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Abstract

The centrifuge method serves as an efficient and rapid approach for determining the soil–
water characteristic curve (SWCC). However, soil shrinkage during centrifugation remains
overlooked and prior modified methods may suffer from complex operations, high costs,
time consumption, and limited applicability. To address these issues, this study introduces
a simple correction scheme (G3) for determining drying SWCCs using the centrifuge
method based on high matric suction calibration points. The performance of the proposed
G3 method was systematically evaluated against a modified method considering soil
shrinkage (G1) and the conventional uncorrected method (G2). Results revealed significant
soil linear shrinkage post-centrifugation, accompanied by a reduction in total soil porosity
and an increase in soil bulk density. SWCCs from all methods exhibited strong consistency
at low matric suction ranges but diverged markedly at high matric suction segments. High
matric suction data dominated the SWCC fitting. The G1 method achieved the highest
fitting accuracy, while the G3 method performed the worst yet maintained acceptable
reliability. The G2 method yielded optimal SWCC for simulating saturated soil water
content, field capacity, and permanent wilting point. Conversely, Hydrus-1D simulations
revealed superior performance of the G3 method in simulating farmland soil moisture
dynamics during the dehumidification process. Values of R2 across methods followed G3 >
G1 > G2, while mean absolute error, mean absolute percentage error, and root mean square
error exhibited the opposite trend. These findings highlight that the previous modified
approaches are more suitable for low and medium matric suction ranges. The proposed
correction method enhances drying SWCC performance across the full matric suction range,
offering a practical refinement for the centrifuge method. This advancement could enhance
the reliability in soil hydraulic characterization and contribute to a better understanding of
the hydraulic–mechanical–chemical behavior in soils.

Keywords: soil water characteristic curve; centrifuge method; soil shrinkage; high matric
suction calibration points; Hydrus-1D model; van Genuchten model

1. Introduction
Soil water serves as the linchpin of the water cycle and ecohydrological processes in

the terrestrial surface system [1]. Understanding the mechanisms of soil water retention and
movement holds significant scientific value. The soil–water characteristic curve (SWCC),
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which illustrates the relationship between the quantity (content or saturation) and energy
(matric suction) of soil water, represents one of the most crucial hydraulic properties of
soil [2]. Fundamentally, the SWCC offers insights into both the hydraulic parameters and
pore size distribution of soil [3–5]. Furthermore, it is indispensable for simulating soil
water evaporation, infiltration, distribution, and solute transport [6–8]. Obviously, precise
determination of the SWCC is critical in research fields such as hydrology, geology, and
agricultural engineering.

The laboratory SWCC determination methods mainly include the filter paper method,
pressure plate method, centrifuge method, chilled mirror method, and vapor equilibrium
method [4,9–11]. The pressure plate method is a traditional way for determining SWCC,
which uses the axis-translation technique to control soil matric suction [12,13]. However,
this method is typically labor-intensive and time-consuming (often requiring weeks or
months). Recently, the centrifuge method has gained widespread use because it overcomes
these shortcomings and offers an extensive matric suction measurement range with de-
pendable outcomes [4,14]. Several researchers have employed the centrifuge method to
determine SWCCs and pedotransfer functions (PTFs) for diverse soil types [4,15,16], or to
examine the hydraulic properties of soil and their influencing factors [17–19]. However, soil
gradually shrinks during centrifugation, changing the bulk density (BD), pore structure,
and hydraulic properties of soil, especially under a high matric suction range [4,6,10].
Previous research has shown that the BD of loam soils increased from an initial value of
1.30 g cm−3 to 1.57–1.72 g cm−3 after centrifugation [20]. Such variations induce deviations
in the soil volumetric water content, making it impossible to establish the relationship
between centrifugal force (soil matric suction) and soil saturation [6,11,21]. Meanwhile,
due to the combined effect of supergravity and matric suction during soil shrinkage, the
SWCC measured by the centrifuge method differs from that measured by the pressure plate
method, although their consistency is good [14,22].

In recent years, several beneficial attempts have been made to modify the centrifuge
method. Fu et al. [10] and Li et al. [4] proposed methods to restrict soil shrinkage during
centrifugation and effectively eliminate their impacts on SWCCs. Some scholars have
proposed combining the centrifuge method (at low matric suction ranges) with the chilled
mirror method (at high matric suction ranges), with results showing good agreement with
SWCCs measured by the pressure plate method [9,23]. However, despite their effective-
ness, these methods often involve complex operational procedures or require additional
equipment and high costs. Xing et al. [6] and Lai et al. [21] suggested correcting observed
data based on soil shrinkage characteristics during centrifugation to obtain the optimal
SWCC. Whether simulating cumulative soil infiltration based on SWCCs or inverting soil
hydraulic parameters from infiltration data, the employment of a calibrated SWCC offers
more precise outcomes, as soil shrinkage during dehydration occurs concurrently with
matric suction changes [2,24]. However, Xing et al. [6] and Lai et al. [21] did not consider
observed data in a high matric suction range when determining SWCCs; additionally, this
method may cause certain model parameters to exceed their thresholds, thereby limiting
the applicability of this approach (see Section 2.4).

Regrettably, we identified at least 20 studies (Table S1) in the past 5 years that have
overlooked the effect of soil shrinkage when using the centrifuge method to determine
SWCC under the assumption of constant BD. Although the centrifuge method serves as
an effective supplement to the pressure plate method, its limitations have not received
sufficient attention, potentially introducing uncertainties in related research areas. Mean-
while, existing modified schemes for centrifuge methods suffer from complex operational
procedures, labor-intensive processes, time-consuming workflows, high costs, and limited
applicability. To address these issues, this study proposes a simple approach to calibrate an
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SWCC that retains the centrifuge method framework. The core principle involves taking
observed raw data from the high matric suction segment (≥1500 kPa) that does not con-
sider the impacts of soil shrinkage as calibration points to correct SWCCs (see Section 2.4).
The main purpose of this study is to (a) investigate the impacts of soil shrinkage and BD
variations on SWCCs derived from the centrifuge method and (b) develop a simple SWCC
correcting method using high matric suction calibration points and assess its performance
through simulations of soil water constants and farmland soil moisture dynamics (via
Hydrus-1D model).

