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Using UAV-based near-surface observations for root-zone soil moisture (RZSM) estimation requires a model with
at least two layers and minimal complexity while this design has been overlooked. To address this limitation, a
series of soil moisture models, from two-layer to multi-layer configurations were developed. Key processes,
including vertical soil moisture redistribution, evapotranspiration, drainage, and infiltration, were progressively
refined and systematically evaluated. A two-layer model incorporating Buckingham Darcy based vertical fluxes
and a water stress adjusted evapotranspiration scheme (R-FLX-ET) was identified as the optimal configuration,
achieving high accuracy with limited complexity. The R-FLX-ET model produced NSE up to 0.92 for RZSM and
0.81 for near surface soil moisture at hourly resolution, with RMSE below 0.03 cm® em ™3, outperforming both
the single-layer model and Aqua Crop. Model robustness was confirmed through numerical stability analysis and
validation across four monitoring stations. R-FLX-ET offers a computationally efficient framework suitable for

UAV-assisted precision irrigation applications.

1. Introduction

Irrigation water use is essential for global crop production and ac-
counts for nearly 90% of consumptive water use (Global Land Evapo-
ration Amsterdam Model; Han et al., 2020; Scanlon et al., 2012). When
faced with water shortage due to global population growth, the need to
enhance irrigation efficiency becomes increasingly important. Precision
irrigation, delivering only the required amount of water at optimal times
and locations, can improve water use efficiency by 15-35% compared
with conventional methods such as center-pivot irrigation (Pan et al.,
2015).

There are two main categories of irrigation scheduling, defined as
soil moisture based and plant condition based (Jones, 2004). Although
irrigation water application is directly related to vegetation conditions,
making plant condition-based methods possibly more accurate, chal-
lenges in measuring plant water stress makes these methods difficult to
implement (Jones, 2004; Pan et al., 2015). Moreover, there is a time
latency between soil moisture conditions and crop conditions, meaning
actions may be too late by the time that crop water stress can be
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observed (Rekika et al., 2014). Conversely, irrigation scheduling based
on soil moisture conditions can directly provide the amount of water
needed to be applied for optimal conditions, enabling forecasts for
planning an appropriate irrigation schedule and reducing the impact of
meteorological factors (Wu et al., 2023; Xu et al., 2021b; Yu et al.,
2021).

The root zone soil moisture (RZSM) directly controls plant nutrients
and water uptake, making it a critical component in ensuring optimum
agricultural productivity (Baldwin et al., 2017; Sahaar et al., 2020;
Seneviratne et al., 2012). Therefore, adequate knowledge of moisture
dynamics in deeper soil layers is an important indicator of irrigation
scheduling requirements. At the farm scale, RZSM can be determined
through two different approaches: (1) direct in-situ soil moisture mea-
surement and (2) estimation based on water-balance modelling (Ahmadi
etal., 2022; Kashyap and Kumar 2021; Xu et al., 2021c). The in-situ farm
scale RZSM measurements can be collected by either gravimetric
methods or installing soil moisture measurement sensors (Bogena et al.,
2007). However, they have the problem of extrapolating the measured
values due to inhomogeneities such as soil texture and
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micro-topography (Hu et al., 2017; Wigmore et al., 2019; Xu et al.,
2018), in addition to the expense of materials and labor. Conversely,
soil moisture models based on water-balance calculations provide a
method of directly estimating spatial variation in RZSM with a fine
spatial resolution for precision irrigation (Hirschi et al., 2014; Khandan
etal., 2022; Kumar et al., 2013), but are prone to errors due to simplified
model physics, poor estimates of soil hydraulic parameters, and inac-
curate weather data (Ahmadi et al., 2022; Rouf et al., 2021; Walker et al.
2001a, 2001b).

Utilizing near-surface soil moisture information in the physical
models, either in calibrating soil hydraulic parameters or through
assimilation to update the model states, is one way to enhance the
simulation accuracy. Such methods have been applied to satellite data
(Baldwin et al., 2017; Hirschi et al., 2014; Rouf et al., 2021; Xu et al.,
2025), with several soil moisture products available publicly,
including GLDAS (Global Land Data Assimilation System), MERRA2
(Modern-Era Retrospective Analysis for Research and Applications,
Version 2), NLDAS (North American Land Data Assimilation System),
NCEP (National Centers for Environmental Prediction) and JRA (Japa-
nese Year Reanalysis)-55 (Ojha et al., 2024; Pablos et al., 2018; Xu et al.,
2021c). However, studies have rarely been conducted at the farm scale,
due to the coarse spatial resolution of satellite soil moisture products and
lack of an appropriate high spatial resolution soil moisture model
(Ahmadi et al., 2022). Geng et al. (2025) proposed a new algorithm for
soil moisture estimation based on land surface temperature, providing
the possibility of mapping near-surface soil moisture at finer spatial
resolutions (~2 km). However, it might still be inadequate for
farm-scale applications. The development of advanced Uncrewed Aerial
Vehicles (UAVs) offers a platform that can be equipped with a micro-
wave radiometer to deliver higher-resolution imagery at tens of meters
for estimating near-surface soil moisture at sub-field scale, but a suitable
soil moisture model needs to be developed coupling with this UAV-based
near-surface information in order to provide RZSM estimates (Vianna
et al., 2024).

The soil moisture models currently applied in precision irrigation
and incorporated into irrigation software are typically simple “bucket”
models, being lumped models that conceptualize a single soil layer over
the rooting depth as a bucket that receives and retains all incident water
until its capacity is filled, ignoring some physical processes and thus not
representing real-world conditions (Baldwin et al., 2017; Li et al., 2025).
Such models consider the soil layer receiving and retaining all incident
water until its capacity is filled, while ignoring soil water redistribution
and the feedback between soil water storage and evapotranspiration
(Aboitiz et al., 1986; Guswa et al., 2002; Romano et al., 2011). Addi-
tionally, a model with at least two layers is required, with a root zone
layer and a near-surface layer that can be matched to the UAV-based
near-surface soil moisture observations for improving the RZSM esti-
mation accuracy (Walker et al., 2001a). While the land surface models
(LSM) commonly used in coupling with remote sensing based observa-
tions provide detailed information throughout the whole soil profile,
their algorithms are typically complex, making them difficult to imple-
ment at farm-scale due to their requirements for detailed model inputs
and having a low computational efficiency (Jarvis et al., 2022; Sahoo
and Liu, 2022; Xu et al., 2021a). While soil moisture models applied
in agriculture are generally gross simplifications of reality, some com-
ponents require careful and detailed representation to ensure accuracy
of the soil moisture dynamics. Thus, necessary simplification without
compromising the model accuracy must be addressed to enhance their
usefulness, especially when utilizing calibration and data assimilation
approaches based on near-surface soil moisture observation constraint.

A full understanding of which components can be simplified in RZSM
estimation models to capture the necessary dynamics of soil moisture
has not been systematically examined, especially in the context of pre-
cision irrigation. Even though several soil moisture models utilized in
agricultural contexts have been compared, the role of each model
component on simulation accuracy has not been addressed (Vianna
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et al., 2024). Therefore, this study has investigated the impact of each
component of the soil moisture model, examining the necessity of
increasing model complexity and providing a model base for the cali-
bration and/or assimilation of UAV-based near-surface soil moisture. In
this context, UAV-based observations are considered as a key design
constraint for model development, as they only provide near-surface soil
moisture information, requiring an explicit representation of the
near-surface layer (e.g., ~5 cm), and are expected to be temporally
sparse due to practical flight limitations. These characteristics necessi-
tate a model structure that contains at least two soil layers, remains
sufficiently simple for practical application of estimating the temporal
evolution of soil moisture, and is capable of reliably propagating
near-surface soil moisture observations to the root-zone. In this study,
soil moisture models with increasing complexity were developed based
on a single bucket model framework. Soil moisture simulations (both
near-surface and root zone) were compared to balance the model ac-
curacy and simplicity. A series of two-layer models with different
components were developed and compared against each other as well as
against in-situ data and output from a well-established soil moisture
model used in agriculture. Multi-layer models were then developed to
examine the impact of soil horizons and horizon discretization based on
the selected two-layer model structure. Ultimately, the objective of this
study was to develop a suitable soil moisture model with the least
complexity to achieve the utilization of UAV-based near-surface soil
moisture observations to improve RZSM estimates.

