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Abstract. Soil moisture (SM) data assimilation is often challenged by temporally sparse and irregular observations,
particularly in data-scarce regions such as the Tibetan Plateau, where observational gaps and uneven sampling frequencies can
substantially degrade assimilation performance. Conventional approaches, including the ensemble Kalman filter (EnKF),
require repeated covariance estimation and matrix inversion, leading to considerable computational cost and reduced
effectiveness under intermittent observation conditions. To address these limitations, we develop a deep learning-augmented
SM data assimilation framework that explicitly accounts for temporal irregularity while improving computational efficiency.
The framework consists of two complementary components. First, a fully connected neural network (FCNN) is trained to
emulate the nonlinear analysis-update process of EnKF, thereby reducing computational overhead by avoiding explicit
covariance calculations. Second, a gated recurrent unit with decay mechanism (GRU-D) is introduced to capture temporal
dependencies from irregularly sampled observations through explicit incorporation of elapsed-time information. The
framework is evaluated using observations from eight sites across the Tibetan Plateau. Results show that the proposed approach
consistently outperforms the conventional EnKF under sparse and irregular observation scenarios. Across all sites, the
framework reduces RMSE by more than 60% and increases correlation coefficients by over 80% relative to EnKF, while
reducing computational time by more than 30%. The largest improvements are observed under highly irregular observation
conditions, demonstrating the importance of explicitly accounting for temporal sparsity in data assimilation. These findings
highlight the potential of deep learning to enhance both the robustness and efficiency of soil moisture data assimilation and
provide a practical solution for hydrological state estimation in observation-limited environments.

Keywords: Soil moisture; Data assimilation; Deep learning-augmented assimilation; Ensemble Kalman Filter; Temporal
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1 Introduction

As a critical state variable in land surface processes, soil moisture (SM) plays a fundamental role in regulating land—atmosphere
interactions by controlling evapotranspiration, energy exchange, and hydrological partitioning (Seneviratne et al., 2010).
Through its influence on precipitation infiltration, runoff generation, root-zone water availability, and biogeochemical cycling,
SM affects a wide range of environmental and hydrological processes (Legates et al., 2011; Liu et al., 2024). Consequently,
accurate characterization of SM spatiotemporal dynamics is essential for a wide range of applications, including weather
forecasting, drought monitoring, agricultural irrigation, and water resources management (Li et al., 2023; Zhu et al., 2025).
However, reliable estimation of SM remains challenging because in situ observations are often spatially sparse and temporally
irregular, while remote sensing retrievals may suffer from limited temporal coverage and retrieval uncertainties. These
observational constraints hinder the continuous characterization of SM dynamics and necessitate the use of physically based
models to provide spatially and temporally continuous estimates of soil moisture states.

Land Surface Models (LSMs) serve as the primary tools for simulating the spatiotemporal evolution of SM by explicitly
representing land surface hydrological and energy exchange processes. Over the past several decades, LSMs have evolved
from simplified bucket-type formulations (Manabe, 1969) to advanced Earth system components that couple water, energy,
and carbon cycles, and are widely integrated into climate and hydrological modeling systems (Dai et al., 2003; Lawrence et
al., 2019; He et al., 2023). Despite these substantial advances, the predictive performance of LSMs remains limited due to
mismatches between model representations and real-world land surface heterogeneity, as well as scale inconsistencies between
model structures and natural processes (Li et al., 2022). These fundamental mismatches manifest within modeling systems as
multiple forms of uncertainty, including structural deficiencies in process representation, parameter sensitivities, uncertainties
in initial conditions, and errors in meteorological forcing data (Huang et al., 2016; Huang et al., 2023), all of which propagate
through simulations and degrade soil moisture estimates. These limitations are particularly evident in complex and
heterogeneous environments. For instance, in the Noah LSM, underestimation of the thermal roughness length leads to biases
in surface temperature and sensible heat flux simulations over arid regions of the Tibetan Plateau (Chen et al., 2015). At larger
scales, deficiencies in representing deep root-zone soil moisture processes in Earth system modeling frameworks can result in
biased evapotranspiration responses under moisture-limited conditions (Dong et al., 2022). In addition, unresolved sub-grid-
scale heterogeneity and complex physical processes remain difficult to parameterize explicitly, further limiting model fidelity
in representing land surface dynamics (Fisher and Koven, 2020). Collectively, these uncertainties indicate that LSM-based
simulations alone are insufficient to fully constrain soil moisture evolution, as structural and parametric limitations cannot be
effectively eliminated through calibration or model refinement alone (Li et al., 2022). Consequently, there is a pressing need
to incorporate observational information to systematically reduce model uncertainty and improve the reliability of soil moisture
estimation (MacBean et al., 2022).

To reduce these uncertainties, data assimilation (DA) techniques have been widely adopted in hydrological and land surface

modeling. DA provides a rigorous framework for optimally combining model simulations with observations to estimate system
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states and reduce uncertainties arising from imperfect model structures, parameters, and forcing data (Kalnay, 2007; Carrassi
et al., 2018). Over the past decades, DA has become a core methodology in hydrological forecasting and land surface state
estimation. Representative approaches include variational methods, such as three-dimensional variational assimilation (3D-
Var) and four-dimensional variational assimilation (4D-Var), as well as sequential filtering techniques, including the Ensemble
Kalman Filter (EnKF) and Particle Filter (PF) (McLaughlin, 1995; Reichle, 2001). Among these methods, EnKF has gained
widespread popularity because it estimates background error covariance using an ensemble of model realizations, thereby
avoiding the explicit construction of tangent linear and adjoint models required by variational approaches (Chen et al., 2017;
Houtekamer and Mitchell, 2005). This characteristic makes EnKF particularly suitable for high-dimensional and nonlinear
land surface systems, and it has been extensively applied in SM DA (Burgers et al., 1998). Previous studies have demonstrated
its ability to improve SM estimation by effectively integrating model forecasts with observations (Reichle et al., 2002).
Nevertheless, EnKF remains subject to important limitations. Its covariance-based update mechanism relies on Gaussian
assumptions and linear error propagation, which may lead to degraded performance under strongly nonlinear conditions and
complex error structures (Clark et al., 2008). Moreover, repeated covariance estimation and matrix inversion can become
computationally demanding in large-scale applications. Importantly, the effectiveness of EnKF and other DA approaches
depends not only on the characteristics of the assimilation algorithm itself, but also on the availability and temporal continuity
of observations used to constrain model states.

