
Academic Editor: Achim A. Beylich

Received: 6 June 2026

Revised: 22 July 2026

Accepted: 31 July 2026

Published: 5 August 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

A Stepwise Correction Model for Operational Forecasting of
Surface Soil Moisture During the Spring Sowing Period
Yanhua Wang 1,2 , Yuying Bai 1, Fengqian Cui 3, Xiaojuan Wang 1, Lei Sun 1,4, Han Yang 1, Yueqi Kong 1

and Chuanyou Ren 1,5,*

1 College of Agronomy, Shenyang Agricultural University, Shenyang 110866, China;
wangyh@syau.edu.cn (Y.W.)

2 Institute of Atmospheric Environment, China Meteorological Administration, Shenyang 110166, China
3 Rizhao Meteorological Bureau of Shandong Province, Rizhao 276826, China
4 Shenyang Meteorological Bureau, Shenyang 110168, China
5 Liaoning Provincial Key Laboratory of Agrometeorological Disasters, Shenyang 110166, China
* Correspondence: rency@syau.edu.cn

Abstract

Accurately predicting soil moisture conditions and determining the optimal sowing timing
during the spring sowing period play a crucial role in ensuring high and stable grain
yields. To address the limitations of existing soil moisture prediction models, i.e., the
complexity and parameterization challenges of hydrological models, the weak theoretical
foundations of statistical models, and the data dependence, lack of interpretability, and
poor generalization of machine learning approaches, a prediction model for surface soil
water content (SWC) was developed in this study. The model is based on the water
balance principle and uses a stepwise correction approach with normalized functions
of key influencing factors. The results are as follows: (1) The model requires readily
available parameters from public databases and is driven by daily scale meteorological
variables (precipitation, temperature, wind speed, and vapor pressure deficit), facilitating
its integration into existing operational weather forecasts. (2) After parameterization, only
the moisture exchange between surface and deep soil layers needs optimization, resulting
in low computational demand. (3) A trial in Shenyang region showed that the model
explains 82.1% of the SWC variance, with an RMSE of 1.7% for 1–7 day lead predictions.
(4) When applied to regions without initial soil moisture observations, the model achieves
satisfactory accuracy after an initial condition sensitivity period of approximately 40 days.
These results provide a methodological reference for soil moisture prediction studies and
offer technical support for meteorological services to integrate soil moisture forecasting
into their operational frameworks.

Keywords: soil moisture prediction; soil water balance; agricultural water management;
conventional meteorological variables; iterative solution

1. Introduction
Soil moisture is one of the most direct and significant factors influencing crop growth,

development, and yield formation [1]. It is critically important for irrigated agriculture [2,3],
as well as for water management and allocation [4,5]. Sowing under appropriate soil
moisture during the planting period provides a foundation for subsequent growth and
yield formation [6–9]. In mid- and high-latitude regions, the spring sowing period presents
a relatively narrow time window [10–12]. Therefore, it is crucial to accurately predict soil
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moisture conditions during this critical phase and proactively develop scientific field water
management strategies for ensuring high and stable grain yields.

Soil moisture dynamics exhibit significant spatial and temporal variability, driven
by the complex interactions among soil properties, vegetation cover, and meteorological
conditions [13,14]. These interactions vary across different landscape types, such as regions
with contrasting soil textures, leading to pronounced differences in soil moisture regimes at
local to regional scales. The introduction of the Soil–Plant–Atmosphere Continuum (SPAC)
concept provided a theoretical foundation for soil moisture simulation [15]. In the 1970s,
statistical empirical models were developed based on relationships between soil moisture
and meteorological factors [16]. These models were simple and computationally efficient
but often failed to capture complex nonlinear relationships. Beginning in the 1980s, research
gradually shifted toward mechanistic modeling [17–20]. Based on physical experiments
or field observations, process-based numerical simulation models were developed, such
as SWAT [21,22] (https://swat.tamu.edu/ (accessed on 14 July 2026)), SWAP [23] (https:
//www.swap.alterra.nl/ (accessed on 14 July 2026)), HYDRUS [24,25] (https://www.pc-
progress.com/ (accessed on 14 July 2026)) and Noah [26,27] (https://github.com/NCAR/
noahmp/ (accessed on 14 July 2026)). These models account for the interactions among soil,
vegetation, and the atmosphere with well-defined physical mechanisms. However, they
often require extensive parameterization, are sensitive to input uncertainties, and struggle
to generalize across heterogeneous landscapes [28,29] characterized by diverse soil types,
topography, land use, and climatic conditions, which limits their applicability beyond the
specific sites for which they were calibrated. Since the 21st century, soil moisture simulation
research has diversified significantly, leading to substantial improvements in forecasting
accuracy [30–35]. Machine learning approaches, which integrated multi-source data such
as remote sensing imagery, soil properties, and meteorological variables, can achieve high-
accuracy soil moisture prediction [36,37]. These methods leverage algorithms such as
support vector machines, random forests, and convolutional neural networks (CNNs).
Ensemble methods like gradient boosting further enhanced predictive performance [36].
Key advantages include the ability to model complex nonlinear relationships and the
potential for integration with the Internet of Things (IoT) to enable real-time monitoring for
precision irrigation. However, their performance is critically dependent on data quality,
quantity, and appropriate feature selection. Major drawbacks include frequent a lack of
physical interpretability, as these models often operate as “black boxes” that do not explicitly
represent the underlying hydrological processes; a high risk of overfitting, especially in
data-scarce regions where the number of training samples is insufficient to constrain
the large number of model parameters; and poor transferability across different climatic
or soil conditions, as the empirical relationships learned from one region may not hold
in another with different environmental characteristics [38]. The absence of large-scale
standardized datasets also hinders consistent benchmarking and widespread operational
adoption [35,39,40].