2. Materials and methods
2.1. Study area

The study area was a ~400 m diameter center pivot irrigation site
within the Newry area (referred to simply as Newry hereafter;
146°51'19'E to 146°51'46'E and 37°54'14"S to 37°54'38'S, Fig. 1),
located in central Gippsland, southeastern Victoria, Australia. With 28%
of the region's land dedicated to agricultural use, Gippsland farms pro-
duce 28.6% of the dairy and 19% of the vegetable produce for Victoria,
making agricultural plans for this area vitally important to ensuring the
sustainability of food production (McDonald et al., 2024). Being within
the Temperate Oceanic Climate (Cfb) zone, the annual precipitation for
Gippsland is around 500~700 mm. More specifically, the annual pre-
cipitation for the Newry site is on average 593 mm, and the average
minimum and maximum temperature is 8.2°C and 19.7°C, respectively.
Precipitation is almost evenly distributed throughout the year, with
monthly averages ranging from 40.6 mm in February to 63.0 mm in
November. Due to the strong solar radiation (around 1800
kWh/mz/year) and wind speed (around 16-17 km/h), annual potential
evapotranspiration (PET) in Newry is 1000~1400 mm/year (State
Government of VictoriaM.Australia, 2024). Therefore, there is a water
deficit of 300~900 mm per year, making irrigation essential for agri-
cultural production in the area. With increased temperature and
decreased precipitation according to climate predictions, an increased
water deficit and higher irrigation demand is to be expected in the future
(McKay et al., 2023; Rauniyar and Power, 2023).

Newry is located in a semi-arid agricultural and grazing area, with
the experiment site routinely cultivated with a range of crop types
including pasture, corn, oat and wheat, making it a suitable site for
exploring the efficiency of soil moisture modelling and data assimilation
across the different vegetation types typical of precision irrigation farms
in the region. Moreover, this farm has been monitored as a core preci-
sion agriculture site by Agriculture Victoria since 2016, further high-
lighting its suitability for this study in terms of background knowledge,
scientific requirements, and logistics.

2.2. Site description and data collection

Monitoring stations were installed within the field to provide the
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Fig. 1. Location of the study area and distribution of monitoring stations. (a) Location of the study area; (b) distribution of soil moisture and weather stations along
with the irrigation area; (c) photograph of the weather station; and (d) photograph of one soil moisture station (Station 6).

data required. This included 6 soil moisture monitoring stations
(Fig. 1d), providing continuous in-situ soil moisture observations. Each
soil moisture station has 9 Stevens Water Hydra probes to monitor the
soil water content and soil temperature, being at 5 cm increments over
the top 40 cm layer, and then one at 60 cm (Figs. 1 and 2). Soil moisture
recordings were regularly and carefully checked based on geometric

methods. Additionally, three soil temperature sensors distributed at 1,
2.5 and 4 cm depths were installed to measure soil temperature for each
station. All soil moisture, soil temperature and rainfall data were
recorded with a 20 min time interval. The location of the soil moisture
stations (Fig. 1 b and Table 1) was chosen utilizing soil type information
based on EM38 measurements by Agriculture Victoria. The reliability of
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Fig. 2. Overview of valid soil moisture observations across all stations. Blank segments indicate data gaps caused by sensor malfunctions.
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Table 1
Calibration and validation period for each soil moisture station.

Station Water regime Calibration Period Validation Period

1 Irrigated Discarded due to inoperable rain gauge

2 Rainfed 2023.12.01-2024.01.31 2024.02.01-2024.10.10
3 Irrigated Discarded due to noise in soil moisture sensor data
4 Irrigated 2023.12.09-2024.01.26 2024.03.24-2024.05.07
5 Irrigated 2023.12.01-2024.01.26 2024.05.10-2024.10.10
6 Irrigated 2023.09.27-2023.12.26 2024.05.31-2024.10.10

soil moisture was checked according to the dynamics in response to
rainfall and cross-checked between each station. Rainfall (including
irrigation amount) was recorded based on a rain gauge co-located with
each soil moisture station. The reliability of rain gauge data was checked
by comparing to a separate weather station rain gauge and irrigation
diary, and cross-checked with rain gauges installed at the soil moisture
stations, as well as with stations installed by the Australian Bureau of
Meteorology. A weather station (Fig. 1c) located at 146.859454°E,
—37.906444°S (Fig. 1 b) was installed to provide data for calculating
potential evapotranspiration, including wind speed and direction, air
temperature, air humidity, solar radiation, rainfall, soil temperature,
soil electrical conductivity and soil moisture every 10 min.

The management sequence applied to all monitoring stations within
the irrigation area (Stations 1 and 3-6) consisted of the following
treatments: (1) pasture, (2) deep ripping, (3) bare soil with sowing for
corn, (4) corn crop, and (5) oat crop. Since all stations except Station 2
underwent deep ripping on 10 October 2024, only data collected prior to
this date were used in the analysis presented herein. During this period
the stations were under pasture, providing a stable baseline that was less
affected by crop-specific influences. This ensured that the soil moisture
model could be evaluated under relatively consistent natural conditions
to support broader applicability across different crop seasons, and with a
longer continuous data record. While crop-specific parameterization
will be incorporated in later stages, the model structure will remain
unchanged. Calibration and validation periods were separated on 31
January 2024, corresponding to approximately half of the total record
length since the initial station installation. Data preceding this date were
used for calibration while the subsequent data were used for validation,
with only quality-checked observations retained, leading to station-
specific period definitions (Table 1).

2.3. Model framework and revised components description

In irrigation applications, soil moisture modelling approaches
generally include conceptual models (e.g., single-layer or multi-layer
bucket models), physically based models (e.g., Richards’ equation-
based models such as HYDRUS), and crop-oriented models (e.g., Aqua
Crop). Among these approaches, conceptual models are most commonly
applied for soil moisture estimation due to their simplicity and low data
requirements. However, the appropriate level of model complexity,
including the number of components and soil layers, remains unclear.
Therefore, the soil moisture modelling framework adopted in this study
is based on a single-layer bucket model (hereafter referred to as the SL
model), from which the minimum model complexity is systematically
explored. Important model components, including soil moisture redis-
tribution, evapotranspiration, drainage and infiltration were then
revised systematically to explore their contribution to soil moisture ac-
curacy based on a two-layer model framework. Multi-layer models with
different soil horizons and vertical discretion were then discussed based
on the optimal two-layer model configuration to explore the influence of
model layers on the model accuracy. In this study, the concept of min-
imum model complexity is explicitly defined from structural, para-
metric, and computational perspectives. Structural complexity refers to
the number of soil layers and model components, parametric complexity
to the number of parameters requiring calibration, and computational
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complexity to the numerical scheme and associated computational cost.
Accordingly, minimum model complexity is defined as the simplest
model configuration that achieves satisfactory simulation performance
without introducing unnecessary parameters or structural components.

2.3.1. Model framework
The model framework presented here is the description of a basic SL
model framework commonly used in irrigation scheduling.

(1) Effective Rainfall

The SL model uses two parameters to control the amount of rainfall
that will penetrate into the soil layer: Rain minpen and Rain_maxpen. The
value of Rain minpen represents the amount of rainfall that is captured
by the vegetation canopy not contributing to soil moisture, while the
value of Rain maxpen represents the maximum amount of rainfall that
can infiltrate into the soil in a single calculation step (hour, day and etc.)
due to the capacity of the soil to absorb moisture. The effective rainfall
that is therefore available to increase the moisture content of the soil is
the amount of rainfall within those constraints, limited by the available
water storage capacity in the soil, and calculated according to

RaiNffecive = min [max (0, RAin — RAiMminpen ),
Rainmmcpen - Rainminpen) ) } (1)
65 + ETc + Drainprelim — 01 )]

where Rain_effective (mm) is the amount of rainfall used in the soil
moisture calculation step, Rain total (mm) represents the rainfall
measured by the rain gauge, 6; means the saturation point of the soil (in
terms of mm of storage) otherwise known as the porosity, ETc (mm)
denotes the water stress adjusted evapotranspiration, and Drain_prelim
(mm) is the drainage estimate based on the soil moisture content (6;_1;
mm) from the last step.

(2) Irrigation

Irrigation in the SL model is estimated according to the amount of
water that is applied to the system and the system efficiency by
FMvol x 0.0001

IRRGtotal = —RRG 2)

IRRGnet = IRRGtotal x Efficiency x 0.01, 3)

where FMvol (ML) is the total amount of water scheduled for irrigation,
IRRGtotal (mm) is the total amount of water that is applied in the system,
IRRGnet (mm) denotes the amount of water delivered by the system to
the ground, IRRG (ha) represents the area of irrigation, and Efficiency
(%) is the efficiency of irrigation system. For this study, a rain gauge in
every station provided direct measurements of both rainfall and irriga-
tion and so this calculation was not applied. Although irrigation maps
were not incorporated in this study, the irrigation equations were
retained here to illustrate the general method of water application.