2. Materials and Methods
2.1. Soil Sampling

Soil samples were collected from the Shouyang Dryland Agroecosystems National
Field Scientific Observatory and Research Station (37◦45′ N, 113◦12′ E, 1202 m a.s.l.,
Figure 1). This station is located in Shouyang County, Shanxi Province, at the eastern
edge of the Loess Plateau, and exhibits a warm-temperate continental semi-humid climate.
The average annual temperature at the station is approximately 8.2 ◦C, and the average
annual precipitation is approximately 481 mm. Five adjacent typical newly reclaimed
farmlands (10 m × 10 m) were selected as sample plots (numbered S1–S5), and a test pit
with a depth of 60 cm was excavated at the center of each plot. The test pit depth was
defined by the vertical extent of the soil zone subject to rapid moisture fluctuation. At
each pit, in situ soils were collected to determine the SWCC at depths of 10, 20, 30, 40,
and 60 cm using a specific cutting ring, with 2 replicates at each depth. A total of three
independent samplings were conducted in June 2022, February 2023, and September 2023.
In total, accounting for variations across plots, soil depths, and sampling times, 150 soil
samples were obtained for determining SWCCs. In addition, a total of 225 disturbed or
in situ soil samples were collected synchronously next to the SWCC sampling sites for
determining individual indicators of the soil physical properties, water constants and
saturated hydraulic conductivity, with three replicates per depth.

Figure 1. Location of the experimental site in Shanxi Province, China.



Agriculture 2025, 15, 2223 4 of 22

2.2. Determination of the Soil Physical Properties, Water Constants, and Saturated
Hydraulic Conductivity

The BD and soil particle density (PD) were determined using the cutting ring method
and pycnometer test method, respectively, and the total soil porosity (TP) was calculated
according to the BD and PD [25,26] (Table S2). The soil texture was determined using a Mas-
tersizer 2000 (Malvern Panalytical, Ltd., Malvern, UK) and classified as sand (0.05–2 mm),
loam (0.002–0.05 mm), and clay (0–0.002 mm) according to United States Department of
Agriculture (USDA) standards [27]. The textures of the selected soil samples were loam,
sandy loam, and silty loam, as shown in Figure 2.
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Figure 2. Soil textures of selected samples classified by the United States Department of Agriculture
standards across three independent samplings.

The soil water constants included the saturated soil water content (θs), field capacity
(FC) and permanent wilting point (PWP) (Table S2). Using the cutting ring method and
Wilcox method, the θs and FC were determined, respectively, and then both of them were
represented as volumetric water content. The determination of the PWP is difficult and
time-consuming, so the PTF established by the gene expression programming method [28]
was employed to estimate the values. This PTF was developed from 192 soil samples with
different textures, including loam, sandy loam, and silty loam. The equation (coefficient of
determination equal to 0.873) can be expressed as follows:

PWP =
√

BD(silt + dg + clay − 0.2975) + 0.099clay(10log (BD)) + 2dg + BD (1)

where BD is the soil bulk density (g cm−3), silt and clay denote the fractions of silt and clay
in the soil, respectively (%), and dg is the geometric particle size diameter (mm), which can
be calculated according to the method of Shirazi and Boersma [29].

The saturated soil hydraulic conductivity (Ks, Table S2) was measured using the
constant-head method (via Mariotte Bottle) and then converted to the standard value at
10 ◦C [30].
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2.3. Establishment of the SWCC
2.3.1. Operation Process of the Centrifuge Method

The SWCC was determined using a CR21G II high-speed refrigerated centrifuge
(Hitachi, Ltd., Tokyo, Japan) at 20 ◦C. The in situ soil samples were saturated with distilled
water for 24 h and then placed in a rotor (R11D2) together with matching containers (for
details, refer to Kong et al. [19]) after weighing. Centrifugation was conducted sequentially
at different revolution speeds (Table 1), and the samples were removed at the corresponding
equilibrium times. Then, the mass (mi, in g, where i denotes the i-th centrifugation step, the
same hereafter) and surface sedimentation (∆zi, cm) of the soil samples were determined
using an electronic balance (Shimadzu, Ltd., Kyoto, Japan) and digital vernier calipers,
with three repetitions. Finally, the soil samples were dried in an oven at 105 ◦C until a
constant weight was reached, then the mass (md, g) was measured three times.

Table 1. Revolution speeds and equilibrium time for each centrifugation step.

Centrifugation Step (i) 0 1 2 3 4 5 6 7 8

Revolution speeds (rpm) - 700 1250 1600 2400 4100 5400 8000 9600
Equilibrium time (min) - 40 40 45 45 45 60 60 75

Note: i = 0 represents non centrifugation.

2.3.2. Calculation of the Soil Matric Suction and Volumetric Water Content

The soil matric suction can be calculated based on the revolution speed and corre-
sponding centrifugal radius as follows [31]:

hi =
ρω

2g

(
R2

1 − R2
2

)
(2)

where hi is the soil matric suction at the i-th centrifugation step (cm), ω is the angular
velocity (rad s−1), ρ is the pure water density (1 g cm−3), g is the gravitational acceleration
(980 cm s−1), R1 is the radial distance to the mid-point of the soil samples (cm), which
varies with ∆zi, and R2 is the radial distance to the bottom of the soil samples (cm).

Obviously, if soil shrinkage is not considered (∆zi ≡ 0), then R1 is a constant. Hence,
the soil matric suction calculated by Equation (2) is only related to the revolution speeds,
denoted as hi’.

Soil samples shrink along both the radial and axial directions during centrifugation.
However, the magnitude of radial shrinkage is minimal and can be disregarded [10,21].
Therefore, it is proposed that the soil volume changes throughout centrifugation can be
exclusively attributed to axial shrinkage, and the BD at the different revolution speeds can
be calculated based on ∆zi as follows:

γdi =
md

(1 − δi)V
=

md

(1 − ∆zi /H)V
(3)

where γdi is the BD at the i-th centrifugation step (g cm−3), H is the initial height of the soil
sample (equal to 5 cm), V is the volume of the cutting ring (equal to 100 cm3), and δi (equal
to ∆zi divide H) is the soil axial linear shrinkage ratio at the i-th centrifugation step. The
other symbols have the same meaning as before.

The soil volumetric water content can be calculated by the soil weight water content
and BD:

θi = γdi
mi − md

md
=

mi − md

(1 − ∆zi /H)V
(4)

where θi is the soil volumetric moisture content at the i-th centrifugation step (cm3 cm−3).
The other symbols have the same meaning as before.
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Obviously, if soil shrinkage is not considered (∆zi ≡ 0), the BD calculated by
Equation (3) will remain constant during centrifugation and will always match the ini-
tial value (i.e., γd0). Accordingly, the soil volumetric moisture content calculated by
Equation (4) can be labeled as θi

′.

