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ABSTRACT

Measuring soil hydraulic properties is essential in soil science, but direct measurements
are often laborious, time-consuming, and costly. Therefore, alternative methods based
on mathematical models have gained increasing attention. This study aimed to estimate
saturated hydraulic conductivity (Ks) and soil water characteristic curves (SWCC) for
soils with different textures using various predictive models. Soil samples were collected
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from the Arpaci, Canakgi, and Baharli soil series in Adana, Tiirkiye. Twelve undisturbed
and one disturbed sample were obtained from the 0—20 cm depth. Soil physical and
chemical properties, including bulk density, porosity, pH, electrical conductivity, CaCOs

giﬁg;% soils content, organic matter, hydraulic conductivity, and pF curves, were determined. Soil
Texture water retention was measured at 0, 0.1, 0.2, 0.33, 0.5, 1, 5, and 15 atm pressure levels.

Model selection for SWCC and hydraulic conductivity estimations was performed using
the pFK model database integrated into the SIMONA program. Model performance was
evaluated using Root Mean Square Error (RMSE). For the Arpaci series, the Terleev and
Sariyev model provided the best fit for SWCC and K(P) estimations (RMSE =
0.007453), whereas the van Genuchten model performed best for K(W) (RMSE =
0.041119). In the Canakgi series, the Curry and Chen model showed the highest accuracy
for SWCC prediction (RMSE = 0.003780), while the Terleev and Sariyev model was
most suitable for K(P) (RMSE = 0.146915) and the van Genuchten model for K(W)
(RMSE = 0.293829). For the Baharli series, the Brooks and Corey model provided the
best SWCC estimation (RMSE = 0.013715), whereas the Michurin model was most
accurate for K(P) (RMSE = 0.000014) and the Avern model for K(W) (RMSE =
0.482353). The results indicate that selecting texture-specific models can improve the
estimation of soil hydraulic properties and contribute to more accurate irrigation
scheduling and water management practices.

INTRODUCTION

Soil water behavior is a significant subject in soil science research for effective land use and environmental management.
Therefore, the relationship between soil and water must be known well and investigated in detail for accurate results.
However, many field trials in agricultural research are time-consuming, complicated, require excessive labor, are expensive,
have equipment limitations, and do not allow different applications to be tried on the same vegetation simultaneously.
Moreover, these difficulties may present some issues, especially in the field and laboratory. Because of these issues, great
efforts have been made to develop simulation models that mathematically formulate the environmental conditions required
by plants and relatively easy and inexpensive methods for soil hydraulic characterization. With these models, it has become
easier and faster to determine the desired properties of soil.

In past decades, simulation models have been widely used to predict soil water movements (Stepanov et al., 2023). The soil
water characteristic curve (SWCC) and saturated hydraulic conductivity (K;) are critical soil properties used in simulation
models to quantify the soil water behavior. These hydraulic properties have important role in drainage and irrigation system
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design and subsurface water hydrology of subsurface. In addition, they are used for solute transport and flow movement
(Jackson et al., 2016).

According to Kumar et al. (2020), the pF curve is a graphical representation of the relationship between water content and
suction height, and between hydraulic conductivity and suction height. SWCC facilitates predictions of soil moisture content
with critical insights into how soil retains and releases water based on suction or matric potential (Sharma et al., 2025).
SWCC is dependent on various factors including soil size distribution, structure, chemical composition (Farooq et al., 2024),
mineralogic composition, soil type, and hydraulic conductivity of unsaturated soil (Sharma et al., 2025) and has a different
shape under dry conditions compared to suction (wet) conditions for a particular soil (Likos et al., 2014).

It was reported in Zhao et al. (2024) that research on water flow in the unsaturated zone (Xu et al., 2011) and the permeability
of unsaturated soil (Leong & Rahardjo, 1997) has demonstrated the significance of pF curves. However, the measurement
of the pF curve both in the field (with double rings, tension disk infiltrometer or Guelph permeameter) and in the laboratory
(using constant and falling head approaches) is often a cumbersome, challenging, and costly process (Vereecken et al., 2010;
Chen, 2024). In addition, these highly labor-intensive experiments involving measuring at various suction levels can take
several months. Moreover, when a large number of site-specific data is required, it may not be possible to obtain high-quality
measurements of SWCC data (Zhao et al., 2024). Soil hydraulic conductivity (K) is an essential input parameter for
hydrological models (Fattah & Shihab, 2023), an important soil property affecting water and chemical movement within the
soil, and a vital factor in various management practices such as drainage, irrigation, erosion control, and flood protection.
Therefore, K; is an important component of soil monitoring and management practices (Mozaffari et al., 2024). According
to Braud et al. (2017), Ks has spatial and temporal variability, thus in addition to the need for a large number of samples, it
carries the risk of obtaining different results in the same area and even within the same sample. An accurate description of
water movement, suspended constituents, groundwater transport, and recharge would be difficult if K is not fully
understood. In addition, besides these difficulties, determining Ks is time-consuming and not feasible to carry out for large-
scale field trials. Therefore, various efforts have been made to indirectly determine the saturated or unsaturated hydraulic
conductivity (Mozaffari ef al., 2024).