In operational meteorology, soil moisture prediction must fully consider data avail-
ability. Advances in weather and climate forecasting have created opportunities to adjust
agricultural management based on forecast results [41]. With the advancement of numeri-
cal weather prediction (NWP) technology, conventional meteorological variables such as
precipitation, temperature, and wind speed are now forecast with high accuracy, providing
a feasible pathway for driving soil moisture models using forecast products and achiev-
ing rolling predictions. Currently, hydrological process-based soil moisture models are
often too complex to be integrated into operational meteorological services, limiting their
practical applicability. Statistical models, on the other hand, suffer from weak theoretical
foundations and limited prediction accuracy. While machine learning approaches can
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capture complex nonlinear relationships, they are heavily dependent on data quality and
quantity, exhibit poor generalization in data-scarce regions, and lack physical interpretabil-
ity. To address these issues, this paper proposes a semi-empirical, semi-theoretical surface
soil moisture prediction model based on the water balance principle. The model adopts a
stepwise correction approach, in which the major environmental factors affecting soil mois-
ture dynamics (time, temperature, wind speed, and vapor pressure deficit) are expressed
as independent normalized correction functions and multiplied stepwise with the initial
water content (including precipitation replenishment and deep-layer water exchange). The
objectives of this study are (1) to select conventional meteorological forecast variables used
in operational services and re-examine their relationship with soil moisture, thereby con-
structing a semi-empirical, semi-theoretical surface soil moisture prediction model for the
spring sowing period; (2) to achieve daily rolling predictions of surface soil moisture driven
by daily scale meteorological forecasts; and (3) to take Shenyang as a case study to define
the model parameterization and evaluate its application performance. The model uses
only conventional meteorological variables as drivers, retains the physical basis of water
balance while avoiding the parameterization difficulties of complex mechanistic models.
Moreover, it does not rely on large-scale training data, facilitating rolling predictions in
operational meteorological services. Thus, it provides a new approach for surface soil
moisture prediction during the spring sowing period that balances theoretical rigor and
practical applicability.

2. Materials and Methods
2.1. Data

In this model, the input data are strictly divided into two categories. The driving
variables are conventional meteorological data, including daily precipitation, air temper-
ature, wind speed, and vapor pressure deficit, which constitute the time-series inputs
necessary for model operation. The calibration parameters, on the other hand, consist of
parameters reflecting soil physical properties and correction coefficients that characterize
regional climatic evaporation features. Unlike the driving variables that are updated daily,
the calibration parameters are treated as constants throughout model application; they only
need to be calibrated offline once using historical data when the model is transferred to a
new region. This separation strategy ensures computational efficiency and minimal data
requirements for operational implementation of the model.

The functions of soil moisture variation with time and air temperature were deter-
mined through controlled laboratory experiments. Soil samples were collected from the
0–10 cm layer of an experimental field at Shenyang Agricultural University (41◦49′ N,
123◦33′ E). The soil is classified as brown earth, with a measured field capacity of 26.8% on
a gravimetric basis (equivalent to 29.9% on a volumetric basis). To remove hygroscopic and
free moisture, the soil samples were oven-dried at 110 ◦C to constant weight, then sieved
through a 2 mm mesh. Subsequently, 150 g of dried soil was packed into aluminum cylin-
ders (5 cm diameter × 10 cm height). The packed cylinders were left undisturbed in the
laboratory for 30 days before the experiment. Soil relative humidity (SRH) is defined as the
percentage of actual soil water content relative to field capacity. To simulate precipitation
events of different intensities, water amounts equivalent to the desired initial soil relative
humidity (ISRH) levels were added. Specifically, ISRH values of 40%, 50%, 60%, 70%, 80%,
90%, and 100% corresponded to water additions equivalent to 6.5, 8.4, 10.4, 12.4, 14.4, 16.3
and 18.3 mm of precipitation, respectively. Before water addition, the cylinders were again
oven-dried at 110 ◦C to constant weight. After water addition, the cylinders were placed in
controlled-environment chambers at 50% relative humidity and seven temperature levels:
3, 6, 9, 12, 15, 18 and 21 ◦C. Each cylinder was weighed every 24 h to an accuracy of 0.01 g
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by electronic balance (Setra BL-5000S, Setra Systems, Inc., Boxborough, MA, USA), and
SWC was calculated. The experiment included six replicates, yielding a total of 294 samples
(7 precipitation levels × 7 temperature levels × 6 replicates). The mean values of the six
replicates were used for data analysis.

Conventional meteorological data were obtained from the National Meteorological
Science Data Center (https://data.cma.cn/ (accessed on 1 May 2025)), soil moisture data
from the Global Land Data Assimilation System (GLDAS) (https://hydro1.gesdisc.eosdis.
nasa.gov/data/GLDAS/ (accessed on 1 May 2025)), and soil hydraulic parameter data
from the China dataset of soil hydraulic parameters for land surface modeling [42].

2.2. Methods
2.2.1. Conceptual Framework of the Model

The soil water balance equation for the surface soil layer over a given period can be
expressed as

∆θ = p + I + N − D − ET − Er − R (1)

where ∆θ is the change in surface SWC between the beginning and end of the period;
p is precipitation; I is irrigation amount; N is upward capillary water; D is downward
percolation to the deep layer; ET is crop transpiration; Er is soil evaporation; and R is
surface runoff.

In the absence of irrigation, I = 0. During the spring sowing period, vegetation cover
is low, so ET ≈ 0. Let c = N − D, and then Equation (1) can be simplified to

∆θ = p − R + c − Er (2)

Since sowing depth generally does not exceed 10 cm, soil moisture in the 0–10 cm
layer critically affects seeding quality during the spring sowing period. The water exchange
process is illustrated in Figure 1. The soil profile is divided into two layers: the surface
layer (0–10 cm) and the deep layer (10–100 cm). The direction of the moisture exchange
term c depends on the water potential gradient between the two layers. Assuming no water
exchange between the deep layer and the soil below 100 cm, changes in deep-layer soil
moisture are governed solely by c. After precipitation, soil moisture gradually decreases
due to evaporation and other loss processes [43]. The rate of decrease depends on soil
water content and is influenced by environmental factors such as air temperature, wind
speed, and atmospheric humidity [44]. Higher temperatures and stronger winds promote
evaporation, while lower humidity increases the vapor pressure deficit, accelerating soil
drying. Therefore, surface SWC can be expressed as function of air temperature T, wind
speed u, vapor pressure deficit VPD, and time elapsed d.

