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Abstract

Soil moisture is a fundamental variable controlling hydrologic partitioning, land–atmosphere
exchange, and biogeochemical cycling. Although widely characterized through obser-
vations, remote sensing, and data-driven approaches, the representation of soil water
fluxes and subsurface processes in predictive models remains less systematically synthe-
sized. Here, we present a structured review of widely used predictive models, focusing
on their process formulations, spatial discretization, and treatment of soil water fluxes
across scales. The synthesis reveals consistent trade-offs among physical realism, scalability,
data intensity, and computational efficiency. Conceptual models based on tipping-bucket
approaches simplify soil water movement as threshold-driven storage processes and un-
derrepresent transient redistribution and deep soil moisture dynamics. Storage-routing
models introduce flux-based redistribution but rely on empirical parameterization that
dampen transient flux dynamics. Physically based models resolve hydraulic gradients and
provide the highest process fidelity but require extensive data and computational resources.
Across scales, the absence or simplification of preferential flow and lateral subsurface flow
constitutes the dominant structural limitation, producing systematic smoothing of soil
moisture variability. The review provides a comparative basis for model selection and
highlights critical directions for improving the representation of subsurface hydrologic
dynamics in predictive frameworks.

Keywords: soil moisture; predictive models; soil water fluxes; model evaluation

1. Introduction
Soil moisture, the water stored within soil pore spaces, is a fundamental component of

the terrestrial water cycle and a critical driver of ecological and biogeochemical processes.
Hydrologically, it governs infiltration, runoff generation, and groundwater re-charge, while
constraining evapotranspiration and influencing surface energy balance [1,2]. Through
these interactions, soil moisture exerts strong control on climate feedback and ecosystem
functioning. Soil water deficits or excesses influence plant water availability and crop
productivity, making soil moisture a critical factor in agricultural resilience and global food
security [3,4]. In addition, it regulates subsurface heat transfer and solute transport, thereby
affecting contaminant mobility and other environmental processes [5]. Consequently,
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robust characterization and prediction of soil moisture dynamics are indispensable for
advancing hydrology, soil science, agronomy, and environmental management.

A range of approaches exist for estimating soil water content, including direct mea-
surements, in situ sensor-based techniques, geophysical methods, remote sensing methods,
predictive models, and data-driven machine learning. Direct measurements offer high
accuracy yet lack spatial representativeness and scalability [6–11], while sensor-based
observations, though continuous, remain affected by calibration requirements, soil het-
erogeneity, and site-specific variability [12]. Geophysical methods provide non-invasive
spatial characterization of soil moisture variability but remain dependent on site-specific
calibration and interpretation of indirect geophysical signals [13,14]. Remote sensing ex-
tends spatial coverage but is constrained by vegetation interference, surface roughness,
atmospheric effects, and shallow sensing depth [2,4,15–17]. Collectively, these approaches
quantify soil moisture conditions but provide limited insight into the internal redistribution
of water within the soil profile and cannot resolve the subsurface fluxes that govern its
dynamics. These limitations highlight the importance of predictive modeling approaches,
which provide a framework to generalize across conditions, fill observational gaps, and
integrate process understanding across scales. However, most predictive models have
historically been developed to reproduce surface responses, particularly runoff generation.
Consequently, many widely applied models are parameterized for surface processes, and
rely on simplified or implicit assumptions and representations that inadequately resolve
subsurface water redistribution. This challenge is compounded by the fragmented evolu-
tion of modeling approaches across hydrological, agricultural, and land surface disciplines.
Machine learning methods have also emerged as alternatives to process-based models, with
growing hybrid applications that combine the strengths of both approaches, particularly
where data limitations or complex interactions challenge traditional approaches [18,19].
While these techniques can flexibly capture relationships without explicit physical repre-
sentation, their predictive reliability is highly dependent on large, well-distributed training
datasets and deteriorates under data scarcity or extrapolation [18]. Moreover, their predom-
inantly black-box structure limits interpretability, constraining process understanding and
scientific transferability [18,19].

Despite the central role of subsurface fluxes in determining soil moisture dynamics
and advances in predictive modeling, systematic evaluation of predictive models in this
context remains limited. Existing reviews of predictive models primarily focus on runoff,
erosion, and nutrient transport, whereas reviews on soil water estimation methods have
largely emphasized observational and estimation methods [8,11–13,16,20], remote sens-
ing techniques [3,4,15,18], and machine learning applications [18,19,21]. As a result, the
adequacy, consistency, and scalability of current approaches for representing soil water
dynamics remain insufficiently resolved.

This study addresses the previously described gap by providing a structured syn-
thesis of widely used predictive models for soil moisture and soil water flux simulation. In
contrast to prior reviews, this synthesis examines modeling frameworks across hydrological,
agricultural, and land surface domains, evaluating their representation of subsurface
processes, spatial organization, computational structure, and data requirements. Through
this comparative analysis, we identify key trade-offs governing model performance and
applicability, establish a basis for consistent model comparison, and assess their capacity
to represent the fluxes that control soil moisture dynamics. The synthesis provides a
unifying perspective on existing modeling approaches, highlights persistent limitations
in representing subsurface heterogeneity and process coupling, and outlines priorities for
advancing predictive frameworks of soil water dynamics.
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2. Selected Soil Water Predictive Models
A wide range of models exist for predicting soil water content and can be system-

atically categorized according to their representation of physical processes, treatment of
spatial variability and scale of application [22–24]. From a process perspective, models span
a continuum from conceptual formulations that approximate fluxes using empirical storage
transfer relationships to physically based approaches that resolve water movement as a
continuous function of soil hydraulic properties. In terms of spatial representation, models
range from lumped to semi-distributed and fully distributed frameworks, increasingly
resolving heterogeneity at the cost of greater data and computational demands. Lumped
models treat the entire domain as a single homogeneous unit, simplifying structure and
reducing data requirements but limiting representation of local processes. Distributed
models discretize the domain into grid cells or elements with distinct properties, enabling
detailed simulations but requiring high-resolution input data and substantial computa-
tional resources. Semi-distributed models partition the domain into subareas with similar
characteristics, providing a practical balance between complexity and computational ef-
ficiency, though some fine-scale variability is lost. As applications extend from field to
watershed and regional scales, simplifications in process representation are often introduced
to maintain tractability, which can reduce simulation fidelity. These classifications are not
mutually exclusive, and substantial overlap exists among categories, particularly in newer
model versions that increasingly incorporate hybrid formulations to address identified
limitations and to better meet emerging application and research needs. For consistency,
models are classified according to their original theoretical foundations and intended scale
of application as described in the foundational literature and model documentation, rather
than subsequent modifications or expanded applications.

Accordingly, commonly applied soil water models used in hydrological and agri-
cultural research (Figure 1) discussed hereafter are organized by their primary scale of
application (field, watershed, and regional). Within each scale category, models are evalu-
ated based on their representation of physical processes and treatment of spatial variability.
Each model is examined with respect to its theoretical foundation, soil moisture prediction
methodology, input data requirements, and output data. In addition, model performance
is assessed through a discussion of reported predictive accuracy and inherent limitations,
providing a comparative perspective to support informed model selection across diverse
applications. This synthesis draws upon peer-reviewed literature documenting model
development, theoretical underpinnings, evaluation, and application across a wide range
of spatial scales, environmental conditions, and research and management contexts.