2.3.3. Fitting Model of the SWCC

Numerous empirical and theoretical models have been developed to describe the
SWCC, such as the Brooks–Corey model [32], the Gardner model [33], the van Genuchten
model [34], and the Fredlund and Xing model [35]. The van Genuchten (VG) model is
particularly prevalent owing to its simplicity, superior fitting accuracy, extensive applica-
bility across soil textures and matric suction ranges, and the closed-form expression for
predicting the hydraulic conductivity of unsaturated soils [2,36]. The VG model can be
expressed as follows:

θ = θr +
θs − θr(

1 + |αh|n
)m (5)

where θs is the saturated volumetric water content (cm3 cm−3), θr is the residual volumetric
water content (cm3 cm−3), α (cm−1) is the inverse of the air-entry value (AEV), n and m are
parameters that describe the shape of the SWCC (m = 1 − 1/n), θ and h are the measured
soil volumetric water content (cm3 cm−3) and matric suction (cm), respectively, used to
establish the SWCC.

The well-established computer code RETC (version 6.02) was employed to fit the
SWCC via a nonlinear least-squares optimization technique [37]. Subsequently, by substi-
tuting h-values of 0, 33, and 1500 kPa (i.e., 0 cm, 336 cm, and 15,296 cm) into the VG model,
the corresponding soil water contents were calculated as θs, FC, and PWP, respectively [28].

2.4. Correcting of the SWCC

A typical unimodal SWCC exhibits an S-shape when plotted in semilogarithmic
coordinates and can generally be divided into three segments: low, medium, and high
soil matric suction ranges. The dry end refers to the part where θ spans from PWP to the
oven-dried soil water content, typically corresponding to the high matric suction segment
of SWCCs [38,39]. A study covering multi-soil types further demonstrated that the average
soil saturation at the boundary between the medium and high matric suction segments
is 0.29 [36], closely aligning with the PWP range in this study. Consequently, we define
the matric suction exceeding 1500 kPa (equal to 15,296 cm) as the high soil matric suction
segment of SWCCs.

van Genuchten [34] defined θr as the value of θ at which dθ/dh approaches zero
in the high matric suction segment of SWCCs, thereby simplifying soil water retention
behavior in specific ranges [35,40] and leading to suboptimal performance at the dry end
of SWCCs [16,41,42]. Evidently, considering the soil shrinkage and BD changes exacerbates
this issue. If θr exceeds measured soil water content, it fails to reflect true soil hydraulic
properties in the numerical simulations [43,44]. Notably, the maximum soil matric suction
in experiments conducted by Xing et al. [6] and Lai et al. [21] did not exceed 1000 kPa (equal
to 10,194 cm), potentially limiting the applicability of the correction method. The matric
suction range of measurement data is critical for obtaining optimal SWCCs and the VG
model is highly sensitive to this range [8]. SWCCs derived from limited data (without high
matric suction ranges) remain unreliable even with high coefficients of determination [36],
resulting in overestimated soil water content [44–47]. While previous studies indicate that
calibrated SWCCs (considering the soil shrinkage and BD changes) improve simulations
of soil moisture movement and hydraulic parameter inversion [6,21], this approach may
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only be valid for low to medium matric suction ranges, with questionable reliability in high
matric suction segment.

This study therefore proposes a modified centrifuge approach that is simple, rapid,
and reliable for obtaining the optimal SWCC. Firstly, increase the maximum revolution
speed of the centrifuge to extend measurement data into the high matric suction segment
of SWCCs (soil matric suction exceeding 1500 kPa). Secondly, incorporate soil shrinkage
and BD changes to correct measurement data in low to medium matric suction ranges, as
described in Section 2.3.2 and supported by Xing et al. [6] and Lai et al. [21]. Thirdly, the
raw observation data of soil water content and matric suction (without accounting for soil
shrinkage) in the high suction segment are used as calibration points to adjust and thereby
enhance the dry-end performance of SWCCs. This approach combines corrected low to
medium matric suction observed data (θi, hi) with uncorrected high matric suction raw
data (θi’, hi’) for SWCC fitting. Crucially, this method operates entirely within the original
centrifuge method framework without extra equipment or procedures.

Finally, this study evaluated three SWCC determination methods based on the cen-
trifuge technique: G1. correcting SWCC by accounting for soil shrinkage and BD changes
(θi, hi); G2. uncorrected SWCC neglecting soil shrinkage (θi’, hi’); G3. correcting SWCC
via high matric suction calibration points. Furthermore, it is critical to emphasize that
the evaluation of SWCC fitting methods must incorporate the applicability of high matric
suction ranges.

2.5. Simulations of Farmland Soil Moisture Dynamics via the Hydrus-1D Model

The Hydrus-1D model, developed by the U.S. Salinity Laboratory, was designed to
simulate water, heat, and solute movement in one-dimensional variably saturated soil. The
program is user-friendly, feature-rich, and offers flexible boundary conditions, rendering it
a reliable tool for simulating soil water dynamics under both field and laboratory condi-
tions [48,49]. The Hydrus-1D program aims to numerically solve the Richards equation for
water flow in variably saturated soil [50], which can be expressed as follows:

∂θ

∂t
=

∂

∂z

[
K(h)

(
∂h
∂z

+ 1
)]

− S(z, t) (6)

where θ is the soil volumetric water content (cm3 cm−3), t is the time (d), h is the soil matric
suction (cm), z is the vertical space coordinate (cm), S(z, t) is the source–sink term (cm d−1),
namely, the root water uptake rate, and K(h) is the soil hydraulic conductivity at any h
(cm d−1).

K(h) can be calculated via the Mualem model [51] as follows:K(h) = KsSl
e

[
1 − (1 − S

1
m
e )

m]2

Se = θ − θr
θs − θr

= 1
(1 + |α·h|n)

m

(7)

where Ks is the saturated soil hydraulic conductivity (cm d−1), Se is the effective saturation
(cm3 cm−3), and l is the pore connectivity parameter (equal to 0.5). The meanings of the
other symbols are the same as before.

In the Hydrus-1D model, S(z, t) can be calculated using the drought stress response
function proposed by Feddes et al. [52]:

S(z, t) = α(h, z)b(z)Tp (8)
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where α(h, z) is the water stress response function, b(z) is a normalized function describing
the distribution of the root length density, and Tp is the potential crop transpiration rate
(cm d−1).

