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Abstract

Uncertainty in soil hydraulic properties is a major source of hydrological and flood-
modeling error, especially in data-scarce, heterogeneous arid soils. In ephemeral stream
watersheds, infiltration strongly controls runoff generation and flash-flood response, yet soil
parameters are often treated as deterministic, ignoring their inherent variability. This study
characterizes the probabilistic and spatial variability of infiltration-related soil hydraulic
parameters using in situ double-ring infiltration tests at 25 sites in Jazan Province, Saudi
Arabia, during a single field campaign. Data were interpreted using the Horton, Philip, and
Green–Ampt models to estimate hydraulic conductivity (K), storage suction factor (Ψ∆θ),
and soil sorptivity (Sp), with distributions selected via the Kolmogorov–Smirnov (K-S)
test. K showed high, log-normal variability, with means of 5.27, 4.59, and 4.92 m/day
(CV = 1.21, 1.34, 1.29), respectively; Ψ∆θ was even more variable (mean = 0.09 m,
CV = 1.63, log-normal), while Sp was less variable (mean = 0.47 m/day0.5, CV = 0.66,
Gamma). Directional variogram analysis revealed anisotropic spatial structure, with short
along-coast ranges (~4–10 km) and weaker inland structure, supporting nearly independent
sites. The novelty lies in the statistically robust, previously unreported probability and
spatial-correlation models for infiltration parameters in arid ephemeral streams, enabling
direct use in stochastic watershed modeling.

Keywords: infiltration models; soil hydraulic properties; statistical analysis; Kolmogorov–
Smirnov (K-S) test; Jazan Province

1. Introduction
Accurate representation of soil hydraulic properties is a critical factor in hydrological

and flood modeling, particularly in arid and semi-arid regions where soils are highly het-
erogeneous and field observations are scarce. In ephemeral stream watersheds, infiltration
processes strongly influence runoff generation and flash flood response. However, most
hydrological models rely on deterministic soil parameters, neglecting the inherent spatial
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variability and uncertainty of key hydraulic properties. This simplification can lead to
substantial errors in predicting runoff, peak discharge, and flood risk because parameter
uncertainty often propagates through to large variability in model outputs [1,2].

Soil hydraulic properties can be obtained through direct laboratory and field measure-
ments. Moreover, they can be estimated using various methods, among which infiltration
models are considered the most important for interpreting infiltration data. Several field
measurement techniques can be used to determine soil hydrological parameters, including
double-ring and single-ring infiltrometers and tension permeameters [3,4]. The double-ring
infiltrometer is a relatively accurate technique [5,6]. Measuring soil hydrological parame-
ters in undisturbed soil can be challenging in gravelly, rocky, and sandy soils due to the
challenges of undisturbed soil sampling. The most popular method of taking a soil sample
is driving a cylinder into the ground. However, in gravelly soil, this can result in the
displacement of rock fragments or the destruction and compaction of soil channels, which
can cause measurement errors [7,8]. Vertical variability in alluvial soil affects the estimation
of hydraulic parameters, which may vary substantially between soil layers [9]. However,
deeper soil and vertical variability have received little attention [10,11]. Because of the
challenges associated with field measurement and sampling, which necessitate lengthy and
highly labor-intensive fieldwork [12].

Hydraulic conductivity (K) is one of the most important soil hydrological parameters
widely used in hydrological studies. Several studies estimated hydraulic conductivity
using infiltration models from infiltration data measured in the field, e.g., [13–17]. Also,
Hydraulic conductivity is one of the most important parameters in wadi hydrology and
hydrological modeling, as it plays an important role in hydrological processes such as soil
moisture storage and runoff [12,18]. Ref. [19] estimated the soil hydraulic conductivity in the
field using three devices: a mini-disk infiltrometer, a modified Philip–Dunne infiltrometer,
and a double-ring infiltrometer to compare their accuracy. The results showed that the
double-ring infiltrometer obtained the most accurate estimate of hydraulic conductivity.
Also, Ref. [13] gathered data from field and laboratory testing conducted in India and the
USA to examine and contrast 14 infiltration models. The outcomes demonstrated that
the Holtan, Horton, and Singh-Yu models outperform the other models in performance.
Furthermore, four infiltration models were investigated by [14]: Horton, Philip, SCS, and
Morel-Seytoux. Fourteen events were used to validate the models after they had been
calibrated. According to the results, the Morel-Seytoux model outperformed the other
models, while the SCS model produced the worst outcomes. It has been demonstrated that
Horton’s model performs more consistently than the Philip model. Additionally, Ref. [15]
evaluates five infiltration models: Green–Ampt, Horton, Phillip, Holtan, and Kostiakov, to
identify the model that best forecasts infiltration rates based on simulated rainfall events at
two locations. Parameters were developed using measured infiltration data and analyses
of soil samples in the laboratory. The best estimates of infiltration rates were given by the
Green–Ampt, Holtan, and Philip models, respectively.

Several studies have used statistical criteria to determine the best-performing infiltra-
tion model. Ref. [16] evaluated three infiltration models: Kostiakov, Modified Kostiakov,
and SCS, to assess infiltration rates in the Kurukshetra district of Haryana, India. A to-
tal of 109 observations were gathered from infiltration testing utilizing the double-ring
filtration gauge at ten locations. Also, a novel infiltration model was developed from
field test data using a nonlinear regression model. Statistical criteria were applied to com-
pare infiltration models to select the best-performing model. The results showed that the
novel infiltration model is the most appropriate to estimate the infiltration rate. Moreover,
Ref. [17] compared the Philip, Kostiakov, modified Kostiakov, and novel infiltration models
to assess the rates of infiltration of Davood Rashid, Kelat, and Honam in Iran. A total
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of 155 observations were gathered by conducting field infiltration tests at 16 locations
using a double-ring infiltrometer. To determine the best-performing model, a statistical
comparison was used. Although a new infiltration model is proposed, the results indicate
that there are no significant differences between traditional and soft computing-based
infiltration models.