2.1. Field-Scale Models
2.1.1. APEX (Agricultural Policy/Environmental eXtender) Model
Description

APEX is a process-based conceptual modeling framework designed to evaluate the
impacts of agricultural management practices on soil, water, and environmental quality at
field to watershed scales [25,26]. It integrates hydrology, crop growth, nutrient cycling, and
management operations within a flexible framework, making it suitable for scenario analy-
sis and decision support in agricultural systems. The model typically operates on a daily
time step, aggregating outputs to monthly or annual scales, and is primarily employed to
evaluate water balance components, nutrient transport pathways, and crop productivity
under diverse management regimes and climatic variability. Model implementation is sup-
ported through multiple interfaces, including native ASCII text-based configuration files, a
Windows-based graphical user interface, and Excel-driven editors. Furthermore, APEX is
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frequently integrated into GIS-based platforms, which facilitate spatial parameterization,
routing, and visualization of hydrologic and pollutant fluxes [25,27,28].

Figure 1. Classification of models by their soil water content simulation approach. The figure
maps common soil water models by process representation (conceptual–physical), spatial structure
(lumped, semi-distributed, distributed), and primary scale of application (field, watershed, regional).
Solid arrows denote physically based models, and dotted arrows denote conceptual models. Arrows
place each model within their spatial discretization and scale of application categories.

Soil Moisture Content Prediction

APEX predicts soil moisture content as part of the daily subarea water balance using a
layered storage-routing formulation combined with empirical algorithms. Precipitation
and irrigation inputs are partitioned into surface runoff and infiltration based on methods
such as the SCS Curve Number or Green–Ampt approach [28]. Infiltrated water is routed
through a multi-layer soil profile, where redistribution occurs according to soil hydraulic
properties and evapotranspiration demand. Downward percolation takes place when the
water content of a layer exceeds its field capacity. Lateral subsurface flow is simulated
when excess soil water coincides with sloping terrain; this process is represented conceptu-
ally through an empirical relationship incorporating soil water surplus, lateral hydraulic
conductivity, and slope gradient, with gravity-driven flow routed to adjacent subareas or
channels [29]. Plant water uptake is allocated across layers according to root depth and
density, while evapotranspiration is computed using approaches such as Penman–Monteith
or Priestley–Taylor [25,29]. The change in soil water storage for each layer is calculated
as infiltrated water minus losses from evapotranspiration, percolation, lateral flow, and
plant uptake.

The model requires climate data (e.g., precipitation, temperature, solar radiation), soil
properties (e.g., texture, hydraulic conductivity, porosity, field capacity), crop parameters
(e.g., rooting depth, growth stages), and management practices (e.g., tillage, irrigation,
fertilization). Initial conditions specify soil moisture in each layer. Outputs include soil
moisture content by layer, infiltration and percolation rates, lateral subsurface flow, surface
runoff, and evapotranspiration components.
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Predictive Accuracy and Limitations

Although APEX is widely applied for simulating runoff, soil erosion, and nutrient
transport, its application for soil moisture modeling remains limited. Available field-scale
applications have shown good agreement with observed soil moisture after calibration
of hydraulic properties [25,30,31]. Enhancements such as integrating a Richards-based
solver have improved representation of unsaturated flow and root-zone redistribution [32].
However, like other models that rely on simplified empirical formulations for soil water
fluxes, APEX may underperform under complex hydrological conditions involving pref-
erential flow that form in swelling/cracking soils or highly heterogeneous soils. Overall,
while current evidence is insufficient to confirm its robustness for soil moisture prediction
at field and watershed scales, existing studies suggest APEX can reliably simulate other
water balance components. Further research is needed to validate its performance for soil
moisture modeling.

2.1.2. AquaCrop
Description

Developed by FAO’s Land and Water Division, AquaCrop is a process-based crop
model simulating yield response to water availability in herbaceous crops under varying
soil, climate, and management scenarios [33–35]. It prioritizes water biomass relationships
and balances simplicity, robustness, and accuracy by using a limited set of intuitive param-
eters [36,37]. Its principal spatial scale is the field level, although it can be extended to farm
or regional scales through aggregation. Operating on a daily time step, the model inte-
grates soil–water dynamics, crop phenology, canopy cover, and evapotranspiration within
a multi-layer soil profile. AquaCrop is widely used for irrigation planning, drought impact
assessment, and water productivity analysis in both research and practical applications.
The model features a Windows-based graphical user interface (GUI) and is compatible with
GIS-based spatial modules [36,37].

Soil Moisture Content Prediction

AquaCrop partitions precipitation and irrigation into infiltration, runoff, and deep
percolation using simple soil hydraulic thresholds. The model predicts soil moisture using a
tipping bucket approach, where water infiltrates into successive soil layers until storage ca-
pacity is reached, after which excess water percolates downward or contributes to drainage.
It tracks daily soil moisture across multiple root-zone layers, maintaining a continuous
water balance [33,37]. Evapotranspiration is calculated using the FAO Penman–Monteith
method, adjusted by canopy cover and crop coefficients. Vertical fluxes, including per-
colation and capillary rise, and root-zone uptake are dynamically simulated. The model
requires inputs such as daily weather, soil characteristics, and crop descriptors (e.g., root-
ing depth, canopy growth stages). Model outputs include daily soil water content by
layer, infiltration and percolation rates, surface runoff, evapotranspiration components,
crop water-stress indicators, water balance summaries, biomass accumulation, and yield
predictions [33,34,38].

Predictive Accuracy and Limitations

Validation evidence indicates that AquaCrop can capture daily and seasonal soil
moisture dynamics at both field and regional scales, with strong agreement in standard
irrigation settings [38,39]. Performance declines under more complex hydro-pedological
stressors. Deeper-profile SWC under moderate-to-severe deficit irrigation are less accurately
simulated, consistent with sensitivities to root distribution and the model’s simplified
representation of preferential flow [40]. The model’s main strength lies in its simplicity
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and robustness. However, it simplifies several soil water flux processes, which can limit
accuracy in complex conditions. It assumes uniform root distribution and does not model
preferential flow or lateral subsurface movement, making deep soil moisture less reliable.

2.1.3. DSSAT (Decision Support System for Agrotechnology Transfer)
Description

DSSAT is a widely used, process-based modeling framework designed to simulate
crop growth, soil water balance, and nutrient dynamics under varying management and
environmental conditions. DSSAT integrates multiple crop models with soil and weather
modules to evaluate agricultural productivity and resource use efficiency, and incorporates
utilities for data management, economic evaluation, and uncertainty analysis [41]. It is
primarily applied at the field scale, though it can be extended to watershed or regional scales
through aggregation. Temporal resolution is typically daily, with simulations spanning
from a single growing season to multiple decades for climate impact assessments. DSSAT
is extensively applied in research and decision support, with interoperability through GIS
platforms and external systems for spatial analysis.

Soil Moisture Content Prediction

DSSAT predicts soil moisture dynamics using a tipping bucket approach, a conceptual
method that represents the soil profile as a series of discrete layers, each with a defined
water-holding capacity. Water enters the system through precipitation or irrigation and
infiltrates into the uppermost layer after accounting for surface runoff. Within each layer,
soil water content is updated daily based on infiltration, evaporation, transpiration, and
drainage. When the water content of a layer exceeds its field capacity, the surplus is
assumed to drain instantaneously to the next layer or out of the profile, mimicking the be-
havior of a “bucket” tipping over when full. Plant water uptake is distributed across layers
according to root depth and water availability, while evapotranspiration is computed using
physically based methods such as Penman–Monteith or Priestley–Taylor. This approach
simplifies unsaturated water flow by assuming that excess water moves rapidly between
soil layers once field capacity is exceeded, rather than simulating gradual movement driven
by matric potential gradients. As a result, it is computationally efficient and well suited for
water balance assessments; however, it is less suitable for applications requiring detailed
representation of preferential flow, macropore transport, or rapid water redistribution in
heterogeneous soils. DSSAT requires comprehensive input data including daily weather
variables (precipitation, temperature, solar radiation), soil profile properties (texture, depth,
water retention, hydraulic conductivity), crop parameters (growth stages, rooting depth,
water use efficiency), and management practices (planting dates, irrigation schedules, fertil-
ization). Initial soil moisture and nutrient conditions must also be specified [41,42]. DSSAT
provides outputs such as daily soil water content by layer, infiltration and percolation rates,
surface runoff, and evapotranspiration components. Additional outputs include crop water
stress indicators, water balance summaries, and yield predictions [41].