In practice, observational limitations constitute another major challenge for SM DA. SM observations are frequently affected
by missing records, intermittent measurements, and irregular sampling intervals, resulting in temporally discontinuous
observational time series. Such limitations may arise from sensor malfunctions, communication interruptions, harsh
environmental conditions, and restricted observation frequencies for both ground-based and satellite observations (Bradley et
al., 2007; Turlapaty et al., 2010). Consequently, the amount of effective information available for constraining model states is
substantially reduced, weakening the corrective role of observations within the assimilation process. Under these conditions,
DA systems become increasingly dependent on model forecasts, which can amplify the influence of prior model biases and
uncertainty in the analysis estimates. This issue is particularly critical for SM because its temporal dynamics can vary rapidly
in response to precipitation, evapotranspiration, and land-atmosphere interactions. When observations are sparse or irregularly
distributed in time, important temporal variations may not be adequately captured, leading to reduced assimilation accuracy
and stability. Therefore, effectively exploiting incomplete and temporally irregular observations has become a fundamental
challenge in land surface data assimilation and calls for new approaches capable of extracting meaningful temporal information
from sparse and irregular observation sequences (Fan et al., 2022; Ding et al., 2025).

To address the two key challenges identified in soil moisture data assimilation systems, namely, the methodological limitations
of traditional EnKF-based approaches and the constraints imposed by temporally sparse and irregular observations, deep
learning (DL) has recently emerged as a promising complement to conventional land surface modeling and data assimilation
framework (Fisher & Koven, 2020). However, purely data-driven approaches often require large amounts of high-quality

labeled data and lack explicit physical constraints, making them difficult to apply as standalone replacements for process-
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based models (Brajard et al., 2021; Li & Liu, 2025). As a result, hybrid DA frameworks that integrate data-driven learning
components with physically based assimilation workflows have attracted increasing attention (Li et al., 2023), including
approaches that learn surrogate representations of nonlinear operators, improve the estimation of error statistics, and enhance
the handling of incomplete and irregular observations, while preserving physical consistency and computational efficiency
(Boucher et al., 2020). From the perspective of addressing methodological limitations in EnKF-based assimilation, DL has
been explored as a surrogate for computationally expensive components within assimilation workflows. By learning nonlinear
mappings between model forecasts, observations, and analysis states, neural networks can reduce the need for explicit
covariance estimation and matrix operations while preserving key statistical relationships required for state updating. For
example, Chattopadhyay et al. (2023) proposed a hybrid EnKF framework in which a neural network surrogate is used to
improve the estimation of background error statistics during state evolution. Cai et al. (2024) further developed a deep
assimilation network (DANet) that learns mappings among model forecasts, observations, and true states, enabling efficient
assimilation under sparse observational conditions. From the perspective of observational limitations, SM DA is fundamentally
constrained by temporally sparse observations. Reichle et al. (2017) demonstrated the assimilation of SMAP satellite
observations within an EnKF-based land surface modeling framework, highlighting the capability of DA systems to partially
compensate for the temporal sparsity and discontinuity of SM observations. Despite these advances, existing studies have
primarily focused on either improving assimilation algorithms or enhancing the utilization of observational information in
isolation. Although DL has shown potential in learning from sparse and irregular observational data in broader data-driven
and hybrid modeling contexts, its application to explicitly address temporally irregular SM observations within land surface
DA frameworks remains limited. Consequently, there is still a need for approaches that can simultaneously alleviate the
computational and nonlinear limitations of conventional data assimilation methods and effectively exploit temporally sparse
and irregular observations while maintaining physical consistency and robustness (Li & Liu, 2025).

Building on above context, this study proposes a DL-augmented DA framework for SM estimation under temporally sparse
and irregular observations. The proposed framework is designed to address both the computational limitations of conventional
EnKF systems and the challenges associated with incomplete and irregular observational time series. A fully connected neural
network (FCNN) is employed to learn the nonlinear mapping between model forecasts, observations, and analysis states,
providing a surrogate representation of the EnKF analysis update step. In this way, the FCNN avoids explicit covariance
estimation and matrix inversion while preserving the functional relationship between system states and observational
constraints, thereby improving the computational efficiency of the assimilation process. In parallel, a gated recurrent unit with
decay (GRU-D) is adopted to model temporal dependencies under missing and irregularly sampled observations. By explicitly
encoding time intervals and missingness patterns, the GRU-D module provides a continuous representation of observational
information, enabling more effective utilization of temporally sparse SM observations. The proposed framework integrates
these two components in a complementary manner. The FCNN component focuses on improving the efficiency of the
assimilation update step, while the GRU-D component enhances the representation of temporally irregular observational inputs.

Together, they enable robust SM state estimation under conditions of limited, missing, and irregular observations.
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The remainder of this paper is organized as follows. Section 2 describes the study area and the datasets employed. Section 3
details the proposed framework, experimental design and evaluation metrics. Section 4 presents and analyzes the results of
assimilation experiments. Section 5 provides a discussion of the findings, including their implications and limitations. Finally,

Section 6 concludes the study and outlines future research directions.