Despite the importance of soil variability, few studies have systematically quantified
the statistical characteristics of infiltration parameters in arid ephemeral streams. Existing
research often focuses on temperate or humid regions or reports single-case measurements
without establishing robust probability distributions for model input. Spatial variability of
soil hydraulic conductivity and related properties is well documented, with coefficients
of variation often exceeding unity in field studies, indicating high heterogeneity [1,20].
This lack of statistical characterization limits the ability to incorporate uncertainty in
stochastic hydrological and flood modeling frameworks. In several basins of the Kingdom
of Saudi Arabia (KSA), some researchers have obtained soil parameters by performing
infiltration tests utilizing a double-ring infiltrometer to model infiltration test data with
infiltration models. For example, Ref. [21] used an artificial infiltration experiment to mimic
the natural infiltration process that occurs during floods in the Tabalah basin, which is
located in the southwest of the Kingdom of Saudi Arabia. They employed two infiltration
models, UNSAT1 and CHEMFLOW, which were derived from the numerical solution of
the one-dimensional unsaturated Richards equation. A neutron probe and a double-ring
infiltrometer were used to gather field data from several sites in the Tabalah basin. The
results demonstrated a correlation between the field infiltration data and the simulation
results. Furthermore, Ref. [22] estimated the parameters of the ephemeral channel bed
and flood risk by conducting infiltration tests in the alluvium of Wadi Itwad in southwest
KSA. The infiltration tests were modeled using the Philip and Horton models. The results
showed that saturated hydraulic conductivity varies greatly within one model or between
the two models. Refs. [23,24] tested Horton, Philip, Green–Ampt, and Kostiakov infiltration
models in beds of ephemeral streams in the Medina region of KSA. Infiltration data, in
their study, were collected using double-ring infiltrometer testing at fourteen locations in
the Medina region. Using simple statistical analysis, the results showed that each model’s
parameters varied significantly. With just two empirical parameters, the Kostiakov model
provided the best description of the fourteen infiltration tests.

Water resources in the Middle East are extremely limited; the region faces severe
constraints on water availability and exhibits significant spatial and temporal variabil-
ity in groundwater storage [25]. Accordingly, this research gap highlights the need for
a better characterization of hydrological processes at both the regional and basin scales.
Also, infiltration represents a crucial connection among episodic precipitation, runoff, soil
water retention, and groundwater recharge in arid wadi systems; thus, it is necessary to
quantify the spatial variability and uncertainty of infiltration-related hydraulic parameters
to enhance hydrological evaluations in these environments [26]. Therefore, this study ad-
dresses the limited field-based characterization of the probability distributions and spatial
variability of infiltration-related soil hydraulic parameters in arid ephemeral-stream envi-
ronments. In particular, the availability of model-consistent probability distributions for
hydraulic conductivity (K), storage suction factor (Ψ∆θ), and soil sorptivity (Sp), together
with their directional spatial correlation, remains limited. To address these gaps, in situ
double-ring infiltration tests were conducted at 25 sites along ephemeral streams in Jazan
Province, Kingdom of Saudi Arabia. Three widely used infiltration models, Green–Ampt,
Horton, and Philip, were applied because they represent complementary descriptions of
infiltration and provide estimates of K, Ψ∆θ, and Sp. Statistical analyses were then used

https://doi.org/10.3390/hydrology13100274

https://doi.org/10.3390/hydrology13100274


Hydrology 2026, 13, 274 4 of 25

to quantify parameter variability and identify suitable probability distributions, while
directional variogram analysis was used to characterize their spatial dependence.

The main contributions of this study are as follows:

• Probabilistic characterization: derivation and evaluation of probability distributions
for K, Ψ∆θ, and Sp obtained from three commonly used infiltration models.

• Spatial characterization: quantification of directional spatial variability and identifica-
tion of the principal correlation structure of these parameters.

• Integrated uncertainty assessment: combining parameter distributions and spatial
correlation to provide a more complete representation of infiltration uncertainty in
arid ephemeral streams.

• Modeling applicability: providing field-based statistical information that can be incor-
porated into stochastic watershed, flash-flood, and risk-based hydrological modeling.

The remainder of the paper is organized as follows. Section 2 describes the study
area, field measurements, infiltration models, statistical distribution analysis, and direc-
tional variogram methodology. Section 3 presents the results of the infiltration analysis,
probability distributions, and spatial variability assessment. Section 4 discusses the results,
limitations, and identifies recommendations and directions for future research. Finally,
Section 5 summarizes the main conclusions and practical implications for hydrological
modeling.

2. Materials and Methods
2.1. Study Area

Except for the southwest, the KSA is one of the world’s driest nations. As shown in
Figure 1, the study location is in Jazan Province in southwest KSA. According to [27,28],
the Jazan Province is situated between latitudes 16◦45′ N and 17◦30′ N and longitudes
42◦15′ E and 43◦00′ E. It stretches 300 km just north of Yemen along the Red Sea’s southern
coast. Its total area is 11,671 km2 [29]. The Jazan Province can be divided into three areas:
(1) the Asir Mountains, which stretch east of the coastal plain from north to south along the
Red Sea, with a sudden rise of more than 3000 m; (2) the foothills between the coastal plain
and the mountain range, with an elevation ranging from 0 to 300 m above sea level; and
(3) the coastal plain, which is situated between the foothills and the marshes along the coast
of the Red Sea. Even though the Jazan Province receives the highest rainfall, only a small
portion replenishes groundwater resources. In addition, the region receives a large amount
of surface runoff from the surrounding mountainous areas; however, a large part of it is
lost to the Red Sea. The average annual rainfall in the region is between 200 and 500 mm on
the coastal plain and between 500 and 700 mm in the eastern highlands. It experiences year-
round heat and humidity [27]. This shows the effect of topography. Spring and summer
are when rainfall occurs; the average annual evaporation rate is roughly 2000 mm [28].

Geologically, the Jazan Province is between the eastern boundary of the Cenozoic
Red Sea basin and the western margin of the Proterozoic Arabian Shield. It consists
of Precambrian rocks, which include metamorphic volcanic-sedimentary sequences in
which granite and gabbro are intruded [30,31]. Moreover, about half of the Jazan Province
is covered by Quaternary deposits in the coastal plain and the beds. It is made up of
interbedded sand and clay, silt, cobble, and Wadi-bed gravel [28]. Additionally, alluvial
deposits can range in thickness from a few meters covering lava flows to 100 m in the center.
Also, the original rock in the mountain highlands is covered with a thin layer of smooth
soil consisting of sand, silt, and gravel. Downstream of the basin, the thickness of the soil
increases, ranging from sandy to clay loam [32].
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Figure 1. Location map of the study area in the Jazan Province in the southwestern part of KSA:
Google Earth (a), KSA (b), Digital Elevation Map (DEM) (c), and location of the infiltration tests (d).