Predictive Accuracy and Limitations

DSSAT has demonstrated robust performance in simulating soil moisture and crop
growth when properly parameterized. Field-scale studies report good agreement between
simulated and observed soil moisture, particularly in the root zone. Integration of satellite-
derived soil moisture products further enhances DSSAT’s predictive capability for root-zone
moisture, improving its utility. Despite these strengths, DSSAT’s reliance on the tipping
bucket approach introduces limitations. The method cannot represent gradual unsaturated
flow or preferential pathways, which may reduce accuracy under complex hydrological
conditions. Additionally, the model requires detailed soil hydraulic properties and crop
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genotype-specific parameters for calibration, which can be resource-intensive. While
computationally efficient, the conceptual approach sacrifices physical realism. Nevertheless,
DSSAT remains a robust and widely adopted tool for simulating water balance and crop
productivity, particularly when combined with calibration and data assimilation techniques.

2.1.4. HYDRUS
Description

HYDRUS is a physically based modeling framework designed to simulate water, heat,
and solute transport in variably saturated soils [43,44]. It numerically solves Richards’
equation using the finite element method and supports one-, two-, and three-dimensional
domains [45]. A Windows-based graphical user interface enables intuitive specification of
soil horizons, root uptake patterns, and boundary conditions, as well as mesh generation
and visualization. The platform also provides access to soil hydraulic property catalogs and
pedotransfer functions [46,47]. HYDRUS has been applied across a wide range of spatial
and temporal scales, from laboratory experiments to field studies, with simulation periods
ranging from minutes to millennia.

Soil Moisture Content Prediction

Soil moisture prediction in HYDRUS is achieved through the solution of the Richards
equation using a finite element approach. The model accounts for infiltration, redistribu-
tion, and drainage within the soil profile, as well as evapotranspiration partitioned into soil
evaporation and plant transpiration [43,46]. Root water uptake is simulated using stress re-
sponse functions such as those proposed by Feddes or van Genuchten, which consider both
water availability and salinity effects [45,47]. Soil hydraulic properties are parameterized
using functions such as the van Genuchten–Mualem model, which describe water retention
and hydraulic conductivity as continuous functions of matric potential [45]. To accomplish
this, HYDRUS requires detailed input data describing soil hydraulic properties, initial and
boundary conditions, root water uptake parameters, and domain geometry. Soil hydraulic
properties include water retention and hydraulic conductivity functions. Initial conditions
specify soil moisture or pressure head profiles, while boundary conditions encompass
atmospheric fluxes, constant head or flux boundaries, and root distribution. Domain
geometry and discretization define soil profile depth, layering, and mesh resolution for
finite element calculations. These requirements are common to all physically based models
derived from Richards’ equation. HYDRUS produces high-resolution outputs, including
volumetric water content profiles, pressure head distributions, vertical and lateral fluxes,
evapotranspiration components, root zone water stress indicators, and cumulative water
balance summaries [46,47].

Predictive Accuracy and Limitations

HYDRUS is widely regarded as one of the most accurate tools for simulating soil
moisture dynamics because it employs physically based equations rather than empirical
approximations. Numerous studies have demonstrated its robust performance in represent-
ing unsaturated flow and root-zone processes under a wide range of soil, crop, and climatic
conditions [47]. However, the model requires extensive input data and careful parameteri-
zation, which can be challenging in data-scarce environments. Computational demands
increase substantially for two- and three-dimensional simulations, and preferential flow
processes are not inherently represented unless dual-porosity or dual-permeability options
are activated. HYDRUS is most effective at plot and field scales, with limited feasibility for
watershed or regional applications due to complexity and computational cost [46].
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2.1.5. MACRO
Description

MACRO is a physically based, one-dimensional dual-permeability model developed
to simulate water flow and solute transport in structured porous soils [48–50]. The model
conceptualizes the soil pore space as two interacting domains: a matrix (micropore) do-
main (low conductivity–high porosity) and a macropore domain (high-conductivity–low
porosity). In the micropore domain, water movement is governed by Richards’ equation.
The macropore domain represents gravity-driven preferential flow, represented by the
kinematic wave equation [50]. Mass exchange between the domains is approximated by
first-order expressions [48]. At each model time step, vertical water and solute transport is
first resolved within the soil matrix. The resulting updates to soil water storage are then
used to identify excess water available for transfer to the macropore domain. Subsequently,
macropore flow is computed, and corresponding solute concentrations are determined us-
ing a numerical elimination scheme. MACRO can simulate coupled unsaturated–saturated
flow, perched water tables, and drainage to tile systems. Its dual-domain framework is
particularly suited for analyzing soil moisture dynamics at event-to-seasonal scales, and
spatially, at field scale. The latest version is distributed in both command-line and packaged
formats, accompanied by programming tools for batch data processing and visualization.

Soil Moisture Content Prediction

The water balance in MACRO is resolved by simultaneously computing fluxes in
the micropore and macropore domains and their interactions [49,50]. Precipitation and
irrigation are prescribed as surface fluxes at hourly or daily resolution, with daily totals
redistributed using a user-defined application intensity and optional solute concentrations.
Water infiltration at the upper boundary is partitioned between matrix and macropore do-
mains to prevent matrix oversaturation while allowing preferential flow. Soil moisture dy-
namics are simulated for a vertically discretized soil profile, with water contents computed
independently for each soil layer in both pore domains based on layer-specific hydraulic
properties and interdomain exchange. Free drainage is imposed at the lower boundary as a
vertical flux under a unit hydraulic gradient. Atmospheric demand is represented by daily
potential evaporation, and root water uptake is simulated using an empirical scheme in
which plant demand is preferentially met from macropore storage, with any remaining
demand supplied by the soil matrix. Practical applications typically require input datasets
comprising of precipitation, temperature, radiation, potential evapotranspiration data, soil
hydraulic, and structural parameters for both domains, crop development data such as
rooting depth, and management practices. Common outputs include daily or sub-daily
volumetric water content profiles, perched water table depth, drain flow hydrographs
that reveal preferential flow events, and water balance summaries detailing infiltration,
percolation, macropore versus matrix partitioning, and evapotranspiration.

Predictive Accuracy and Limitations

Field evaluations demonstrate that the MACRO dual-permeability model simulates
layer-resolved soil moisture dynamics with generally good skill in structured soils, par-
ticularly during infiltration events that activate preferential flow. Comparisons between
predicted and observed volumetric water contents across soil layers typically report moder-
ate to strong correlations [48–50]. Predictive agreement is generally highest in near-surface
soil layers and during wet periods when macropore flow dominates [48]. MACRO’s perfor-
mance is constrained by parameter uncertainty and structural simplifications. Predictive
skill is sensitive to soil hydraulic and macropore parameters, many of which are not directly
measurable, often necessitating site-specific calibration and high-resolution flux observa-
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tions. Model accuracy typically declines under dry conditions or in weakly structured
soils where preferential pathways are less active. In addition, MACRO’s one-dimensional
vertical formulation neglects lateral water redistribution, limiting its applicability in het-
erogeneous landscapes, while numerical demands associated with explicit matrix flow
solutions further restrict computational efficiency and flexibility.