Figure 1. Schematic diagram of the influence factors and processes of soil water content.
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2.2.2. Governing Equations

The surface SWC model is developed using a stepwise correction approach based on
normalized functions and daily rolling prediction framework. In this study, any precipi-
tation on the forecast date is assumed to occur at the very end of that day. Consequently,
the precipitation affects the soil moisture content only on the following day and has no
impact on the forecast day itself. Therefore, the final surface SWC on the forecast date
is determined by the initial SWC at the beginning of that day, the precipitation from the
previous day, and the water exchange between the surface and deep layers on the forecast
date, while also being modulated by the meteorological conditions on the same day.

This relationship is expressed as

θd = (θ0 + p − R + c) f1(d) f2(T) f3(u) f4(VPD) (3)

where θd is the surface SWC (soil volumetric water content, %) value on day d after the
forecast date (cm3 cm−3 × 100); θ0 is the initial surface layer SWC (%) at the beginning
of the forecast date, i.e., the surface SWC on the day before the forecast date; p is the
precipitation on the day before the forecast date (mm), and p mm of precipitation increases
the surface (0–10 cm) SWC by p%; c is the water exchange between the surface and deep soil
layers on the forecast date (mm), where a positive value indicates upward flow from the
deep layer to the surface and a negative value indicates downward flow, and c mm of water
exchange changes the surface SWC by c%; and f 1(d), f 2(T), f 3(u) and f 4(VPD) are correction
functions for forecast day count (d), air temperature (T), wind speed (u) and water vapor
pressure deficit (VPD), respectively, and they can be determined through experiments.

Studies have shown that after precipitation, the redistribution of soil moisture can
take several hours to several days to complete, depending on soil type [45]. Considering
the time-lag effect of soil infiltration rate, p − R in Equation (3) should be replaced by the
effective infiltration amount peff on the current day. The water reception of the surface
soil layer (0–10 cm) is limited by its current water storage deficit and the infiltration rate
determined by soil texture. According to the first-order kinetic infiltration assumption, the
effective infiltration amount actually entering the surface layer on the current day is

pe f f = min
[
θ f c − θ0, (p + St−1)×

(
1 − e−1/τ

)]
(4)

where θ f c is field capacity in the topsoil (0–10 cm); θ f c − θ0 is current soil water storage
deficit; (p + St−1)× (1 − e−1/τ) is maximum daily infiltration amount; and τ is time-lag
factor for effective infiltration. St−1 is the surface ponding water at the beginning of the
day preceding the forecast date.

The non-infiltrated water is retained as surface ponding:

St = p + St−1 − pe f f (5)

If the ponding depth exceeds the surface depression storage capacity, runoff is gener-
ated as

R = St − Smax (6)

where Smax represents the surface depression storage capacity (mm), which is a regional
constant. The value of Smax primarily depends on surface micro-topography, slope gradient,
and land use practices. For agricultural fields, a typical reference range is 1 to 15 mm, with
a value of approximately 5 mm for leveled plots [46].
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The amount of surface runoff (mm), once produced, is excluded from further in-
filtration or surface ponding accounting. Under this condition, the surface ponding is
updated as

St = min(St, Smax) (7)

The constraint expressed in Equation (4) ensures that the effective infiltration is limited
by both the soil water storage deficit and the daily infiltration capacity. So, Equation (3) can
be revised as

θd =
(

θ0 + pe f f + c
)

f1(d) f2(T) f3(u) f4(VPD) (8)

The water exchange c is given by Darcy’s law:

c = −K
dh
dz

× 10 × t (9)

where K is the relative hydraulic conductivity (cm·d−1); t is time, taken as 1 d; h is the soil
water pressure head (—cm), and it is a function of the dimensionless of water content; z is
soil depth (positive downward); and 10 is the conversion factor to change the unit of c from
cm·d−1 to mm·d−1.

The functions of van Genuchten and Mualem combine an empirical power-law equa-
tion describing the relationship between pressure head and moisture content with a predic-
tive pore size distribution model for the unsaturated hydraulic conductivity [47,48]. The
water retention is written as

Θ =
θ − θr

θs − θr
=

[
1

1 + (αh)n

]1−1/n
(10)

where Θ is the soil degree of saturation denoting a dimensionless measure of water content,
α is porous medium parameter corresponding approximately to the inverse of the air-entry
value, and n is a shape parameter for the soil water curve; θr and θs are residual and
saturated SWC (%, cm3 cm−3 × 100), respectively. The soil hydraulic conductivity is

K = KsΘ
L
[

1 −
(

1 − Θ1/(1−1/n)
)1−1/n

]2
(11)

where Ks (cm d−1) is saturated hydraulic conductivity (defined at h = 0) and L (dimension-
less) is pore connectivity parameter.

The exchange of soil moisture c also alters the deep-layer SWC, which is expressed as

θd,deep = θ0,deep,0 − c/9 (12)

where θd,deep is the deep-layer SWC at the end of the forecast day (%, cm3 cm−3 × 100);
θ0,deep is the initial deep-layer SWC on the forecast day (%, cm3 cm−3 × 100); and 9 is the
conversion coefficient that translates c into the change in SWC for the 10–90 cm soil layer.