2 Study Area and Data
2.1 Study Area

The Tibetan Plateau (73°19'~104°47" E, 26°00'~39°47' N), characterized by its vast and complex terrain, plays a critical role
in the Eurasian climate system and serves as a crucial driver for the Asian monsoon (Zhang et al., 2015). Its pronounced
topographic heterogeneity and diverse climatic conditions make it an ideal region for investigating SM dynamics under
complex environmental. To capture SM variability across different land surface conditions and to evaluate the proposed DA
framework, eight representative observation sites were selected (Fig.1 and Table 1), distributed across the central, eastern, and
western Tibetan Plateau. These sites span a range of elevations and soil texture conditions and represent two dominant land
cover types in the region, including grasslands and barren or sparsely vegetated surfaces, thereby providing a representative
characterization of SM dynamics across the study area. Based on land cover classification data (Zhu, 2022), the selected sites
can be broadly categorized into two dominant surface types: grassland (Maqu, Yeniugou, Naqu, and Maduo) and barren or
sparsely vegetated areas (Golmud, Tsedang, Shiquanhe, and Tuotuohe). This diversity in underlying surface conditions
provides a robust basis for evaluating the performance and generalizability of the proposed framework under heterogeneous

environmental conditions.
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150  Figure 1: Land-cover-type map of the study area and the location of the eight sites on the Tibetan Plateau.

155

Table 1. Summary of eight sites and their environmental characteristics

Coordinates Elevation (m) Land Cover Soil Texture
Maqu 102°08'E, 33°51'N 3474 Grasslands Clay
Yeniugou 99°34'E, 38°25'N 3320 Grasslands Loam
Naqu 91°54'E, 31°22'N 4509 Grasslands Sandy Loam
Maduo 98°22'E, 34°92'N 4272 Grasslands Sandy Loam
Golmud 94°91'E, 36°42'N 2805 Barren or Sparsely Vegetated Playa
Tsedang 91°46'E, 29°16'N 3560 Barren or Sparsely Vegetated Loam
Shiquanhe 80°05'E, 32°30'N 4278 Barren or Sparsely Vegetated Loam
Tuotuohe 92°44'E, 34°22'N 4533 Barren or Sparsely Vegetated Sandy Loam

2.2 Data
2.2.1 Forcing Dataset

In this study, the high-resolution near-surface meteorological dataset for the Third Pole region (TPMFD) was employed as the

input forcing data to drive the Noah-MP model. The dataset provides seven key forcing variables, including air temperature,
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surface pressure, relative humidity, wind speed, downward shortwave radiation, downward longwave radiation, and
precipitation rate. These variables are available at an hourly temporal resolution and a spatial resolution of 1/30° (Yang et al.,
2023). TPMFD offers long-term, high-quality gridded forcing data covering China since 1979, supporting its use in land
surface and hydrological modeling applications. Previous evaluations (Jiang et al., 2023, 2025) have shown that most TPMFD
variables outperform several widely used reanalysis products, such as ERAS5, ERAS5-Land, and the Global Land Data
Assimilation System (GLDAS), demonstrating its reliability as a high-resolution forcing dataset. In this study, the land surface

model was driven at an hourly time step using the TPMFD forcing.

2.2.2 Land surface vegetation Parameters

In addition to the meteorological forcing data, two satellite-derived products were used as vegetation parameters in the land
surface model to represent vegetation dynamics. Specifically, Leaf Area Index (LAI) was obtained from the MODIS Aqua
MYDI15A2H product (Ranga et al., 2015), while Fractional Vegetation Cover (FVC) was derived from the Global Land
Surface Satellite (GLASS) product developed by Beijing Normal University (Jia et al., 2019). These two remotely sensed
datasets provide complementary information on vegetation structure and are used to characterize vegetation conditions in the

model.

2.2.3 Soil Moisture

In this study, the SMCI1.0 dataset (Soil Moisture of China by in situ data, version 1.0) was employed as the reference for
validating SM estimates. This dataset, available from the National Tibetan Plateau Data Center (https://data.tpdc.ac.cn/home),
was developed using a Random Forest model trained on 1789 in situ stations and provides spatiotemporally continuous daily
soil moisture estimates at a 1 km spatial resolution for the period 2000-2020. Previous evaluations (Li et al., 2022) have
demonstrated the high accuracy of SMCI1.0 dataset, with unbiased root mean square errors (ubRMSE) ranging from 0.041 to
0.052 and Spearman correlation coefficients (R) from 0.883 to 0.919 at the temporal scale, and ubRMSE values of 0.045 to
0.051 and R values of 0.866 to 0.893 at the spatial scale. By effectively mitigating the data gaps and temporal discontinuities
inherent in raw station observations, SMCI1.0 provides a reliable and spatially continuous reference for evaluating soil
moisture dynamics. SM data at four depths (10, 30, 60, and 100 cm) were extracted from SMCI1.0 and used as benchmark

values for assessing the performance of DA experiments.

3 Methodology
3.1 Land surface model

Noah-MP is an augmented version of the Noah land surface model with multi-physics options (Niu et al., 2011; Yang et al.,
2011; He et al., 2023). Currently maintained and released by the National Center for Atmospheric Research (NCAR), its latest

version, v5.0, was released in March 2023, focusing on adopting modern Fortran standards and a modular architecture to
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enhance model scalability and interoperability. Physically, the model employs a tile scheme that divides each grid cell into
separate vegetation canopy and bare soil components to solve energy and water processes independently. Fluxes and states are
then area-weighted based on the vegetation fraction, while radiative transfer is handled by an improved two-stream scheme to
characterize canopy shading and gap effects.