2.1.6. WEPP (Water Erosion Prediction Project)
Description

The WEPP model is a process-based, continuous simulation model developed to
predict soil erosion and sediment transport under diverse land management and climatic
conditions [51,52]. It integrates hydrology, plant growth, residue decomposition, and
erosion processes within a spatially distributed framework, making it suitable for field
to watershed-scale applications. The model operates on a daily time step, simulating
infiltration, runoff, soil detachment, and sediment delivery. The model is widely used for
soil erosion and hydrological studies, including watershed management and sediment
yield estimation. Recent research has confirmed its accuracy for runoff, sediment, and
nutrient predictions across diverse land uses (e.g., [53–56]). Model implementation is
supported through multiple interfaces, including command-line tools, a Windows-based
graphical user interface, GIS, and web-based platforms [57].

Soil Moisture Content Prediction

The WEPP water balance component is, in principle, like the water balance component
in the APEX model. Precipitation and irrigation inputs are partitioned into infiltration
and surface runoff using the Green–Ampt infiltration equation, which accounts for soil
hydraulic conductivity, suction head, and initial water content [52,58]. The model simulates
soil water dynamics within its daily water balance framework using a multi-layer soil
profile and a storage-routing approach. The water balance module maintains a continuous
accounting of root-zone moisture, incorporating vertical redistribution through the Ritchie
evapotranspiration algorithm [59] and percolation between layers via a storage-routing
method [60]. The model computes root-zone soil water content and evapotranspiration
losses by integrating climate, infiltration fluxes, and crop-growth state variables. Inputs
typically include precipitation/temperature/radiation, infiltrated water volumes, and
vegetation/residue descriptors such as leaf area index, rooting depth, and surface cover.
Outputs include daily soil water content per layer, infiltration and percolation rates, surface
runoff, and evapotranspiration components. Additional outputs include sediment yield,
erosion rates, and water balance summaries [52,61].

Predictive Accuracy and Limitations

Although WEPP has been widely developed and applied for runoff and erosion
prediction, direct validation of its soil water outputs, including volumetric soil moisture
and/or root-zone water storage, is relatively sparse, and performance is site- and process-
dependent. Ref. [62] found strong agreement for root-zone soil water on bare rangeland
plots but weaker performance under herbaceous cover, indicating sensitivity to vegetation
controls on infiltration and evapotranspiration. Ref. [51] leveraged multi-year datasets
from instrumented watersheds to refine WEPP’s water balance and crop growth routines,
and demonstrated that the model could reproduce seasonal soil moisture trends in the
upper 0.5 m. However, deeper profile dynamics were less accurately simulated, with
WEPP tending to overestimate subsoil water availability. Ref. [63] reported low-to-negative
efficiency when predicted profile soil water content was compared to long-term neutron-
probe measurements. The limited available validation evidence suggests that WEPP can
predict soil moisture dynamics reasonably well in some settings (e.g., bare plots) but
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performance may degrade under vegetation and/or site-specific hydroclimatic conditions
without careful parameterization of infiltration and evapotranspiration controls that drive
the model’s daily soil water balance. In heterogeneous environments, predictive accuracy
may decline due to the model’s simplified representation of preferential flow and limited
mechanistic treatment of lateral subsurface redistribution.

2.1.7. RZWQM (Root Zone Water Quality Model)
Description

RZWQM is a process-based, physically grounded agrohydrological model designed
to simulate water flow, solute transport, nutrient cycling, and crop growth within the
soil–plant–atmosphere continuum at the field scale [64–66]. Its computational framework
is based on vertical discretization of the soil profile into multiple layers, each governed by
coupled equations describing water, heat, and chemical transport processes. The model op-
erates at sub-daily time steps for water and solute fluxes, with daily updating of crop growth
and management operations. Although the model adopts a primarily one-dimensional
representation, it incorporates conceptual formulations for macropore flow and subsur-
face drainage, enabling simulation of preferential transport and tile–drain interactions in
structured soils. RZWQM is widely applied to problems including irrigation management,
nutrient leaching, pesticide transport, crop yield prediction, and assessment of conservation
practices under varying climatic conditions.

Soil Moisture Content Prediction

Soil moisture dynamics within RZWQM are simulated using a one-dimensional vari-
ably saturated flow formulation based on the Richards equation [64,65]. Hydraulic behavior
is represented through soil water retention and hydraulic conductivity functions, with
infiltration and redistribution simulated using either Green–Ampt-type approximations or
numerical solutions of the Richards equation. Evapotranspiration is partitioned into soil
evaporation and plant transpiration, with root water uptake calculated as a function of root
distribution, soil water potential, and plant stress response.

Preferential flow processes are represented using a macropore-based conceptual frame-
work that partitions water between the soil matrix and rapid bypass pathways. These
pathways become active under near-saturated or high-intensity rainfall conditions, facilitat-
ing rapid transmission of water and solutes to deeper layers or drainage systems. Exchange
between matrix and macropore domains is parameterized through empirical coefficients,
enabling representation of rapid transport while maintaining computational efficiency. Sub-
surface drainage, including tile flow and water table interactions, is explicitly incorporated,
linking soil moisture storage to lateral outflow processes. Standard model formulations
neglect lateral unsaturated flow within the soil profile; however, quasi-two-dimensional
representations of drainage and macropore connectivity allow limited simulation of lateral
redistribution in structured soils. Simulation of soil water content requires specification
of soil hydraulic properties, soil stratigraphy, vegetation parameters, and time-varying
climatic and management inputs. Model outputs include temporally resolved profiles of
volumetric water content, matric potential, infiltration, evapotranspiration, runoff, percola-
tion, and drainage fluxes.

Predictive Accuracy and Limitations

The predictive accuracy of RZWQM soil moisture simulations is primarily governed
by the quality of soil hydraulic parameters and the representation of management inputs.
The Richards-equation framework provides a physically robust basis for modeling transient
unsaturated flow; however, parameterization of soil hydraulic functions is often subject
to uncertainty due to spatial heterogeneity and scale effects [64]. Representation of pref-
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erential flow improves simulation of rapid infiltration and solute transport but remains
approximate because macropore processes are described through parameterized domains
rather than explicitly resolved pore networks. Consequently, model performance is sen-
sitive to assumptions regarding macroporosity, hydraulic conductivity, and interdomain
exchange coefficients [67]. RZWQM is data-intensive and requires careful calibration, often
performed through component-wise adjustment of soil, crop, and management parameters.
Despite these limitations, RZWQM has demonstrated strong predictive capability across a
range of agricultural systems when supported by adequate data, calibration, and sensitivity
analysis [68].

2.2. Watershed Models
2.2.1. MIKE SHE
Description

MIKE SHE is a fully distributed, physically based hydrological model designed to
simulate the coupled interactions of surface water, unsaturated flow, groundwater, and
channel processes across heterogeneous catchments [69–73]. Its computational architecture
is based on spatial discretization into grid cells, each containing vertically resolved soil
columns coupled to groundwater flow equations. The model typically operates at sub-daily
time steps, allowing dynamic simulation of transient hydrologic processes, including infil-
tration pulses, groundwater recharge, and surface–subsurface interactions. The platform is
delivered through a Windows-based MIKE Zero graphical user interface with GIS integra-
tion. MIKE SHE is widely applied to problems such as conjunctive surface groundwater
management, wetlands, irrigation and crop water use, flood routing, and catchment-scale
water balance assessments.