2.2.3. Simulation Procedure

Due to limited data availability and for model simplicity, the soil hydraulic parameters
(θr, θs, α, n) are assumed to be uniform throughout the 0–100 cm soil profile in this study.
This simplification is grounded in the concept of “effective hydraulic parameters,” which
demonstrates that heterogeneous soils can be conceptualized as an equivalent homoge-
neous medium that discharges approximately the same total flux and produces similar
mean pressure head profiles as the original stratified system [49]. Xiong et al. (2018)
provided quantitative evidence showing that when the saturated hydraulic conductivity
of the upper soil layer is within 1.5 times that of the lower layer, the difference in soil
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moisture between stratified and homogeneous profiles is less than 0.05 cm3 cm−3—a level
considered negligible for operational forecasting [50]. Therefore, although soil properties
typically exhibit vertical heterogeneity in natural profiles, the homogeneous assumption is
consistent with common practice in land surface modeling; for example, the widely used
Noah-MP model employs a texture-based lookup table with a vertically uniform soil profile
by default [51]. Although layered models may improve SWC simulation accuracy in soils
with pronounced stratification [51], the homogeneous assumption is physically defensible
for agricultural fields with a history of regular tillage. In such fields, deep plowing mixes
upper and lower soil layers, thereby reducing vertical stratification. This homogenizing
effect of tillage on soil water content and physical properties within the plough layer is well
documented [52,53]. Consequently, the homogeneous assumption adopted in this study is
physically defensible for agricultural soils with a history of regular tillage, and allows for a
parsimonious model structure focused on simulating surface soil moisture dynamics.

Once the functional forms and parameters of f 1(d), f 2(T), f 3(u) and f 4(VPD) are deter-
mined, solving for c in Equation (8) is required to predict θd. However, c is itself depends on
θ0 + pe f f + c, implying a dynamic equilibrium of surface SWC. Therefore, c can be obtained
using an iterative method by incrementally adjusting its value from a given initial estimate.
The basic prediction workflow is illustrated in Figure 2. The driving variables and parame-
ters required as input for the surface SWC model during prediction are listed in Table 1.
Driving variables are updated daily from operational weather forecasts. Parameters are
region-specific constants derived from historical data or published databases, and remain
fixed during the rolling prediction process.

Figure 2. Prediction workflow of surface SWC.
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Table 1. List of model-driven variables and parameters.

Symbol Description Unit Source

p daily precipitation mm Observed/forecast data
T daily mean air temperature ◦C Observed/forecast data
u wind speed at 10 m m·s−1 Observed/forecast data
RH air relative humidity % Observed/forecast data
θ0 initial surface layer (0–10 cm) SWC % Observed/forecast data/user-defined
θdeep,0 initial deep layer (10–90 cm) SWC % Observed/forecast data/user-defined
θ f c field capacity in the topsoil (0–10 cm) % Dai et al. [42]
Ks saturated hydraulic conductivity cm·d−1 Dai et al. [42]
θr residual SWC % Dai et al. [42]
θs saturated SWC % Dai et al. [42]
L pore connectivity parameter — Dai et al. [42]
n shape parameter for soil water curve — Dai et al. [42]
α porous medium parameter cm−1 Dai et al. [42]
Smax surface depression storage capacity mm User-defined
τ time-lag factor for effective infiltration d User-defined
A,B Correction coefficient for wind speed — Iteratively optimized
C,D Correction coefficient for VPD — Iteratively optimized

f 1(d) correction functions for d — Experimentally determined/iteratively
optimized

f 2(T) correction functions for T — Experimentally determined/iteratively
optimized

Note: Driving variables are updated daily from operational weather forecasts. Parameters are region-specific
constants and remain fixed during the rolling prediction process.

3. Results
3.1. Model Parameterization

At each temperature level, the temporal variation in SWC followed similar patterns
across different ISRH values. Figure 3a illustrates the temporal variation in SWC under
different ISRH values at air temperature of 3 ◦C. Within the first 5 days, treatments with
higher ISRH exhibited more rapid decrease in SWC. After approximately 13 days, SWC
stabilized around 4.5%. Similarly, under the given ISRH level (e.g., ISRH = 100%, Figure 3b),
the change in SWC over time was consistent under different ambient temperatures; higher
temperatures led to shorter time for SWC to reach steady state. At 3 ◦C, SWC required
about 13 days to stabilize, whereas at 21 ◦C, stabilization was achieved within only 6 days.
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Figure 3. Changes in SWC with days: (a) different ISRHs (fixed air temperature = 3 ◦C); (b) different
air temperatures (fixed ISRH = 100%).

As SWC follows similar temporal patterns across different ISRH and air tempera-
ture levels, a dimensionless transformation was applied to SWC to remove the effects of
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temperature differences and varying ISRH on its temporal variation. Equation (8) can be
transformed as follows:

θd,less =
θd(

θ0 + pe f f + c
) = f1(d) f2(T) f3(u) f4(VPD) (13)

In the controlled experiment, since there was no water exchange between the soil
inside the aluminum cylinders and the external environment, the water exchange term was
set to zero, i.e., c = 0; prior to water addition, the soil was water free, so θ0 = 0; furthermore,
due to relative humidity being maintained at 50% and no wind during the experiment, the
combined effect of f 3(u) and f 4(VPD) remained constant and was approximated as a single
constant, denoted as c0, i.e., f 3(u)f 4(VPD) = c0. Therefore, Equation (13) can be simplified to

θd,less =
θd

pe f f
= c0 f1(d) f2(T) (14)

where θd,less is dimensionless SWC. We fitted Equation (14) using data from the ISRH = 100%
(i.e., p = 18.3 mm) with 3 ◦C treatment group. With temperature fixed (f 2(T = 3 ◦C) = con-
stant), θd,less depends only on d (Figure 4a). The fit produced the equation

θd,less = 0.1259 + 1.2032 × 0.7516d (15)

Hence, under the specified experimental conditions (3 ◦C, 50% RH, no wind), the tem-
poral evolution of surface SWC after precipitation is described by the following equation:

θd = pe f f

(
0.1259 + 1.2032 × 0.7516d

)
(16)

Validation was performed using experimental data from the treatment groups at
3 ◦C with ISRH levels of 40%, 50%, 60%, 70%, 80%, and 90%. The results showed a
strong agreement between simulated and observed SWC, with regression slope of 0.9647
(R2 = 0.953, p < 0.001) and root mean square error (RMSE) of 1.1% (Figure 4b).

