack of adaptability of the PB model
in complex environments and the deficiencies of the DL model in system deviation control in simulating SSM.

4. Discussions
4.1. Comparison of DL and PGDL Models in Representing Physical Processes

Our results indicate that the PGDL model provides more accurate SSM time series predictions at the site level
than the DL model. However, our purpose in developing such a PGDL model is not only to provide more accurate
predictions but, more importantly, we expect that after embedding the guidance of physical mechanisms, the
PGDL will be more consistent with physical laws than the DL model. The water balance equation (Equation 1)
used for SSM calculation in the PB model represent the basic physical processes that dominate SSM dynamics. In
Equation 1, only /g will increase SSM, whereas the other three terms (Ey, Eg, and Dg) will decrease SSM.
Therefore, within a period of time, if /i is continuously zero and Ey and Eg are both not continuously zero, SSM
will not increase. Otherwise, it will violate the physical laws of water balance. Based on this, we conducted a
model experiment. We first found all time periods that satisfy I to be continuously zero and Ey and Eg not to be
continuously zero in each test set. For single-site simulation, we set the threshold to 7 days, while for multi-site
simulation, it was set to 15 days to better capture long-term moisture fluctuation patterns. For all time periods that
satisfy this condition, we further checked whether the SSM observations increase during this period. If not, we

Figure 4. Comparative analysis of surface soil moisture (SSM) time series observations and model predictions on the test set. Each row represents a site with the first
seven rows corresponding to the seven sites from the single-site simulation and the last row corresponding to the test site from the multisite simulation. The three
columns from left to right are the comparisons between PB, DL, and physics-guided deep learning model predictions and observed values. For each subplot, the y-axis is
the simulated SSM values (units: m*m?), and the x-axis is the observed SSM values (units: m>/m>). The red dotted line is a straight line fitted based on the least squares
method describing the linear relationship between the observed values and the corresponding predicted values. The equation in red is the functional expression
corresponding to the fitted straight line. The evaluation metrics, including root mean square error and R?, are shown in the black box in the lower right corner quantifying
the accuracy of the corresponding model predictions.
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Table 4 counted the number of times the SSM value predicted by the DL and PGDL
Slope and Intercept Values of the Fitted Lines Comparing Observed and models increases, respectively. This count is the number of times that the
Predicted Values for PB, DL, and PGDL Models on the Test Set physical law of water balance is violated in the model predictions (Table 5).
Simulation Metrics PB DL PGDL e found that for both single-site and multisite simulations, the PGDL model
Single-site Slope (mean) 0.64 0.50 0.65 violated the physical laws of water balance fewer times than the DL model
Intercept (mean) 0.13 0.07 0.06 (except for Site 1 in the single-site simulation, where neither model violated
Multisite Sz 057 033 078 the physical laws). Such results indicate that the PGDL model is more
ntercept 0.14 0.14 0.06 consistent with the physical laws of water balance than the DL model when

Note. For single-site simulations, the values represent the mean across the

seven sites.

Table 5

simulating soil moisture dynamics. This consistency is achieved through the
feature extraction and representation process of LSTM and FCNN in the
PGDL model. The LSTM branch captures temporal dependencies and change
patterns in time series data, whereas the FCNN branch processes current
physical information to capture complex nonlinear relationships. Despite not explicitly enforcing constraints such
as the water balance equation, the PGDL model can effectively learn the physical laws expressed in the obser-
vations during the training process, thereby achieving better results than the traditional DL model.

The consistency of PGDL models with physical laws represents potential benefits. First, it increases confidence in
SSM predictions because the behavior of the PGDL model is consistent with the underlying physical processes.
By combining the strengths of LSTM and FCNN, the PGDL model can internalize physical processes during
training leading to more accurate and reliable predictions. This consistency enhances the interpretability of the
model making it easier for researchers to understand and verify the model outputs. Second, the PGDL model's
compliance with physical laws improves its ability to extrapolate new scenarios with greater confidence. By
learning the fundamental relationships that govern SSM dynamics, PGDL models can better handle unseen
conditions, thereby reducing the risk of producing SSM predictions that do not comply with physical laws.

4.2. Effects of Training Data Sizes on DL and PGDL Model Performance in Single-Site Simulation

When exploring the performance of time series forecasting models, it is critical to understand the impact of
training data volume on model forecast accuracy. The time span and quality of training data directly affect the
reliability of forecast results. Due to the limited availability of data in practical applications, researchers are faced
with the challenge of using limited data sets to train and optimize models. Therefore, evaluating the impact of
training data of different time spans on model performance is crucial to building more robust and adaptable
predictive models.