Soil Moisture Content Prediction

Vertical soil moisture dynamics in the unsaturated zone are represented using a one-
dimensional formulation for each grid cell, with full hydraulic coupling to the saturated
zone to ensure physically consistent exchanges across a transient water table [69,74]. Wa-
ter flow can be simulated using either the Richards equation or simpler water-balance
approaches, depending on the desired balance between physical detail and computa-
tional efficiency. Under the Richards formulation, volumetric water content is obtained
directly from the soil water retention and unsaturated hydraulic-conductivity functions
at each time step, with preferential flow represented implicitly through dual-domain or
enhanced-conductivity parameterizations that capture rapid near-saturated transmission.
The gravity-flow option updates layer water content by routing infiltration downward
under a unit hydraulic gradient while accounting for evapotranspiration losses, provid-
ing an efficient representation of recharge when capillarity is secondary. The two-layer
water-balance scheme updates the root zone and the overlying layer above the water table
using storage accounting controlled by evapotranspiration and percolation, offering a
suitable approximation in shallow water-table settings where root-zone processes dominate
recharge dynamics. Redistribution within the soil profile is simulated as continuous flow
governed by hydraulic gradients, capturing capillary movement, drainage, and interaction
with groundwater systems. Lateral flow is explicitly resolved through coupling with the
saturated zone, using Darcy-based groundwater flow equations. In the standard MIKE SHE
framework, unsaturated flow is represented primarily as a vertical process within each grid
cell, whereas lateral subsurface redistribution is resolved through coupling with the satu-
rated groundwater system. When the 3D groundwater module is used, subsurface water
can move laterally between grid cells according to hydraulic gradients. Consequently, lat-
eral flow occurring within the unsaturated zone itself is not explicitly represented and may
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be important in landscapes where hillslope-scale redistribution contributes substantially to
soil water movement.

Simulation of soil water content requires specification of soil hydraulic properties
together with soil stratigraphy, vegetation characteristics, and time-varying climatic inputs.
When macropore processes are represented, additional dual-domain or near-saturated
hydraulic parameters describing preferential-flow fractions, exchange coefficients, or struc-
tural porosity must also be defined. MIKE-SHE produces spatially and temporally resolved
outputs including volumetric water content, matric potential, infiltration, percolation,
capillary rise, recharge, and evapotranspiration fluxes; when activated, preferential-flow
contributions are also reported, enabling separation of matrix and bypass pathways.

Predictive Accuracy and Limitations

The predictive accuracy of MIKE SHE’s unsaturated-zone simulations is governed
primarily by the fidelity of soil hydraulic parameters and the suitability of the selected flow
formulation. The Richards equation typically provides the most accurate representation
of transient moisture dynamics but requires well-constrained hydraulic functions, which
are often non-unique and sensitive to measurement scale. Simplified gravity-flow and
water-balance approaches reduce computational load but introduce assumptions, such as
neglect of capillary gradients or vertical heterogeneity [22]. Representation of macropore
flow remains approximate because preferential pathways are emulated through parameter-
ized dual-domain or conductivity enhancement schemes rather than explicitly resolved
pore networks [75]. In addition, the one-dimensional representation of unsaturated flow
may be less suitable in steep, heterogeneous, or shallow-soil environments where lateral
unsaturated flow contributes appreciably to moisture redistribution. Despite these limi-
tations, MIKE SHE has demonstrated robust predictive skill across diverse hydroclimatic
settings when supported by adequate data, calibration, and sensitivity analysis [76].

2.2.2. SWAP (Soil-Water-Atmosphere-Plant)
Description

SWAP is a physically based model designed to simulate water movement and
soil–plant–atmosphere interactions within vertically resolved soil profiles, often applied
at field scale but extended to watershed analysis through spatial generalization [77,78].
Its computational architecture relies on numerical solutions of flow equations at daily or
sub-daily time steps. The model is delivered through a structured, text-based modeling
system with dedicated input modules for soils, crops, and meteorological forcing, and
provides post-processing routines for water-balance diagnostics and profile-scale simula-
tions. Unlike fully distributed models, SWAP remains fundamentally one-dimensional,
with spatial variability addressed through multiple independent simulations rather than
explicit lateral coupling.

Soil Moisture Content Prediction

Soil moisture dynamics in SWAP are simulated using a one-dimensional vertical for-
mulation that solves the Richards equation for variably saturated flow, fully coupled to
an energy-based representation of soil–plant–atmosphere exchanges [77,78]. The model
computes changes in volumetric water content by integrating the soil water retention curve
and unsaturated hydraulic-conductivity function within a finite-difference framework, en-
abling detailed tracking of wetting-front propagation and root-zone storage under transient
climatic forcing. Root water uptake is represented through a sink term distributed across
the root zone, commonly parameterized using stress response functions that account for
matric, osmotic, aeration, and salinity constraints on plant transpiration [79]). Preferential
or macropore flow can be simulated through an optional dual-domain or bypass-flow
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module, in which a fraction of infiltrating water is routed rapidly downward under near-
saturated conditions [78]. Lateral flow is not explicitly modeled, and subsurface water
movement is restricted to vertical fluxes within each soil profile.

Simulation of soil water content requires specification of soil hydraulic parameters,
porosity, bulk density, residual water content, and soil layering, together with atmospheric
inputs. Boundary conditions include irrigation or rainfall at the surface and groundwater
levels or free drainage at depth, while vegetation inputs define rooting depth, root-length
density, phenology, and transpiration demand. Outputs relevant to soil moisture prediction
include volumetric water content, matric potential, soil water storage, infiltration, drainage,
percolation, capillary rise, evaporation, transpiration, and actual evapotranspiration.

Predictive Accuracy and Limitations

SWAP has demonstrated robust performance in agricultural, ecohydrological, and
groundwater-recharge applications when supported by high-quality soil characterization,
reliable meteorological forcing, and rigorous calibration and sensitivity analysis [77]. Its
predictive accuracy, however, depends strongly on the fidelity of soil hydraulic parameters,
root-zone representation, and climate inputs. Because SWAP is driven by Richards’ equa-
tion, realistic simulation of transient soil moisture dynamics requires well-parameterized
soil water retention and hydraulic-conductivity functions, which are often non-unique
and may vary with soil structure, compaction, and hysteresis [75]. Uncertainties in root-
zone properties, particularly rooting depth, root-length density distribution, and plant
stress-response functions, can propagate into evapotranspiration estimates and root-zone
water availability. Representation of preferential flow remains approximate, as macropore
networks are not explicitly resolved but simulated through parameterized bypass-flow frac-
tions that can be difficult to constrain [78]. In addition, the inherent assumption of strictly
vertical, one-dimensional flow limits the model’s applicability on steep slopes, in layered
hillslopes, or in shallow soils over bedrock where lateral unsaturated flow contributes
significantly to moisture redistribution.

2.2.3. SWAT (Soil & Water Assessment Tool)
Description

SWAT is a semi-distributed, process-based, continuous model developed by USDA-
ARS and Texas A&M to quantify the effects of land management, climate, and watershed
characteristics on water quantity and quality from small watersheds to large river-basin
scales [80,81]. SWAT partitions watersheds into sub-basins and further into hydrologic re-
sponse units (HRUs) representing unique combinations of soil, land use, and slope. SWAT+,
the next-generation version of SWAT, introduces a flexible, object-oriented architecture
that enhances spatial representation and connectivity [82]. It introduces landscape units to
explicitly route flows and constituents among uplands, floodplains, channels, reservoirs,
wetlands, and point sources. Both SWAT and SWAT+ operate at watershed to regional
scales and are typically applied at daily temporal resolutions. Model setup and execution
are supported through multiple interfaces, including GIS-based tools, text editors, and
command-line utilities, providing users with options for flexible and detailed configuration.