In this study, the Noah-MP model was employed to conduct dynamic simulations of SM. The model was configured in offline
mode, with the soil column discretized into four layers at thicknesses of 10, 30, 60, and 100 cm from the surface downward.
To ensure experimental consistency and reduce variability arising from differences in model physics, a uniform set of physical
parameterization schemes was applied across all simulation runs within the Noah-MP land surface model framework. This
configuration helps to minimize the confounding influence of internal parameterization choices, thereby enhancing the
comparability of simulated soil moisture responses across experiments. As a result, differences in the simulation outputs can
be more confidently attributed to variations in meteorological forcing data, although residual uncertainties may still persist due
to model initialization, parameter specification, and inherent structural limitations. Detailed model configurations and the

rationale for the selected parameterization schemes are provided in Section 3.4.

3.2 Data assimilation and learning methods
3.2.1 Ensemble Kalman filter (EnKF)

The EnKF is a widely used sequential data assimilation method that is particularly effective for nonlinear systems due to its
ensemble-based approximation of error statistics (Evensen, 2003). In hydrological studies, it has been widely used to improve
model simulations through state correction (Sun et al., 2016). In this study, the EnKF-derived analysis is used as a reference
assimilation benchmark to assess the performance of the proposed framework. Furthermore, it is used as supervisory
information to train the FCNN, which learns the nonlinear mapping from model states to EnKF-based analysis estimates. In

the EnKF, the forward evolution of each ensemble member can be expressed as follows:

X/ =M(x],.a,,.B,) (1
Where M(-) denotes the model operator (Noah-MP in this study) used to forecast the state variables (i.e., SM). x{ +41 Tepresents
the forecast state variables (model simulations) of the i-th ensemble member at time #+1, while X7, is the ith ensemble member
of analysis state variables (after update/assimilation) at time ¢. The terms ;. and B; . represent the meteorological forcing
factors and parameters, respectively.

During the evolution of the dynamic system, when the SM observation Y. becomes available at time #+1, a random

perturbation v; is first added to the original observation to generate the perturbed observation ensemble and account for the

error associated with the observation.

Y[,t+1 = Yt+1 + Vi (2)
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Then, the optimal estimate of SM at time #+1 can be obtained by weighing the model simulations and the observations. The

specific update process is described as follows:

Pl =3 (X X )
N-1

K, =P/ H (HP.H +R)" )

Yo =H&/,) ®)

X =X K (Y = Yin) (6)

Where Ptf +1 denotes the forecast error covariance matrix at time #+1. x!

++1 represents the ensemble mean of the model

simulations at time #+1. K, is the Kalman gain matrix at time +1. H() is the observation operator to establish a relationship
between the model states and observations. y; ., represents the i-th ensemble member of the simulated observations, while
Y; r+1 denotes the i-th ensemble member of perturbed observations at time #+1. Finally, x{,, ; is the i-th ensemble member of

the analysis state variables after the update.

3.2.2 Fully Connected Neural Network (FCNN)

The FCNN is a feedforward neural network designed for nonlinear function approximation. It consists of an input layer, three
hidden layers, and an output layer, providing a flexible architecture for mapping high-dimensional inputs to target variables.
The network takes SM forecasts from four soil layers together with surface SM observations as input variables. The output is
the analyzed SM state. The Rectified Linear Unit (ReLU) activation function is adopted in the hidden layers to introduce
nonlinearity and improve the stability and efficiency of model training. Given the single-point modeling setting and relatively
compact input structure, the FCNN provides a simple yet effective framework for capturing nonlinear relationships between
input variables and target states, while maintaining computational efficiency and ease of optimization. The detailed FCNN

architecture and parameter settings are provided in Table 2.

Table 2. Neural network architecture in FCNN.

Neural network architecture

Input size 5

Output size 4

Number of layers 3
Activation function ReLU
Optimizer Adam
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3.2.3 Gated Recurrent Unit with Decay (GRU-D)

The GRU-D is a recurrent neural network variant designed to model temporal dependencies in sequential data with missing or
irregular observations (Che et al., 2018). It extends the standard Gated Recurrent Unit (GRU) by explicitly incorporating
missingness information to better handle incomplete time series data. Compared with traditional interpolation/imputation
methods, the GRU-D model encodes missing patterns directly into trainable decay mechanisms through end-to-end joint
training, simultaneously capturing variable correlations and temporal dependencies, thereby avoiding the limitations of
conventional approaches that ignore missingness information and struggle with high missing rates. As illustrated in Fig. 2, the
GRU-D processes sequential inputs by integrating observation values with missingness-related information, enabling time-
aware state updates under irregular sampling conditions. Specifically, GRU-D introduces two auxiliary components to
characterize missing data: a masking vector m; € {0, 1}, indicating whether each variable is observed, and a time interval &, €
R, characterizing the elapsed time from the last observation. Given a SM observation vector Y; at time step ¢, these two

components are defined as follows:

_{l, if Y, is observed

7

" 10, otherwise )
s, =S,_+0,_, t>lm_ =0

é‘z =98 =S > l’mt—l =1 (8)

0, t=1

where s, denotes the timestamp of the observation at time step ¢, with the initial timestamp assumed to be s; = 0.

MASK (m)

— IN(Y)

OUT (h)

Figure 2: Architecture of the GRU-D model used for reconstructing temporally continuous observation sequences (adapted from Che et al.,
2018).

By incorporating the aforementioned masking vector and time interval, the GRU-D controls the hidden state h; at step ¢

through a reset gate r; and an update gate z,, with the specific update functions defined as follows:

Yi=mY, +(1-m)(y, Y, +(1-y,)Y) 9)
ht—l = 7/"1 Ght—l (10)
=oW.Y +Uha+Vm+b,) (1D
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ZtZO'(VVZYt +Uzht-1+Vzm,+bZ) (12)
h =tanh(WY, +U (%, © hi) +Vm, +b) (13)
h=0-z)0h1+z Oh (14)

where yy and y}, denote the input decay and hidden state decay, respectively, which are utilized to update the observation
vector and the hidden state. W,., W,, W, U,., U,, U, V,, V, and V represent the weight matrices, while b,., b, and b are the

term. ¢ denotes the element-wise sigmoid function, and ® represents the element-wise multiplication.