To explore the sensitivity of DL and PGDL models to changes in training data volume when processing time
series data, this study designed a series of comparative experiments for single-site simulation aiming to compare
the impact of different training data amounts on model prediction performance at the same site. Specifically, the
data from year 2021 were used as the test set to show the comparison results. The difference is that in addition to
using data from 2016 to 2020 (5 years in total) as the training set (as shown in Figure 3 and Table 3), we also used
2017 to 2020 (4 years), 2018 to 2020 (3 years), 2019 to 2020 (2 years), and
only 2020 (1 year) as training sets. We then compared the prediction per-
formance of the model under different training sets. This experiment was

The Number of Days That Do Not Satisfy the Physical Mechanism of Water — conducted at the seven sites representing distinct vegetation types ensuring

Balance by DL and PGDL Models

the broad applicability and reliability of the research results (Table 6).

Simulation Site DL model (#) PGDL model (#) .
Under the same number of training sets, the performance of the PGDL model
Single-site 1 0 0 is always better than that of the DL model (Table 6), indicating that the PGDL
2 ct 2 model has stronger data fitting and generalization capabilities. By integrating
3 13 7 physical processes within the neural network architecture, PGDL models are
4 6 4 more effective and robust in capturing SSM dynamics. In addition, both the
5 11 7 DL and PGDL models exhibit the best average performance when using the
6 6 3 most training data (i.e., 5 years of training data). As the amount of training
7 13 4 data increases, the models learn more features and trends, thereby improving
Total 53 7 the accuracy and interpretability of predictions. PGDL can be used to extract
information from large amounts of data more effectively and achieve higher
WD S 42 predictive performance. In addition, the DL model shows better performance
XTI ET AL. 15 of 20
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Table 6
Comparisons of DL and PGDL Models Using Different Numbers of Years of the Training Set Across the Seven Sites in
Single-Site Simulations

Training set (#) 5 years 4 years 3 years 2 years 1 year

Model Site: RMSE R? RMSE R? RMSE R* RMSE R? RMSE R?

DL 0.07 0.70 0.12 0.10 0.12 0.05 0.06 0.77 0.03 0.94
0.05 0.35 0.05 0.26 0.05 0.19 0.06 0.00 0.06 0.07
0.05 0.45 0.08 —0.67 0.07 —0.40 0.05 0.42 0.03 0.70
0.05 0.51 0.05 0.50 0.05 0.40 0.05 0.39 0.04 0.58
0.05 0.43 0.05 0.51 0.04 0.54 0.04 0.53 0.05 0.32
0.07 0.24 0.07 0.35 0.07 0.34 0.10 —0.49 0.09 —0.04
7 0.11 —0.14 0.13 —0.64 0.10 —0.03 0.10 0.00 0.13 —0.59

Mean 0.06 0.36 0.08 0.06 0.07 0.16 0.07 0.23 0.06 0.28

PGDL 1 0.03 0.92 0.07 0.67 0.05 0.83 0.04 0.87 0.03 0.92
0.04 0.46 0.05 0.35 0.05 0.30 0.05 0.09 0.06 0.05
0.03 0.82 0.04 0.59 0.03 0.81 0.03 0.73 0.04 0.68
0.04 0.61 0.05 0.54 0.05 0.46 0.05 0.47 0.05 0.52
0.04 0.56 0.05 0.51 0.05 0.51 0.05 0.47 0.06 0.28
0.05 0.58 0.06 0.48 0.07 0.36 0.07 0.24 0.09 —0.12
7 0.06 0.64 0.08 0.31 0.09 0.24 0.08 0.31 0.11 —0.12
Mean 0.04 0.66 0.06 0.49 0.06 0.50 0.05 0.45 0.06 0.32

o LA W N —

AN L B W

when using 2 years of training data compared to using 3 and 4 years. This suggests that the quality and relevance
of the training data may be more important than the quantity in certain situations. Using smaller but more
representative data sets can help the models avoid learning unnecessary noise or irrelevant patterns leading to
better predictions. This is particularly relevant when the most recent data are more like the patterns observed in the
test set, as they may provide more informative cues for predicting future trends.

Based on these findings, we recommend that when the data availability is scarce, prioritizing the quality and
relevance of the training data over the quantity may yield better results. Strategies such as careful data selection,
preprocessing, and augmentation can help maximize the information content of the available data, enabling the
models to learn more effectively. Additionally, the PGDL model's consistent superiority over the DL model
suggests that incorporating physical knowledge can provide a robust framework under limited data conditions
making it a preferred choice for SSM prediction.

In summary, in single-site simulations, the PGDL model demonstrates a strong predictive ability and higher
stability in using complex time series data even with reduced training data sets. Its superior performance over the
DL model highlights the benefits of integrating physical principles into data-driven approaches, improving the
accuracy of soil moisture prediction with limited data availability.