Soil Moisture Content Prediction

SWAT and SWAT+ predict soil moisture using a storage-routing approach within each
HRU. Precipitation and irrigation inputs are partitioned into surface runoff and infiltration
using methods such as the USDA curve number method. Infiltrated water is stored in a
multi-layer soil profile and redistributed vertically based on storage thresholds and perco-
lation rates. Evapotranspiration is computed using methods such as Penman–Monteith,
Priestley–Taylor, or Hargreaves, constrained by soil moisture availability and crop demand.
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SWAT requires extensive input data, including daily climate variables, soil properties, land
use and crop parameters, and management practices. Spatial datasets such as digital eleva-
tion models, soil maps, and land cover data are essential for watershed delineation, HRU
and landscape unit definition. SWAT provides outputs such as daily soil water content
by layer for each HRU, infiltration and percolation rates, lateral subsurface flow, surface
runoff, and evapotranspiration components. Additional outputs include water balance
summaries, crop water stress indicators, and groundwater recharge estimates, supporting
integrated assessments of hydrology, water quality, and agricultural productivity [80,82].

Predictive Accuracy and Limitations

Although SWAT is widely applied for simulating land surface processes such as
streamflow and water quality, studies focusing on soil water content (SWC) remain limited.
Evaluation across diverse environments has produced mixed results for SWAT SWC simula-
tions. While several studies have reported successful reproduction of seasonal soil moisture
dynamics, others have found that strong streamflow calibration does not necessarily trans-
late into equally accurate representation of internal soil moisture states. At sites in Indiana,
Texas, and Colorado, SWAT showed limited SWC accuracy under both dryland and irri-
gated conditions, even with successful streamflow and evapotranspiration calibration [83].
In Saskatchewan, SWAT captured seasonal trends but correlated only moderately with
observations and underestimated early-season moisture [84]. Incorporating hydropedol-
ogy into SWAT+ improved SWC accuracy in South Africa but performance still remained
suboptimal [85]. Reported discrepancies in SWC simulations have been attributed, in part,
to structural characteristics of the model, including the semi-distributed HRU framework,
which does not explicitly represent lateral unsaturated flow within HRUs, as well as sim-
plified treatment of preferential or macropore flow processes. However, the influence of
these factors varies among watersheds, climatic regimes, management conditions, and
calibration strategies. SWAT+, however, addresses some issues by routing flows among
landscape units and improving connectivity. Furthermore, reliance on streamflow-only
calibration in most studies may lead to equifinality—accurate discharge but misrepresented
internal states—underscoring the need for multi-objective calibration using soil moisture,
groundwater, and solute data to better constrain water storage and fluxes.

2.3. Regional Models
2.3.1. CLM (Community Land Model)
Description

CLM constitutes the terrestrial land surface component of the Community Earth Sys-
tem Model (CESM) [86,87]. It is a widely adopted, process-based land surface modeling
framework that explicitly represents the coupled exchanges of water, energy, carbon, and
momentum between the terrestrial system and the atmosphere across spatial scales ranging
from regional to global [87]. In its current generation, CLM5, the model formalizes sub-grid
heterogeneity by partitioning each grid cell into land units and plant functional types and
advances hydrologic and eco-physiological realism through new parameterizations for soil
hydrology, snow, plant hydraulics, and land management. The model employs a hierarchi-
cal sub-grid structure that partitions each atmospheric grid cell into land units, columns,
and patches to represent heterogeneity in land cover, hydrology, and vegetation [87]. CLM5
has been employed for climate–land coupling, hydrologic assessment, carbon–nitrogen
cycle studies, and human impacts (e.g., crops, irrigation), reflecting its role as a comprehen-
sive platform for Earth system research [87]. CLM is executed as a command line model
code within the CESM framework or, less commonly, in a land-only configuration.
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Soil Moisture Content Prediction

CLM represents soil moisture using a one-dimensional, multi-layer soil column that
resolves vertical water storage and transport in the unsaturated zone. Precipitation is
partitioned into rainfall and snowfall, with snow accumulation and melt governed by
an explicit multi-layer snow model that resolves energy balance, compaction, and phase
change. Liquid soil water movement is governed by Richards’ equation, with hydraulic
properties prescribed from soil texture, enabling simulations of infiltration, percolation,
capillary rise, and drainage under variably saturated conditions [87]. Soil moisture is
coupled to vegetation through root water uptake and moisture-stress functions that regulate
transpiration and stomatal conductance. The scheme further accounts for soil freeze–thaw
processes by partitioning water into liquid and ice phases, which modifies hydraulic
conductivity and runoff generation. To account for spatial variation in soil thickness
and columnar water holding capacity, different soil thicknesses (by default ranging from
0.4 to 8.5 m depth) can be applied for each soil column [87]. The model’s expanded
hydrologic suite in CLM5 includes a dry-surface layer affecting vapor fluxes, revised
canopy interception and canopy snow processes, an updated groundwater scheme, and
optional representation of lateral subsurface flow through a hillslope configuration that
redistributes saturated water downslope within a grid cell.

Operationally, CLM soil moisture simulation requires temporally resolved atmospheric
forcing (e.g., precipitation, temperature, humidity, radiation, wind, and surface pressure)
together with static datasets describing soil hydraulic properties, land cover, and vegetation
characteristics. Soil texture-based parameters control water storage and vertical transport,
while plant functional type and rooting distributions regulate evapotranspiration and soil
water uptake. Realistic soil moisture states are typically achieved through model spin-up
from prescribed initial conditions. Optional datasets describing topography, groundwater,
and land management are required when these processes are enabled, allowing CLM to
represent soil moisture dynamics and land–atmosphere coupling across spatial scales. The
model returns time series of vertically resolved soil moisture and temperature, canopy
and ground heat fluxes, evapotranspiration components (transpiration, soil evaporation,
canopy interception loss), infiltration and runoff partitioning, subsurface drainage and
water table diagnostics, snow properties, and, when enabled, carbon and nitrogen fluxes
and pools.

Predictive Accuracy and Limitations

Independent evaluations using in situ observations, satellite products, and reanalysis
datasets demonstrate that the CLM reproduces the observed seasonal cycle and interannual
variability of soil moisture across a wide range of climatic regimes, indicating general
good agreement with observed soil moisture at seasonal to interannual timescales [88,89].
However, these studies also highlight systematic limitations that constrain predictive accu-
racy in specific contexts. CLM’s soil moisture simulations remain strongly dependent on
the quality of meteorological forcing and land-surface input data; biases in precipitation,
radiation, vegetation phenology, and snow processes—particularly in coarse or globally
gridded datasets—can propagate directly into soil moisture errors. In addition, soil hy-
draulic parameters derived from pedotransfer functions introduce substantial uncertainty
at regional to continental scales, with numerous evaluations showing high sensitivity of
simulated soil moisture to these parameters and a frequent need for site- or region-specific
calibration to achieve consistency with in situ observations. Finally, CLM’s default vertical
one-dimensional hydrologic formulation neglects lateral water redistribution, limiting
realism in complex terrain unless augmented with the hillslope configuration or external
lateral routing schemes.
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2.3.2. NOAH-LSM (NOAH Land Surface Models)
Description

The NOAH family of land surface models provides physically based frameworks for
simulating land–atmosphere exchanges in weather, climate, and hydrologic systems. The
original NOAH LSM integrates surface energy balance, multi-layer soil moisture and tem-
perature, snowpack, and vegetation processes. It is widely used in operational forecasting
systems and research applications such as drought monitoring and hydrological predic-
tion [90,91]. NOAH-MP (NOAH with Multi-Parameterization Options) extends NOAH
LSM by introducing multiple physics options for infiltration, runoff, evapotranspiration,
snow, and vegetation phenology, as well as groundwater interactions [92]. This modular
design enables improved realism and flexibility for diverse hydroclimatic conditions. The
model operates at sub-daily time steps and is often coupled with atmospheric models or
integrated into large-scale hydrologic forecasting systems [92,93].