(3) Evapotranspiration

Evapotranspiration (ET) is estimated by weather station data ac-
cording to the Penman-Monteith equation (Allen et al., 1996)
BT — 0.408A(Rn — G) + y 72553ua (e — €q)

o= A +7(1 +0.34u,) '

4

in which ETy (mm) is the reference evaporation, A (kPa/°C) denotes the
slope of the vapor pressure curve, R, (MJ/m?) is the net radiation, G
(MJ/m?) is the soil heat flux density, y (kPa/°C) is the psychrometric
constant, T (°C) is the air temperature, u, (m/s) denotes the wind speed
at 2 m height above the ground, and e; (kPa) and e, (kPa) are the
saturated and actual vapor pressure respectively. These variables were
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calculated based on weather station-based measurements. In this study,
ET, was calculated from daily weather forcing data and averaged to
hourly resolution when the model was driven with hourly inputs,
consistent with the practical availability of field observations.

(4) Drainage

Drainage in the SL model is the soil moisture in excess of its field
capacity. Accordingly, it is calculated as

Drain_total = Drain_prelim + max [0, (Gpreiim — 6s) ] 5
Opretim = 0r—1 — ETC 4 RaiNefeciive + IRRGNEL — Draimpyejim, (6)

where Drain_total (mm) is the total amount of drainage, and Drain_prelim
(mm) is the drainage due to soil moisture content in excess of the field
capacity in the last time step calculated as

. 6;_1 — Orc| x Drain, >0
Drainyrejm = { E)‘ 2[ ) ZC]QFC cof 0 > OrC e

where 6,_; (mm) is the soil moisture in the last time step, and Drain_coff
is a drainage coefficient defined by model calibration.

(5) Soil Moisture

The soil moisture content is finally estimated from the inputs and
outputs described above according to

IRRI,;

0(t) =0(t = 1) + Rainggecive + wetarea(%) x 0.01

ETc ®

- Draina,
wetarea(%) x 0.01 total

where ¢ (mm) is the soil moisture content and wetarea denotes the
percentage of area irrigated.

2.3.2. Revised model components

To determine the optimal model configuration, a series of two-layer
soil moisture models (the foundation of near-surface soil moisture data
assimilation and/or calibration), with additional and/or alternative
component concepts were used to provide the soil moisture estimates.
Accordingly, each model component was revised incrementally to see its
effect and to maintain a minimum level of model complexity. Compo-
nents which yielded noticeable improvements in soil moisture
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simulation were retained, while those with limited contribution were
excluded from further analysis. All revised equations were formulated
based on the requirement of at least a two-layer structure, and the al-
gorithms for the retained components designed to be extendable to
multi-layer configurations. The differences between soil moisture
models with different components are summarized in Table 2.

(1) Soil moisture redistribution

The Buckingham-Darcy equation was applied for calculating the
vertical soil moisture redistribution flux between soil layers according to

\Pm,j - lej+l

2@ +an)] ®

q=K,

where q (mm/h) denotes the soil moisture vertical flux between layer j
and layer j + 1, with positive values indicating downward flow, Ky (mm/
h) is the unsaturated hydraulic conductivity, d; and dj,; represent the
soil thicknesses (mm) of the two layers, Wn,j — Wpji1 is the difference in
matric potential (mm) between the two layers, derived by the van
Genuchten (Vangenuchten, 1980) equation

O; — 6,

[1+ (alh)""” o

0(h) =0, +

where 6(h) is the soil water content at matric potential h (mm), 6; (mm)
and 6, (mm) are the residual and saturated soil water contents, a (1/mm)
is the inverse air-entry suction parameter, m = 1 — 1 /n with n describing
the pore size distribution.

The unsaturated hydraulic conductivity was calculated by

m12
K(O)=KS.[1 - (1= sim)"]", an
with
00,
Se=g—4 (12)

where K; (mm/h) is the saturated hydraulic conductivity, [ is the pore-
connectivity parameter (commonly set to 0.5). All the parameters in
the van Genuchten equation were defined by model calibration in this
study.

(2) Evapotranspiration

Aqua Crop

Table 2
Information and comparison of different soil moisture model configurations.
SL Revised model structure
R-FLX R-FLX-ET R-FLX-ET-DRN R-FLX-ET-INF

Soil moisture Not considered

Gradient of soil matric potentials (Buckingham-Darcy equation);

Tipping bucket method

Penman Monteith

EToxCrop coefficient

redistribution both downward and upward soil water flux are considered
ET, Penman Penman Penman Monteith
Monteith Monteith
ETp ET(xCrop ET(xCrop ET(xCrop coefficient
coefficient coefficient

Actual soil
evaporation
Root water uptake

Actual crop
transpiration
Drainage

Infiltration

Vertical soil
discretization

Timestep

Not considered

Not considered

Not considered

Based on soil
field capacity
Fixed limitation
Single layer

Sub-daily

Not considered

Not considered

Not considered

Based on soil
field capacity
Fixed limitation
Any number

Sub-daily

Consider soil moisture
stress

Consider soil moisture
stress and empirical
coefficients

Sum of root water uptake
of each layer

Based on soil field capacity

Fixed limitation
Any number

Sub-daily

Consider soil moisture
stress

Consider soil moisture
stress and empirical
coefficients

Sum of root water uptake of
each layer
Buckingham-Darcy
equation

Fixed limitation

Any number

Sub-daily

Penman Monteith
ETxCrop coefficient

Consider soil moisture
stress

Consider soil moisture
stress and empirical
coefficients

Sum of root water uptake
of each layer

Based on soil field capacity

Horton equation
Any number

Sub-daily

Penman Monteith
EToxCrop coefficient

Consider soil moisture
stress and canopy cover
Consider root density
and soil moisture stress

Sum of root water
uptake of each layer
Based on soil field
capacity

Fixed limitation
Any number

Daily only
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Evapotranspiration from the different soil layers has been consid-
ered, with evaporation and transpiration from the first layer while only
transpiration from the deeper layer(s). Different evapotranspiration
coefficients were therefore used to represent the varying evapotranspi-
ration contributions. Specifically, Ke was introduced to represent
evaporation for the first layer, and different crop efficiency K; were
introduced to represent the transpiration for different layers respec-
tively. For transpiration, a water stressed index Ks was also calculated
for each layer to adjust the reference evapotranspiration The revised
evapotranspiration was accordingly calculated by

ET=ETe + ETc = ETy X Ke + ETy X Ks X K, 13)

where the water-stress factor Ks is given by Allen et al. (1996) as

0 0<0w
0-0

Ks={ — " Qup <0< Opc, 14)
Orc — Owp

1 0> 6k

in which 0 represents the soil moisture content, ¢ is the field capacity,
Owp is the wilting point, and K, represents a calibrated crop coefficient.

(3) Drainage

While the SL model defined drainage solely based on the field ca-
pacity threshold, the revised drainage component accounts for addi-
tional drainage driven by the soil water potential gradient between the
root zone layer and the underlying layer, as described by the Buck-
ingham-Darcy equation (Eq. (9)).

(4) Infiltration

The SL model uses two parameters (Rain_minpen and Rain_ maxpen) to
control the amount of rainfall infiltrating into the soil. However, infil-
tration capacity changes as a rain event progresses due to changes in the
soil moisture content. Therefore, the Horton infiltration equation
(Horton, 1933) was introduced to consider the infiltration according to

fO=fe+ (fo—fo)e ™, (15)

where f(t) means infiltration rate at time t, f. denotes steady state
infiltration rate, f, is the initial infiltration rate, and k is a decay con-
stant. In this study, f, was set as the near-surface saturated hydraulic
conductivity Ks;, while fy and k were defined by model calibration.

2.3.3. Multi-layer framework

A multi-layer framework was developed to extend the optimized
two-layer model structure. To investigate the influence of vertical dis-
cretization and parameterization on simulation accuracy, the soil profile
was first divided into horizons with distinct hydraulic properties. Each
horizon was then further discretized into multi-layers that shared the
same parameter values.