In many studies, soil properties that can be correlated with each other and easily measured were used as input to create
indirect models for a more logical and reliable estimation of Ks and SWCC parameters (Satyanaga et al., 2024). The Gardner
equation (1958) (G) used an equation with two fitting parameters for soil-water content and matric potential relationship in
a wide range of soil types in the definition of SWCC in unsaturated soils. It has been reported by Suhaizan et al. (2025) that
the Gardner model fits the experimental data well using tropical peat soils (Agus et al., 2016) and is successful in representing
the moisture retention properties (SWRC) of three different soil types and soils treated with superabsorbent polymer (SAP)
(Ng'eno et al., 2023). Similarly, the Brooks & Corey model (1964) (BC) is constant at a value below the air-entry value and
decreases exponentially above it, including two fitting parameters related to the soil pore size distribution and air entrance
value. On the other hand, the van Genuchten (1980) (VG) model is a widely used empirical model for explaining matrix
suction and soil-water content relationships. VG's model contains three curve-fitting parameters associated with the inverse
of the air entrance value, the asymmetry of the model, and the soil pore size distribution. While the Gardner and VG empirical
models are widely used models for unsaturated hydraulic functions (Gong & Qian, 2024), due to the fewer parameter
numbers (Fayer & Simmons, 1995), vG and BC models are widely used models to fit SWCC data in the wet range (Du,
2020). Many scientists reported that the VG's model performs well in predicting SWCC in soils with different textures
(Haverkamp & Parlange, 1986), in fitting experimental data for different soil types (Leong & Rahardjo, 1997), and in
simulating water movement and solute transport in unsaturated soils (Simtnek et al., 2003).

Over the past four decades, many researchers (Arya & Paris, 1981; Schaap ef al., 2001; Chin et al., 2010; Li et al., 2016;
Alves et al., 2020; Li & Vanapalli, 2022) have focused on working with models that develop predictive methods for time-
consuming measurements such as SWCC and K (Yao & Vanapalli, 2022). Selecting the appropriate model for
understanding soil-water interactions depends on factors such as soil type, intended use, and data availability, and it can
significantly improve water management practices and inform environmental assessments. Therefore, for the reliable
prediction of SWCC, the effect of different soil parameters needs to be considered in developing models (Yao & Vanapalli,
2022). According to Fu ef al. (2021), estimating approaches with various models have advanced especially for the SWCC
and Ks over several decades. However, the effect of large-scale heterogeneity with consideration of soil texture in different
environmental conditions has rarely been considered.

To overcome these limitations and provide an alternative method to the lack of data, there is a need to determine appropriate
models that can be used directly in SWCC and Ks estimations in soil research in the examined areas. This study aims (i) to
determine the most appropriate model equations for SWCC and K of soils in sites with different soil textures in different
soil series and (ii) to provide a theoretical and practical basis for the subjects related to soil hydraulic properties
measurements and to present information that may be useful for the management and protection of soil and water resources.
In this context, by emphasizing the importance of modeling studies in agriculture in line with the literature and previous
studies, the determination of hydraulic conductivity and soil water characteristic curves in soils with three different textures
was tested using mathematical models and equations.

640



Yavuz et al. Int. J. Agric. Environ. Food Sci. 2026; 10(3): 639-649
MATERIALS AND METHODS

Materials

The study was conducted on Arpaci (soil 1, S1), Canake1 (soil 2, S2) and Baharli (soil 3, S3) soil series within the borders
of Adana Province, south region of Tiirkiye (Figure 1). According to Ding ef al. (1995), Arpaci series was defined as Aquic
Xerofluvent (Entisol), Canake1 series as Typic Xerofluvent (Entisol) and Baharli series as Typic Xeropsamment (Entisol).
The Arpaci series developed on alluvial deposits of old river terraces and has high clay content. The Canakgi series is young
soils with AC horizons developed on medium-textured deposits of young river terraces. The Baharli series is a coarse-
textured Entisol soil with AC horizon sequence developed on coastal dunes (Ding ef al., 1995). The basic properties of each
series are given in Table 1, Table 2 and Table 3, respectively.