Hydrogeologically, the Quaternary Wadi deposits (gravels, sand, silt, and heteroge-
neous unconsolidated cobbles) make up the shallow alluvial aquifers in Jazan [33,34]. The
aquifer’s transmissivity value, which ranges from 540 to 5400 m2/day with an average of
2190 m2/day, indicates that it has good conductive and storage properties [28]. Addition-
ally, the aquifer is recharged by infiltration through the beds from runoff and rainfall that
fall directly over the high areas on the eastern and southeastern sides or by infiltration of
local surface water. It has been found that the recharge rate represents between 10 and
45% of the total surface runoff [35]. The drainage system appears straight-lined, with some
of its tributaries paralleling the Red Sea. The basins of drainage discharge runoff and
accumulated sediments from the high mountains upstream of the basin, where the runoff
crosses the coastal plain to the Red Sea [32]. Also, the coefficients of runoff range between
3.7 and 13%, and the average runoff in Wadi Dhamad and Wadi Jazan is 59.7 × 106 and
80 × 106 m3/year, respectively [36]. In addition, the main Wadi channel’s width typically
ranges from 100 to 1000 m [37].

2.2. Field Infiltration Tests

Twenty-five locations in the ephemeral stream beds of the Jazan Province basins were
selected for field infiltration tests using a double-ring infiltrometer, according to the method
described in the ASTM International Standard [38]. These sites were selected based on the
presence of Quaternary deposits, where the recharge of the groundwater aquifer has more
potential. The double-ring infiltrometer was used as shown in Figure 2.
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Figure 2. Schematic showing the dimensions of the double-ring infiltrometer.

2.3. Infiltration Models Used in the Analysis

In this study, three widely used infiltration models: Green–Ampt, Horton, and Philip
are applied to estimate soil hydraulic parameters. These models were selected not only be-
cause they represent different conceptual approaches to infiltration: Green–Ampt provides
a physically based wetting-front analysis, Horton captures time-dependent infiltration
decay, and Philip accounts for both sorptivity and steady-state flow, but also because
together they allow estimation of multiple key parameters (hydraulic conductivity, storage
suction, and soil sorptivity), enabling a more comprehensive characterization of infiltration
variability.

The Horton, Philip, and Green–Ampt models are among the most widely used equa-
tions in hydrological research, applications of engineering, and irrigation due to their
simplicity and ability to fit field infiltration data.

2.3.1. Horton Model

The Horton infiltration formula was tested to fit the infiltration data that will be
obtained. This model is given by formula [39],

f (t) = fc + ( fo − fc)e−kt (1)

where f o is the initial infiltration rate, f c is the ultimate infiltration rate (equilibrium
infiltration rate after the soil has been saturated), and k is the decay coefficient. The Horton
cumulative infiltration depth F(t) is given by

F(t) = fct +
( fo − fc)

k

(︂
1 − e−kt

)︂
(2)

The least squares method (LSM) is used by the following function to estimate the
parameters f o, f c, and k:

Obj( fo, fc, k ) = min
n

∑
i=1

(︃ˆ︁F(ti)−
[︃

fcti +
( fo − fc)

k

(︂
1 − e−kti

)︂]︃)︃2
(3)

where ˆ︁F(ti) is the observed cumulative infiltration (cm), ti is the time corresponding to the
observed cumulative infiltration (min), and n is the number of observations.
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2.3.2. Philip Model

The Philip infiltration formula is given by [40]

f (t) =
Sp

2
√

t
+ Kp (4)

where f (t) is the infiltration rate at time t, Sp is the soil sorptivity, Kp is the hydraulic
conductivity of the soil, and t is the time since infiltration started. The Philip cumulative
infiltration depth F(t) is given by

F(t) = Sp
√

t + Kpt (5)

The least squares method (LSM) is used to estimate the parameters Sp and Kp:

Obj
(︁
Sp, Kp

)︁
= min

n

∑
i=1

(︂ˆ︁F(ti)−
[︁
Sp

√
ti + Kpti

]︁)︂2
(6)

2.3.3. Green–Ampt Model

The Green–Ampt infiltration formula is expressed as [41],

f (t) = K1
[︃

1 +
ψ∆θ

F(t)

]︃
(7)

where K1 is the saturated hydraulic conductivity of the soil, ψ is the matric potential, ∆θ is
the change in volumetric water content from the initial water content to the porosity, and
F(t) is the cumulative infiltration depth. The Green–Ampt cumulative infiltration depth F(t)
is expressed as

F(t) = K1t + ψ∆θln
[︃

1 +
F(t)
ψ∆θ

]︃
(8)

To estimate the parameters K1, ψ and ∆θ, the least squares method (LSM) is used. The
formula is expressed as

Obj(K1, ψ, ∆θ ) = min
n

∑
i=1

(︃ˆ︁F(ti)−
[︃

K1ti + ψ∆θ ln
[︃

1 +
F(ti)

ψ∆θ

]︃]︃)︃2
(9)

The LSM was applied using the Excel solver in Microsoft Excel. The application of the
optimized procedure in the Excel solver provides for finding parameters.

2.4. The Statistical Analysis

To quantify the variability of the estimated soil hydraulic parameters, descriptive
statistics were first calculated, including the arithmetic mean, median, standard deviation
(SD), variance, skewness, kurtosis, and coefficient of variation (CV). In addition, several
probability distributions, normal, log-normal, Gumbel, Gamma, Beta, and Exponential
(Table 1), were evaluated to represent the data. These distributions were selected based
on their mathematical properties and their common application in hydrological and soil
studies. The normal distribution is suitable for parameters with symmetric variability
around the mean, while the log-normal distribution is appropriate for positively skewed
variables such as hydraulic conductivity, which cannot be negative and often spans several
orders of magnitude. The Gamma and Beta distributions offer flexibility for skewed
or bounded data, whereas the Gumbel distribution is commonly used in extreme value
analyses. The exponential distribution is suitable for parameters representing rates or
waiting times.
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Table 1. Summary of common probability density function formulas (pdf) for distributions used in
the analysis.

Distribution Probability Density Function PDF Parameters

Normal f (x) = 1
σ
√

2π
e−

1
2σ2 (x−µ)2

− ∞ < x < ∞
σ is standard deviation, σ2 is

variance, µ is the mean.

Log normal f (x) = 1
xσ

√
2π

exp
[︃
− (ln,x,−,µ)2

2σ2

]︃
x > 0

σ is a scale parameter, µ is a shape
parameter.

Gumbel f (x) = 1
β exp

[︂
−
(︂

x−α
β

)︂
− e−( x−α

β )
]︂

−∞ < x < ∞
α is a shape parameter, β is a scale

parameter.

Gamma f (x) = βα

Γ(α)
xα−1e−βx

α is a shape parameter, β is a scale
parameter, and Γ is the Gamma

function.