2.3.4. Aqua crop model

Aqua Crop is a crop growth simulation model developed by the Food
and Agriculture Organization of the United Nations (FAO) and has been
widely used in agricultural water management across different crops
(Raes et al., 2009; Steduto et al., 2009). Aqua Crop simulates soil water
dynamics by dividing the soil profile into a series of compartments, each
characterized by its hydraulic limits of saturation, field capacity, and
wilting point. Rainfall and irrigation first infiltrate into the uppermost
compartment, with an empirical exponential drainage function used to
simulate the redistribution of soil moisture when it exceeds field ca-
pacity according to
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Ab;,
Atv = (010 — Oet) % f(7), (16)

where 6, is the soil moisture for ith layer at time ¢, and 7; is a drainage
time constant linked to soil hydraulic conductivity by z; = 0.0866K%3°.
The soil moisture redistribution used is according to a bucket-type
redistribution scheme. More detailed information about Aqua Crop
can be found in Raes et al. (2009), with the difference between Aqua
Crop and the soil moisture models developed in this study listed in
Table 2. To ensure a fair comparison, the same layer thickness as in the
two-layer model was applied in Aqua Crop, and all parameters were
calibrated using the same objective function and optimization proced-
ure, without relying on default parameter values for soil moisture
estimtaions.

2.4. Model calibration and evaluation

Various global optimization approaches, such as Shuffled Complex
Evolution (SCE-UA), Particle Swarm Optimization (PSO; Kennedy and
Eberhart, 1995), and Genetic Algorithm (GA; Franchini, 1996), are
widely used for calibrating soil moisture models, with SCE-UA adopted
in this study due to its demonstrated robustness in handling
multi-parameter problems and its widespread application (Duan et al.,
1993; Khakbaz et al., 2012; Tang et al., 2024). The original SCE-UA
algorithm is based on the simplex method, using multiple simplexes to
search the solution space while updating points dynamically through a
shuffling algorithm. Moreover, it uses a multi-start search approach,
beginning with a set of initial solutions. These solutions are grouped into
"complexes", with each complex generating new candidates using the
simplex method. The shuffled and restructured population continues
evolving to improve optimization. The Competitive Complex Evolution
(CEE) algorithm was later developed to help generate candidate solu-
tions within SCE-UA, which was also applied in this study (Vrugt et al.,
2003; Wu et al., 2025).

Several statistical indices were selected to calibrate model parame-
ters and evaluate simulation performance, including Nash-Sutcliffe Ef-
ficiency (NSE), Correlation Coefficient (R), Root Mean Square Error
(RMSE) and Bias. Their calculations are based on

n

NSE=1- [Z (Ootsi = Osimi)* /> (Bobsi — em)} : a7
i=1

i=1

n _ _
Z (Gobs,i - gobx) (esim,i - esim)

R=—F= ) s)

1 7 2 2 \2

\/Z (gobs.i - ‘gobs) (gsim.i - Hsim)
i=1 i=1
1¢ 2
RMSE =, [~ > (0obsi — Osmi) 19
i=1

1&

Bias = H Z (gsim.i - gobs.i)v (20)

i=1

where 6,,; represents the soil moisture measurements, 6, is the model-
simulated soil moisture, and the overbar means the average value for
each variable. NSE and RMSE, representing the dynamics and errors of
the simulated soil moisture, were used as objective functions during
model calibration. In the calibration process, NSE and RMSE were
computed for all layers, with equal weighting assigned to each layer to
ensure a balanced assessment of model performance throughout the soil
profile.
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2.5. Parameter sensitivity analysis

Model parameters substantially influence simulation accuracy,
though their sensitivity varies. Calibrating all parameters may enhance
performance but can also increase uncertainty and reduce computa-
tional efficiency, especially as the model complexity increases, i.e. in the
case of multi-layer models. To identify the most influential parameters, a
sensitivity analysis was conducted using the optimized two-layer model,
and parameters identified as sensitive allowed to vary across horizons
for the multi-layer soil moisture model (Fig. 3).

The Morris method (Morris, 1991) was applied to simplify the se-
lection process for the multi-layer configuration. This is a screening
method for identifying a subset of inputs that are influential on outputs,
including those involved in interactions, based on elementary effects
using a “one-factor-at-a-time” design of experiments (Demaria et al.,
2007; Scollo et al., 2008). The elementary effect of each parameter is
defined as

FOa, X+ A X)) = f(, X, Xn)

d: = 21

) A @1)
where f(X) is the objective function of the model, X = (x1,x2, ..., Xn) is
the n-dimensional vector of parameters, A denotes one step (A = ﬁ)

between1/(p—1)and1—1/(p — 1), and p is the number of levels into
which the parameter space is discretized. In this study, p was set as 8 to
balance the resolution and efficiency (Campolongo et al., 2007; Saltelli
etal., 2010). Values of X were selected from the hyperspace Q, identified
by an n-dimensional p-level grid.

The mean (y, assessing the overall influence of the parameter on the
model accuracy) and standard deviation (o, estimating non-linearity or
interactions with other parameters) for each parameter were then
calculated to quantify the parameter sensitivity based on

ﬂj:ildﬂi)l / n (22)
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Fig. 3. Framework of the multi-layer soil moisture model. The surface layer
was fixed at 5 cm to align with UAV-based observations, while the deeper soil
profile was divided into multiple horizons with distinct parameters; layers
within each horizon shared the same parameter values.
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0= Z di(i) - = . / n, (23)

where 4" is the absolute average value of 4 and parameters with high x"
indicate the overall importance of the parameter on model accuracy,
while a large measurement of ¢ suggests that the parameter exhibits a
non-linear behavior on the model accuracy or involves interaction with
other parameters. The most influential parameters are those located in
the top-right of a ¢ versus y* plot, where both sensitivity measures are
high (Ben Touhami et al., 2013; Campolongo et al., 2007).

3. Results and discussion
3.1. Two-layer model simulations

3.1.1. Impact of model components

To systematically evaluate the influence of the model components (i.
e., soil moisture redistribution flux, evapotranspiration scheme, deep
drainage and infiltration) on simulation performance, a two-stage
comparison framework was adopted. In the first stage, model structure
assessments were conducted utilizing data from Station 6, selected for its
data completeness and quality. The primary objective of this stage was
to identify key components that substantially improved model perfor-
mance, stability, or physical consistency. In the second stage, the
selected model configuration was then applied to the remaining stations
to assess predictive capability and generalizability, and to understand
the impact of any site-specific variability. Two-layer model simulations
were conducted using both daily and hourly forcing datasets to support
component selection. To provide a baseline for evaluating the efficiency
of the two- and multi-layer models, results from the SL model were also
computed over the same time period. For the SL model, soil moisture
measurements from all nine depths were weighted based on the soil
thickness to represent the reference (“truth”) soil moisture. For the two-
and multi-layer models, soil moisture observations from the 0-5 cm
sensor were used as the reference for the near-surface layer to align with
UAV-based radiometer retrievals, while the weighted average of the
remaining corresponding depths was used to represent the reference
values for deeper layers. All the parameters calibrated in the two-layer
models were detailed in Table S6.

Results based on the SL model are shown in Fig. 4, with relatively
good results for daily-based simulations but a poor performance for
hourly simulations. The reason for this is that a one-layer bucket model
is capable of representing the soil moisture dynamics corresponding to
rainfall/irrigation events for a coarse temporal resolution, while it is
unable to correctly capture the dynamics at finer temporal resolution.

Overall simulation performance based on a two-layer model with
alternative component representation is presented in Fig. 5. Statistics,
including NSE, R, RMSE and bias are listed in Tables S1 and S2 and the
values of calibrated parameters are listed in Table S7. The Taylor dia-
grams in Fig. 5 illustrate the relative performance of different model
configurations in terms of correlation, standard deviation, and centered
root mean square error, for both near-surface and root zone soil moisture
under daily and hourly forcing. When comparing the simulation results
across model configurations and their conceptualizations, each addi-
tional process incorporated into the model influenced simulation per-
formance in a distinct way. Detailed comparisons of these differences are
as follows.