3.3 Soil Moisture Data Assimilation Framework

A DL-augmented SM DA framework was developed by integrating GRU-D and FCNN within an EnKF-based assimilation
system coupled with Noah-MP (Fig. 3). The framework is designed to address two major challenges in conventional SM
assimilation: the limited availability of temporally continuous observations and the computational burden associated with the
EnKF analysis update.

GRU-D is first used to characterize temporal dependencies in incomplete observation sequences and reconstruct missing
surface SM observations. By explicitly accounting for elapsed time and missingness patterns, GRU-D generates temporally
continuous observational information that can be utilized by the assimilation system. The reconstructed observations are
subsequently used as observational constraints for state updating.

FCNN is employed as a surrogate representation of the EnKF analysis update. The network is trained using forecast—analysis
state pairs generated from the conventional EnKF assimilation system. Specifically, the inputs consist of four-layer SM
forecasts from Noah-MP together with the GRU-D reconstructed observations, while the outputs correspond to the EnKF
analysis states. Through supervised learning, FCNN learns the nonlinear mapping between model forecasts, observational
information, and updated states.

During assimilation, FCNN directly maps model forecasts and reconstructed observations to updated SM states without
requiring explicit background-error covariance estimation, Kalman gain calculation, or matrix inversion. The resulting analysis
states are then used to initialize the next model integration cycle, forming a sequential assimilation framework.

Compared with the conventional EnKF workflow, the proposed framework preserves the forecast—analysis structure of data
assimilation while replacing the computationally expensive analysis update with a learned surrogate operator. Meanwhile, the
incorporation of GRU-D enables more effective utilization of temporally sparse and irregular observations. Together, these
two components provide a unified framework for addressing both methodological and observational limitations in SM data

assimilation
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Figure 3: Schematic of the proposed SM DA framework based on the EnKF paradigm, with the FCNN (red box) approximating the analysis
update and the GRU-D module reconstructing missing observations. The EnKF component (blue box) provides analysis states for training,
while the GRU-D module (green box) ensures temporally continuous observational inputs. Solid and dashed green lines denote original and
reconstructed observations, respectively.

3.4 Experimental Design

3.4.1 Perturbation Settings and Parameterization Scheme

To verify the feasibility of the proposed SM assimilation framework, simulation and assimilation experiments were conducted

from May 1 to October 31, 2020, covering the summer and wet season with a daily time step. Prior to the experiments, a one-

year forcing dataset was repeatedly cycled eight times for model spin-up (Cai et al., 2014), allowing the system to reach a

quasi-equilibrium state and reduce the influence of initial conditions.

Random perturbation fields are required for input meteorological variables to characterize the uncertainty of the forcing dataset

and generate a state ensemble. In this study, the EnKF is implemented with an ensemble size of 50. Given the implicit physical
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correlations among meteorological variables, such as the typical association between increased precipitation and decreased
temperature, it is more reasonable to employ multivariate random fields synergistic perturbations (Reichle et al., 2007; Kwon
et al., 2019). Following the configurations in Table 3, this study applies additive perturbations with a normal distribution to
air temperature and longwave radiation, while multiplicative perturbations with a log-normal distribution are applied to

precipitation and shortwave radiation (Chen et al., 2021).

Table 3. Perturbation settings for forcing data and state variables.

Cross-Correlations

Description Perturbation Type Standard Deviation

SW LW T
Precipitation (P) M 0.5 / -0.8 0.5 -0.1
Shortwave radiation (SW) M 0.3 -0.8 / -0.5 0.3
Longwave radiation (LW) A 50 W m? 0.5 -0.5 / 0.6
Air temperature (T) A 2K -0.1 0.3 0.6 /
Soil moisture M 0.1

Note: A indicates normally distributed additive perturbations; M indicates lognormally distributed multiplicative perturbations.

The parameterization schemes of the Noah-MP 5.0 model encompass core modules such as energy balance, hydrological cycle,
and biogeochemistry, providing multiple options for several key physical processes (He et al., 2023). In this study, the
combination of parameterization schemes (Table S1 in the Supplement) recommended by Chen et al. (2021) is adopted. Based
on this configuration, the ensemble of model simulations generated by driving the model with perturbed meteorological forcing

is defined as the open-loop (OL) run.

3.4.2 Observation Interval Settings

Considering the limited availability of continuous in situ SM observations, five assimilation scenarios with different
observation intervals are designed to examine the sensitivity of the assimilation performance to observation frequency. The
scenarios include daily, 3-day, 5-day, 7-day, and randomly sampled observation intervals. These configurations are used to
represent varying degrees of temporal sparsity in observational constraints, enabling a systematic evaluation of assimilation
behavior under different data availability conditions. In addition, the computational efficiency of all assimilation methods is

assessed by recording the total runtime in a CPU-based environment.

3.4.3 Data Assimilation Scheme

To evaluate the respective and combined contributions of the FCNN-based assimilation operator and the GRU-D-based
observation reconstruction module, three assimilation schemes are designed in this study, using the standard EnKF -based
assimilation system as a benchmark. The first scheme is the baseline EnKF assimilation, in which raw SM observations are

directly assimilated whenever available. In the DL-based assimilation framework, two comparative cases are defined: P1, in
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which the FCNN-based update operator is used to replace the EnKF analysis step, while still assimilating raw SM observations
with missing values; and P2, in which the full proposed framework is employed, where missing observations are first
reconstructed using the GRU-D model before being input into the FCNN-based assimilation system. This experimental design
enables a systematic evaluation of (i) the performance gain from replacing the EnKF update step with FCNN, and (ii) the
additional benefit of incorporating GRU-D-based observation reconstruction. All assimilation experiments are conducted
under identical model configurations, forcing data, and computational environment to ensure fair comparison of both accuracy

and computational efficiency.