Beta
f (x) = xα−1(x−1)β−1

B(α,β) 0 ≤ x ≤ 1

B(α, β) =
Γ(α)Γ(β)
Γ(α+β)

α > 0 and β > 0 are shape parameters,
Γ is the Gamma function, β is the

Beta function.

Exponential f (x) = 1
λ e−λx λ > 0, x > 0

λ is average time between
occurrences

By testing multiple candidate distributions, the best-fitting probability model was
identified for each parameter, providing a statistically robust characterization of variability.
This approach enables the derived distributions to be directly applied in stochastic hydro-
logical and flood modeling frameworks, allowing a realistic representation of the inherent
uncertainty in soil hydraulic properties.

2.5. Test of the Best Distribution That Fits the Data
Kolmogorov–Smirnov Test (K-S Test)

This test compares the cumulative distribution function of a specified distribution and
the empirical cumulative distribution function for a sample size n. The K-S test [42,43]
looks at the max difference as given by

K − S = maxi=1,...,n|G(zi, θ)− Gn(zi)| (10)

where G(zi, θ) is the assumed cumulative distribution function with parameters θ, and
Gn(zi) is the empirical cumulative distribution function. The suitable distribution is selected
by comparing the K-S sample values and the K-S critical value. When the K-S statistic is
lower than the K-S critical value, it indicates that the sample distribution closely fits the
reference distribution.

2.6. Directional Variogram Analysis of the Soil Parameters

Principal component analysis (PCA) of the 25 site locations indicated that 91.8% of
the spatial variance is aligned with N155◦ E, approximately parallel to the Jazan coastline,
while the remaining 8.2% lies along the orthogonal N65◦ E axis toward the Asir foothills.
The 300 unique site pairs were assigned to the direction whose connecting vector was
closest to either axis (±45◦ sectors), yielding 244 along-coast and 56 inland pairs. For each
of the 7 infiltration parameters, there are experimental semi-variances,

ˆ︁γ(h) = 1
2n(h)

n(h)

∑
i=1

[Z(x + h)− Z(x)]2, (11)
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where ˆ︁γ(h) is the empirical semi-variogram at separation distance h; Z(x + h) and Z(x)
are the parameter values at sites x + h and x, respectively; and n(h) is the no. of pairs with
lag h.

The semi-variogram was calculated for each directional subset and grouped into
distance-lag classes. Eight lag classes were used along the coast and five inland, reflecting
the smaller number of inland pairs. Lag semi-variances were weighted by the number
of contributing pairs. An exponential variogram model was fitted separately for each
direction using weighted non-linear least squares. The variogram model has the form

γ(h) = C0 + C1

(︂
1 − e−|h|/a

)︂
, (12)

where γ(h) is the model semi-variogram, C0 is the nugget, C1 is the partial sill, C0 + C1 is
the total sill, and a is the fitted range.

Figure 3 summarizes the methodological framework of the study, beginning with 25 in
situ double-ring infiltration tests conducted in Jazan Province, Saudi Arabia. The analysis
proceeded through three stages: infiltration modeling using the Horton, Philip, and Green–
Ampt formulations to estimate key hydraulic parameters; probabilistic characterization
through fitting and Kolmogorov–Smirnov testing of six candidate probability distributions;
and spatial variability analysis based on PCA-derived directional axes and experimental
semi-variograms fitted with exponential models. The resulting parameter distributions and
anisotropic spatial-correlation ranges provide probabilistic and spatially informed inputs
for subsequent stochastic watershed and flood modeling.

Figure 3. A flowchart summarizing the study methodology in three stages.

https://doi.org/10.3390/hydrology13100274

https://doi.org/10.3390/hydrology13100274


Hydrology 2026, 13, 274 10 of 25

3. Results
3.1. Analysis of Soil Parameters from the Different Infiltration Models

Table 2 summarizes the estimation of soil parameters using three infiltration models:
Horton with two parameters (f c and f o), Philip with two parameters (Sp and Kp), and Green–
Ampt with two parameters (K1 and Ψ∆θ). For the Horton model, the initial infiltration
rates (f o) ranged from 3.72 to 240.40 m/day with a mean of 30.23 m/day and CV = 1.64.
The ultimate infiltration capacity (f c) ranged from 0.44 to 26.24 m/day, with a mean of
5.27 m/day and CV = 1.21. f c refers to the saturated hydraulic conductivity K in the
vertical direction of the topsoil. The results indicate high variability in f o and f c, where the
variability in f c was lower than f o, indicating various soil types in wadi beds. Regarding
the Philip model, the soil sorptivity (Sp) ranged from 0.14 to 1.21 m/day0.5 with a mean of
0.47 m/day0.5 and CV = 0.66. The saturated hydraulic conductivity (Kp) ranged from 0.13
to 24.70 m/day with a mean of 4.59 m/day and CV = 1.34. The results show a relatively
low variability in Sp (less than 1, see Table 2).

Table 2. Summary of soil parameters (from the 25 infiltration tests) estimation by different infiltration
models with summary statistics.

Model Horton Philip Green–Ampt

Infiltration
Test f o (m/day) f c (m/day) Sp (m/day0.5) Kp (m/day) K1 (m/day) Ψ∆θ (m)

T1 240.4 13.16 1.21 11.22 12.25 0.1

T2 6.91 1.19 0.93 0.4 0.59 0.73

T3 13.74 5.12 0.61 4.33 4.77 0.06

T4 11.57 3.61 1.19 2.42 2.99 0.27

T5 13.15 1.12 0.37 0.54 0.75 0.09

T6 12.77 3.66 0.63 2.79 3.22 0.08

T7 19.01 1.41 0.22 1.08 1.25 0.02

T8 11.1 1.87 0.22 1.54 1.72 0.02

T9 3.72 1.46 0.38 1.23 1.45 0.06

T10 19.89 5.44 0.33 4.96 5.26 0.02

T11 16.86 10.55 0.25 10.19 10.47 0.01

T12 11.68 4.21 0.42 3.62 3.96 0.04

T13 14.18 1.04 0.22 0.7 0.62 0.09

T14 21.75 7.2 0.44 6.55 6.96 0.03

T15 4.14 0.44 0.23 0.13 0.25 0.09

T16 10.9 1.17 0.2 0.76 0.58 0.08

T17 107.46 18.19 0.14 18.02 18.16 0.01

T18 11.49 1.43 0.47 0.55 0.98 0.09

T19 9.63 1.81 0.43 1.02 1.24 0.08

T20 38.3 26.24 0.93 24.7 25.88 0.04
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Table 2. Cont.