2.5.1. Setting of the Initial and Boundary Conditions for the Hydrus-1D Model

During the periods from June to November 2022 and from April to September 2023,
deficit irrigation experiments were conducted on the sample plots to establish distinct
soil water gradients. The tested crop was greenhouse tomato irrigated via surface drip
irrigation. To minimize potential adverse effects of crop root growth and SWCC hysteresis
on model accuracy, the typical soil dehumidification process at the tomato maturity stage
were simulated. The specific simulation periods included the following: September 1st to
7th (M1), September 10th to 19th (M2), and September 28th to October 9th (M3) in 2022;
and August 20th to 27th (M4), August 29th to September 4th (M5), and September 6th to
13th (M6) in 2023.

The simulated soil profile depth was 60 cm (61 nodes in total), stratified into five
layers according to soil properties, namely, 0–10 cm, 10–20 cm, 20–30 cm, 30–40 cm, and
40–60 cm. Observation points were set at 10 cm intervals (nodes 6, 16, 26, 36, 46, and 56
in the soil profile). Given the absence of irrigation during the specific simulation periods
(M1–M6), coupled with the soil surface being covered by plastic film and the groundwater
table occurring deep below, the surface boundary condition was configured as a zero flux
boundary, and the bottom boundary condition was configured as a free drainage boundary.
Initial model conditions were determined by soil volumetric water content measured at
each simulation start using Shang detector (Insentek Co., Ltd., Hangzhou, China) installed
at the center of each plot. These devices monitored real-time soil moisture dynamics across
0–60 cm depth (with an interval of 10 cm). In addition, the Hydrus-1D model employed a
fixed 1 day time step for simulations.

2.5.2. Setting of the Hydrus-1D Model Parameters

The parameter Ks was measured directly (Table S2), while θs, θr, α, and n were
derived from VG models fitted using different methods. Notably, these parameters for
the simulations in 2022 (M1–M3) and 2023 (M4–M6) were calculated from soil samples
collected in February and September 2023, respectively.

The parameter b(z) was determined based on crop root length density. Post-harvest,
multi-point samples of tomato roots were collected at 10 cm intervals to 60 cm depth
using a root auger (Zhejiang Top Yunnong Technology Co., Ltd., Hangzhou, China) in
October 2022 and September 2023, respectively. Sampling was repeated three times per
plot. Root samples were soaked in water and manually washed through sieves. Then,
dead and miscellaneous material were removed filtered by color and shape. Root length
density (Table S3) was quantified with a Performance V800 photo scanner (Epson Co., Ltd.,
Suwa, Japan) and WinRHIZO Pro2009 root analysis software (Regent Instruments Inc.,
Quebec City, QC, Canada). The parameter Tp depends on crop reference evapotranspira-
tion (ET0), crop coefficient (Kc), leaf area index (LAI), and extinction coefficient (β) [53].
During simulations, ET0–calculated via the modified Penman–Monteith equation [54] using
greenhouse microclimate data exhibited minor variation (Figure S1), and Kc, LAI, and β

were also treated as constants. Thus, Tp was assumed to remain consistent throughout each
simulation period [55].

With parameters b(z) and Tp held constant, and no severe or prolonged water stress
observed in tomato plants during simulation periods (α(h, z) = 1), root water uptake rate
(S(z, t)) was considered constant in this study. Moreover, entirely plastic mulch coverage
further allowed neglect of soil evaporation, equating root water uptake rate to crop daily
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water consumption intensity [56]. Accordingly, α(h, z) = 1 and Tp was set as the average
daily crop water consumption intensity in this study (Table S4), enabling the simulation
of daily root water uptake rate by the Feddes model. Daily crop water consumption
intensity can be determined using the water balance equation excluding rainfall, irrigation,
groundwater recharge, runoff, and deep drainage [57].

2.6. Data Analysis and Model Evaluation

Data analysis was conducted using Excel 2016 (Microsoft Corporation, Redmond, WA,
USA) and SPSS Statistics 20.0 (IBM Electronics, Armonk, NY, USA), while plotting was
performed with Origin 2024 (OriginLab Corporation, Northampton, MA, USA). Duncan’s
new multiple range test was employed for single-factor analysis of variance to ascertain
whether there was a significant difference (p < 0.05). A two-tailed t test was utilized to
determine the statistical significance of Pearson’s correlation coefficient (r, p < 0.05). The
fitting accuracy of the model was assessed using the coefficient of determination (R2), mean
absolute error (MAE), mean absolute percentage error (MAPE), and root mean square error
(RMSE), which were calculated according to the method of Xing et al. [2]. The closer the
R2 value is to 1 or the lower the MAE, MAPE, and RMSE values are, the better the model
simulation effect.

R2 = 1 − ∑k
j=1(Si − Oi)

2/∑k
j=1 (Oi − O)

2 (9)

MAE =
1
k∑k

j=1|Si − Oi| (10)

MAPE =
1
k∑k

j=1

∣∣∣∣Si − Oi

Oi

∣∣∣∣ (11)

RMSE =

√
1
k∑k

j=1(Si − Oi)
2 (12)

where Si denotes the simulated value, Oi denotes the measured value, k is the total number
of observations, and

-
O denotes the average value of Oi.

3. Results
3.1. Soil Shrinkage and BD Changes During Centrifugation

With increasing revolution speed, soil matric suction gradually increased, while soil
sample height decreased to varying extents (Figure 3a). Across three experiments, the
maximum measured matric suction reached 18,360 cm (September 2023), with an average
peak value of 16,277 cm. The soil axial linear shrinkage ratio (δ) also peaked at maximum
revolution speed, reaching mean values of 23.7% (June 2022), 18.9% (February 2023), and
16.8% (September 2023), respectively. The magnitude of the soil axial linear shrinkage ratio
followed June 2022 > February 2023 > September 2023. The trends of matric suction were
the opposite. Furthermore, a significant negative correlation existed between soil axial
linear shrinkage ratio and matric suction (p < 0.001) at fixed revolution speeds.