4.3. Enhancing Interpretability and Performance of PGDL

DL models often appear as a “black box” in their quantification. By analyzing the feature importance of the
trained PGDL model, we can identify which input features have the greatest impact on the model predictions to
reveal the driving factors behind the model predictions, thereby improving the transparency and credibility of the
model.

There are eight dynamic features used for PGDL predictions: Pr, SWD, T, Vp, LAL I, Evy, and E5. We rank the
importance of features by evaluating the impact of each feature on the model predictions. Based on the trained
PGDL model, we add different multiples of its standard deviation to each feature to simulate different degrees of
feature perturbation. Specifically, we perturb each feature with its corresponding standard deviation of 0.1 times,
0.5 times, 1 time, and 2 times as the perturbation amount and then use these perturbed features to re-perform
PGDL prediction to observe the impact of feature perturbation. By comparing the difference between the
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Table 7
The Importance Ranking of Features for the PGDL Model Under Four Situations (Adding 0.1 SD, 0.5 SD, 1 SD, and 2 SD
Perturbation) in Single-Site Simulations

Site 0.1 SD perturbation 0.5 SD perturbation 1 SD perturbation 2 SD perturbation

1 [8,6,4,3,5,1,2,7] [8,7,6,4,2,3,5,1] [7,2,8,4,6,3,5,1] [7,2,1,3,8,4,6, 5]
2 [7,8,2,4,5,1,6, 3] [7,8,2,4,5, 1,6, 3] [7,8,2,4,5,1,6, 3] [7,8,4,5,2,3, 1, 6]
3 [8,7,5,3,4, 1,6, 2] [8,7,5,6,3,4,1,2] [8,7,6,5,3,4,2,1] [8,7,6,3,5,4,2,1]
4 [8,7,6,5,3,1,4,2] [8,7,6,5,3,2,4,1] [8,7,5,6,3,2,4,1] [8,7,5,3,2,6,4, 1]
5 [6,8,5,4,1,2,3,7] [8,4,6,5,7,3, 1, 2] [8,6,4,5,3,7,1,2] [8,5,6,3,4,7,1,2]
6 [7,4,8,6,5,2, 1, 3] [8,7,4,5,6,2,3,1] [8,7,5,4,3,2,6,1] [8,7,5,3,2,6,4, 1]
7 [6,4,7,5,2,1,3,8] [6,8,4,3,7,2,1,5] [6,4,8,7,3,1,5,2] [6,4,8,7,5,1,2,3]
Mean [8,6,7,4,5,1,3,2] [8,7,6,4,5,3,2,1] [8,7,6,4,5,3,2,1] [8,7,5,3,6,4,2,1]

Note. Numbers 1-8 in square brackets represent Pr, SWD, Ty;., Vp, LAL If, Ey, and Eg, respectively.

original output of the model and the output after perturbing the feature (measured as mean absolute error, MAE),
we calculate an importance score for each feature under different standard deviation perturbations. This score
reflects the degree to which the perturbation of this feature affects the predictions. The higher the score, the
greater the impact of feature changes on the predictions. To determine which features are most critical to the
model predictions, we rank the features based on their importance scores.

We evaluated the seven sites in the single-site simulation. By weighing the feature importance scores of all
models, we obtained the comprehensive importance ranking of the features under each standard deviation
multiple condition (Table 7). This feature importance analysis was only conducted for single-site simulations
because the multisite simulation involved multiple sites with spatial heterogeneity leading to greater variation in
learning patterns. This spatial variability makes it challenging to isolate the impact of each input feature on test set
predictions, hindering the ability to draw meaningful conclusions. By focusing on the single-site simulation, we
maintained spatial consistency between the training and test data ensuring more reliable and interpretable feature
importance analysis.

Three features used in the LSTM part of the PGDL model (I, Ey, and Eg, corresponding to 6 to 8 in Table 7)
basically rank higher in importance than five features used in the FCNN part (Pr, SWD, Ty, Vp, and LAI
corresponding to 1 to 5 in Table 7). This implies that the PGDL model relies more on the three input features of the
LSTM when making predictions. This finding is consistent with the physical process of calculating SSM in the PB
model where I, Ey, and Eg directly determines SSM from the water balance equation (Equation 1). The high
importance of these features in the PGDL model indicates that the model has successfully learned the underlying
physical processes that control SSM dynamics.