Model Horton Philip Green–Ampt

Infiltration
Test f o (m/day) f c (m/day) Sp (m/day0.5) Kp (m/day) K1 (m/day) Ψ∆θ (m)

T21 18.56 2.82 0.4 2.18 2.49 0.04

T22 8.86 2.91 0.52 2.2 2.57 0.07

T23 52.31 13.32 0.7 11.74 12.45 0.04

T24 68.59 1.14 0.17 0.87 1 0.02

T25 8.84 1.29 0.15 1.04 1.15 0.02

Min 3.72 0.44 0.14 0.13 0.25 0.01

Max 240.4 26.24 1.21 24.7 25.88 0.73

Mean 30.23 5.27 0.47 4.59 4.92 0.09

Median 13.15 2.82 0.4 2.18 2.49 0.06

SD* 49.56 6.38 0.31 6.15 6.35 0.14

Skewness 3.6 2.05 1.21 2.08 2.07 4.08

Kurtosis 14.25 4.14 0.73 4.23 4.27 18.09

CV* 1.64 1.21 0.66 1.34 1.29 1.63

SD*: standard deviation; CV*: coefficient of variation; values in italics represent statistical standard
values.

Concerning the Green–Ampt model, the saturated hydraulic conductivity (K1) ranged
from 0.25 to 25.88 m/day with a mean of 4.92 m/day and CV = 1.29. The multiplication
of the storage suction factor (Ψ∆θ) ranged from 0.01 to 0.73 m with a mean of 0.09 m and
CV = 1.63. The results show high variability in K1 and Ψ∆θ. Comparison of K estimated by
Horton (fc), Philip (Kp), and Green–Ampt (K1) models shows relative agreement, with CV
values for fc, Kp and K1 being 1.21, 1.34, and 1.29, respectively. This enhances the reliability
of the K estimates from infiltration tests.

Kurtosis shows the peak of the distribution w.r.t the normal distribution. It is noted
from Table 2 that the statistical criterion kurtosis gave values higher than three for the
soil parameters f o, f c, Kp, K1, and Ψ∆θ. This means that kurtosis is leptokurtic, which is
high-peaked. While it gave values less than three for the soil parameter Sp, the kurtosis is
platykurtic, which is low-peaked. All soil parameters are positively skewed.

Figure 4 compares the estimated cumulative infiltration depth using three models
with the cumulative infiltration depth measured in the field (from Test 1 to 25). Figure 5
shows a comparison of infiltration rate–time curves in the basin alluvium using the three
models with measured infiltration rates from the field (from Test 1 to 25). In Figure 4,
the data appear to fit all the infiltration models, with a slight advantage over the Horton
model. Looking at Figures 4 and 5, it is noted that cumulative infiltration depth was a better
fit for the infiltration models than infiltration rates. This is confirmed by the correlation
coefficient, r, and the coefficient of determination, R2 values for the various infiltration
models in Table 3. This is because cumulative infiltration depth is an integral of infiltration
rates and therefore appears to fit the data better.
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Figure 4. (a) Comparison between the estimated cumulative infiltration depth using different
models and the measured cumulative infiltration depth in the field (infiltration tests from 1 to 15).
(b) Comparison between the estimated cumulative infiltration depth using different models and the
measured cumulative infiltration depth in the field (infiltration tests from 16 to 25).
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Figure 5. (a) Comparison between infiltration rate–time curves of different models in the basin
alluvium (infiltration tests from 1 to 15). (b) Comparison between infiltration rate–time curves of
different models in the basin alluvium (infiltration tests from 16 to 25).
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Table 3. Summary of correlation coefficient (r) and coefficient of determination (R2) values for cumu-
lative infiltration depth; infiltration rate estimated by different infiltration models, with summary
statistics.

Cumulative Infiltration Depth Infiltration Rate

Model Horton Philip Green–Ampt Horton Philip Green–Ampt

Infiltration
Test r R2 r R2 r R2 r R2 r R2 r R2

T1 0.999 0.998 0.999 0.998 0.999 0.998 0.906 0.821 0.754 0.569 0.773 0.598

T2 0.999 0.998 0.998 0.996 0.998 0.996 0.637 0.406 0.935 0.874 0.935 0.874

T3 0.999 0.998 0.999 0.998 0.999 0.998 0.560 0.314 0.964 0.929 0.964 0.929

T4 0.998 0.996 0.998 0.996 0.999 0.998 0.729 0.531 0.888 0.789 0.887 0.787

T5 0.999 0.998 0.998 0.996 0.999 0.998 0.691 0.477 0.871 0.759 0.872 0.760

T6 0.999 0.998 0.999 0.998 0.999 0.998 0.539 0.291 0.905 0.819 0.912 0.832

T7 0.999 0.998 0.999 0.998 0.999 0.998 0.946 0.895 0.909 0.826 0.919 0.845

T8 0.999 0.998 0.999 0.998 0.999 0.998 0.920 0.846 0.942 0.887 0.952 0.906

T9 0.999 0.998 0.999 0.998 0.999 0.998 0.796 0.634 0.893 0.797 0.885 0.783

T10 0.999 0.998 0.999 0.998 0.999 0.998 0.849 0.721 0.935 0.874 0.952 0.906

T11 0.999 0.998 0.999 0.998 0.999 0.998 0.639 0.408 0.652 0.425 0.654 0.428

T12 0.999 0.998 0.999 0.998 0.999 0.998 0.802 0.643 0.972 0.945 0.978 0.956

T13 0.999 0.998 0.999 0.998 0.996 0.992 0.819 0.671 0.916 0.839 0.918 0.843

T14 0.999 0.998 0.999 0.998 0.999 0.998 0.794 0.630 0.949 0.901 0.967 0.935

T15 0.998 0.996 0.999 0.998 0.999 0.998 0.797 0.635 0.974 0.949 0.975 0.951

T16 0.999 0.998 0.999 0.998 0.994 0.988 0.872 0.760 0.917 0.841 0.918 0.843

T17 0.999 0.998 0.999 0.998 0.999 0.998 0.631 0.398 0.451 0.203 0.486 0.236

T18 0.998 0.996 0.999 0.998 0.999 0.998 0.685 0.469 0.925 0.856 0.925 0.856

T19 0.998 0.996 0.999 0.998 0.999 0.998 0.730 0.533 0.874 0.764 0.873 0.762

T20 0.999 0.998 0.999 0.998 0.999 0.998 0.797 0.635 0.847 0.717 0.842 0.709

T21 0.999 0.998 0.999 0.998 0.999 0.998 0.936 0.876 0.898 0.806 0.906 0.821

T22 0.999 0.998 0.999 0.998 0.999 0.998 0.906 0.821 0.984 0.968 0.985 0.970

T23 0.999 0.998 0.999 0.998 0.999 0.998 0.518 0.268 0.183 0.033 0.152 0.023

T24 0.999 0.998 0.997 0.994 0.998 0.996 0.199 0.040 0.256 0.066 0.251 0.063

T25 0.999 0.998 0.999 0.998 0.999 0.998 0.954 0.910 0.923 0.852 0.937 0.878

Min 0.998 0.996 0.997 0.994 0.994 0.988 0.199 0.040 0.183 0.033 0.152 0.023

Max 0.999 0.998 0.999 0.998 0.999 0.998 0.954 0.910 0.984 0.968 0.985 0.970

Mean 0.999 0.998 0.999 0.998 0.999 0.997 0.746 0.585 0.829 0.732 0.833 0.740

r: correlation coefficient; R2: coefficient of determination; values in bold and italics represent statistical
standard values.