The two-layer baseline model, which simulates vertical soil moisture
redistribution using the Buckingham-Darcy equation (R-FLX), captured
the general dynamics of both the near-surface and RZSM under rainfall
and irrigation events, with R = 0.8788 and RMSE = 0.0369 cm®/cm? for
the near-surface, and R = 0.9343 and RMSE = 0.0273 c¢m®/cm? for root
zone (Table S1). Hourly simulations (Table S2) improved temporal
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Fig. 4. Soil moisture simulation results based on the single-layer (SL) model at Station 6 using hourly and daily forcing data.

responsiveness, particularly in the near-surface layer (NSE = 0.8344,
R = 0.9139), demonstrating the value of finer temporal resolution.
Accordingly, when using hourly rainfall data, the near-surface layer
displayed greater fluctuations due to the rapid response to the precipi-
tation, while the root zone showed similar smooth changes. This dif-
ference arises because rainfall and irrigation typically occur as short
intense events, while infiltration and redistribution processes operate
over longer timescales. Compared to the SL model, the two-layer R-FLX
model provided more realistic dynamics when applied with hourly
rainfall data, increasing the NSE of soil moisture estimations by up to
75% in calibration, and turning the negative NSE in the validation
period to positive, highlighting the limitation of bucket-type models. By
explicitly representing soil moisture fluxes between layers, the R-FLX
model captured moisture gradients and water exchange driven by soil
moisture conditions, thereby improving the representation of natural
redistribution processes in layered soils and yielding a more reliable
simulation. As the interaction between soil layers is critical important
when utilizing near-surface information to enhance the accuracy of
RZSM simulation, soil moisture redistribution based on the
Buckingham-Darcy equation was kept for latter applications.
Evapotranspiration algorithm was further revised based on the two-
layer model R-FLX (named R-FLX-ET, Table 2) with the simulation re-
sults for both the near-surface layer and root zone layer shown in
Figs. S3-54. Under daily meteorological forcing, the NSE of RZSM esti-
mations improved from 0.8535 (R-FLX) to 0.9054, while bias decreased
from 0.0092 cm®/cm® to 0.0024 cm®/cm®. A similar trend was observed
in simulations based on hourly meteorological forcing, where the RZSM
NSE improved to 0.9152 and R improved to 0.9600. These results
indicate that the revised evapotranspiration scheme enhanced deep-
layer soil moisture prediction accuracy, although at the cost of minor
near-surface degradation. During the validation period at Station 6, the
R-FLX-ET model effectively captured the temporal dynamics of near-
surface soil moisture, accurately reproducing the timing and general
trends of wetting and drying cycles (Figs. S3-54), which was also re-
flected by a correlation of 0.8060 and an RMSE of 0.0473 cm®/cm®. The
moderate positive bias of 0.0379 cm®/cm® indicated a slight over-
estimation of surface moisture, particularly following wetting events.
Despite this overestimation in magnitude, the model maintained a
consistent ability to track the observed near-surface moisture fluctua-
tions. For the root zone, the model exhibited even stronger performance,
with an excellent correlation of 0.9661, very low RMSE of 0.0116 cm®/
cm®, and near-zero bias of —0.0096 cm>/cm?, demonstrating the model's
ability to accurately simulate the smoother and slower dynamics of

deeper soil moisture during the validation period, further confirming its
reliability and stability. For the near-surface layer, the temporal change
of soil moisture fluctuated less while the soil moisture in the root zone
reduced due to the higher transpiration rate (Figs. S3-54). Accordingly,
evapotranspiration calculation considering the coupling with soil
moisture as implemented here led to a better estimation of soil moisture
for the different soil layers.

Compared with R-FLX, the NSE of RZSM based on R-FLX-ET
increased by 6% and 10% for the calibration and validation periods,
separately. The importance of incorporating the coupling relationship
between soil moisture and evapotranspiration has been proven in past
studies (Dong et al., 2020; Zhao et al., 2025). Moreover, accounting for
layer-specific crop coefficients (Kp) is important, as both the K} values
and root depth definitions vary among crop types (Allen et al., 1996;
Pereira et al., 2015a). Consequently, revising the evapotranspiration
component was essential for ensuring applicability across different
cropping seasons. Given that detailed K; values have been well estab-
lished for various crops (Allen et al. 1996, 2006), they can be effectively
used to improve soil moisture estimation. Based on these considerations,
further model development here was conducted using the R-FLX-ET
framework.

Subsequent modification of the drainage component in R-FLX-ET
called R-FLX-ET-DRN, led to a decreased simulation accuracy, particu-
larly for the near-surface soil moisture estimations and using daily
forcing data (Figs. S5-S6). The NSE of near-surface soil moisture simu-
lations dropped to 0.6903 using daily inputs and to 0.7072 using hourly
inputs. For RZSM, the NSE based on daily meteorological forcing
dropped to 0.7354, while the NSE decline was less pronounced when
using hourly meteorological forcing data (0.9115), but still less favor-
able than for the preceding model. Consequently, the original drainage
formulation was retained to preserve structural simplicity.

The drainage calculation has been considered as a bottom boundary
condition in literature (Campoy et al., 2013; Chen et al., 2018; He et al.,
2021; Zeng and Decker, 2009). Accordingly, in this study the original
model with drainage calculated based on field capacity can be regarded
as a free drainage boundary, while calculation based on the
Buckingham-Darcy equation can be regarded as a moisture limited
boundary condition that is impacted by the moisture content of the
adjacent soil layer. The influence of drainage on soil moisture estimation
can be varied. Specifically, Chen et al. (2018) demonstrated that the
impact of drainage on soil moisture estimation generally increased with
soil depth and decreased with time. While Zeng and Decker (2009)
indicated a substantial effect of the drainage calculation on soil moisture
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Fig. 5. Taylor diagram of simulation results from two-layer models with different component configurations (Table 2) using daily (left) and hourly (right) mete-
orological data. Circle markers represent the near-surface layer, and diamond markers represent the root zone soil moisture (RZSM).

estimation, the results of He et al. (2021) showed only a subtle impact,
especially for a Sand Loam soil overlaying a Clay Loam, being the con-
dition for our study area. Moreover, the relationship between drainage
calculation and soil texture was also explored by Campoy et al. (2013),
with only minor improvements on the accuracy of soil moisture simu-
lation, which was consistent with the findings in this study.
Introducing a revised infiltration in R-FLX-ET using the Horton
equation, called R-FLX-ET-INF, resulted in a subtle improvement to
RZSM estimates using both daily (NSE = 0.9167; RMSE = 0.0206 cm®/
cm®) and hourly (NSE = 0.9073; RMSE = 0.0220 c¢m3/cm®) meteoro-
logical forcing. The performance of R-FLX-ET-INF over R-FLX-ET was
more pronounced for near-surface soil moisture estimations, especially
when using daily meteorological forcing (NSE = 0.7297 for R-FLX-ET
versus 0.7846 for R-FLX-ET-INF) than for using hourly meteorological
forcing (NSE = 0.7874 for R-FLX-ET versus 0.7903 for R-FLX-ET-INF).
According to the temporal dynamics (Figs. S7-S8), near-surface mois-
ture estimation was more sensitive to rainfall events under hourly
forcing (Table S2), demonstrating that the additional infiltration

component helped the soil moisture model to more accurately mirror the
fluctuations in soil moisture response to rainfall and irrigation events.
The importance of infiltration on soil moisture estimation has been
previously demonstrated from different aspects, including calculation
methods (Feki et al., 2018; Zhang et al., 2024) and infiltration pathways
(Meng et al., 2023), which align with the results of this study. However,
the influence of infiltration on the soil moisture estimation has also been
found to present a decreased impact with increasing soil depth, espe-
cially when considering satellite-derived near-surface soil moisture in-
formation (Zhang et al., 2024). Compared with R-FLX-E, the RZSM
accuracy based on R-FLX-ET-INF improved around 2% for NSE and
around 5% for RMSE for both the calibration and validation periods.
However, the improvement was insufficient to justify incorporating
variable infiltration as an additional aspect to the soil moisture model,
due to its complex representation and two extra parameters requiring
calibration, which are difficult to define using standardized values.
Therefore, the original formulation was retained to preserve the model's
parsimony while maintaining satisfactory performance. Considering the
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possible disturbance caused by livestock in the field, the influence of
water ponding, presented by a calibrated maximum ponding storage,
was also tested. The results (not shown) indicated that including this
process did not lead to an improvement in model performance compared
with the R-FLX-ET model. In particular, the near-surface soil moisture
exhibited an overly sensitive response to rainfall events in the validation
period, which can be attributed to the prolonged influence of surface
water storage on infiltration dynamics. The performance of the
two-layer R-FLX-ET model was further compared with Aqua Crop, one of
the most widely used agricultural water management models (Pereira
et al., 2015b; Pinheiro et al., 2024; Saab et al., 2015). Compared with
R-FLX-ET, Aqua Crop calculates soil moisture redistribution based on
drainage schemes without explicitly accounting for soil gradients, and
estimates evapotranspiration by considering both soil moisture stress
and canopy stress. Since Aqua Crop is designed for daily application, the
comparison was conducted on a daily timestep (Fig. S3, Table S1). To
ensure consistency, the soil profile in Aqua Crop was represented by two
layers: 0-5 cm for the near-surface and 5-60 cm for the root zone,
aligning with the structure of R-FLX-ET. Importantly, R-FLX-ET repro-
duced both the timing and magnitude of surface soil moisture variations
more accurately than Aqua Crop, especially for the root zone layer
during the validation period (Fig. S3). Soil moisture peaks after rainfall
and irrigation events were better captured in R-FLX-ET, whereas Aqua
Crop tended to underestimate the wetting response and dampen
short-term fluctuations. This difference was also reflected in the per-
formance statistics. R-FLX-ET showed improved performance thanAqua
Crop in simulating RZSM for both the calibration and validation period,
achieving higher NSE (0.9054 vs. 0.7836 for calibration and 0.8792 vs.
—2.9673 for validation), indicating a closer agreement with observed
variability and greater temporal consistency across time periods. Aqua
Crop, with its bucket-type water balance, tended to dampen fluctuations
and underestimate soil moisture under wet conditions, whereas
R-FLX-ET more effectively represented vertical water redistribution,
demonstrating the importance of using the Buckingham-Darcy equation
to calculate the soil moisture redistribution (van Dam and Feddes, 2000;
Vereecken et al., 2016). The debate of using physically-based principles
(flow controlled by gradients such as soil moisture redistribution based
on the Buckingham-Darcy equation) versus applying a more simplistic
model with cascade flow has been widely discussed, with the former
method found to outperform the latter (MacBean et al., 2020; Tsiros
et al., 1998; Vianna et al., 2024). The results of this study further
emphasize the importance of considering the soil moisture gradient
when representing soil moisture redistribution. In terms of evapotrans-
piration, revision based on soil moisture stress might be sufficient for
providing good soil moisture estimations, compared to Aqua Crop that
considers both soil moisture and canopy stress.