In addition, among the three features of the LSTM part, the PGDL model gives higher importance to Ey and Eg
compared with /. This can be attributed to a faster response of the evaporation process to changes in environ-
mental conditions since evaporation occurs almost every day and has a decisive influence on the daily changes in
SSM. In contrast, water infiltration into surface soil is more intermittent occurring primarily after rainfall events.
For the five features of the FCNN part, the PGDL model considers T, Vp, and LAI to be more important than Pr
and SWD. This is consistent with the physical process of calculating SSM in the PB model (Bonan, 1996; Zhuang
et al., 2002, 2004) where T,;;, Vp, and LAI participate in the calculation of at least two of the three features in the
LSTM part, whereas Pr and SWD only contribute to the calculation of /r and Eg, respectively.

The feature importance analysis of the trained PGDL model not only verifies that the PGDL model learned data
features are consistent with the physical process but also provides valuable insights into the relative impact of
different input features on model predictions. By ranking features based on important scores, we can identify key
drivers of soil moisture dynamics learned by the model, improve its interpretability, and guide future model
development and data collection efforts.
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4.4. Limitations and Future Directions of Multisite Simulation

In this study, we selected 13 sites under the same vegetation type (grassland) for multisite simulation and
identified FryCanyon (SNOTEL) as the test set using a two-step strategy. The experimental results show that the
PGDL model outperformed the PB and DL models on this test set confirming its advantage in capturing SSM
dynamic changes. However, during cross-validation, we found that the performance of the DL and PGDL models
was not stable, and in some cases (especially for the DL model), the prediction accuracy did not meet expec-
tations. This indicates that the current multisite simulation has certain limitations.

One possible reason for this is that we screened the sites solely based on vegetation type. Vegetation type is
generally considered an important factor influencing SSM dynamics, as it reflects the moisture response patterns
and seasonal variations among sites. Therefore, we collected data by vegetation type expecting to better train and
validate the model using data from multiple sites within the same vegetation type. However, the results suggest
that vegetation type may not be sufficient to effectively represent the spatial variability of SSM across different
sites. Even within the same vegetation type, significant differences in SSM dynamics can occur due to variations
in climate, soil type, and topography. This spatial heterogeneity may limit the model's ability to generalize across
different sites.

Additionally, the current validation strategy of multisite simulation may not be sufficient to fully evaluate the
generalization ability of the model when there are large spatial differences in SSM. Spatial heterogeneity among
sites can result in large differences between the validation and training sets leading to fluctuations in model
performance during validation and testing. Moreover, DL models heavily rely on temporal continuity when
learning time series patterns. When the time series patterns differ greatly among sites, the model may struggle to
generalize effectively. Although the PGDL model improves generalization by incorporating physical constraints,
its performance may still be limited when spatial differences are large and the static features are not sufficient to
fully characterize the dominant drivers of SSM dynamics.

To address these limitations, more detailed spatial classification strategies can be explored in future studies.
Although this study collected data based on the same and typical vegetation type, the results indicate that relying
on a single classification feature may not be sufficient to fully capture the dynamic differences in SSM across
different sites. Therefore, future research could consider including additional spatial features, such as soil type,
climate region, and topographic characteristics, to perform more refined spatial clustering. This approach could
improve the model's generalization ability and prediction accuracy leading to a more robust definition of training
and test sets in multisite simulations and enhancing the applicability and stability of DL and PGDL models in
spatially heterogeneous environments.

5. Conclusion

This study introduces a PGDL model that combines the deterministic physical processes of TEM with the pre-
dictive efficiency of LSTM networks. This innovative approach improves the accuracy and reliability of SSM
predictions at seven sites representing different vegetation types in single-site simulations and 13 sites within the
same vegetation type in multisite simulation in comparison with traditional PB model and independent DL model.

The leap in prediction accuracy is attributed to the fact that the PGDL model combines the ability of LSTM to
capture long-term data dependencies with the physical process-based insights of TEM, thereby facilitating a more
nuanced understanding and modeling of SSM dynamics. Compared with the DL model, the PGDL model is more
consistent with the basic physical laws of water balance indicating its ability to learn knowledge about physical
processes. Additionally, in single-site simulations, PGDL models exhibit enhanced robustness and prediction
accuracy across varying amounts of training data resulting in better generalization and performance even with
limited or varying data quality. Feature importance analysis further reveals that the PGDL model predominantly
relies on input features directly related to the water balance equation emphasizing the model's ability to prioritize
and learn from the most influential variables. This enhances the interpretability of the PGDL model making its
prediction process more transparent and credible. Finally, we identified limitations within the multisite simulation
in this study and provided insights and directions for future research to address these challenges.

By integrating physical processes into the neural network architecture, our PGDL model effectively bridges the
gap between complex deep learning algorithms and traditional process-based methods, thereby providing a
promising way to improve the accuracy, reliability, and interpretability of SSM predictions.
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