Figure 6 shows fitting soil parameters from infiltration test data using different infil-
tration models with 5% lower and 95% upper bounds. In addition, Figure 7 shows the
relationship between K parameters estimated by different models: (a) the relationship
between fc and Kp with the coefficient of determination (R2 = 9959); (b) the relationship
between fc and K1 with the R2 is 9986; and (c) the relationship between Kp and K1 with the
R2 is 9988. The R2 values indicate the existence of strong relationships that confirm the
validity of the estimates resulting from the analysis.
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Figure 6. Variability of soil parameters estimated from infiltration test data using different infiltration
models with 5% lower and 95% upper bounds.

Figure 7. Comparison between the K parameter estimated by different models: (a) f c (Horton) and
Kp (Philip), (b) f c (Horton) and K1 (Green–Ampt), and (c) Kp (Philip) and K1 (Green–Ampt).
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Moreover, the slopes of the fitted regression lines (0.96, 1.00, and 1.03 for Kp–f c, K1–f c,
and K1–Kp, respectively) are close to unity, and the intercepts are small relative to the
measured range, indicating that the three models agree closely with the 1:1 identity line
and not merely with one another in a correlative sense.

3.2. Probability Distribution of Soil Parameters

The estimated soil parameters are tested utilizing several probability distribution
functions: Gaussian, log-normal, exponential, gamma, beta, and Gumbel. The results of the
Kolmogorov–Smirnov (K-S) test show the acceptance of some distributions, as displayed
in Table 4. The table shows that most of the tests provide multiple distributions. The
appropriate distribution can be determined by comparing the K-S tabulated critical value
and K-S sample values. The distribution is optimal when the K-S sample value is less than
the K-S critical value. The K-S test at the 5% significance level indicates that the log-normal
distribution is considered the best distribution for soil parameters: f o, f c, Kp, K1, and Ψ∆θ,
and the Gamma distribution is the best distribution for soil sorptivity (Sp), as shown in
Figure 8. It is observed that the data fit the best distribution.

Table 4. K-S test values of soil parameters compared with critical values.

K-S (Cal)

Model Horton Philip Green–Ampt

Probability
distribution

functions
f o (m/day) f c (m/day) Sp (m/day0.5) Kp (m/day) K1 (m/day) Ψ∆θ (m)

Gaussian - 0.228 0.165 0.226 0.229 -

Log-normal 0.181 0.117 0.090 0.076 0.084 0.152

Exponential - 0.145 0.232 0.177 0.162 0.235

Gamma - 0.222 0.077 0.162 0.180 -

Beta 0.240 0.207 0.088 0.135 0.148 -

Gumbel - 0.227 0.096 0.220 0.232 -

K-S critical
value 5% 0.264 0.264 0.264 0.264 0.264 0.264

K-S, Kolmogorov–Smirnov. The red boldface number shows the lowest K-S sample value. (-) means
the distribution is rejected.

3.3. Results of the Directional Variogram

To assess directional differences in the spatial correlation of the infiltration parameters,
directional (anisotropic) semi-variograms were calculated along the two principal axes
identified from the sampling-network geometry: N155◦ E, approximately parallel to the
Jazan coastline and accounting for 91.8% of the spatial variance among the 25 sites, and the
orthogonal N65◦ E axis, extending inland toward the Asir foothills. Experimental semi-
variograms were constructed separately for the two directions and fitted with exponential
models to compare their nugget, sill, and range characteristics (Table 5). The resulting
directional variograms are shown in Figure 9. The comparison reveals a clear directional
contrast in the strength and scale of spatial variability.
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Figure 8. Fitting the cumulative distribution function (CDF) of soil parameters estimated by different
models.

Table 5. Directional exponential variogram fitting results (nugget, partial sill, total sill, and range) for
soil hydraulic parameters along-coast (N155◦ E) vs. inland (N65◦ E), Jazan Province, KSA.

Parameter Direction Nugget C0 Partial Sill C1 Total Sill Range (km)

f 0 (m/day)
Coast 1442.6 727.3 2169.8 10.1

Inland 1475.7 4716.4 6192.1 17.9

f c (m/day)
Coast 32.194 38.816 71.010 227.2

Inland 0.001 61.816 61.818 2.2

Sp (m/dayˆ0.5)
Coast 0.000 0.100 0.100 7.6

Inland 0.025 0.184 0.209 23.5

Kp (m/day)
Coast 0.000 36.108 36.108 4.1

Inland 0.000 56.197 56.197 2.2

K1 (m/day)
Coast 0.000 38.417 38.417 4.1

Inland 0.001 60.829 60.830 2.1

Ψ∆θ(m)
Coast 0.000 0.022 0.022 4.8

Inland 0.012 0.009 0.021 0.3

K average (m/day)
Coast 32.138 33.150 65.287 227.2

Inland 0.002 59.558 59.560 2.2
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Figure 9. Directional experimental semi-variograms (points, sized by pair count per lag bin) with
fitted exponential models (lines) for infiltration parameters at 25 test sites, Jazan Province, KSA.
Along-coast = N155◦ E (site-spread principal axis); inland = N65◦ E (orthogonal axis).

In the inland direction (N65◦ E; 56 pairs; maximum separation 33 km), semivariance is
generally higher than along the coast, indicating greater short-distance spatial variability.
This pattern is consistent with increasing sedimentological heterogeneity from the relatively
uniform Tihama coastal alluvium toward the more variable Asir foothill sediments. Ψ∆θ

has a very short and unstable range (0.3 km). Given the limited number of inland pairs,
these results should be interpreted primarily as evidence of greater inland heterogeneity
rather than precise estimates of spatial correlation ranges.