0

0.2

0.4

0.6

0.8

1

1.2

0 5 10 15 20

θ d
,le

ss

days (d)

(a)

y = 0.1259
+1.2032×0.7516x

R2 = 0.996
y = 0.9647x
R² = 0.953

0

5

10

15

20

25

30

0 10 20 30

Si
m

ul
at

ed
 S

W
C

(%
)

Observed SWC(%)

(b)

Figure 4. (a) Variation in dimensionless SWC with treatment days (3 ◦C and ISRH = 100% group);
(b) Comparison between simulated and observed SWCs (temperature: 3 ◦C, other ISRH treatment
groups except ISRH = 100%).

To fit f 2(T), the influence of treatment days on SWC must be removed. Dividing
Equation (14) by Equation (15) yields the ratio of the limitation imposed by air temperature
T on SWC relative to that at T = 3 ◦C:

θd,less

θd,less(ISRH = 100%, T = 3 ◦C)
=

f2(T)
f2(T = 3 ◦C) = 1

= f2(T) (17)
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Using the controlled experimental data with ISRH = 100% and temperatures of 3, 6, 9,
12, 15, 18 and 21 ◦C, f 2(T) was calculated according to Equation (17), and the mean value
of f 2(T) at each temperature level was obtained. It was found that f 2(T) exhibited a linear
decreasing trend with increasing ambient temperature (Figure 5a) (p < 0.01). Therefore,
the SWC simulation equation derived from the controlled experiments, which reflects the
effects of air temperature T, precipitation p and forecast days d, is

θd =
(

θ0 + pe f f + c
)(

0.1259 + 1.2032 × 0.7516d
)
(1.1048 − 0.0138T) (18)

According to Equation (18), SWC exhibits a decreasing trend with increasing days
and air temperature under windless conditions and VPD = 5 hPa, which is associated
with enhanced evaporation. Validation was performed using all experimental data. The
results showed the slope of the regression line was 1.0557 (Figure 5b) with RMSE of 1.8%.
Equation (18) explained 88.75% of the variation in SWC (p < 0.01).
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Figure 5. (a) Change pattern of f 2(T); (b) Comparison between simulated and observed SWCs (all
experimental data).

The effects of wind speed and VPD on soil moisture can be described by Dalton’s law.
Stelling proposed that a linear function for the wind term provides satisfactory simulation
performance. Following this approach, the effect of wind speed on SWC was simulated
using Dalton’s law, expressed as follows:

f3(u) = A + Bu (19)

where A and B are empirical parameter; u is the wind speed at a height of 2 m, which is
obtained from the wind speed at a height of 10 m (u10) using the following equation:

u = u10
4.87

ln(67.8 × 10 − 5.42)
(20)

Equation (18) gives the correction function of ambient temperature T, precipitation P,
and forecast day d on surface SWC. During the controlled experiments, the ambient relative
humidity was maintained at 50%, but because the ambient temperature varied, the VPD
also changed. After removing the effects of ambient temperature, precipitation, and forecast
days on SWC from the right-hand side of Equation (18), i.e., (θ0 + pe f f + c)/ f1(d) f2(T),
this quantity should be a function of VPD. Using the experimental data, it was found that
(θ0 + pe f f + c)/ f1(d) f2(T) varies linearly with VPD in the form

f3(VPD) = C + D × VPD (21)

https://doi.org/10.3390/w18151913

https://doi.org/10.3390/w18151913


Water 2026, 18, 1913 11 of 19

where C and D are empirical parameters; VPD is obtained from relative humidity RH (%)
and air temperature T (◦C) by:

VPD = 6.11 × 10
7.45T

235+T ×
(

1 − RH
100

)
(22)

The four empirical parameters A, B, C, and D in Equations (19) and (21) need to be
determined. Daily meteorological data from April to May during 2010–2015 at Shenyang,
corresponding soil moisture data from GLDAS, and soil hydraulic parameters were used to
determine A, B, C and D. After downscaling the soil moisture and soil hydraulic parameter
data, the values of A, B, C, and D were iteratively adjusted to minimize the RMSE of the θd

predictions, yielding A = 1.0324, B = −0.0182, C = 1.0996, and D = 0.0275. Thus, the specific
form of the surface SWC prediction model for Shenyang is

θd =
(

θ0 + pe f f + c
)(

0.1259 + 1.2032 × 0.7516d
)
(1.1048 − 0.0138T)

(1.0324 − 0.0182u)(1.0996 + 0.0275VPD)
(23)

3.2. Model Evaluation

Daily meteorological data from April to May of 2016–2017 were used to forecast
soil moisture 1 to 7 days in advance, and the GLDAS soil moisture data were used as
observations for validation. Figure 6 shows the time series of the 1–7 day average forecast
values against the observations. The model explained 82.1% of the SWC variance, with
an RMSE of 1.7% for 1-day-ahead predictions. The forecast error was smallest for a lead
time of 2 days (RMSE = 1.2%) and increased with lead time, reaching an RMSE of 2.8% at a
lead time of 7 days. In operational practice, for regions with soil moisture observations, the
observed SWC can be used to update the initial soil relative humidity, thereby avoiding the
large errors associated with longer lead times.
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Figure 6. Comparison between simulated and observed SWC: (a) 2016; (b) 2017.

To demonstrate the relative performance of the proposed model, we compared it
against two benchmark approaches, persistence forecast and the linear regression model,
using the same 2016–2017 validation dataset.