3.5 Evaluation Indicators

To more clearly demonstrate the predictive performance of the proposed framework, the mean bias error (MBE), the root-

mean-square error (RMSE), and the correlation coefficient (R) are used as evaluation measures in this study.

1 T
MBE = =" (x, = X,,,,) (15)
TS
1 T
RMSE = \/?Z(xt —X,,) (16)
=1

Zj:] (xl - ‘;)(xabs,l - ‘a)
R=—— i - _
\/thl (xf - x)2 \/thl (xobs,t - xohx )2

where 7T is the total number of time steps, x; denotes the SM values estimated from model simulations or assimilation

(17

experiments, and X, ; represents the in situ SM observations at time z.

4 Results

The performance of three assimilation strategies (EnKF, P1, and P2) is comprehensively evaluated through analyses of time
series behavior, quantitative metrics, and computational runtime. The main text presents result for three representative
scenarios: continuous observations, observations available every three days, and randomly distributed observation intervals.
Evaluation metrics calculated over the entire study period for these scenarios are presented in Figs. S1, S2, and S13 in the
Supplement. Additional results for scenarios with observation intervals of five and seven days, together with their

corresponding evaluation metrics, are presented in Figs. S3-S12 in the Supplement.

4.1 Continuous observations

Fig. 4 presents the averaged SM time series and corresponding scatter plots for the OL simulation and three assimilation
experiments (EnKF, P1, and P2) at depths of 10, 30, 60, and 100 cm, based on observations from the eight sites. Overall, the

OL results show obvious underestimation at all four soil layers. In contrast, the assimilation results significantly improve the
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SM estimates and bring them closer to the observations, indicating that DA effectively corrects the systematic bias in the model
background field. In this scenario, the observation data are continuously available at a daily time step, resulting in completely
consistent outputs of P1 and P2. During the training period, the FCNN assimilation results are highly consistent with the EnKF
analysis results, indicating that the network can effectively capture the nonlinear mapping from the model forecast and
observation inputs to the corresponding analysis states. This consistency is also maintained in the testing phase, and the FCNN
outputs are still highly consistent with the EnKF results, indicating that the learned model has good generalization ability for
unseen data and successfully approximates the EnKF update operator, thus realizing efficient assimilation without explicit
covariance calculation. The scatter distributions in the right column of Fig. 4 further support the above findings. Compared
with OL, all assimilation experiments exhibit distributions that are more closely aligned with the 1:1 reference line, indicating
improved agreement with the observations and reduced systematic bias. Among the three assimilation schemes, P1 and P2
show scatter distributions that are highly comparable to those of EnKF, suggesting that FCNN successfully reproduces the
statistical characteristics of the EnKF analysis states. These results indicate that the learned surrogate update operator can
effectively capture the relationship between model forecasts, observations, and analysis states while maintaining assimilation
performance comparable to that of the conventional EnKF. Comparisons across soil depths show that the magnitude of
assimilation improvement gradually decreases with increasing depth. The largest improvement is observed at 10 cm, whereas
the improvements at 60-100 cm are considerably smaller. This depth-dependent behavior is primarily attributable to the limited
capability of surface SM observations to constrain deeper soil layers. Because the observations directly inform near-surface
soil moisture states, their influence on deeper layers relies mainly on vertical soil water transport and model dynamics. As a

result, observational information gradually attenuates as it propagates downward through the soil profile.
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Fig. 5 and Fig. 6 present the RMSE, MBE and R at the eight observation sites during the training and testing periods,
respectively. Overall, EnKF, P1, and P2 exhibit similar performance across all sites, whereas OL generally underestimates SM

and shows larger errors and weaker correlations with observations. After assimilation with FCNN or EnKF, the simulation
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accuracy of the surface soil layer (0-10 cm) improves markedly, with RMSE value decreasing substantially from 0.238 to
0.016/0.018 for the training/testing periods. Estimates of deep SM also improved, with RMSE values in the 10-30 cm, 30-60
cm and 60-100 cm layers decreasing from 0.152, 0.108 and 0.078 to 0.029/0.029, 0.057/0.059 and 0.060/0.059, respectively.
In addition, MBE values from both assimilation methods approach zero, while the R increases significantly, indicating
substantially improved agreement between assimilated simulations and observations. Overall, both the FCNN-based and EnKF
assimilation schemes effectively enhance SM estimation accuracy, further supporting the reliability of the proposed FCNN-

based assimilation framework as a surrogate representation of the EnKF update process.

1
[ [JoL IJ:IEnKF [Ipup2
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Figure 5: Comparison of RMSE, MBE, and R for OL simulations and different assimilation strategies across four soil layers at eight sites
during the training period under continuous observations.
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Figure 6: Same evaluation as Fig. 5, but for the testing period under continuous observations.

According to the runtime statistics, the average computation time over the entire simulation period is 293.70 s for EnKF and
186.73 s for FCNN, corresponding to a runtime reduction of approximately 36.4%. The higher computational cost of EnKF
mainly arises from the need to estimate background error covariance and perform matrix-based analysis updates at each
assimilation cycle. In contrast, FCNN learns the EnKF update relationship during the offline training stage, and the analysis
states can subsequently be obtained through efficient forward propagation during assimilation. Consequently, FCNN

significantly reduces computational cost while achieving assimilation performance comparable to that of EnKF.