Figure 1. (a) Orthographic projection map of Tiirkiye (Wikimedia 2022); (b)Vectorimage of Adana (Shutterstock 2023),
Tiirkiye; (c) Map of the sampling locations (The map was downloaded from Google Earth, and sampling points marked
according to their coordinates).

Table 1. Basic soil properties of Arpaci series (S1).

Total Grain distribution
Horizon" girl:)th pH  salt ((rjfgl 1008) (COZ$03 :,),/lg Sand  Silt Clay Texture
(%) (%) (%) (%)
Ap 0-21 7.6 0.053 184 16.0 2.01 9 40 51 Silty Clay
An 21-36 7.7  0.063 183 16.0 1.41 12 35 53 Clay
N 36-61 7.8 0.117 182 20.6 1.27 11 41 48 Silty Clay
Ci 61-84 7.8 0.170 18.0 26.0 1.13 6 42 52 Silty Clay
C2 84-110 7.6 0.190 184 263 1.07 4 32 64 Clay

“pH: Soil reaction, CEC: Cation Exchange capacity, CaCOs: Calcium carbonate, OM: Organic matter.
Table 2. Basic soil properties of Canakge1 series (S2).

. Depth Total CEC CaCOs  OM Grain dist.ribution

Horizon (cm) pH  salt (meq/100g) (%) (%) Sand Silt Clay  Texture
(%) ) (%) (%)

Ap 0-10 74 0.055 220 20.9 1.37 25 47 28 Clay Loam
A 10-39 7.5 0.075 204 21.5 1.17 21 55 24 Silty Loam
1A, 36-60 7.5 0358 21.1 14.6 1.50 29 39 32 Clay Loam
IIAC 60-73 7.6 0435 19.0 19.3 0.39 35 43 22 Loam
IIC, 73-94 7.3 0430 13.6 20.6 0.46 28 49 23 Loam
11C, 94-112 7.5 0500 19.5 22.6 0.63 13 52 35 Silty Clay Loam
11C; 112-150 7.5 0500 17.8 20.1 0.36 22 48 30 Clay Loam

*pH: Soil reaction, CEC: Cation Exchange capacity, CaCOs: Calcium carbonate, OM: Organic matter.
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Table 3. Basic soil properties of Baharli series (S3).

Total Grain distribution
Horizon" :)cfll:)t h pH  salt (C;[E(S] /100g) (C(,Z§:O3 (00/1:/; Sand Silt Clay  Texture
(%) (%) (%) (%)
Ap 0-14 7.8 0.032 114 15.1 093 75 12 13 Sandy Loam
A 14-32 7.8 0.010 123 14.2 0.67 75 12 13 Sandy Loam
Az 32-57 &3 0.010 11.1 18.6 0.53 79 10 11 Sandy Loam
C 57-150 83 0.010 9.1 20.0 0.53 8l 8 11 Sandy Loam

*pH: Soil reaction, CEC: Cation Exchange capacity, CaCO3: Calcium carbonate, OM: Organic matter.
Methods

Soil sampling was carried out at a depth of 0-20 cm in each series, close to where the profile pits were opened (Figure 1).
After the surface soil was thoroughly cleaned, 12 undisturbed soil samples and 1 disturbed soil sample were taken from a
depth of 0-20 cm. Soil sampling and undisturbed samples. The undisturbed soil samples were used to obtain bulk density,
porosity, hydraulic conductivity and pF curve. The undisturbed soil samples were first dried to air dryness in laboratory
conditions, passed through a 2 mm sieve and were used in the pF curve, especially in high pressure zones (5 atm and 15
atm). Soil samples were analysed for bulk density (Blake & Hartge, 1986), pH, electrical conductivity, organic matter, and
CaCOs (Page et al., 1982), porosity (Danielson & Sutherland, 1986), hydraulic conductivity (Klute & Dirksen, 1986), and
pF curve (Klute, 1986). The pF curve was created using 0, 0.1, 0.2, 0.33, 0.5, 1, 5 and 15 atm. While undisturbed soils were
used for 0, 0.1, 0.2, 0.33, 0.5 and 1 atm, disturbed soils were used for 5 and 15 atm. We focus on the most suitable models
for soil hydraulic conductivity and soil water characteristic curves; among them, some important selected models are listed
(Table 4). The selection of models used in the estimation of the relevant soils was made through the pFK model bank, which
is used by the SIMONA program in the selection of pF curve and hydraulic conductivity using the relevant parameters. Each
estimation was analyzed with the root mean square error, RMSE, Equation (1) below, which is also included in the pFK
model bank of SIMONA and indicates whether the variability between the actual value and the estimated value is significant.