Persistence forecast assumed that the SWC on day d equaled the value observed
on day d − 1 (i.e., θd = θd−1). Despite its simplicity, the persistence forecast performed
reasonably well, explaining 80.3% of the SWC variance with an RMSE of 1.8% for one-day
lead prediction. However, this relatively satisfactory performance at the shortest lead
time masks a critical shortcoming: under the persistence assumption, predicted SWC
remains identical to the initial observed value for all subsequent forecast days, artificially
assuming no change until a new observation becomes available. Consequently, the model
inherently fails to capture the dynamic evolution of soil moisture in response to ongoing
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meteorological forcing—such as gradual drying between rainfall events or progressive
wetting during extended wet periods. As lead time increases, this limitation becomes
increasingly pronounced, with R2 declining substantially and RMSE rising sharply. The
persistence forecast is therefore suitable only as a baseline reference for very short lead
times rather than as a robust operational tool for sowing window planning.

Linear regression model used daily precipitation and air temperature as predictors,
calibrated against the 2010–2015 training data with the form θd = b0 + b1 p+ b2T. The linear
regression model performed poorly at the daily time scale. On days with precipitation,
the model produced substantially elevated SWC estimates; on days without precipitation,
it immediately reverted to low values determined primarily by temperature, failing to
capture the soil moisture memory effect, i.e., the persistence of moisture from previous
rainfall events. This approach yielded an R2 of only 0.43 and an RMSE of 5.6%, confirming
that a simple linear combination of precipitation and temperature is inadequate for daily
soil moisture prediction. The inherent nonlinearity of soil water dynamics, including
hysteresis in infiltration and evaporation processes, cannot be captured by a linear model
at the daily resolution.

The stepwise correction model substantially outperforms both benchmarks, achieving
an improvement of approximately 6 percentage points in explained variance and 0.3 per-
centage points in RMSE over the persistence forecast, and is far superior to the linear
regression approach. The comparison is summarized in Table 2. The superior performance
of the proposed model is attributed to its hybrid structure: it retains the physical basis of
water balance while employing empirically derived correction functions to capture the
nonlinear responses to elapsed time, temperature, wind speed, and VPD.

Table 2. Performance comparison of the proposed model against benchmark approaches for 1-day-
ahead predictions (Shenyang, 2016–2017).

Model/Methods R2 (%) RMSE (%) Bias (%) NSE

Persistence forecast 80.3 1.8 0.07 0.790
Linear regression 43.0 5.6 −0.51 0.461
Stepwise correction model 82.1 1.7 0.02 0.802

Note: Bias = ∑n
i=1(Simi − Obsi)/n; NSE = 1 − ∑n

i=1(Obsi−Simi)
2

∑n
i=1(Obsi−Obs)

2 ; Simi and Obsi represent the simulated and

observed values; n is the sample size.

4. Discussion
4.1. Functional Forms of Wind Speed and Vapor Pressure Deficit Corrections

Dalton’s evaporation formula summarizes the relationship between open-water evap-
oration and meteorological conditions from the perspective of mass transfer. Neglecting air
pressure, it can be simplified as

E = G(e0 − ez) (24)

where E is the open-water evaporation; e0 and ez are the saturation vapor pressure and the
actual vapor pressure at reference height z, respectively; and G is a function of wind speed,
as shown in Equation (19).

When modeling the effects of wind speed and VPD on surface SWC, we found that
fitting the quantity (θ0 + pe f f )/[ f1(d) f2(T)] (which removes the influence of temperature
and precipitation) against the function (A + bu)VPD gave poor results, regardless of
whether a linear or nonlinear form was used. We attribute this to the following: under
saturated ambient air, Equations (24) and (8) would imply no change in SWC. In reality,
however, when SWC is very low and the air is relatively humid, the soil can absorb moisture
from the atmosphere [54,55]. Therefore, the correction function for VPD should include
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a constant term to account for this situation. We also suggest that in arid and semi-arid
regions, a linear relationship between VPD and soil moisture (or evaporation) should retain
a constant term.

In the present model, linear functions are used to describe the effects of wind speed
and VPD on surface soil moisture based on the following considerations. First, during
the spring sowing period (April–May) in the Shenyang region, wind speed is mostly
concentrated in the range of 1–4 m·s−1 and VPD in the range of 2–8 hPa, within which the
response of soil evaporation to wind speed and VPD is approximately linear. Second, using
controlled experiments and the meteorological–soil moisture data from 2010 to 2015, linear,
logarithmic, power, and quadratic polynomial forms were tested and compared. The root
mean square error (RMSE) of the linear form differed from that of the optimal nonlinear
form by less than 0.3%, and the linear form exhibited more stable performance in cross-
validation. Third, the linear form requires fewer parameters and has higher computational
efficiency. Therefore, within the current model framework and applicable region, the linear
form already meets the requirements for simulation accuracy. If the model is to be extended
to extremely arid or high-wind regions, the functional form will need to be re-evaluated.

4.2. Application in Regions Lacking Soil Moisture Observations

Soil evaporation is controlled not only by meteorological conditions but also by soil
water content itself [43,44]. In the absence of external water supply, SWC over a short period
is closely related to the initial SWC θ0; however, after a sufficiently long time, SWC tends to
a constant value (Figure 3). That is, SWC becomes insensitive to the initial θ0. Consequently,
there exist a period after which the soil moisture on a given day no longer depends on the
initial value. We term this period the “Initial-Condition Sensitivity Period(ICSP)”. Based
on this reasoning, in regions where θ0 is unavailable, initializing the model on a certain day
yields reliable soil moisture simulations only after the simulation period exceeds the ICSP.