Among the tested revisions, soil moisture redistribution based on the
Buckingham-Darcy equation and the revised evapotranspiration
formulation were found to have the greatest impact on model accuracy.
While variable infiltration could also enhance the model accuracy
slightly, the additional parameters and complexity outweighed the
benefits. The R-FLX-ET model thus provided an effective balance be-
tween accuracy and parsimony, making it the preferred configuration
for further development. Compared with both the SL and Aqua Crop
models, R-FLX-ET could also provide more accurate soil moisture esti-
mations driven by forcing data at different temporal resolutions.

All four two-layer models generally provided satisfactory perfor-
mance (NSE >0.70 for the near-surface layer and NSE >0.85 for the
RZSM driven by hourly forcing data. Those soil moisture models
consistently yielded better performance by using hourly rainfall data,
capturing the temporal dynamics of near-surface soil moisture more
accurately, compared with using daily rainfall data. While daily simu-
lations produced reasonable results, they failed to reflect the rapid
surface fluctuations observed during rainfall and irrigation, likely due to
their coarse temporal resolution. This is consistent with the finding of
Filippucci et al. (2020), who addressed the importance of finer temporal
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resolution in soil moisture estimation during irrigation. Accurate rep-
resentation of near-surface soil moisture has important implications for
using UAV-based near-surface information to improve the accuracy of
RZSM estimates. Therefore, hourly meteorological forcing is recom-
mended for future application. In practice, hourly precip-
itation/irrigation information can be obtained from dense rain gauge
networks, satellite-based products, or weather model outputs, and can
also be readily measured at the farm scale using standard rain gauges.
Hourly evaporation can be approximated by disaggregating daily esti-
mates from widely used products such as GLEAM (Global Land Evapo-
ration Amsterdam Model; Miralles et al., 2025).

3.1.2. Model numerical stability

Given the influence of time step size on simulation accuracy, nu-
merical stability was evaluated. The numerical stability assessment was
conducted using the two-layer R-FLX-ET model, identified as the
balanced configuration in terms of performance and complexity. Three
numerical schemes were implemented and compared: (1) the original
model employing an explicit scheme with a fixed time step size, (2) an
implicit form of the Buckingham-Darcy equation with a fixed time step
size, and (3) a variable time step size approach, in which time step size
reduced until the difference between the two-half-step estimates and
full-step estimate fell below a predefined threshold (set as 0.1% of layer
depth in this study). The stability and performance of the three nu-
merical schemes were evaluated under both daily and hourly temporal
resolutions (Fig. 6), enabling a comprehensive comparison of their
robustness across different time scales.

All three numerical schemes produced consistent soil moisture sim-
ulations that closely matched in-situ observations, confirming the
model's strong numerical stability across temporal resolutions and for-
mulations. The time series (left panels) and scatter plots (right panels) in
Fig. 6 show that all methods reproduced the temporal dynamics of soil
moisture with minimal divergence and a high agreement with obser-
vations. Across methods, NSE values generally exceeded 0.70 for the
near-surface and 0.89 for the root zone, with corresponding correlation
coefficients above 0.84 and 0.91, RMSE below 0.040 cm® cm™3, and
biases near zero. RZSM estimations based on the three numerical
schemes presented a higher consistency than for the near-surface layer,
likely due to the damping effect of deeper soil layers, which reduces
sensitivity to short-term atmospheric forcing and numerical fluctua-
tions. Despite minor differences, the close agreement among the three
schemes demonstrated that the model structure is numerically stable
and reliable under different computational settings. Additional to the
relatively homogeneous soil profile in the study area, numerical stability
of the R-FLX-ET model was also evaluated using data from the Los
Coscolls station from the ISMN, characterized by a more heterogeneous
soil profile (sandy loam over clay loam). The Buckingham-Darcy equa-
tion is one of the fundamental and commonly used equations to describe
moisture redistribution between soil layers. Numerous methods have
been proposed to achieve the desired accuracy and avoid unrealistic
results (Ducoudre et al., 1993; He et al., 2021; Qi et al., 2018), with the
numerical difficulties of using these equations having been carefully
examined (Zha et al., 2017). However, it was found here that this
equation can be solved explicitly to provide a good estimation. While the
implicit and variable time step methods provided slightly smoother
simulations and marginal improvements in RMSE for the near-surface
layer, the overall differences in performance were minor. Given the
increased computational complexity and cost associated with solving
the implicit form and managing adaptive time stepping, these methods
offered limited practical advantage in this context. Consequently, the
approach of using an explicit form of the Buckingham-Darcy equation
with a fixed time step was retained for all subsequent analyses in this
study. The demonstrated stability and satisfactory accuracy of the
R-FLX-ET model made it a suitable and practical choice for further
application.
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Fig. 6. Numerical stability of the model. Time series plots are shown in the left panels and scatter plots in the right panels, with results based on daily data at the top

and hourly data at the bottom.

3.1.3. Model evaluation across different stations

The reliability of the two-layer R-FLX-ET model was evaluated at
additional locations with available observations (Stations 2, 4, and 5;
Fig. 7, Fig. S9-S10, Table S3) to assess its spatial robustness and
generalizability. Station 2, where only rainfall serves as the hydrological
input, provided a slightly different scenario to Station 6, which involved
both rainfall and irrigation. R-FLX-ET achieved high correlation in both
the calibration period (0.8623 for the near-surface and 0.9591 for the
root zone), with low RMSEs (0.0300 and 0.0128 cm®/cm?, respectively),
as well as in the validation period (R = 0.8550, RMSE = 0.0395 em®/em?®
for the near-surface, R = 0.9465, RMSE = 0.0109 cm®/cm? for the root
zone). Importantly, the soil moisture model could capture rainfall-
driven variations with high reliability, having only minor over-
estimations in the near-surface layer during wet conditions (Fig. 7).
Points representing simulated and observed soil moisture clustered
tightly along the 1:1 line with minimal bias for both layers and periods,
particularly in the root zone, affirming the robustness of the R-FLX-ET
model under rainfall-only conditions. At Station 4, where frequent irri-
gation was applied in addition to rainfall, the model also effectively
captured the near-surface soil moisture dynamics. While R-FLX-ET

slightly underestimated peak moisture values during intensive irrigation
events, overall agreement with observations was strong. For the root
zone, simulation accuracy was high, with R 0.9631 and
RMSE = 0.0189 cm®/cm® during calibration, while R = 0.9429 and
RMSE = 0.0052 cm®/cm® during validation. Scatter plots showed
excellent agreement in the root zone, though greater dispersion was
noted for the near-surface layer, likely due to the irregularity of irriga-
tion timing and intensity. At Station 5, the R-FLX-ET model reproduced
near-surface moisture fluctuations reasonably well but tended to slightly
overestimate moisture following irrigation events, especially during the
validation period. For the root zone, slight underestimations were
observed. Nonetheless, the soil moisture model maintained a coherent
representation of soil moisture dynamics, demonstrating its applica-
bility across varying stations.