Along the coast-parallel axis (N155◦ E; 244 pairs), most parameters show near-zero
nuggets and short ranges of approximately 4–10 km (Kp, K1, Ψ∆θ), indicating spatial
correlation that decays over relatively short distances across the coastal plain. Sp shows
similar ranges of 7.6 and 9.9 km, respectively. In contrast, f c and K average yield unstable
ranges of ~227 km, which likely reflect weak spatial structure rather than meaningful
long-range correlation and should therefore be interpreted cautiously.

4. Discussion
4.1. Comparison with Previous Studies

The three infiltration models used in this study Horton, Philip, and Green–Ampt
offer complementary approaches for estimating soil hydraulic parameters, each with
specific strengths and limitations. This multi-model strategy parallels other recent work
on alluvial soils in arid and semi-arid settings, where several independent parameter-
estimation approaches: pedotransfer functions, analytical retention-curve fitting, and
inverse modeling, were likewise compared to assess hydraulic-parameter reliability under
data-scarce field conditions [9]. In the current study, the Horton model, the initial infiltration
rate (f o), and ultimate infiltration (f c, corresponding to saturated hydraulic conductivity)
describe infiltration from the start of a rainfall event until ponding occurs. The Philip model
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provides interpretable parameters, sorptivity (Sp) and steady-state hydraulic conductivity
(Kp), reflecting the soil’s capacity to absorb water and the combined influence of capillarity
and gravity. Sorptivity is particularly important in arid and semi-arid regions, where
short-duration rainfall events dominate; lower Sp values reduce cumulative infiltration,
and its effect is most pronounced during brief storms [44]. Also, soil sorptivity (Sp) plays
an important role in determining the nature of rainfall and runoff processes and the risk
of runoff generation [45]. Despite its critical role in controlling infiltration and runoff,
sorptivity (Sp) has rarely been measured systematically, and major soil databases, such as
USDA-NRCS, do not provide Sp data [46]. Compared to saturated hydraulic conductivity
(K), Sp has received considerably less attention in hydrological studies. The present study
addresses this gap by providing systematic field-based measurements of Sp, offering data
that are rarely available in the literature.

Similarly, the Green–Ampt model incorporates the storage suction factor (Ψ∆θ), which
governs the wetting front and strongly influences rainfall-runoff processes, yet its impor-
tance is often understated [47]. In addition to Sp and K, this study provides systematic
estimates of Ψ∆θ, contributing valuable data for arid-region watershed modeling and
enabling a more comprehensive characterization of soil hydraulic variability.

The statistical analysis confirms the high variability of hydraulic conductivity, with
CV values of 1.21, 1.34, and 1.29 for Horton, Philip, and Green–Ampt models, respectively,
while Sp shows lower variability (mean = 0.47 m/day0.5, CV = 0.66) and Ψ∆θ has a CV of
1.63. The CV value of the parameter Sp is low (less than 1) compared to the hydrological
parameters (f c, f o, Kp, K1, Ψ∆θ) that gave high CV values. This has been supported
by [48,49]. These results are consistent with previous studies in arid regions [20,23] and
highlight that K and Ψ∆θ variability should be explicitly accounted for in watershed models,
whereas Sp may have a more localized effect.

Probability distribution analysis indicates that K and Ψ∆θ follow log-normal distribu-
tions, while Sp is best represented by a Gamma distribution, providing a statistically sound
framework for stochastic or distributed hydrological modeling. Most studies indicate that
saturated hydraulic conductivity follows a log-normal distribution, e.g., [50–52]. This is
consistent with the findings of the current study that a log-normal distribution is the most
appropriate for K. The literature review does not provide any results related to the distribu-
tion of Sp and Ψ∆θ. It has been shown from the analysis that the Gamma distribution is the
best for Sp and the log-normal distribution is the most suitable for Ψ∆θ.

4.2. Uncertainties in Input Data and Model Parameters

Several sources of uncertainty affect the reported estimates beyond the natural spatial
variability of soil hydraulic properties. On the input-data side, double-ring infiltrometer
measurements are inherently sensitive to ring-insertion disturbance, lateral seepage beneath
the ring, and the precision of manual head/time readings during the test; because each
of the 25 sites was tested once, the measured variability reflects a combination of genuine
spatial heterogeneity and measurement noise that cannot be formally separated without
replicate testing at individual sites.

On the model-parameter side, the Horton, Philip, and Green–Ampt parameters
were each obtained by nonlinear least-squares fitting to the recorded infiltration curves.
While the strong pairwise agreement between the K-type parameters of the three models
(R2 = 0.9959–0.9988; Figure 7) indicates good consistency, nonlinear curve fitting of this
kind is known to be sensitive to the chosen initial parameter values and to the portion of
the curve used for fitting, and some degree of parameter equifinality among the models
cannot be ruled out. A formal sensitivity analysis of the infiltration model parameters was
beyond the scope of the present field campaign and was not performed here.
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The directional variogram parameters carry an additional, more clearly identified layer
of uncertainty tied to the geometry and density of the sampling network. The strongly coast-
oriented network produces an uneven number of directional pairs (244 along-coast versus
56 inland), leaving the inland range estimates substantially less constrained than the along-
coast ones. The fitted sill is also sensitive to the unusually high fo value recorded at site T1,
and several parameters exhibit weak or nearly flat experimental semivariograms for which
the exponential range is poorly constrained or not physically meaningful. Consequently,
the reported directional ranges should be interpreted as approximate indicators of spatial
correlation strength rather than definitive parameters for interpolation, particularly along
the inland direction.

4.3. Limitations

The 25 measurements were collected during a single field campaign and therefore
characterize spatial, not temporal, variability in soil hydraulic parameters; temporal ef-
fects such as seasonal crusting, antecedent soil moisture, or sediment reworking following
major flood events were beyond the scope of this study, and repeated, multi-temporal
measurements at the same sites are recommended as a direction for future research to
quantify this additional dimension of variability. This sample size is also modest for both
distribution fitting and spatial-variability estimation. Ref. [53] found that variograms
computed from fewer than 50 data points are “of little worth,” recommending at least
100–150 well-distributed points for reliable estimation. Compounding this, the site network
is unevenly distributed, being strongly elongated along the coast (244 along-coast pairs
versus only 56 inland pairs), so the inland spatial-correlation estimates carry greater uncer-
tainty than the along-coast ones. In addition, a single high hydraulic conductivity value at
one site noticeably influences the f o statistics and should be verified as genuine rather than
an outlier. Finally, the results are specific to the alluvial ephemeral-streambed setting of
Jazan Province, so their transferability to other arid regions with different soil textures or
depositional histories remains to be tested. Nevertheless, the study demonstrates a practi-
cal methodology for quantifying variability in key hydraulic parameters, including rarely
reported values of Sp and Ψ∆θ, and for characterizing their directional spatial structure.