13

If this value is “+”, the variability is significant, if it is “-*, the variability is not significant.

RMSE = N oi-90? (1)
N

where yi: measured value, vy : predicted value, N: total number of observations.

Table 4. Models used for the pF curve (Poluektov, 1991; Breinstein et al., 1988) and mathematical calculation of hydraulic
conductivity (Poluektov, 1991; Zaslavski et al., 1988).

Model no* Model Equation for Model’s Model Equation for hydraulic Model’s

SWCC curve Researches conductivity, K(P) and K(W) Researchers
1 0=-= In W.C. Visser  k=A(D)P B.N. Michurin

_ Bs R.B. Curry, _ _ _ .
2 0= o am LH. Chen WK = A * EXP((—B) * (—WP)) G.P. Wind
_ Os _ _.\n

3 0 T omB Y. Pachepsky k=A(B + (—p)?) W.R. Gardner

0 —06r P

——=exp(-Aln(3)?) V.V. Terleev, e-6r _ Py V.V. Terleev,
4 fsor s A.L. Saniyev 6s—6r exp(-A In( B) ) A.L. Saryev

0 —0or 1 P

=—In — D.A. Farrel, _ .

5 6s-6r B A W E. Larsen WK = A « EXP(B * WW) D. Hillel

0 =0s,if p>ps (2+B43)
6 0-0r _ Ps\ s R.R. Brooks, '

“oer =~ GO AT Comey  WK=Ax (m) G.S. Campbell

S.F. Averyanova

; o-6or _ A R. WW — WWmin \#*B*®  G.E. Laliberte

Bs-6r A+ (IPI®) Haverkamp WK = A= (WWmaX — WWmin) R.H. Brooks

A.T. Corey
1
_ — 0.5 _(1_ <))z
3 p = Aexp (_Be WP ) K XK. Pavlova, WK = A% (5%°) = (1 (1 S(B))) , V. Genuchten
FC-wp LL. KaIUZhny S:(WW-WWmin)/(WWmax-WWmin)

"P: Matric suction of soil water (atm), Ps: water potential of the soil at saturation zone; 0s: water content of saturated soil; 0;:
maximum hygroscopic moisture content; FC: field capacity; WP: moisture content at wilting point; WW: Volumetric soil
water content (cm’cm™), WWmax: Soil water saturation level (cm’cm™), WWmin: Soil hygroscopic water content (cm*cm’
%), A and B coefficients.
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RESULTS AND DISCUSSION

Descriptive Characteristics in Arpaci, Ganakgi and Baharli Series

The pF and hydraulic conductivity estimation models of soils with three different textures were examined separately, and
the most appropriate SWCC and hydraulic conductivity models were selected from the presented model bank according to
the relevant criteria. To make this evaluation, the pF data and some physical-chemical data of the soil series on which the
analysis was made are given (Table 5) and water retention (pF) curves determined by the pressure plate method was given
(Figure 2).

The textures obtained from the samples taken from the profiled points in the Arpaci, Canakg1 and Baharli series are consistent
with the texture values of Ding et al. (1995). The pH values of the soil series are the expected values in the Cukurova Region,
the Arpact (S1) and Baharli (S3) series are moderately alkaline, and Canake1 (S2) is slightly alkaline (Ding ef al. 1995), and
no salinity problems according to the EC values. Also, three soil series considered in research are very calcareous soils. It
was observed that the organic matter content decreased with decreasing in clay content of soil (Table 6). Clay minerals are
also responsible for water retention in the soil (Oades, 1988), so water movement is lower in soils with high clay content.
Hydraulic conductivity estimates tend to be based on soil particle sizes, because particle sizes govern porosity. Therefore, it
is important to note that K values are affected by various microstructural features such as tortuosity and pore shape in the
soil (McDowell & Bono, 2021), so these factors should be well evaluated, especially for clay soils. Tan et al. (2023) stated
that properties such as void ratio and clay content are the most critical factors for estimating soil hydraulic conductivity. In
this study, S1 series with high clay content, hydraulic conductivity was determined within expectations with the lowest
values (0.369 cm min'") (Table 5). Sandy soils, on the other hand, are responsible for the aeration of the soil and the
movement of water, unlike clay soils. Therefore, hydraulic conductivity (Ks) is higher in the S3 series compared to the S1
series.