In current operational meteorology, temperature, precipitation, wind speed, and other
variables are forecast with high skill; therefore, the soil moisture model developed in this
study can be easily coupled with operational weather forecasts to achieve routine soil
moisture prediction. For regions where θ0 is unavailable, the model must run for longer
than the ICSP before the simulated soil moisture becomes useful. Hence, quantifying
the ICSP is important for guiding applications in such regions. Using meteorological
data from April to May 2016 and the associated soil parameters, we set the initial surface
and deep layer soil relative humidity to 10%, 30%, 50%, 100% of field capacity, as well
as the actual θ0 on that day, and performed 3-day-lead SWC forecasts (Figure 7). After
32 days of prediction adjustment, the forecast results under different initial soil relative
humidity became indistinguishable; thus, the ICSP was about 32 days. On 12 April 2016,
a single precipitation event of 18.9 mm occurred (Figure 6). After this event, the SWCs
simulated under different initial conditions converged rapidly. Another precipitation
event (total 15.4 mm) occurred from 16 to 20 April, further concentrating the simulated
SWC values. Following a 79.6 mm rainfall event on 2 May, the simulated SWC under
all initial conditions became completely identical. Hence, precipitation can shorten the
ICSP. On 1 April 2016, the actual SWC was 17.5%, corresponding to 58.6% of field capacity
(initial relative humidity = 58.6%). In Figure 7, the case with 10% initial relative humidity
had the lowest starting value and the longest ICSP; the simulations under other initial
conditions converged after the 12 April rainfall, but the 10% case did not converge until
2 May. Therefore, the ICSP depends not only on precipitation but also on the deviation
between the prescribed initial value and the actual soil moisture, with larger deviations
leading to longer ICSP. When applying this model to areas without initial soil moisture
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data, we recommend running the model 40 days in advance so that it can pass through the
ICSP before the spring sowing period.
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Figure 7. Comparison of simulated SWC under different ISRH conditions.

4.3. Sensitivity Analysis

The surface SWC prediction model developed in this paper is based on the main
factors affecting surface soil moisture. Forecast errors in precipitation, temperature, wind
speed, and other elements will lead to corresponding errors in the simulated soil moisture.
Clarifying the sensitivity of the soil moisture model to these factors and improving the fore-
cast accuracy of the most sensitive factors can enhance soil moisture prediction accuracy. To
quantify the sensitivity of the model to each input variable, we used the following equation:

S =
∆Y
∆x

× 100% (25)

where S is the sensitivity; ∆x is the change in the input element; and ∆Y is the average
percentage change in the 1- to 7-day lead forecast of surface SWC when x is changed by ∆x,
expressed as

∆Y =
1
n∑n

i=1

[
θ(x + ∆x)− θi(x)

θi(x)

]
× 100% (26)

where θi is the surface SWC forecast for a lead time of i days (%), and n (n = 7) is the total
number of lead days.

By varying one parameter in the prediction model (precipitation and wind speed
from −30% to 30% in 5% steps; temperature from −5 ◦C to 5 ◦C in 0.5 ◦C steps) while
keeping the other parameters unchanged, we ran the surface SWC prediction model and
calculated the sensitivity S. The slope of the curve of Y versus x was used to estimate S.
The sensitivities for precipitation, temperature, and wind speed were 8.14%, −1.44%, and
−3.68%, respectively. This indicates that the percentage error in SWC forecast is positively
correlated with the precipitation bias, and negatively correlated with temperature and
wind speed biases. Overestimation of precipitation leads to overestimation of SWC, while
underestimation of temperature and wind speed also leads to overestimation of SWC. In
operational weather forecasting, a temperature forecast is considered accurate when the
absolute bias is within 2 ◦C; for a moderate rainfall event, the precipitation error can reach
about 50%, and the wind speed error can also reach 50%. Using these error ranges, the
resulting SWC forecast errors attributable solely to precipitation, temperature, and wind
speed forecast biases are about 4.07%, 2.88%, and 1.84%, respectively. It follows that, among
the three factors, the accuracy of precipitation forecasting is the most important for accurate
soil moisture simulation, followed by temperature. This also places high demands on the
timeliness and precision of weather forecasts.
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4.4. Strategy for Regional Parameterization

When transferring the proposed model from a calibrated region (source region) to
a new region (target region) without soil moisture observations, parameters need to
be determined.

Soil hydraulic parameters (θr, θs, α, n, Ks, L, θfc) are determined by inherent soil
physical properties such as texture and structure. For regions with soil texture information,
these parameters can be estimated through Pedotransfer Functions (PTFs). PTFs indirectly
estimate van Genuchten–Mualem model parameters using readily measurable indicators
such as soil texture (sand, silt, and clay contents) and bulk density [42,47,48]. Numerous
publicly available soil hydraulic parameter datasets (e.g., Dai et al. [42]) can be directly
consulted. For regions with only soil textural class information, the lookup table of soil
hydraulic parameters corresponding to USDA soil textural classes can be adopted, with
recommended values provided in Table 3.

Table 3. Recommended time-lag factor τ and hydraulic parameters for different soil textures.

Soil Texture τ θr (%) θs (%) α (cm−1) n Ks (cm d−1)

Sand 0.5–1.0 4.5 43 0.145 2.68 712.8
Loamy Sand 0.5–1.0 5.7 41 0.124 2.28 350.2
Sandy Loam 1.0–2.0 6.5 41 0.075 1.89 106.1
Loam 2.0–3.0 7.8 43 0.036 1.56 24.96
Sandy Clay Loam 3.0–5.0 10.0 39 0.059 1.48 31.44
Clay Loam 3.0–5.0 9.5 41 0.019 1.31 6.24
Silt Loam 2.0–3.0 6.7 45 0.020 1.41 10.80
Silt 4.0–6.0 6.0 45 0.008 1.32 2.15
Silty Clay Loam 4.0–6.0 8.9 43 0.010 1.23 1.68
Sandy Clay 5.0–7.0 10.0 38 0.027 1.23 2.88
Silty Clay 5.0–7.0 7.0 36 0.005 1.09 0.48
Clay 5.0–7.0 6.8 38 0.008 1.09 4.80

Note: Soil hydraulic parameters are compiled from Carsel and Parrish (1988) [56] and Dai et al. (2013) [42].