4.2 3-day observation interval

Fig. 7 presents the original SM observations and the reconstructed SM time series generated by the GRU-D model. The GRU-
D reconstruction effectively fills in missing values, producing a temporally continuous observation record that provides more
complete inputs for the subsequent DA process. Fig. 8 presents the averaged SM time series and scatter plots across the eight
study sites under the 3-day observation interval scenario. Compared with the continuous-observation experiment, clearer
differences emerge between P1 and P2, particularly in the surface soil layer. Although all assimilation schemes improve the
OL simulation by incorporating observational information, the advantage of P2 becomes more evident when observations are
temporally sparse. Under this scenario, SM estimation relies more heavily on model forecasts during periods without
observations, allowing model biases to gradually accumulate between successive assimilation updates. By reconstructing
missing observations, GRU-D provides temporally continuous observational constraints that can be incorporated into the
assimilation process. As a result, P2 produces smoother and more stable SM estimates than P1 and exhibits closer agreement

with the observations, particularly during periods with prolonged observational gaps. These results demonstrate the importance
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390 of explicitly accounting for temporal sparsity in SM data assimilation and highlight the benefit of incorporating reconstructed

observations under limited observation conditions.
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Figure 7: Comparison between original SM observations and the GRU-D reconstructed series under a 3-day observation interval at eight
sites. Dots represent the original observations, while the solid line represents the time series reconstructed by the GRU-D model.
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The gray solid line denotes the 1:1 reference line.

Fig. 9 and Fig. 10 summarize the RMSE, MBE, and R values at the eight observation sites during the training and testing

400 periods under the 3-day observation interval scenario. Overall, all assimilation schemes outperform OL, demonstrating the
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benefit of incorporating observational information into the SM estimation process. Compared with EnKF and P1, P2 generally
achieves lower RMSE and MBE values and higher R values at most sites, indicating that the incorporation of reconstructed
observations provides additional skill under temporally sparse observation conditions. The assimilation improvements are most
pronounced in the upper two soil layers, where EnKF, P1, and particularly P2 substantially improve SM estimation.
Specifically, the mean R of the first layer increases from -0.067 to approximately 0.364/0.311, while in the second layer it
increases from -0.076 to about 0.156/0.131. Meanwhile, both the mean MBE and RMSE decrease markedly, with the average
RMSE reductions exceeding 60% in the upper layers. With the P2 scheme, further improvements are achieved, with the mean
R value in the first layer reaching 0.757 and that in the second layer increasing to 0.275, while the corresponding RMSE
reductions exceed 80%. In contrast, improvements in the deeper layers are relatively limited, and the differences among the
assimilation schemes become less evident. This depth-dependent behavior reflects the limited ability of surface observations
to constrain subsurface states. Because observational information is introduced at the surface and propagated downward
primarily through vertical soil water transport processes, its influence gradually weakens with increasing depth, resulting in
reduced assimilation impacts in deeper soil layers.
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Figure 9: Same evaluation as Fig. 5, but for the training period under a 3-day observation interval.
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Figure 10: Same evaluation as Fig. 5, but for the testing period under a 3-day observation interval.

According to the runtime statistics, the average computational time of EnKF over the entire simulation period is 284.76 s,
while P1 and P2 require 189.63 s and 186.97 s, respectively. This corresponds to a reduction in computational cost of
approximately 33.4% for P1 and 34.4% for P2 relative to EnKF. Both P1 and P2 substantially reduce computational cost
compared with EnKF. In particular, P1 achieves a significant reduction while maintaining assimilation accuracy comparable
to EnKF, whereas P2 exhibits a similar computational cost to P1 while providing improved consistency with observations, as

demonstrated in the statistical evaluation results.

4.3 Random observation intervals

Under fixed observation intervals, the P2 has been shown to effectively reconstruct missing observations and improve the SM
estimates. This section further evaluates the robustness of the proposed framework under irregular observation timing
conditions.

Fig. 11 presents the GRU-D reconstructed observation series under random observation intervals. Fig. 12 compares the OL
simulations with results of the three assimilation schemes. Both the EnKF and P1 schemes effectively correct model biases
once observational information becomes available. However, as the observation interval increases, short-term sharp deviations
are still observed, indicating that model forecast errors tend to accumulate during periods without observational constraints,
leading to reduced temporal stability in the simulated SM series. In contrast, the P2 scheme, which incorporates GRU-D-based
observation reconstruction, provides continuous observational constraints and maintains more stable assimilation updates

under irregular observation conditions, resulting in improved simulation consistency.
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Figure 11: Same as Fig. 7, but for irregular observation intervals.
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Figure 12: Same as Fig. 8, but for irregular observation intervals.

Fig. 13 shows the RMSE, MBE, and R during the training period, indicating that the FCNN can still effectively approximate
440 the EnKF analysis outputs under irregular observation scenarios. Consistent with the testing results on Fig. 14, the P2 scheme

generally outperforms the other methods in surface SM simulation across all sites. For deeper soil layers, P2 still performs
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better in most cases. However, at several sites (e.g., Maduo, Golmud, and Shiquanhe), the EnKF, P1, or OL simulations show
slightly better performance for certain metrics. This suggests that when model structural uncertainties or soil parameter errors

are relatively large, the benefits of DA for deep SM remain limited.
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Figure 13: Same evaluation as Fig. 5, but for the training period under randomly distributed observation intervals.
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Figure 14: Same evaluation as Fig. 5, but for the testing period under randomly distributed observation intervals.
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Over the entire simulation period, the conventional EnKF-based assimilation strategy exhibits the highest computational cost,
with an average runtime of 282.69 s. In comparison, the FCNN-based assimilation requires 187.59 s, corresponding to a
runtime reduction of approximately 33.6%. The P2 scheme shows a similar computational cost of 193.33 s, representing a
reduction of approximately 31.6% relative to EnKF. These results indicate that the proposed DL-augmented assimilation
frameworks substantially reduce computational cost while maintaining assimilation performance comparable to that of the

conventional EnKF approach.