At Station 2 (rainfed site), the R-FLX-ET model achieved high accu-
racy, as soil moisture dynamics were primarily driven by precipitation
and evapotranspiration, which exhibit smoother temporal variability
than the intensive inputs characteristic of irrigated sites (Evett et al.,
2006; Techen et al., 2020; Vereecken et al., 2016). In contrast, irri-
gated sites exhibit additional short-term variability due to irrigation

11
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Fig. 7. Soil moisture estimation based on the two-layer model R-FLX-ET for Station 2 using an hourly forcing dataset. The time series to the left of the black line
represents the calibration period, and that to the right represents the validation period.

applications, which can create spatial heterogeneity and sharper infil-
tration pulses. Nevertheless, the R-FLX-ET model was developed and
calibrated using both rainfall and irrigation inputs, with the validation
across irrigated sites demonstrating that it can effectively reproduce soil
moisture under irrigation management as well. The soil moisture model
demonstrated strong spatial and temporal reliability across the four
stations under both rainfall-only and combined rainfall-irrigation con-
ditions. Although surface simulations exhibited increased sensitivity to
the complexity of irrigation, resulting in occasional over- or underesti-
mation, the model consistently reproduced the soil moisture dynamics
with high temporal correlation and acceptable error metrics. In contrast,
the simulation of RZSM by the two-layer R-FLX-ET model remained
stable across all stations, thereby confirming its robustness for field-scale
applications. To further assess the performance of the R-FLX-ET model
across different climate conditions, soil types, and crop seasons, daily
and hourly datasets from four ISMN stations (Vallecitos, GrouseCreek,
KyleCanyon, LosCoscolls) with diverse conditions, as well as one oat
season from the study field were also used for model evaluation (results
not shown). The results generally indicated consistent model perfor-
mance across all conditions.

3.2. Multi-layer model simulation

3.2.1. Parameter sensitivity analysis

Based on the conclusions from the two-layer model analysis, a set of
multi-layer models (R-FLX-ET_MUL) was developed. To improve model
calibration efficiency and minimize model uncertainty, a parameter
sensitivity analysis using the Morris method was conducted on the two-
layer R-FLX-ET model. This analysis identified the most influential pa-
rameters in both the near-surface and root-zone layers, which were then
selected for calibration for each layer in the multi-layer configurations
tested. The scatter plot of u* versus ¢ (Fig. 8) provided a visualization of
both the magnitude and variability of each parameter's influence on
model output. The sensitivity analysis results indicated that the evapo-
ration factor K., crop efficiency (Kp;, Kp2), saturated hydraulic conduc-
tivity (Ks1, Ks2), field capacity (Orci, Opc2), saturation percentage and
inverse air-entry suction parameter for bottom layer (0;2, a3) and pore
size distribution for near-surface layer (n;) are the most influential
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Fig. 8. Parameters sensitivity analysis based on the Morris method.

parameters, as evidenced by their high p* versus ¢ values (Fig. 8). These
parameters play a critical role in regulating water balance, evapo-
transpiration processes, and vertical water movement. In contrast, pa-
rameters including the wilting points (Oywp;, Owp2), drainage efficiency
(Draineg, Draineg,), and residual moisture content (6,1, 6r2) showed low
sensitivity, suggesting limited influence on model output under the
conditions evaluated. The sensitivity analysis results are consistent with
previous studies, whereby soil moisture dynamics are controlled pri-
marily by hydraulic parameters defining the shape of the soil water
retention curve, while parameters defining lower-bound moisture con-
ditions tended to exhibit comparatively lower sensitivity to model out-
puts (Bandara et al., 2013; Wohling et al., 2008).

Based on these findings and considering the underlying physical
mechanisms governing vertical water fluxes in multi-layer soil systems,
a subset of key parameters was selected for layer-specific calibration in
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the multi-layer model. These included saturated hydraulic conductivity
(Ks), crop efficiency (Kp), saturation point (6s), field capacity (0rc), and
inverse air-entry suction parameter (@) for each root zone layer, while
other parameters were set as the same value for all the layers based on
calibration. Ks was prioritized due to its direct control over the
maximum flux between adjacent layers, which is essential for simulating
vertical moisture redistribution. Moreover, Kp was retained to account
for variation in layer-specific transpiration behaviour, being particularly
relevant in deep-rooted systems. Finally, 6; and 6pc were included to
represent the variability in soil water holding capacity and retention
characteristics across layers, which are crucial for accurately modelling
temporal changes in root zone moisture storage.

3.2.2. Impact of model horizons

Two sets of layer configuration scenarios were considered for the
multi-layer soil moisture model, aiming to balance physical realism,
functional relevance, and computational efficiency. To facilitate refer-
encing, model names encode the structure of the vertical discretization,
with the suffix indicating the number of layers followed by their thick-
ness. When all layers differ, each thickness is listed explicitly (e.g., R-
FLX-ET_MUL_3_051540 refers to three layers of thickness 5, 15, and
40 cm). When consecutive layers share the same thickness, a multiplier
is used to denote repetition (e.g., R-FLX-ET_MUL_5_0515_4 corresponds
to a 5 cm near-surface layer and four subsequent layers of 15 cm each).
The first scenario adopted a simplified scheme based on vegetation
characteristics, specifically the rooting profile of pasture, which is the
dominant land cover over the period for model development. In this
configuration, the soil profile was divided into three layers: a 5 cm near-
surface layer, a 15 cm top root zone layer representing the primary
active root depth, and a 40 cm sub root zone layer (R-FLX-
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ET_MUL_3.051540). This structure focused on the plant-soil in-
teractions governing evapotranspiration and water uptake, while
keeping the model parsimonious with fewer layers and fewer parameters
to calibrate. The second scenario was based on the measured soil texture
profile and provided a more detailed vertical discretization of the soil
column. It consisted of a 5 cm near-surface layer followed by four sub
root zone layers with thicknesses of 10 cm, 15 c¢m, 15 c¢cm, and 15 cm (R-
FLX-ET_MUL_5_0515_4), respectively. This design captured variations in
soil hydraulic properties with depth and enabled more physically
representative modelling of soil water redistribution processes, espe-
cially across interfaces with contrasting texture and permeability. All of
the layers for these two multi-layer models were first regarded as being
different soil horizons with different parameters, with the necessity of
dividing them into more layers subsequently assessed. The results based
on these two scenarios are shown in Figs. 9 and 10, Tables S4-S5. All the
calibrated parameters can be referred to Table S8.

For the three-layer model R-FLX-ET_MUL_3_051540, simulated soil
moisture exhibited strong agreement with both the temporal precipita-
tion patterns and in situ observations during the calibration period
across all layers, with correlation coefficients exceeding 0.88 and RMSE
values below 0.04 cm®/cm?®. During the validation period, similarly high
accuracy was observed in the root zone layers, while the near-surface
layer showed more rapid fluctuations, a slightly lower correlation of
0.6435, and minor underestimations. Nevertheless, the model
adequately captured the dynamic response of soil moisture to rainfall
and irrigation events, capturing the timing of soil moisture peaks but
with underestimation of —0.0059 cm®/cm>. The peaks in soil moisture
gradually spread with depth, indicating the time taken for water to
infiltrate downwards. The five-layer model, R-FLX-ET MUL 505154,
also demonstrated satisfactory performance, achieving R values greater
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Fig. 9. Soil moisture estimation based on three-layer model R-FLX-ET_MUL_3_051540 with hourly forcing data. The time series to the left of the black line represents
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Fig. 10. Same as Fig, 9 but for R-FLX-ET MUL_5_0515_4.

than 0.90 across all root zone layers during both the calibration and
validation periods. However, the near-surface layer exhibited a reduced
correlation with observed data during the validation period. For both
multi-layer models, the center layer(s) presented the most balanced
model accuracy, with a gradation in temporal dynamics that closely
mirrored realistic soil behavior. Therefore, an increased number of soil
layers provides more details about the profile soil moisture distribution.