Soil Moisture Content Prediction

NOAH represents soil moisture using a multi-layer column (typically a four-layer
column extending to approximately 2 m depth) and computes vertical water movement
via Richards’ equation [90,92]. Infiltration is represented using modified Green–Ampt
or infiltration-capacity-based formulations. Redistribution within the soil profile is com-
puted using continuous hydraulic relationships driven by soil moisture gradients, though
these formulations are simplified relative to fully physically based models. Evapotran-
spiration is calculated using energy balance methods, with strong coupling to vegetation
processes and atmospheric forcing. NOAH-MP enhances soil moisture simulation through
dynamic vegetation phenology, alternative stomatal resistance schemes, and multiple
runoff/groundwater options. Lateral flow in NOAH-based models is generally not ex-
plicitly represented within individual grid cells, and subsurface interactions are treated
independently across the domain. While some implementations include groundwater cou-
pling or runoff-routing schemes, subsurface lateral redistribution remains simplified and
does not resolve hillslope processes. Inputs include meteorological, soil texture/hydraulic
parameters, and vegetation descriptors. Spatially distributed datasets such as land cover
maps and soil texture grids are essential for large-scale applications. Outputs include
layer-wise soil moisture, infiltration and drainage rates, evapotranspiration components,
runoff/baseflow, soil temperature, and surface energy fluxes [92–95].

Predictive Accuracy and Limitations

NOAH LSM has been extensively validated at regional to continental scales, partic-
ularly through NLDAS and global reanalysis products. Ref. [91] evaluated NOAH soil
moisture outputs within NLDAS, showing reasonable agreement for near-surface layers
but reduced accuracy for deeper profiles. NOAH-MP generally outperforms NOAH LSM
in heterogeneous landscapes and complex terrain, especially when groundwater options
and dynamic vegetation are enabled. However, NOAH-MP’s increased complexity requires
careful physics selection and parameter calibration. Both models remain sensitive to soil
hydraulic parameterization and forcing data quality; performance declines in deeper layers
and under freeze–thaw or snow-dominated regimes without targeted improvements [94,95].
In practice, NOAH models perform well in capturing near-surface soil moisture variability
and seasonal trends but show reduced accuracy in deeper soil layers. Compared to CLM,
NO-AH-MP offers greater flexibility and parameter customization but introduces increased
sensitivity to parameter uncertainty. Compared to VIC, NOAH provides more physically
consistent vertical flux representation.
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2.3.3. VIC (Variable Infiltration Capacity) Model
Description

VIC is a semi-distributed macroscale hydrologic model designed to simulate water
and energy balances across large spatial domains, with a focus on capturing sub-grid
variability in hydrologic processes [96,97]. The model’s computational architecture is based
on grid cells that operate independently, with each cell containing a layered soil column
and parameterized vegetation components. It typically operates at daily or sub-daily time
steps and is widely used in regional hydrologic assessments and climate impact studies.
VIC has been applied from basin to global scales for hydrologic dataset construction, trend
analyses of fluxes and states, data evaluation and assimilation, forecasting, coupled climate
modeling, and climate-change impact assessments [97–99]. The model is open-source,
and the current release (VIC-5) features a modular C core accessed through command-
line environments.

Soil Moisture Content Prediction

Infiltration in VIC is represented using the Variable Infiltration Capacity scheme,
which accounts for spatial heterogeneity in infiltration rates by dividing the grid cell into
fractions with different infiltration capacities [96]. This approach provides a conceptual
but effective way to represent sub-grid variability in runoff generation without explicitly
resolving soil physics. Redistribution is driven primarily by gravity-based relationships
within the soil profile, with evapotranspiration computed using energy balance formu-
lations. While these formulations allow efficient simulation of large-scale water balance,
they do not explicitly resolve hydraulic gradients or capillary processes [96,100]. Lateral
flow in VIC is not directly simulated within grid cells, and interactions between cells
are handled through separate routing models. This approach simplifies computation but
neglects subsurface connectivity and hillslope processes, resulting in limited represen-
tation of lateral soil moisture redistribution. Baseflow is typically parameterized using
nonlinear reservoir functions, further emphasizing the conceptual nature of subsurface
flux representation [96,100]. VIC requires gridded meteorological forcing, soil parameter
datasets, and vegetation information, with moderate to high data requirements depending
on resolution [97]. The output provides time series of soil moisture by layer. Streamflow is
obtained by coupling to an external routing model.

Predictive Accuracy and Limitations

Several studies have applied the VIC model to evaluate soil moisture dynamics across
different spatial scales. Ref. [98] demonstrated VIC’s ability to capture global seasonal and
interannual variability in soil moisture, though absolute values were biased, overestimated
in arid regions and underestimated in humid areas, primarily due to forcing data uncer-
tainties. At the continental scale, [99] showed that soil moisture predictions were sensitive
to modeling time step and energy balance assumptions, requiring parameter adjustments
for consistency. Basin-scale evaluations, such as [101], found that VIC overpredicted soil
moisture because of underestimated evapotranspiration and omission of human water use.
Common limitations across these studies include VIC’s independent grid-cell assumption
(minimal lateral flow), reliance on a statistical infiltration curve and conceptual baseflow,
and strong parameter sensitivity necessitating region-specific calibration. Compared to
CLM and NOAH, VIC relies more heavily on conceptual parameterizations and provides
less detailed process representation, but it offers greater computational efficiency and
robustness for large-scale applications.
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3. Current Application and Implications for Soil Water Prediction
3.1. Cross-Scale Trade-Offs in Model Structure and Performance

Soil moisture modeling has evolved from early storage-based formulations to a multi-
scale modeling hierarchy capable of representing vadose-zone processes from field to global
scales. Early tipping-bucket models represented soil water as discrete storage compart-
ments, capturing bulk soil water balance but neglecting internal hydraulic gradients and
transient redistribution. The development of Richards’ equation-based models introduced
a mechanistic framework for simulating infiltration, redistribution, evapotranspiration, and
root water uptake under dynamic boundary conditions, enabling realistic representation
of unsaturated flow. Despite this progression, all models reflect fundamental structural
trade-offs related to process representation, scale, intended application, and computational
feasibility that give rise to several characteristic strengths and limitations. The reviewed
literature indicates several recurring constraints (Table 1), including simplifications in soil
water physics; incomplete representation of lateral or preferential flow (e.g., macropores,
dual-domain exchange); calibration challenges related to equifinality and high-dimensional
parameter spaces; and substantial computational costs for models using fine spatial dis-
cretization or complex numerical solvers. These categories reflect broad trends rather than
exhaustive or definitive assessments.

Table 1. Overview of key limitations and strengths of widely used soil moisture models.