Table 5. Some physical and chemical data of Arpaci, Canakg¢i and Baharli series.

Soil Series” Sand Loam  Clay  Texture pH EC CaCO; OM Ks

) (%) (%) @Sm') (%) (%) (cm m™)
Arpaci, S1 3.1 30.7 66.2 Clay 8.26 0.110 17.8 2.15 0.369
Canake1, S2 18.8 47.6 33.6 Silty Clayey Loam 7.82 0.399 20.2 1.81 2.679
Baharli, S3 82.5 5.1 12.4 Loamy Sand 8.19 0.143 20.6 1.49 1.124

*pH: Soil reaction, EC: Electrical conductivity, CaCOs: Calcium carbonate, OM: Organic matter, K;: Saturated hydraulic
conductivity.

=4-—=15] (Clay) S2 (Silty Clayey Loam) S3 (Loamy Sand)
100000
10000
2
T 1000
3]
o
2 100
W
;6
T
1
0 10 20 30 40 50 60 70
volumetric water content. %

Figure 2. Water retention (pF) curves determined by the pressure plate method.

The highest K, values were obtained in the S2 series with medium-textured soil. The water content of soil samples taken
from different series under different pressure zones from 0 kPa to 1500 kPa decreased as the pressure increased (Figure 2).
However, the water retention capacity in the S1 series with high clay content is higher compared to the other two series. The
S2 series has less clay content compared to the S1 series and less moisture content in all pressure zones compared to the S1
series. On the other hand, the S3 series, which has a higher sand content under all pressure zones, retained less water
compared to the other series. While the moisture content was high at the beginning (0 kPa) in the S3 series, there was a
serious decrease at the next pressure point and it gradually decreased regularly.

Soil Water Characteristic Curve (SWCC) Model Results in 3 Soil Series

The model results compatible with the SWCC data were compared according to the criterion set by the system, namely the
Root Mean Square Error (RMSE), with lower RMSE values indicating a better agreement between the measured and model-
predicted SWCC data. Based on this criterion, the most suitable model differed among the investigated soil series, reflecting
the variation in their textural characteristics. For the Arpaci (S1) series, characterized by a clay soil texture, the Terleev &
Sartyev model provided the best fit to the observed SWCC data, with an RMSE value of 0.0156 (Table 6). In contrast, the
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Curry & Chen model showed the closest agreement with the measured data for the Canake1 (S2) series, which has a silty
clay loam texture, yielding the lowest RMSE value of 0.0038. For the Baharli (S3) soil series, the BC model was identified
as the most compatible model, with an RMSE value of 0.0142. Overall, these results indicate that the model providing the
best representation of the SWCC data varied among the soil series rather than a single model consistently providing the best
fit across all soils.

The coefficients of determination (R?) obtained for the models that provided the best fit between the measured and modeled
volumetric water content (6) values ranged from 0.9726 to 0.9986 (Figures 3, 4, and 5, respectively). These relatively high
R? values indicate a strong agreement between the measured and modeled values across the investigated soil series and
demonstrate the ability of the selected models to adequately represent the observed soil water retention behavior.
Accordingly, the matric suction values estimated by the models were generally consistent with the measured data, with only
relatively small deviations between observed and predicted values. The results also indicate that treating the adjustment
parameter as a variable can improve the flexibility of the models and enhance the accuracy of the predictions under different
soil textural conditions. This approach appears to provide reliable estimates for both coarse- and fine-textured soils,
suggesting that consideration of the adjustment parameter may contribute to a better representation of soil-specific water
retention characteristics.

Table 6. RMSE values of the models obtained in the studying soil series.