The parameters τ and Smax can be assigned directly based on the soil texture and
surface conditions of the target region. The parameter τ reflects the time-lag effect of soil
infiltration rate and depends on soil texture; it can be directly assigned according to the
target region’s soil texture. Recommended τ values for different soil textures are presented
in Table 3. The parameter Smax depends on surface micro-topography, slope gradient,
and land use practices. For agricultural fields, a typical reference range is 1 to 15 mm,
with a value of approximately 5 mm for leveled plots and 10–15 mm for rough cultivated
surfaces [46].

The coefficients A, B, C, D reflect regional climatic evaporation characteristics and need
to be calibrated using short-term meteorological and soil moisture data from the target
region. For regions without measured soil moisture, GLDAS or ERA5-Land reanalysis soil
moisture can be used as “pseudo-observations” for calibration. At least two years of data
are recommended to satisfy both calibration and validation requirements.

The parameters in the empirical functions f 1(d) and f 2(T) are recommended to be
determined through experimental methods. If experiments are not feasible, the functional
forms can be retained, and the specific expressions of f 1(d) and f 2(T) can be determined
using an iterative trial-and-error approach with the objective of minimizing the RMSE
between simulated and observed SWC.

For regions with no available data of any kind, a calibrated region with similar climatic
and soil conditions can be selected, and its full parameter set can be directly transferred.
However, relying solely on the 40-day ICSP spin-up to mitigate initial condition errors
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poses a practical challenge for operational forecasting, as it would require 40 days of
continuous weather forecast inputs—a requirement that exceeds the skill horizon of most
operational numerical weather predictions. To address this bottleneck, we recommend
two complementary strategies that substantially reduce the spin-up requirement. First,
satellite-based surface soil moisture products can be used to initialize the surface layer (θ0).
The SMAP (Soil Moisture Active Passive) mission provides global surface soil moisture
(0–5 cm) at ~9 km resolution with an accuracy of 0.04 cm3 cm−3 root mean square error
over most land surfaces [57]. Sentinel-1 C-band SAR data enable soil moisture retrieval at
higher spatial resolution (~1 km) suitable for agricultural monitoring [58], while the FY-3
series satellites provide daily soil moisture products from both microwave and thermal
infrared sensors [59]. The deep-layer initial condition can be estimated from GLDAS or
ERA5-Land reanalysis, or through pedotransfer functions based on soil texture and surface
moisture [42]. With satellite-based initialization, the effective spin-up period can be reduced
from 40 days to approximately 10 days. Second, as a complementary approach, the model
can be pre-run for 10 days using GLDAS or ERA5-Land reanalysis data as meteorological
forcing before transitioning to operational weather forecasts. For optimal operational
performance, we recommend a combined approach that uses satellite data for surface layer
re-initialization and reanalysis data for deep-layer initialization, reducing the ICSP to less
than one week. These strategies require no modification to the core model structure and
make the model operationally feasible for spring sowing period forecasting without the
burden of a 40-day pre-run.

5. Conclusions
Using factors with high forecast skill in operational meteorology to predict soil mois-

ture during the spring sowing period is a prerequisite and guarantee for operational
application. Based on the water balance principle, this study developed a surface soil water
content prediction model using a stepwise correction approach with normalised functions
of precipitation, temperature, wind speed, and vapor pressure deficit. The model’s predic-
tive performance was evaluated in the Shenyang region, and the feasibility of its extension
was discussed. The main conclusions are as follows:

(1) A semi-empirical, semi-theoretical surface SWC prediction model was constructed
based on the water balance principle, and the prediction procedure was clearly de-
fined. This model overcomes the limitations of existing soil moisture models, i.e., the
complexity and difficult parameterization of process-based hydrological models, and
the weak theoretical foundations of statistical models. The proposed model requires
readily available parameters from public databases and is driven by daily scale me-
teorological variables (precipitation, temperature, wind speed, and vapor pressure
deficit), facilitating its integration into existing operational weather forecasting.

(2) Using a combination of controlled experiments and numerical iteration, a parameteri-
zation scheme for applying the model to the Shenyang region was established. After
parameterization, the model only requires the optimization of the water exchange
between surface and deep soil layers, resulting in low computational demand. This
scheme also provides a reference for parameterizing the model for other regions. Trial
application in the Shenyang region showed that the model explains 82.1% of the SWC
variance, with an RMSE of 1.7%. Without updating the initial soil relative humidity,
the forecast error increases with lead time, reaching an RMSE of 2.8% for a 7-day lead.

(3) When the model is applied to regions without soil moisture observations, to obtain
satisfactory SWC predictions during the spring sowing period, the model should be
run 40 days in advance to pass through the initial-condition sensitivity period. The
sensitivity period depends not only on precipitation but also on the deviation between
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the input initial SWC and the actual soil moisture; the smaller the precipitation and
the larger the deviation, the longer the sensitivity period. The model is most sensitive
to precipitation, followed by air temperature. In operational use, forecast errors in
precipitation, temperature, and wind speed can lead to SWC prediction errors of up
to 4.07%, 2.88%, and 1.84%, respectively.

(4) While the current validation demonstrates the model’s capability in the Shenyang
region, systematic cross-site validation is essential to fully establish its generalizability
across diverse climatic and soil conditions. Therefore, a priority for future work is
to test the proposed model in regions with contrasting climates and soil textures,
following the regionalization strategy described in Section 4.4. This will provide
quantitative evidence of the model’s transferability and further guide its operational
deployment in data-sparse regions. In addition, the existing surface–deep coupling
framework provides a foundation for extending the model to root-zone prediction—a
direction that will be pursued to support irrigation management during later crop
growth stages.
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