The soil samples compacted during centrifugation, leading to an increase in BD.
However, the extent of increasement decreased with rising matric suction (Figure 3b). The
average BD values were 1.74 g cm−3 in June 2022, 1.70 g cm−3 in February 2023, and 1.70 g
cm−3 in September 2023 post-centrifugation. Compared to the initial values (1.33, 1.38,
and 1.42 g cm−3, respectively), there was a significant increase of 30.9%, 23.2%, and 20.2%,
respectively (p < 0.001). However, TP declined with increasing matric suction (Figure 3c).
Post-centrifugation, the mean TP decreased significantly (p < 0.001) from 46.4% in June 2022,
45.0% in February 2023, and 40.4% in September 2023 before centrifugation to 29.8%, 32.3%,
and 28.3% (35.8%, 28.3%, and 29.9% reductions), respectively. Overall, the mean TPs across
all revolution speeds are ranked as follows: February 2023 > June 2022 > September 2023.
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Figure 3. Variations in (a) soil axial linear shrinkage ratio, (b) bulk density (BD) and (c) total porosity
(TP) under different matric suctions during centrifugation across three independent samplings.

Correlation analysis (Figure 4) demonstrated that soil axial linear shrinkage ratio was
significantly positively correlated with BD (r = 0.6281, p < 0.001) and significantly negatively
correlated with TP (r = −0.5381, p < 0.001). Concurrently, initial TP exhibited a significant
negative correlation with maximum BD (r = −0.2316, p = 0.04) and a substantial positive
correlation with the increase in BD (r = 0.4553, p < 0.001). This indicates that soils with
higher initial TP are more compaction-prone.
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Figure 4. Correlations between (a) soil axial linear shrinkage ratio with both bulk density (BD) and
total porosity (TP), and (b) initial TP (TPini) with both maximum BD (BDmax) and BD increase rate
(BDinc) post-centrifugation.

3.2. Comparison of SWCCs Derived from Different Methods

In this study, 75 SWCCs were constructed for five soil depths, three sampling replicates
and five trial plots. Results showed that the VG model demonstrated favorable fitting
performance across various conditions and methods (Figure 5). Under the G1, G2, and
G3 methods, the median R2 values of the VG models were 0.9950, 0.9944, and 0.9803;
the median MAE values were 0.0046, 0.0059, and 0.0108 cm3 cm−3; the median MAPE
values were 2.01%, 2.78%, and 5.05%; and the median RMSE values were 0.0048, 0.0065,
and 0.0096 cm3 cm−3, respectively. Although differences were minor, the G1 method
(considering soil shrinkage and BD changes) slightly improved the fitting accuracy of
SWCC compared to the uncorrected model (G2). Meanwhile, the G3 method exhibited
relatively poor accuracy due to the use of fitting data from two distinct datasets. However,
SWCCs calibrated via raw data in the high soil matric suction segment remained reliable
(R2 ≥ 0.9615, MAE ≤ 0.0148 cm3 cm−3, MAPE ≤ 6.86%, and RMSE ≤ 0.0133 cm3 cm−3).
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Figure 5. Performance metrics of the VG model: (a) R2, (b) MAE, (c) MAPE, and (d) RMSE values
across different methos and samplings. Note: R2 represents the coefficient of determination; MAE
represents mean absolute error; MAPE represents mean absolute percentage error; and RMSE
represents root mean square error.

Figure 6 shows SWCCs derived from different methods using soil samples collected
in September 2023, with one soil layer depth per plot as a representative case. The results
indicated that whether considering soil shrinkage and BD changes (G1) or not (G2), the
shapes and positions of SWCCs in the low matric suction segment were nearly identical.
However, compared to the G2 method, SWCCs under the G1 method were elevated and
exhibited reduced curvature in the medium to high matric suction ranges. For identical
matric suctions, the corresponding soil volumetric water content under the G1 method was
notably higher, attributable to BD increases caused by soil shrinkage during centrifugation.
SWCCs calibrated via raw data in the high matric suction segment (G3) aligned more
closely with the curves obtained from the G2 method, though only the calibration points
data fully matched. Overall, SWCCs derived from the G3 method were flatter, with
lower soil volumetric water content at both extreme low and high matric suction ranges
(h > 108 cm). Furthermore, beyond a certain matric suction threshold, differences between
SWCCs remained constant.

The variations in VG model parameters highlighted differences between SWCCs
derived from different methods. θs maintained nearly identical values across all three
methods (p = 1.000; Figure 7a). Conversely, θr was significantly higher (p < 0.001) under the
G1 method (mean value of 0.1659 cm3 cm−3) compared to the G2 method (mean value of
0.1080 cm3 cm−3), with a median increase of 51.2%. This indicates that accounting for soil
shrinkage and BD changes overestimates θr (Figure 7b). After correcting SWCCs with high
matric suction calibration points, the values of θr became zero in 20% of SWCCs. Therefore,
the G3 method yielded a significantly lower θr (mean value of 0.0739 cm3 cm−3) with 55.4%
and 31.6% reductions (p < 0.001) compared to the G1 and G2 methods, respectively. In
contrast, α under the G3 method (mean value of 0.0235 cm−1; Figure 7c) notably increased
(p < 0.001) by 63.4% and 53.7%, respectively, relative to the G1 (mean value of 0.0144 cm−1)
and G2 (mean value of 0.0153 cm−1) methods. In addition, the value of α differed by less
than 10% between the G1 and G2 methods. Finally, values of the curve-shape factor n
consistently followed G1 > G2 > G3 (Figure 7d). The G1 method produced a mean n of 1.46,
significantly higher (p < 0.01) than the G2 (mean value of 1.36) and G3 (mean value of 1.25)
methods, corresponding to increases of 7.73% and 17.2%, respectively.
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3.3. Evaluation of SWCCs Based on Simulations of Soil Water Constants and Farmland Soil
Moisture Dynamics

Soil water constants (θs, FC and PWP) estimated by SWCCs were compared with
measured data (Figure 8). Results indicated that the G3 method was slightly more accurate
than the other methods in simulating θs, despite minimal observed differences (Table 2).
However, both FC (mean value of 0.2547 cm3 cm−3) and PWP (mean value of 0.1143 cm3

cm−3) were generally overestimated, particularly PWP. Under the G1, G2, and G3 methods,
the mean values of simulated FC were 0.2997, 0.2938, and 0.3040 cm3 cm−3, respectively,
with MAPE of 18.23%, 16.20%, and 19.93%, respectively; the mean values of simulated
PWP were 0.1947, 0.1626, and 0.1776 cm3 cm−3, respectively, with MAPE of 70.52%, 42.37%,
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and 55.48%, respectively. The VG model exhibited the highest fitting accuracy for FC and
PWP simulations under the G2 method. These findings demonstrated that soil shrinkage
and BD changes should be ignored when constructing SWCCs using the centrifuge method,
from the perspective of producing relatively accurate soil water constants.
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Figure 8. Measured and simulated values of soil water constants: (a) saturated volumetric water
content (θs), (b) field capacity (FC) and (c) permanent wilting point (PWP) across different methods
and samplings.