4.4. Future Research Directions and Recommendations

Future research should prioritize a more spatially balanced sampling network, par-
ticularly in the inland direction, to improve the reliability of the directional variogram
estimates, and should include additional sampling to verify influential observations (such
as the high f o value at site T1) and better constrain the spatial correlation structure before
the variograms are applied for interpolation. Repeating infiltration surveys across seasons,
or after significant rainfall events, would help capture temporal variability alongside the
spatial variability characterized here, while extending the sampling coverage to deeper soil
layers and to other arid regions would help validate and generalize the findings. A formal
sensitivity and uncertainty analysis of the infiltration model parameters, together with
propagation of the fitted parameter and variogram uncertainties, would help quantify how
these uncertainties carry through to downstream hydrological predictions. Overall, this
work provides critical insights into the variability and spatial structure of soil hydraulic
parameters in ephemeral stream watersheds and offers actionable, if provisional, guidance
for improving stochastic hydrological and flood modeling in arid environments.

An additional consideration is the potential phase lag between soil hydraulic variabil-
ity and the climatic and other environmental drivers that shape it. Soil hydraulic properties
do not necessarily respond synchronously with rainfall, temperature, or antecedent mois-
ture conditions; rather, they reflect the cumulative, lagged imprint of prior wetting–drying
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cycles, surface crusting, vegetation dynamics, and sediment reworking by earlier flood
events. Because the present dataset was collected as a single snapshot, the measured
hydraulic parameters may partly reflect climatic and hydrologic conditions that preceded
the sampling campaign rather than concurrent ones, and such a lag could obscure or bias
any apparent relationship between soil hydraulic behavior and current climatic forcing.
Disentangling this phase lag would require a time series of paired soil-hydraulic and cli-
matic measurements, which was beyond the scope of the present study; we recommend
this as a valuable direction for future research, particularly in ephemeral-stream settings
where episodic flood events can abruptly reset near-surface soil structure and, for a period,
decouple it from the prevailing climatic regime.

A direct way to separate measurement error from genuine spatial variability would
be to repeat the double-ring infiltration test at a subset of sites (e.g., 5–6 of the 25), placing
the second ring a short distance (1–2 m) from the original and testing on the same day
to minimize confounding from larger-scale spatial differences or changing soil-moisture
conditions. Comparing the two measurements at each site would give a direct estimate
of how much of the observed variability is simply measurement/instrument noise versus
genuine soil heterogeneity, helping to clarify how much confidence can be placed in the
fine-scale variability reported in this study.

5. Conclusions and Practical Implications for Hydrological Modeling
5.1. Conclusions

This study statistically characterizes key soil hydraulic parameters in the ephemeral
stream channels of the Jazan region. Hydraulic conductivity (K) was the most vari-
able parameter, following a log-normal distribution with mean values of 5.27, 4.59, and
4.92 m/day (CV = 1.21, 1.34, 1.29) for the Horton, Philip, and Green–Ampt models, re-
spectively, underscoring the need to represent K probabilistically rather than as a single
deterministic value. Soil sorptivity (Sp) showed lower variability (mean = 0.47 m/day0.5,
CV = 0.66, Gamma-distributed), suggesting limited influence on watershed-scale response,
while the storage suction factor (Ψ∆θ) showed substantial, log-normally distributed vari-
ability (mean = 0.09 m, CV = 1.63), reflecting its importance in capturing soil heterogeneity.

The three infiltration models agreed closely, indicating that any can be reliably used to
derive these parameters for stochastic modeling. The resulting distributions—log-normal
for K and Ψ∆θ, Gamma for Sp—provide a sound statistical basis for representing soil
variability in distributed or stochastic watershed models.

A directional variogram analysis further showed anisotropic spatial correlation, with
short ranges of ~4–10 km along the coast-parallel direction and weaker structure inland;
since these ranges are short relative to the sampling network’s extent, the 25 measurements
can reasonably be treated as approximately independent for the province-wide distributions
reported here.

Together, these findings highlight the importance of both probabilistic and spatial
variability in soil hydraulic properties in arid ephemeral watersheds, offering transferable
guidance for stochastic hydrological and flood modeling in similar data-scarce regions.

5.2. Practical Implications for Hydrological Modeling

These findings have several practical implications for hydrological and flood modeling
in arid, data-scarce regions. First, the identified log-normal and Gamma distributions pro-
vide a practical basis for representing K, Ψ∆θ, and Sp as random variables in Monte Carlo
and stochastic rainfall–runoff models, rather than relying on single deterministic values
that may not capture soil heterogeneity. Second, the short anisotropic correlation ranges
(~4–10 km along the coast and less-defined structure inland) provide useful guidance for
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spatial interpolation and simulation. Along the coast, measurements may provide informa-
tion over relatively short distances, whereas inland extrapolation should be treated more
cautiously. Finally, the use of simple, field-based double-ring infiltration tests makes the
approach relatively easy to apply in other arid ephemeral watersheds where extensive mon-
itoring is not feasible. Together, these findings provide a practical basis for incorporating
soil variability and uncertainty into regional flood and water-resources assessments.
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Abbreviations
The following abbreviations are used in this manuscript:

KSA Kingdom of Saudi Arabia
K, Kp, K1 Saturated hydraulic conductivity of the soil
f o Initial infiltration rate
f c Ultimate infiltration rate
k Decay coefficient
Sp Soil sorptivity
Ψ∆θ Storage suction factor
Ψ Matric potential
∆θ The change in volumetric water content from the initial water content to the porosity
f (t) Infiltration rate at time t
F(t) Cumulative infiltration depth (cm)ˆ︁F(ti) Observed cumulative infiltration (cm)
t Time since infiltration started
ti Time corresponding to the observed cumulative infiltration (min)
n Number of observations
LSM Least squares method
SD Standard deviation
CV Coefficient of variation
K-S test Kolmogorov–Smirnov test
G(zi, γ) The assumed cumulative distribution function with parameters γ

Gn(zi) The empirical cumulative distribution function
ˆ︁γ(h) The empirical semi-variogram at separation distance h
γ(h) The model semi-variogram
Z(x + h) The parameter values at sites x + h
Z(x) The parameter values at sites x
n(h) The no. of pairs with lag h
C0 The nugget
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C1 The partial sill
C0 + C1 The total sill
a The fitted range
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