Model Key Limitations Key Strengths

HYDRUS Computationally intensive (2D/3D);
limited scalability

Detailed physics; high resolution soil
water dynamics

SWAP Limited to 1D vertical flow; simplified
macropore representation Strong soil–crop–atmosphere coupling

MACRO Uncertain macropore parameterization; 1D
structure; simplified chemistry

Designed for preferential flow; effective for rapid
transport events

DSSAT Simplified soil physics; coarse soil layering; limited
macropore representation

Robust crop growth simulation; links soil water to
yield response

WEPP Simplified subsurface hydrology; weak deep soil
and groundwater representation

Strong infiltration–runoff dynamics; effective for
hillslope-scale erosion processes

AQUACROP Simplified soil profile; does not represent
preferential/macropore flow

Computational efficiency; low data requirements;
robust yield–water relationships

APEX
Simplified subsurface hydrology; limited explicit

macropore representation; parameter sensitivity at
larger scales

Field-to-watershed integration; strong for
management, conservation practices, and

scenario analysis

SWAT HRU-based aggregation; simplified infiltration;
simplified vertical soil water processes

Widely applied model; effective for long-term,
large-scale simulations

MIKE-SHE High data requirements; long run times;
computationally demanding calibration

Fully integrated surface–soil–groundwater
modeling; strong spatial representation

RZWQM High parameterization complexity; data intensive
macropore setup; time consuming calibration

Detailed root-zone processes; strong coupling of
water, nutrient, and preferential flow dynamics

VIC Simplified infiltration; limited vertical soil resolution;
grid cell averaging; region-specific calibration

Robust large-scale hydrology; effective for soil
moisture variability and data assimilation

CLM High model complexity; long spin-up periods;
parameter equifinality

Detailed multi-layer soil physics; strong land
atmosphere coupling at regional to global scales

NOAH Limited deep soil and groundwater representation;
coarse spatial resolution

Computational efficiency; robust real-time land
surface and soil moisture simulations with

data assimilation
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Across all model classes, soil moisture prediction is governed by how infiltration
and redistribution are conceptualized, and how lateral flow is incorporated or omitted.
These differences produce systematic, mechanism-driven variations in model behavior. In
tipping-bucket models, infiltration is typically represented as a storage-filling process or
empirical partitioning between runoff and infiltration. This approach neglects infiltration
capacity limitations and hydraulic gradient effects. Redistribution is treated as instanta-
neous once field capacity is exceeded, resulting in systematic overestimation of percolation
and underestimation of soil moisture persistence, particularly in fine-textured or layered
soils [39,40].

Storage-routing models partially address these limitations by introducing flux-based
redistribution and moisture-dependent conductivity functions. However, these fluxes are
governed by empirical relationships rather than explicit hydraulic gradients, resulting in
attenuated infiltration–redistribution coupling and simplified vertical flux dynamics. In
SWAT, for example, infiltration partitioning using the Curve Number method dampens
rainfall variability, which propagates into reduced variability in soil moisture storage and
runoff generation [102]. In contrast, physically based models simulate infiltration and
redistribution as continuous processes governed by hydraulic gradients. This allows a
realistic representation of infiltration fronts, capillary flow, and delayed drainage [44].

3.2. Role of Spatial Scale and Lateral Connectivity

Across spatial scales, models generally achieve scalability through aggregation and
simplification of subsurface processes. However, this introduces equifinality, where cali-
bration against streamflow can produce acceptable surface flux predictions while masking
errors in internal soil moisture states. In SWAT, for example, HRU aggregation smooths
spatial variability [103], while in VIC, NOAH and CLM, simplified vertical and lateral
processes lead to systematic biases in soil moisture magnitude under different climatic
regimes [94,95,97,99].

The representation of lateral subsurface flow constitutes the most significant struc-
tural limitation in soil moisture modeling. Fully distributed models such as MIKE SHE
demonstrate that accurate representation of lateral connectivity is essential for simulating
spatial soil moisture patterns and subsurface flow pathways. In regional models such
as CLM and VIC, the absence of explicit lateral flow results in independent soil column
behavior, which suppresses spatial variability and limits the ability to simulate realistic
moisture redistribution across landscapes. Similarly, infiltration formulations become
increasingly simplified with scale. While models such as HYDRUS resolve infiltration
dynamically using hydraulic conductivity functions, large-scale models rely on approaches
that decouple rainfall intensity from infiltration dynamics. In regional models, infiltration
is further influenced by canopy interception, snowmelt, and frozen soil conditions, which
are parameterized rather than explicitly resolved, introducing additional uncertainty in
surface–subsurface interactions.

3.3. Implications for Model Selection and Future Development

A central conclusion of this analysis is that soil moisture models operate along a con-
tinuum defined by trade-offs between process fidelity, scalability, data requirements, and
computational cost, with no single framework achieving optimal performance across all di-
mensions. Physically based models resolve vertical and lateral processes but are constrained
by parameter uncertainty and computational cost. Conceptual and semi-distributed mod-
els achieve scalability but simplify or omit key processes such as preferential flow and
lateral redistribution. Regional models maintain consistency across large domains but
treat soil moisture as a simplified state variable, limiting their ability to represent dynamic
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subsurface processes. This fundamental constraint explains the observed pattern across all
models: as spatial scale increases, process fidelity is systematically reduced, particularly
for lateral flow and transient infiltration dynamics. As a result, soil moisture predictions
become increasingly uncertain not due to random error but due to structural simplifications
inherent in model design.

The review underscores the necessity of scale- and process-aware model selection.
Models such as HYDRUS should be used when accurate representation of infiltration and
redistribution is required, particularly in experimental or field-scale studies. Models such
as DSSAT and AquaCrop are appropriate for agricultural applications where coupling
between soil moisture and crop growth is critical but detailed subsurface processes are
secondary. At larger scales, CLM and VIC are suitable for integrated hydrologic or climate
analyses, but their soil moisture outputs must be interpreted with recognition of underlying
structural limitations.

Future model development may benefit from addressing several key challenges. First,
improved representation of lateral subsurface flow and spatial connectivity is required, par-
ticularly in watershed and regional models. This will likely require hybrid approaches that
incorporate physically consistent lateral fluxes without incurring prohibitive computational
cost. Second, improved treatment of preferential flow and soil heterogeneity is necessary to
capture rapid redistribution processes observed in structured soils. In addition, integration
of remote sensing and data assimilation techniques is essential to constrain model states
and reduce uncertainty, particularly at regional scales where direct observations are sparse.
Advancing soil moisture modeling therefore requires not only improvements in process
representation but also development of frameworks that balance physical realism with
scalability. Without such advances, structural limitations will continue to constrain the
predictive capability of soil water models from field to watershed and regional applications.

4. Conclusions
This review provides a comprehensive, process-focused evaluation of predictive soil

moisture models across field, watershed, and regional scales, emphasizing how subsurface
fluxes are represented and how these structural choices control predictive behavior. The
analysis demonstrates that differences in soil moisture prediction arise primarily from fun-
damental assumptions about infiltration, redistribution, and subsurface connectivity, rather
than from calibration alone. Across all model classes, the absence or simplification of lateral
subsurface flow constitutes the primary cross-scale limitation in soil moisture modeling,
particularly at watershed and regional scales, where models that neglect or approximate
this process systematically underrepresent hillslope connectivity and spatial moisture gra-
dients. Future progress in soil moisture modeling requires improved representation of
lateral subsurface flow and spatial connectivity, more physically consistent treatment of
infiltration, and the development of hybrid modeling approaches that combine physically
based process representation with scalable computational structures. Addressing these
limitations, particularly the coupled representation of infiltration dynamics and lateral
subsurface flow, will be essential for improving predictive consistency of soil moisture and
advancing its role in hydrology, soil science, agriculture, and Earth system science.
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