Model’s Models Equation for Soil types
Researches SWCC curve SI (Arpaci)  S2 (Canakgi)  S3 (Bahar)
W.C. Visser 0=-=Inx 0.0227 0.0115 0.0476
R.B. Curry, _ Bs
e 0= o 0.0341 0.0038 0.0143
_ Os
Y. Pachepsky 0= s 0.0348 0.0492 0.0717
V.V. Terleev, 0—6r P,
AL Sanyer —exp(-Aln(3)?) 0.0156 0.0186 0.0342
D.A. Farrel, 6-6r 1 . P
W Lo =Xl t 0.0227 0.0115 0.0476
0 =0s, 1fp2ps
R.R. Brooks, o-6r Py - 0.0341 0.0038 0.0142
A.T. Correy oocor ()51 p=ps
s—0r P
0—-06r _ A
R. Haverkamp os—6r A+ (PIE) 0.0348 0.0492 0.0717
K.K. Pavlova, p=Aexp (B 0.0227 0.0115 0.0476

I.L. Kaluzhny FC — WP

"P: Matric suction of soil water (atm), Ps: water potential of the soil at saturation zone; 0s: water content of saturated soil;
Or: maximum hygroscopic moisture content; FC: field capacity; WP: moisture content at wilting point; WW: Volumetric
soil water content (cm*cm™), WWmax: Soil water saturation level (cm3cm™), WWmin: Soil hygroscopic water content
(cm*cm), A and B coefficients.

Soil 1. Clay

0.8
= 07
5 06 pe
g o5 /
T 04 F
2 03 5./ i Terleev and Sariyev (model 4)
2 v =0.9633x +0.0151
= 02 R2=0.9726

01 MAPE=2.93%

0 RMSE=0.0156
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Measured 8 (cm’ em™)

Figure 3. 0-values estimated by the best fitted method versus measured 0-values at the same soil matric potential for Soil 1.
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Soil 2, Silty Clayey Loam
0.8
<07
2 06
S 05 >
@ .
3 04
TR e C.mtn; and C_.he‘u (I\-Iode_l 2)
8 o y = 1.0154x - 0.0045
202 s R2=0.9956
0.1 MAPE=1.01%
’ RMSE=0.0038
0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Measured © (cm’® em™)

Figure 4. 0-values estimated by the best fitted method versus measured 8-values at the same soil matric potential for Soil 2.

Soil 3. Loamy Sand
0.8
0.7
0.6
0.5

o / Books and Correy (Model 6)

0.3 — y =0.9398x+0.008

0.2 / R2=0.9906
MAPE=0.47%

0.1 —" RMSE=0.0142

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Measured ® (cm® em?)

Modeled ® (em® enmr?)

Figure 5. 0-values estimated by the best fitted method versus measured 6-values at the same soil matric potential for Soil 3.

Various methods have been studied, including the 6(6)-SWRC method. Fu et al. (2021) found that 0 values predicted by this
method at selected matric suction (y) levels were highly consistent with the measured 6 values. The method yielded
regression slopes and determination coefficients (R?) greater than 0.90 for all soils, with RMSE values ranging between
0.020 cm?® cm~and 0.066 cm? cm. Schaap & Leij (2000) reported that the average van Genuchten parameters for 235 soils
in the UNSODA database as follows:

0s = 0.422 cm® cm™, 0r = 0.055 cm® cm™, 0. = 2.19 m™!, and m = 0.39. For these average values, an error of 0.048 cm? cm
in Or estimation resulted in 0 errors of approximately 0.027 cm?® cm™. Rosetta gave R2 values from 0.8946 to 0.9780 with
the model parameters obtained by using the basic properties of the soil (texture, field capacity, and wilting point). The
method makes estimates with fewer easily available inputs. One of the weaknesses of these predictions is that they do not
consider the structure and mineralogy of the soil and instead assume that soils of similar texture have similar soil hydraulic
properties (Dominguez-Nifio ef al., 2020). Pan et al. (2019) obtained R? values from 0.958 to 0.997 for van Genuchten and
the Brooks & Corey models. The researchers stated that both models gave a higher variation and error in the 10 to 50 kPa
range compared to the higher pressures.

Du (2020) reported that RMSE values decreased as the number of fitting parameters increased across 22 models. A
significant reduction was observed when the number of parameters increased from three to four. In other words, as the
number of parameters increases, the model’s predictive or fitting performance improves (Her & Chaubey, 2015; Katuwal et
al., 2020). Additionally, the physical significance of the model parameters is known, and the range of the fitting parameters
can be determined. Then, more model parameters lead to better model performance and reliability, and conversely, the fewest
parameters possible. Moreover, the insignificant correlation between RMSE and pb (or OM) was determined by the specific
mathematical form of the models, and such empirical models were derived by applying distribution laws to pore-size
distribution functions, in combination with capillarity laws (Cornelis et al., 2005). Fredlund & Xing (1994) derived and
found that none of the suggested equations accurately fit laboratory data over the entire suction range.