Table 2. Accuracy of simulated soil water constants across different methods and samplings.

Methods R2 MAE
(cm3 cm−3)

MAPE
(%)

RMSE
(cm3 cm−3)

Saturated volumetric water content (θs)
G1 0.3111 0.0200 4.44 0.0257
G2 0.3136 0.0197 4.38 0.0254
G3 0.3201 0.0194 4.31 0.0251

Field capacity (FC)
G1 0.1769 0.0451 18.23 0.0491
G2 0.0354 0.0397 16.20 0.0453
G3 0.1858 0.0494 19.93 0.0529

Permanent wilting point (PWP)
G1 0.2626 0.0803 70.52 0.0811
G2 0.1757 0.0482 42.37 0.0449
G3 0.2341 0.0631 55.48 0.0641

Note: R2 represents the coefficient of determination; MAE represents mean absolute error; MAPE represents mean
absolute percentage error; and RMSE represents root mean square error.

The farmland soil moisture dynamics within the root zone (0–60 cm depth) during the
dehumidification process at the tomato maturity stage were simulated via the Hydrus-1D
model (Figure 9). Despite variations in soil hydraulic parameters (θs, θr, α and n) across
different methods, the Hydrus-1D model yielded reasonably accurate results. Under the G1,
G2, and G3 methods, the simulated mean soil water contents in 2022 were 0.2095, 0.2091,
and 0.2093 cm3 cm−3, respectively, with an average measured value of 0.2142 cm3 cm−3; in
2023, the simulated mean values were 0.1855, 0.1823, and 0.1826 cm3 cm−3, respectively,
with an average measured value of 0.1896 cm3 cm−3. Overall, all methods significantly
underestimated soil water content (p < 0.01). Sample plot S4 serves as an example to
illustrate soil moisture dynamics and simulation outcomes under various soil depths and
periods in 2022 (M1–M3; Figure S2). The Hydrus-1D model exhibited higher accuracy in
simulating shallow soil moisture dynamics (0–30 cm depth). No consistent patterns were
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observed in simulated soil moisture dynamics or model accuracy across methods at the
different soil depths.
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Figure 9. Measured and simulated soil volumetric water content during typical dehumidification
at tomato maturity stage across different methods in year (a) 2022 (M1–M3) and (b) 2023 (M4–M6).
Note: Simulation periods were set as September 1st to 7th (M1), September 10th to 19th (M2), and
September 28th to October 9th (M3) in 2022; and August 20th to 27th (M4), August 29th to September
4th (M5), and September 6th to 13th (M6) in 2023.

However, the simulations showed higher accuracy and more pronounced inter-method
differences in 2022 (Table 3). For both the single dataset and aggregated data, the MAE,
MAPE, and RMSE of the models followed the pattern of G3 < G1 < G2, while R2 exhibited
the opposite trend. This suggests that utilizing soil hydraulic parameters incorporating
soil shrinkage and BD changes (G1) improves ability of the Hydrus-1D model to capture
soil water dynamics during dehumidification. Further accuracy gains were achieved by
correcting SWCCs with high matric suction calibration points (G3). Furthermore, data from
plots S1 and S3 in 2023 were excluded. Since θr exceeded initial soil water content at certain
depths under G1 method, the prevented model execution was prevented. These results
demonstrate that the high matric suction calibration points are essential for optimizing
SWCC determined by the centrifuge method in soil moisture dynamics simulations.

Table 3. Accuracy of simulated soil volumetric water content during typical dehumidification at
tomato maturity stage across different methods in year 2022 (M1–M3) and 2023 (M4–M6).

Methods R2 MAE
(cm3 cm−3)

MAPE
(%)

RMSE
(cm3 cm−3)

2022
G1 0.8629 0.0069 3.13 0.0091
G2 0.8046 0.0086 3.91 0.0108
G3 0.8793 0.0065 2.93 0.0085

2023
G1 0.7932 0.0085 4.59 0.0108
G2 0.7905 0.0088 4.65 0.0108
G3 0.7954 0.0085 4.55 0.0107
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Table 3. Cont.

Methods R2 MAE
(cm3 cm−3)

MAPE
(%)

RMSE
(cm3 cm−3)

Aggregated data
G1 0.7932 0.0075 3.69 0.0098
G2 0.8436 0.0087 4.19 0.0108
G3 0.8819 0.0073 3.55 0.0094

Note: R2 represents the coefficient of determination; MAE represents mean absolute error; MAPE represents
mean absolute percentage error; and RMSE represents root mean square error. Simulation periods were set as
September 1st to 7th (M1), September 10th to 19th (M2), and September 28th to October 9th (M3) in 2022; and
August 20th to 27th (M4), August 29th to September 4th (M5), and September 6th to 13th (M6) in 2023.

4. Discussion
4.1. Soil Shrinkage and BD Changes During Centrifugation Cannot Be Neglected

Soil is a loose and porous medium composed of solid, liquid, and gas phase substances.
Normally, soil particles and liquids are not compressible, meaning soil volumetric changes
reflect the pore structure alterations on a macroscopic view. Studies demonstrate that under
centrifugal force, as soil pore water drains, primary pores (macropores and mesopores)
undergo a large-scale collapse, forcing soil particle rearrangement until compressive defor-
mation peaks [4,6,11]. This study observed significant axial-dominant soil shrinkage during
centrifugation (Figure 3a). Meanwhile, the soil axial linear shrinkage ratio showed a strong
negative correlation with TP (Figure 4a), confirming soil pore structure modification. In
addition, the magnitude of soil shrinkage also correlated with soil texture. Soils collected in
2023 generally had higher sand content and exhibited smaller axial linear shrinkage ratios
than those taken in 2022 (Figure 2). This is consistent with the previous study [58]. Notably,
soil radial shrinkage remained negligible despite minor surface cracking, consistent with
our hypothesis and reports in other studies [4,10,21]. However, Xing et al. [2] reported that
soil exhibits comparable axial–radial shrinkage post-centrifugation, generating a large num-
ber of soil surface cracks. These cracks may enhance the soil hydraulic conductivity [59],
thereby further amplifying uncertainties in SWCCs derived from the centrifuge method.

