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In geotechnical engineering, the soil water retention curve (SWRC) is key to solving problems arising from unsaturated soil, and the
methodology used to obtain the SWRC parameters is crucial for investigating rainfall inﬁltration and slope stability. However, onsite measurements of soil data are expensive and time-consuming, and therefore, there is high uncertainty in the SWRC parameters
due to the limited amount of data available. This study explores the impact of uncertainty in SWRC parameters on unsaturated soil
slope seepage and stability under rainfall conditions. Bayesian updating was initially used to update the posterior distribution of the
SWRC parameters of the model and in situ soil. Subsequently, a Markov Chain Monte Carlo (MCMC) method was used to generate
random samples, and the uncertainty of the parameters was analyzed. Additionally, SWRC parametric models with diﬀerent
conﬁdence intervals were created, and a hydraulic coupled model was used to evaluate the inﬂuence of the SWRC parameters
(with diﬀerent conﬁdence intervals) on slope seepage and stability under rainfall conditions. The results indicated that the
parameters α and n aﬀecting the air entry value of the soil and the pore size distribution, respectively, increased as the
conﬁdence interval percentile increased. The changes in these two parameters increased the eﬀect of rainfall on the pressure
head and volumetric water content of the soil. After rainfall inﬁltrated the slope, the soil volumetric water content and the
internal suction stress of the soil increased, resulting in a reduction in the local factor of safety (LFS) and, hence, a decrease in
the stability of the slope. These results show that the predictions for the pressure head and volumetric water content were
aﬀected by the uncertainty in the SWRC parameters, leading to errors in the slope stability analysis.

1. Introduction
The soil water retention curve (SWRC) is used to describe the
relationship between matric suction and volumetric water
content or the degree of saturation of unsaturated soil. The
matric suction changes with the volumetric water content
of the soil and aﬀects the stability of the slope [1–3]. Generally, a small amount of data obtained from in situ soil cannot
be used to represent the matric suction and degree of saturation for the entire SWRC. Therefore, the best ﬁtting parameters for the SWRC were obtained using a limited amount of
data. The SWRC is aﬀected by the number of samples, the
predictive model, and the estimation method used for the
model parameters, leading to high uncertainty in the SWRC
model parameters [4, 5].

Rainfall-induced landslides have caused many severe
geological disasters globally [6–8]. Previous studies have
found that the internal soil factors of the slope, including
complex factors such as the permeability coeﬃcient, soil
strength characteristics, stress distribution, and soil deformation, are aﬀected by rainfall inﬁltration [9–12]. According to
the literature, the accurate estimation of soil hydraulic
parameters is critical for evaluating slope stability using a
hydraulic coupled model [13]. Furthermore, only a limited
amount of data is available for parametric ﬁtting and analysis
owing to complex geological characteristics, limited soil
samples, and measurement errors [14, 15]. On-site measurements reﬂect the actual condition of the slope and can be
used in the estimation of geotechnical parameters as well as
the adjustment of various predictive models. The accuracy
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of the ﬁtted parameters in the SWRC has a signiﬁcant impact
on geotechnical analysis [16–18].
Although the SWRC parameters reﬂect changes in water
storage capacity and volumetric water content of the in situ
soil, there is uncertainty in the ﬁtted parameters owing to
limited on-site data. Therefore, uncertainty in the model
parameters is important in uncertainty analysis [19, 20].
Bayesian updating can be used to analyze the uncertainty
parameters [21, 22], and its advantage lies in the generation
of a posterior distribution after the likelihood function is
obtained through the known distribution and on-site data.
Based on a limited amount of on-site SWRC test data, Bayesian updating can be applied to quantify the uncertainty of soil
hydraulic parameters [21, 23, 24] and also be used to evaluate
the spatial variability of soil properties [25]. The Markov
Chain Monte Carlo (MCMC) method can eﬀectively solve
multiple integration issues in the Bayesian updating process
[26]. The MCMC method is used in diﬀerent research ﬁelds
to analyze uncertainty, such as in ﬂood frequency analysis,
ultimate bearing capacity, and the shear strength of piles
[27–29]. According to the updated posterior distribution of
the model parameters, the MCMC method was executed to
generate samples of the SWRC parameters. It can also be
used to quantify the uncertainty of these parameters and conduct evaluation and analysis [30, 31].
The SWRC parameters are key to geotechnical modeling.
The evaluation of the impact of rainfall-induced soil seepage
and the stability of unsaturated slopes has an important relationship with the SWRC. Previous studies have suggested
that rainfall is the main triggering factor for landslides [32–
34]. In recent years, relevant studies have begun including
separate analyses on the SWRC model parameters and investigating the inﬂuence of soil hydraulic properties on rainfallinduced failure on the slope [31, 35–37]. However, relevant
study results indicate that the uncertainty of the SWRC
parameters will aﬀect the stability of unsaturated slopes; they
have not quantiﬁed the stability of various points on the slope
after rainfall inﬁltration.
The limit equilibrium method has been commonly used
for analysis in traditional slope stability studies. The factor
of safety (FS), an indicator of slope stability, is obtained by
applying the force equilibrium principle [38, 39]. The initial
failure location and the impact of changes in pore water pressure due to rainfall inﬁltration on the potential instability of
the slope cannot be deduced using the limit equilibrium
method. The local factor of safety (LFS) is the value at each
point of the slope and indicates the stability at that point;
therefore, it can be used to analyze the stability of the slope
at diﬀerent depths and to further evaluate the potential
section of failure [40].
This study analyzes the eﬀect of SWRC parameter
uncertainty on the impact of rainfall on slope stability. First,
the posterior distributions of the SWRC model parameters
were updated using on-site data by Bayesian updating.
Then, random samples are generated from the updated
posterior distributions of the parameters using the MCMC
method to estimate the uncertainty. Finally, the SWRC
parameters corresponding to diﬀerent conﬁdence intervals
are set using random sample distributions to quantify the
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uncertainty in the parameters and to use the results for slope
stability analysis.