When examining the influence of key soil properties (pb (or OM)) on model performance, RMSE shows a stronger
correlation with soil texture. However, when RMSE is analyzed in relation to texture, model performance exhibits varying
trends as the soil becomes finer. In general, for the evaluated SWCC models, RMSE values are negatively correlated with
sand content. This indicates that model performance tends to decrease as sand content increases, although this effect is
relatively weak. Amente et al. (2000) observed that cs increases as 6 increases (6 must be larger than a certain value similar
to Or) for sandy soils. Additionally, os is affected by pore geometry (i.e., pore connectivity and tortuosity) at saturation. The
relationship between RMSE and silt content suggests that model performance generally improves as silt content increases.
As clay and silt contents increase, the soil’s water retention capacity also increases. This leads to an expansion of the dry
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region of the saturation curve and a higher proportion of this region within the overall curve. The very high matric potential
in the dry region reduces model fitting accuracy and increases uncertainty (Plumb et al., 1999). Therefore, RMSE values are
typically significantly higher in the dry region compared to the wet region. Additionally, due to the different mathematical
approaches SWRC models use to represent the dry region, their performance varies considerably with changes in clay and
silt contents. As a result, the correlation between RMSE and clay/silt content becomes increasingly significant across
different models.

Hydraulic Conductivity Prediction Models in Arpaci, Canakg¢i and Baharli Series

Using texture values and K, data in 3 different soil series samples, the compatible model results from the pFK model bank,
which is a sub-model of the SIMONA Plant Growth Model, were compared according to the criteria set by the system and
the most suitable model parameters and results were determined. In the model, the hydraulic conductivity was first evaluated
with the Michurin, Wind, Gardner, and Terleev & Sariyev models and the K(P) relationships, then the Hillel, Campbell,
Averyanova, Lalibert and Brooks-Corry, and van Genuchten models and the K(W) relationships. Thus, if the study is in
question with the K(P) model, unsaturated hydraulic conductivity is determined at different matric suction values in the soil.
On the other hand, if the different volumetric moisture content of the soil is known, the K(W) model comes into play and
the unsaturated hydraulic conductivity data corresponding to the different soil volumetric moisture values is reached. For
the Arpaci, Canakg1, and Baharli series soil samplings, first K(P) relations were evaluated then K(W) modeling was done
with the same approach. The best fitting K(P) and K(W) models, model parameters, and RMSE values of the Arpaci, Canakg1
and Baharli soil series are given in Table 7, Table 8 and Table 9, respectively.

Table 7. The best fitting K(P) and K(W) model parameters in the Arpaci series.

Texture: Clay Model parameters that best fit the K(P) Model parameters that best fit the K(W)
Model Terleev & Sariyev (Model No: 4) van Genuchten (Model No: 7)

WP (l) 2
WK = A * EXP(—B * (ALOG (— T))Z WK = A * (S%%) * (1 — (1 -s'B ))
S = (WW — WWmin) /(WWmax — WWmin)
RMSE 0.007453 0.041119

Model Equation

WK Unsaturated hydraulic conductivity value of soil dependent on the matric suction of soil water (WP) (cmday™!), WP:
Matric suction of soil water (cmH,0), A: Empirical coefficient and A=2.23992, B: Empirical coefficient and B= 0.100858,
S: Empirical coefficient and S= 0.65600, WW: Volumetric soil water content (cm3cm™), WWmax: Soil saturation level
(cmPcm) and WWmax=0.6301 cm®cm>, WWmin: Soil water content at wilting point (cm*cm~>) and WWmin=0.3699
cm’cm, A: Empirical coefficient and A=0.665404, B: Empirical coefficient and B= 0.336600.

Table 8. The best fitting K(P) and K(W) model parameters in the Canaker series.

Texture: Silty Clay Model parameters that best fit the K(P) Model parameters that best fit the K(W)

Loam
Model Terleev & Sariyev (Model No: 4) van Genuchten (Model No: 7)
WP 6]
= — N2 — 0.5 _ _ 2
Model Equation WK = A+ EXP(-B * (AL0G< S )) WK =A=*(5°) = (1 (1 S\B ))
S = (WW — WWmin)/(WWmax — WWmin)
RMSE 0.146915 0.293829

WK: Unsaturated hydraulic conductivity value of soil dependent on the matric suction of soil water (WP) (cmday™), WP:
Matric suction of soil water (cmH,0), A: Empirical coefficient and A=2.23992, B: Empirical coefficient and B= 0.100858,
S: Empirical coefficient and S= 0.65600, WW: Volumetric soil water content (cm’cm™), WWmax: Soil saturation level
(cm’cm™) and WWmax=0.6301 cm*cm™, WWmin: Soil water content at wilting point (cm’cm™) and WWmin=0.3699
cm’cm, A: Empirical coefficient and A=0.665404, B: Empirical coefficient and B= 0.336600.