Soil shrinkage resulted in BD increases (Figure 3b). The soils analyzed in this study
exhibited loam, sandy loam, and silty loam textures, with BD increases of 10.0–46.2%,
12.0–43.5%, and 10.0–33.6% post-centrifugation, respectively. This indicates that heavier-
textured and finer-grained soils are more susceptible to disturbance by centrifugal force.
Similarly, loamy and powdery loam soils showed BD increases of 20.8–32.3% [20] and
28.3–47.3% [6], respectively, at the end of centrifugation, whereas sandy loam soil exhibited
only 7.1–26.2% BD increase [4]. Meanwhile, we found that BD increases across soil textures
were significantly positively correlated with initial TP of soil, while post-centrifugation
maximum BD converged to similar values (mean value of 1.71 g cm−3; Figure 4b). Thus,
soils with lower initial BD, loose structure, and well-developed pores experienced greater
shrinkage yet attained smaller final BD values after centrifugation. Crucially, soil shrinkage
and BD changes during centrifugation differ from drying shrinkage or mechanical com-
paction due to synergistic supergravity and matric suction effects [11,60]. The alterations in
soil pore structure during centrifugation could be further analyzed via scanning electron
microscopy or mercury intrusion porosimetry, but this falls beyond the scope of this study.

4.2. Impacts of Soil Shrinkage and BD Changes on the SWCC

The soil shrinkage and BD changes were not obvious under the low revolution speeds
(Figure 3); therefore, the SWCCs derived from different methods highly overlapped in the
low matric suction ranges, and the values of θs were almost identical (Figures 6 and 7).
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This is consistent with the reports of other scholars [6,20,41], indicating that soil shrinkage
and BD changes exert a minimal influence on θs.

The air-entry value (AEV, equivalent to 1/α) is governed by the radius of the largest
soil pores [4]. The larger the pore size, the easier it is for air to expel water from soil pores.
During centrifugation, the geometric dimensions of dominant pores decrease with the
collapse of macropores and mesopores, causing soils to retain saturation at elevated matric
suction and increasing AEV. Consequently, when accounting for soil shrinkage and BD
changes (G1), the value of α (the inverse of AEV) decreased (Figure 7). Similar results
have been reported for sandy loam, loam, and calcic vertisol soils [6,41]. However, SWCC
correction via high matric suction calibration points (G3) overestimated α, contradicting
actual soil structural changes during centrifugation. The value of AEV does not alter
the shape of SWCCs but shifts its position along the matric suction axis [46]. Therefore,
the critical points of the SWCC under the G3 model typically corresponded to a lower
matric suction.

Variations in SWCCs across methods primarily manifested in shape differences, par-
ticularly within the high matric suction segment. When soil shrinkage and BD changes
were considered (G1), SWCC tails shifted upward with flattened curvature, and θr was
greatly overestimated (Figures 6 and 7). This is consistent with prior findings [4,6,21]. This
phenomenon directly stems from the significant BD increases under high matric suction
(Figure 3) and fundamentally reflects how pore structure plays a dominant role in soil hy-
draulic properties. For a specific soil, the factors influencing SWCCs primarily act through
pore structure modifications, where minor changes can drastically alter soil hydraulic
behavior [24,40,61]. Progressive soil compression reduces volumes of macropores and
mesopores, increases micropore proportion, and diminishes pore connectivity, forming
denser and homogeneous pore structure that hinder pore water drainage [20,62,63]. Hence,
shrinking soils exhibit enhanced water-holding capacity, reduced water-releasing capacity,
and lower SWCC curvature compared to undisturbed soils (Figure 5). Conversely, the G3
method underestimated θr. Furthermore, SWCCs derived from the G3 method generally
fell between the other two methods and closely resembled the uncorrected curve (G2)
within the range of θ spans from PWP to oven-dried soil water content (h = 107 cm). This
confirms that the measurement data in the high matric suction segment dominate the SWCC
fitting. The VG model has the most sensitivity to the matric suction range of observed
data [8]; therefore, omitting dry-end data leads to the SWCC systematic overestimation of
soil water content [44–47]. It proves high matric suction calibration points are both effective
and necessary for optimizing SWCC dry-end performance.

The parameter n governs the slope of the transition zone (between AEV and θr) of
SWCCs [46]. Consistent with Xing et al. [6] and Chen et al. [41], this study revealed that
n was overestimated when soil shrinkage and BD changes were accounted for (Figure 7).
However, Li et al. [20] and Wen et al. [24] reached the opposite conclusion. It has been
reported that n is an increasing function of the SWCC slope [51]. With other VG model
parameters kept constant, a higher n results in a steeper SWCC [46]. This contradicts the
findings of this study. We found that n values across methods could be roughly ordered as
G1 > G2 > G3; however, the SWCC under the G2 method was obviously steeper (Figure 7).
This suggests that n depends not only on soil physical properties (e.g., pore structure) but
also on the fitted models, observed data, and other model parameter values.

4.3. Optimizing SWCCs Derived from the Centrifuge Method via High Matric Suction
Calibration Points

This study revealed that the VG model exhibited excellent fitting accuracy across all
methods. Moreover, the performance of SWCCs could be further enhanced by accounting
for soil shrinkage and BD changes (G1), as shown in Figure 5. These findings align with
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reports from other scholars. Chen et al. [41] noted that when soil shrinkage was considered,
R2 of the VG model increased from 0.789–0.922 to 0.904–0.950, while RMSE decreased
from 0.022–0.034 cm3 cm−3 to 0.018–0.025 cm3 cm−3. Saha and Sekharan [64] examined
natural soils with varying plastic limits and found that considering soil shrinkage generally
increased R2 of the VG model. In contrast, correcting SWCCs via high matric suction
calibration points (G3) resulted in poorer fitting accuracy. This is unsurprising, as the
G3 method combined corrected low to medium matric suction data (considering soil
shrinkage and BD changes) with uncorrected high matric suction data (calibration points).
Nevertheless, SWCCs derived from the G3 method were still reliable and accurate.

From the perspective of modeling soil water constants, uncorrected SWCCs (G2)
demonstrated the highest accuracy (Figure 8 and Table 2). Meanwhile, correcting SWCCs
via high matric suction calibration points (G3) substantially improved dry-end performance
compared to the G1 method. However, no method could yield accurate values of soil
water constants except θs, particularly PWP, which was severely overestimated. This
aligns with the reports of Shang and Li [16] and Angelaki et al. [65]. There are three
potential explanations. First, the fixed θr in the VG model oversimplifies the soil water
retention behavior at high matric suction ranges, compromising the dry-end performance of
SWCCs [35,40–42]. Second, SWCCs fitted with limited data (excluded high matric suction
segment) deviate from actual curves, thereby overestimating soil water content [44–47].
Third, PWP estimates relied on PTF in this study, which may lack applicability in local
areas, despite with robust dataset foundations. Thus, the superiority of SWCC determining
methods cannot be determined solely through soil water constant simulations. Additionally,
we recommend that the VG model should not be used for PWP estimation unless full matric
suction range data are available.