To gain a better understanding of the influence of soil horizons,
aggregated soil moisture values for the entire profile were compared

14

based on model simulations with different layer configurations, as
shown in Fig. 11. Time series soil moisture showed that the two-layer
model responded most sharply to rainfall/irrigation events, while the
five-layer model exhibited the smoothest dynamics and a tendency to
underestimate soil moisture. In the scatter plot, the two-layer model
showed greater spread around the 1:1 line, while the five-layer model
clustered most tightly, especially for wet conditions. Despite these dif-
ferences, all three models reproduced similar fluctuations and dynamics,
and their overall performance was comparable, indicating that a finer



M. Cao et al. Environmental Modelling and Software 204 (2026) 107065
0.6 ; 1 — o ; =
0.5 12
E ~
_ E% o
ME =3 g "73 e
S 0.4 18 & E
o s 38 .,
! = e
‘?’03 o) Mkﬁ‘\!\ o = ‘%
s -
»n ;E "g =
In situ SM = g =
0.2 - = = - two-layer model g~ -
= =+ = = three-layer model i
: five-layer model
0.1 L L 1 i 1 1 1 L 1 % =) af L L .
1‘3“91'\ 3\3\9 1‘3\\&“ 3\,"65 "5\”:1‘6 ,"Q‘Q@p b‘“,\\"b 1}&%“& b‘“%q:\ b‘gqx‘b &\“\Q 0 .0.2 03.4 , 0.6
N !LQ'I‘ N 'LQ‘I‘ ,"Q’L N ,"Q’L N mﬁq‘ qﬁq‘ q&q‘ In situ SM (cm™/cm”)

Fig. 11. Soil moisture simulations for the 0-60 cm soil profile using models with different horizon configurations.

vertical discretization did not bring substantial improvement to the
model simulation results. This could be attributed to the relatively ho-
mogeneous soil conditions in the study area (loam-clay type), where
limited vertical variability in hydraulic properties reduced the benefit of
additional layer discretization. Moreover, the dominant processes con-
trolling soil moisture dynamics were already effectively captured within
the two-layer structure, and so further subdivision mainly refined in-
ternal gradients rather than introducing new governing processes. In
addition, the increased number of layers introduces more parameters,

and the calibration process may compensate for structural differences.
This is consistent with findings in land surface modelling, where
increased vertical resolution (e.g., moving from two-layer to 11-layer
schemes) had a secondary impact compared to differences arising
from parameterizations (Parrens et al., 2014).

3.2.3. Impact of horizon discretization
Based on the three-horizon model configuration, the second (15 cm)
and third (40 cm) horizons were further subdivided at 1 cm intervals to
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Fig. 12. Soil moisture simulations from the three-layer model R-FLX-ET MUL_3_051540 with varying discretization levels within the second (15 cm) and third
(40 cm) horizons. The blue shaded area in the time series plot represents the range of all simulation results, while the blue line in the scatter plot encloses all
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examine the influence of vertical discretization on soil moisture simu-
lation accuracy, while the near-surface horizon was fixed at 5 cm
thickness, aligned with UAV-based observations. The resulting simula-
tions are shown in Fig. 12, where the blue shaded area in the timeseries
plot encompassed the range of all simulation results, and the blue line in
the scatter plot enveloped all the simulation ensembles across the full
simulation period. Model simulations in the near-surface layer were
relatively widespread during rainfall/irrigation events, highlighting the
sensitivity of near-surface soil moisture to vertical discretization. How-
ever, the model ensemble still captured the overall temporal dynamics
well. In the middle 5-20 cm layer, the spread of simulation results
narrowed compared to the near-surface layer, with the model consis-
tently capturing the observed wetting and drying cycles. The blue
shaded area was narrowest in the deepest horizon (20-60 cm), where
the simulation ensemble closely followed the in-situ data with minimal
spread. This trend was also evident in the right-hand scatter plots, where
the cloud of simulation aligned progressively more tightly with the 1:1
line from the near-surface to deeper layers. These results suggested that
vertical discretization had a more pronounced influence on near-surface
soil moisture simulation due to rapid near-surface distribution. In
contrast, subsurface layers benefited from smoother dynamics and were
less sensitive to the exact layer configuration. Overall, the analysis
demonstrated that the impact of horizon discretization on the model
accuracy is subtle, consistent with previous findings that soil moisture
simulations are generally more sensitive to process representation and
parameterization than to vertical resolution (Clark et al., 2015; He et al.,
2021).

3.3. Impact of root zone depth definitions

To assess the influence of root zone depth on the model accuracy,
root zone depth was set to different depths ranging from 15 cm to 40 cm,
consistent with the locations of soil moisture sensors, and parameters
calibrated separately for each configuration. As soil moisture models
with additional horizons and discretization did not yield substantial
improvements, the two-layer soil moisture model R-FLX-ET was applied
for this analysis. Fig. 13 presents the R and RMSE between modeled and
observed RZSM for the corresponding depths. Across all tested depths,
the R maintained around 0.90 and RMSE was around 0.02 cm®/cm® for
the calibration period. While results deteriorated slightly in the valida-
tion period, the two-layer soil moisture model R-FLX-ET could still
provide a reliable performance for estimating RZSM, achieving R ~ 0.8
and RMSE slightly over 0.04 cm®/cm?®. This demonstrated that the soil
moisture model R-FLX-ET was robust to the choice of root zone depth
and can be reliably applied regardless of the defined root zone depth,
demonstrating its flexibility and usefulness for application to precision
irrigation under different crop types.

04060810
M 15cm 20 cm 25 cm
30cm M 35cm 45 cm
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4. Conclusion

To improve root zone soil moisture (RZSM) estimation for supporting
precision irrigation scheduling, this study explored a set of alternate
conceptual soil moisture models based on an initial single-layer bucket
model framework, with the aim of identifying a suitable model struc-
ture, which requires at least two soil layers while maintains minimal
complexity, for coupling with UAV-derived near-surface soil moisture
observations. Key water balance components, including vertical soil
moisture redistribution, evapotranspiration, deep drainage and infil-
tration were progressively refined to assess their contribution to model
accuracy. Multi-layer models were then developed from the initial two-
layer model configuration found to give the best results, based on a
balance between accuracy and simplicity. The key conclusions of the
analysis are as follows:

(1) Soil moisture redistribution and evapotranspiration are the two
most critical components for accurate soil moisture estimation. A
two-layer model configuration (R-FLX-ET), incorporating vertical
redistribution based on the Buckingham-Darcy equation and a
revised evapotranspiration scheme was identified as the optimal
model structure. It achieved R values up to 0.9600 for the root
zone and 0.8891 for the near-surface layer when using hourly
meteorological forcing, with RMSE values below 0.03 cm®/cm?® at
a soil moisture monitoring station where systematic evaluations
of alternate two-layer model structures were conducted. The R-
FLX-ET model was superior to both the SL. (NSE = 0.5033 for
hourly) and Aqua Crop (NSE = 0.7836 for daily RZSM estima-
tions) models. It also demonstrated strong numerical stability
under different temporal solution schemes, including different
temporal resolution of the meteorological datasets, explicit and
implicit time-stepping schemes, as well as variable time-stepping
approaches. Hourly meteorological forcing data was found to
give better performance, especially for capturing the near-surface
soil moisture dynamics, and so is recommended when utilizing
UAV-based near-surface moisture to improve RZSM estimations.
The reliability of R-FLX-ET was further confirmed across other
soil moisture monitoring stations with both irrigated and rainfed
regimes. Moreover, varying the root zone depth definitions from
15 to 60 cm did not influence the model robustness, confirming
its applicability to alternative crops with diverse rooting depths.
Multi-layer models based on R-FLX-ET provided only marginal
improvements to the two-layer model. While additional horizons
allowed a more detailed discretization of soil moisture dynamics,
improvements were limited to intermediate layers and did not
substantially improve the estimation of average soil moisture
across the full soil profile. Soil moisture estimations based on

(2)

RMSE
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Fig. 13. Correlation coefficient (R) and root mean square error (RMSE) between simulated and observed root-zone soil moisture (RZSM) for different definitions of

root-zone depth.
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finer discretization performed comparably without giving further
improvement. This indicated that the two-layer R-FLX-ET model
already provided robust and reliable RZSM estimations without
the need for additional complexity.

Overall, this study demonstrated that a parsimonious two-layer soil
moisture model (R-FLX-ET) that explicitly accounts for soil moisture
redistribution and evapotranspiration from different soil layers is suffi-
cient for accurate simulation of both near-surface and root zone soil
moisture. R-FLX-ET offers a favorable trade-off between structural
simplicity, computational efficiency, and simulation accuracy, and thus
provides a practical foundation for future studies coupling UAV-derived
near-surface moisture to further improve RZSM mapping in support of
precision irrigation applications.
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