Table 9. The best fitting K(P) and K(W) model parameters in the Baharli series.

Texture: Loamy Model parameters that best fit the K(P) Model parameters that best fit the K(W)

Sand
. . . Averyanova, Lalibert and Brooks-Correy
Model Michurin (Model No: 1) (Model No: 3)
. WW — WWmin @B+
Model Equation WK = A * (—=WP)~ & WK =A ( )
d ( ) * WWmax — WWmin
RMSE 0.000014 0.482353

WK: Unsaturated hydraulic conductivity value of soil dependent on matric suction (WP) of soil water (cmday™!), WP: Matric
suction of soil water (cmH»0), A: Empirical coefficient and A=314.251, B: Empirical coefficient and B=1.09484, WWmax:
Saturation level of soil (cm3cm™?) and WWmax=0.3001 cm*cm=, WWmin: Water content of soil at wilting point (cm3cm3)
and WWmin=0.0732 cm3cm3, A: Empirical coefficient and A=10.0156, B: Empirical coefficient and B= 0.524481.
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CONCLUSION

This study introduces a framework to determine the best-fitting models that predict soil SWCC and Ks parameters using
easily measurable attributes such as particle size distributions in different soil classes. Hydraulic conductivity values and
SWCC of soils with different textures taken from three different soil series were determined using some mathematical
equations. The most suitable pF and hydraulic conductivity models were selected for soil samples according to the relevant
criteria from the model bank presented in the study. Terleev & Sariyev's model (RMSE=0.015594) was selected as the best
model for SWCC in the Arpaci series with clayey soil texture. Terleev & Sartyev's (0.007453) model was determined as the
most suitable model for the K(P) model, and van Genuchten's model (RMSE=0.041119) was determined for the K(W)
model. Curry and Chen's model (RMSE=0.003780) was selected as the best model for the Canakg1 series with silty clayey
loam soil texture. The most suitable model for the K(P) model was Terleev & Sariyev (RMSE=0.146915) model, and for
the K(W) model, van Genuchten model (RMSE=0.293829) was selected. Brooks & Correy’s model (RMSE=0.013715) was
selected as the best model for the Baharli series, which has a loamy sand soil texture. The best-fitting K(P) model for the
Baharli series soils was the Michurin model (RMSE=0.000014), while the Avern (RMSE=0.482353) model gave the most
suitable result for the K(W) model. Considering the obtained data, it is seen that some properties of the soils can be found
using certain mathematical models and that these models can be developed and diversified to be presented in a way that is
more suitable for today’s conditions and advancing technology. In cases where the measurement of the mentioned data is
sometimes difficult or not done for the calculation of water dynamics in the soil, the general water budget calculation can
be made using the relevant mathematical models (relationships) for all three textures of soils. In addition, the timing and
amount of irrigation water in the soils using the selected relevant models will allow for more accurate and systematic
calculations with the contribution of the relevant relationships. The relevant hydro-physical parameters determined for the
mentioned soil textures can provide input data for various models. The determined most appropriate model equations will
enable the use of measurement information from similar soil series to facilitate the derivation of SWCC and K in soils with
very sparse measurements. The results will also shed light on new studies by determining the variability in different soil
series.

(1) For different soil samples with the same texture, the relationship between their volumetric water contents depends only
on their initial void ratios.

(2) The adjustment parameter b as a function of different initial void ratios, matric suctions, and volumetric water contents
can better describe the relationship between the matric suctions of two soil samples.

(3) The SWRCs estimated using the proposed method with variable b agree better with the measured data than do SWRCs
produced by other models in both coarse-grained and fine-grained soils.

(4) The sensitivity analysis reveals that the contributions of the model parameters in the two optimal models to the sensitivity
of the predicted matric suction are different, and a positive correlation exists between the predicted matric suction and all
model parameters.

(5) The uncertainty analysis shows that the reliability of predicted SWRC decreases with decreasing water content in fine-
grained soils, and the initial void ratio has no apparent influence on the reliability of predicted SWRCs in either soil type.
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