The Hydrus-1D model was employed to simulate farmland soil moisture dynamics
during dehumidification (Figures 9 and S2), with method performances evaluated accord-
ingly (Table 3). Results showed that accounting for soil shrinkage and BD changes (G1)
enhanced model simulation accuracy, while further improvements were achieved through
correcting SWCCs via high matric suction calibration (G3). Soil hydraulic conductivity
(both saturated and unsaturated) critically controls vadose zone water movement, with
unsaturated conductivity playing a dominant role [30,66–68]. As stated in Section 2.5, soil
saturated hydraulic conductivity (Ks) was consistent across methods (Table S2), implying
that improved soil moisture dynamics simulations stem from accurate unsaturated hy-
draulic conductivity estimation due to optimization of SWCC parameters. It should be
noted that this study did not investigate the soil hydraulic conductivity function (HCF), i.e.,
the relationship between soil hydraulic conductivity and matric suction (or water content
or degree of saturation). Like the SWCCs, the HCFs exhibit highly nonlinear characteristics
and are governed by soil pore structure [69]. Previous studies indicate that soil shrinkage
during centrifugation promotes soil crack formation, significantly enhancing hydraulic
conductivity of unsaturated soil [2,59]. Neglecting soil shrinkage may cause unsaturated
hydraulic conductivity estimated based on the VG model to deviate by 102 to 104 orders of
magnitude [64]. Similarly, Lai et al. [21] found shrinkage-corrected SWCC better matched
the curves obtained through inversion based on one-dimensional soil infiltration tests.
These findings underscore the necessity of incorporating soil shrinkage and BD changes in
SWCCs derived from the centrifuge method, aligning with the soil dry shrinkage behavior.

Notably, measured soil water content generally decreased from near FC to a level close
to θr during the simulation periods (Figures 7 and 9), spanning medium to high matric
suction ranges. The actual soil water content in 2023 (mean value of 0.1896 cm3 cm−3) was
lower than that in 2022 (mean value of 0.2141 cm3 cm−3), indicating higher matric suction.
However, the Hydrus-1D model exhibited lower accuracy under the G1 method in 2023
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(Table 3). This confirms limited applicability of prior SWCC correction methods in the high
matric suction range. By contrast, correcting SWCCs via high matric suction calibration
points (G3) improved both soil moisture simulations and dry-end performance, validating
its efficacy for centrifuge method optimization. However, it is crucial to emphasize that this
study did not account for the potential effects of SWCC hysteresis. Driven by the ink-bottle
effect, aging phenomena, entrapped air effects, the contact angle difference, and capillary
condensation, the soil water content at a given matric suction is generally higher during
the drying process than the wetting process [9,70,71]. Hysteresis significantly influences
soil hydraulic and mechanical behavior as well as microbial activity, resulting in distinct
SWCCs, HCFs, and shear strength functions (SSFs) for unsaturated soils between drying
and wetting cycles [72,73]. Appropriate soil hydraulic properties should be selected based
on the actual process the soil undergoes (i.e., drying or wetting) [9]. Consequently, the
findings of this study are valid specifically for the soil drying process, and the proposed
modified method is applicable for determining drying SWCCs.

Finally, the assumption of constant root water uptake ratio (equating actual daily crop
water consumption intensity; Section 2.5) in a given simulation period diverges from the
real conditions. Additionally, studies suggest soil hydraulic parameters measured under
steady-state conditions may inadequately characterize the transient water movement in
farmlands [74,75]. These factors potentially compromise Hydrus-1D performance. Mean-
while, data from plots S1 and S3 in 2023 were excluded from modeling due to θr exceeding
initial soil water content under the G1 method, which prevented model execution. Model
overfitting occasionally occurred, transforming θr into empirical correction factors that
mask physical characteristics of parameter, thereby failing to reflect true soil hydraulic
properties and amplifying model uncertainty [43,44]. Critically, correcting SWCCs via high
matric suction calibration points (G3) avoids the limitation in this study.

5. Conclusions
To address the impacts of soil shrinkage and limitations of prior modified schemes

in SWCCs derived from the centrifuge method, this study proposes a simple method (G3)
via high matric suction calibration points to correct drying SWCCs. The key findings are
as follows: (1) Significant soil shrinkage occurred post-centrifugation (mean linear axial
shrinkage ratio of 16.8–23.7%), accompanied by altered pore structures (28.3–35.8% reduc-
tion in average TP) and increased mean BD (20.2–30.9%). (2) SWCCs across all methods
diverged at high matric suction range. The G1 method (accounting for soil shrinkage and
BD changes) generated upward-tailing SWCCs with reduced curvature, elevated θr and n
values, and underestimated α, primarily driven by pore structure changes. SWCCs derived
from the G3 method resembled the uncorrected curves (G2), indicating high matric suction
data dominance in SWCC fitting. (3) The G1 method achieved the highest SWCC fitting
accuracy, while the G3 method performed the worst, yet maintained acceptable reliability.
(4) For simulating soil water constants (θs, FC, and PWP), the G2 method demonstrated
superior accuracy. However, Hydrus-1D simulations revealed optimal farmland soil mois-
ture dynamics accuracy under the G3 method (MAE, MAPE, and RMSE: G3 < G1 < G2;
R2 inversely ranked). This enhancement stems from improved soil unsaturated hydraulic
conductivity estimation via optimization of SWCC parameters. This study confirms the
necessity of considering soil shrinkage and BD changes in determining SWCCs via the
centrifuge method. The proposed method via high matric suction calibration points effec-
tively enhances drying SWCC performance across full matric suction ranges, offering a
practical refinement for centrifuge-based determinations. This advancement could enhance
the reliability in soil hydraulic characterization, thereby helping to advance our knowledge
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of the hydraulic–mechanical–chemical behavior in soils. Notably, the conclusions are valid
specifically for the soil drying process and determining drying SWCCs.
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physical properties (BD, PD, and TP) and saturated hydraulic conductivity (Ks) of soil at different
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