5 Discussion
5.1 Rationale for FCNN and GRU-D Integration

This study proposes an SM DA framework that integrates FCNN and GRU-D components, in which SM states are estimated
by combining Noah-MP model forecasts with surface SM observations. Previous studies have demonstrated that neural
network-based approaches can effectively emulate the EnKF update step, particularly in handling nonlinear and non-Gaussian
characteristics (Boucher et al., 2020; Cai et al., 2024; Zhang et al., 2025). By learning nonlinear mappings between model
forecasts, observations, and analysis states, these methods relax the restrictive assumptions of linearity and Gaussian error
statistics inherent in traditional DA formulations. However, existing approaches are often based on relatively deep and complex
network architectures, which, while expressive, may introduce challenges in computational efficiency and generalization
stability, particularly in large-scale or frequently updated land surface applications. To address this issue, a lightweight FCNN
architecture is adopted in this study to balance nonlinear representation capability and computational efficiency, making it
more suitable for operational land surface assimilation. In addition, most conventional studies treat observational preprocessing
in a simplified manner, typically relying on interpolation or smoothing techniques that fail to adequately represent temporal
discontinuities and missing-data patterns in observational records. To overcome this limitation, a GRU-D-based reconstruction
module is introduced to explicitly model missingness patterns and temporal intervals, thereby enabling more physically
consistent and temporally continuous observational constraints within the assimilation system. Overall, the proposed
framework maintains the structural logic of the EnKF-based assimilation paradigm while extending it into a hybrid data-driven
formulation. This is achieved by replacing the explicit Kalman update with a learned nonlinear operator and embedding a
missing-data-aware observational reconstruction mechanism, thereby improving both robustness under incomplete

observations and computational efficiency in soil moisture estimation.

5.2 Advantages of the Proposed DA Framework

The proposed framework improves both computational efficiency and assimilation robustness by integrating neural operator
learning with missing-data-aware observation reconstruction. By replacing the explicit Kalman filter update with a FCNN-
based nonlinear mapping, the framework provides a data-driven approximation of the EnKF analysis operator, substantially

reducing the computational cost associated with covariance propagation and gain estimation in conventional assimilation
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schemes. This reformulation enables efficient application to high-resolution LSMs and large-scale or long-term simulations
under limited computational resources. Meanwhile, from a dynamical systems perspective, DA relies on continuous
observational constraints to regulate model state evolution; however, intermittent or missing observations weaken this
constraint, allowing model errors to accumulate during temporal integration and degrading system stability. To address this
issue, the GRU-D module reconstructs temporally continuous observational sequences by explicitly modeling missingness
patterns and temporal dependencies, thereby restoring observation-driven constraints throughout the assimilation process.
Overall, the framework establishes a unified hybrid paradigm that couples neural approximation of the assimilation operator
with temporally consistent observational reconstruction, enhancing robustness under irregular observation conditions while

maintaining computational efficiency.

5.3 Limitations and Prospects

Although the proposed framework demonstrates notable advantages in handling observation sequences with missing values
and improving computational efficiency, several limitations remain. The current evaluation is conducted primarily at the site
scale, which does not fully represent the spatial heterogeneity and process complexity of large-scale land surface systems.
Future work should extend the framework to regional and continental scales to further assess its robustness and generalization
capability under diverse hydro-meteorological conditions. It is important to clarify the methodological positioning of the
proposed approach. The framework is developed within the EnKF-based DA paradigm, where the FCNN is designed to
emulate the analysis update step rather than to replace the overall assimilation theory. In this context, the GRU-D module acts
as an auxiliary component that improves the continuity of observational constraints by reconstructing missing observations,
but the overall framework remains grounded in the EnKF formulation. Consequently, while the proposed method improves
computational efficiency and robustness under missing observations, it does not constitute a fully independent alternative to
traditional DA theory, and future research should explore more general assimilation paradigms beyond the EnKF-based
framework. In addition, limitations in the physical representation of the underlying Noah-MP model remain an important
source of uncertainty, particularly in the simulation of deep SM, where structural and parameterization biases are evident.
Addressing these limitations will require targeted calibration and process-level refinement of LSMs (Raoult et al., 2025).
Finally, the current observation reconstruction strategy does not explicitly incorporate additional land surface energy variables
such as shortwave radiation, longwave radiation, and latent heat flux, which may provide complementary physical constraints
for SM estimation under sparse observation conditions. Future work should consider integrating multi-source observational

information to enhance the physical consistency and stability of reconstructed SM observation sequences (Wang et al., 2025).

27



510

515

520

525

530

535

https://doi.org/10.5194/egusphere-2026-3207
Preprint. Discussion started: 22 July 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

6 Conclusion

This study developed a DL-augmented SM DA framework by integrating FCNN and GRU-D with the Noah-MP land surface
model, enabling efficient SM estimation under temporally incomplete observational conditions. The framework was evaluated
across five experimental scenarios at eight sites representing different land surface conditions over the Tibetan Plateau.
Results show that the FCNN-based assimilation reproduces EnKF-based state updates with comparable temporal dynamics
and statistical performance, indicating that the learned surrogate operator can effectively capture the nonlinear relationship
between model forecasts, observations, and analysis states. This suggests the potential of replacing computationally expensive
ensemble-based update procedures with data-driven nonlinear mappings. The inclusion of GRU-D improves the utilization of
temporally incomplete observations by generating continuous observational inputs under missing-data conditions, thereby
enhancing the stability of the assimilation process under sparse observation scenarios. From a computational perspective, the
proposed framework reduces the average runtime by approximately 33.6% compared with the conventional EnKF method,
demonstrating the efficiency of neural surrogate-based assimilation.

Overall, the proposed framework provides a hybrid DA paradigm that combines physical land surface modeling with data-
driven operator learning and missing-data-aware observation processing. It improves computational efficiency and maintains
reliable assimilation performance under limited observational availability, offering a scalable pathway for land surface data
assimilation in data-sparse environments. Future work will focus on extending the framework to larger spatial domains and

further investigating parameters and structural uncertainties within the assimilation system.
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