2. Conceptual Model of the Slope
The concept of the slope model was assumed to be a homogeneous slope in this study. The shape and boundary conditions
of the slope are shown in Figure 1. The slope has a height of
15 m and is inclined at an angle of 45°. The two sides of the
boundaries are at a distance of 45 m from the crest and toe
(3 times the height of the slope) to prevent the boundary conditions from aﬀecting the seepage process of the slope [41].
The mesh distribution of the slope consists of four-noded
quadrilateral elements (1 × 1 m). According to the Central
Weather Bureau regulations for extremely heavy rain, the
boundary ﬂux is given on the AB, BC, and CD line segments
of the slope surface with a rainfall intensity of 14.6 mm/h for
a duration of 96 h. The groundwater level was applied to
30 m and 17 m from the left and right sides of the boundary,
respectively. A zero ﬂux boundary is executed along the sides
of the slope above the groundwater level and along the bottom
of the slope. An observation proﬁle was set up in the middle of
the slope. The observation proﬁle and a depth of 1 m were
aﬀected by the inner stress and stability of the soil when rainfall inﬁltrates were analyzed. The values of the following
parameters are utilized in the slope: saturated hydraulic conductivity at 3:24 × 10−4 m/h, saturated water content of 0.51,
cohesion of 68.64 kPa, and friction angle of 21°.
The slope material was taken from the soil of the
Babaoliao Landslide Area in Dongxing Village, Zhongpu
Township, Chiayi County, Taiwan. According to the report
of the Soil and Water Conservation Bureau, Council of
Agriculture, Executive Yuan (2017), this area is composed of
silt-bearing marlstone, which is not prone to cementation.
The properties of the soil were as follows: speciﬁc gravity of
2.64, unit weight of 18.4 kN/m3 , porosity ratio of 0.8, Liquid
Limit (LL) of 36%, Plastic Limit (PL) of 14%, and uniformity
coeﬃcient of 6.6. The experimental data of the pressure
cooker test of the ﬁeld soil contained 64 pairs of data, and
the optimal ﬁtting of the SWRC parameters was carried out.
The value of parameter α was 0.4818, and the parameter n
was equal to 1.0919, as shown in Figure 2.

3. Methodology
3.1. Soil Water Retention Curve. Previous studies have proposed many numerical models to ﬁt the SWRC parameters
[42–46]. The van Genuchten (1980) model describing the
relationship between soil water content or saturation and
matric suction was adopted in this study. This method is
the most commonly used model to ﬁt the parameters of the
SWRC, and the ﬁtted parameters are in good agreement with
the experimental results [47]. According to the van Genuchten model, the relationship between soil volumetric water
content and matric suction is as follows:

S=

θ − θr
1
=
,
θs − θr ½1 + ðαψÞn 1−n−1

ð1Þ
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Figure 1: Conception of the slope model.
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where pðζÞ is the prior probability distribution of parameters,
pðDjζÞ is the likelihood distribution and can reﬂect the likelihood of observation data and modal output parameters,
pðζ ∣ DÞ is the posterior probability distribution of parameters, pðDÞ is the normalizing constant of the probability
density function, and ζ is the input parameter variable.
The prior distribution is typically based on previous literature and existing values that can represent its parameters. In
geotechnical engineering, it is often assumed that its parameter is a logarithmic normal distribution because its value
cannot be negative. Additionally, compared with the normal
distribution, the variance of the updated posterior distribution assumed as the logarithmic normal distribution is
smaller, which is closer to the true value [50]. The parameters
of the prior distribution are supposed to be noncorrelated,
and the logarithmic normal distribution is as follows:

Field data
van Genuchten model (1980)

Figure 2: Fitting the optimal parameters of the SWRC with ﬁeld
data.

where S ð−Þ is the eﬀective saturation and between 0 and 1,
θ ðm3 /m3 Þ is the volumetric water content, θr ðm3 /m3 Þ is
the residual water content, θs ðm3 /m3 Þ is the saturated water
content, ψ ðkPaÞ is the matric suction, α ð1/mÞ is the model
parameter related to soil air entry, and n ð−Þ is the model
parameter related to soil pore size distribution.
3.2. Bayesian Updating. Bayesian updating is eﬀective in evaluating model parameters and can reﬂect the uncertainty of its
parameters through probability. This method is suitable for
the analysis of geotechnical engineering, especially with
limited data [48]. In this study, unknown parameters were
regarded as random variables and described by probability
distribution. The Bayesian updating method is used for
uncertainty analysis based on the Bayesian theory [49]:

pðζ ∣ DÞ =

pðζÞpðD ∣ ζÞ
pðζÞpðDjζÞ
=Ð
∝ p ð ζ Þ p ð D j ζ Þ,
pðDÞ
p
ζ p D ζ dζ
ζ ð Þ ð j Þ
ð2Þ

p ð ζÞ =

N
Y
i=1

1

"

pﬃﬃﬃﬃﬃﬃ
2πζi σln ζi

1 ln ðζi Þ − μln ζi
exp −
2
σln ζi

!2 #
, ð3Þ

where N is the number of random variables and μln ζi and
σln ζi are the logarithmic mean and standard deviation, respectively, which can be obtained from the following formulas:
1
μln ζi = ln μζi − σ2ln ζi ,
2
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
"
!2 #ﬃ
u
u
σζi
σln ζi = tln 1 +
:
μζi

ð4Þ

According to equation (1) of the SWRC, the uncertainty
of the model parameters is estimated by the Bayesian updating method and the SWRC model parameters are treated as
random variables ζ = ½α, n. Among them, the actual and
predicted values will be slightly diﬀerent, mainly due to the
model error and measurement interference, which can be
deﬁned as the model output error ε as follows:
Sm = SðζÞ + ε,

ð5Þ

where Sm is the saturation of ﬁeld soil, SðζÞ is the saturation
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calculated from the van Genuchten model and is obtained for
the parameter variables ζ = ½α, n, ε is a normal distribution,
and its probability density function can be described by the
following formula:

S − SðζÞ − με
pðεÞ = φ m
,
σε

matrix with Gaussian distribution, calibrated by the sample
path of the MCMC chain as shown in equations (9)–(11):
(
Ci =



ð6Þ

where με and σε are the mean and standard deviation of the
error ε, respectively, and φ is the probability density function
of the standard normal distribution. In this study, the mean
and standard deviation were 0 and 0.024, respectively.
This study assumes that the error values in the diﬀerent
records are statistically independent. Therefore, the likelihood function can be expressed as follows:
pðD ∣ ζÞ =

n
Y
i=1

1
pﬃﬃﬃﬃﬃﬃ exp
2πσε

(


)
1 Sm ðiÞ − Sðζi Þ 2
,
−
2
σε

ð7Þ

where n is the number of measurement records, Sm ðiÞ is the i
-th measurement record of the saturation, and Sðζi Þ is the i
-th output data obtained using the van Genuchten model.
This study assumes that the model parameters ζ = ½α, n
satisfy the prior distribution pðζÞ in the van Genuchten
model. According to the Bayesian updating method, the posterior probability density function of the model parameter ζ
can be expressed as follows:
p ð ζ ∣ DÞ = c 0 p ð ζ Þ

n
Y
i=1

1
pﬃﬃﬃﬃﬃﬃ exp
2πσε

(


)
1 S m ð i Þ − S ðζ i Þ 2
,
−
2
σε

3.3. Markov Chain Monte Carlo Method. The MCMC
method is a stochastic simulation method and a powerful
tool that can be utilized to generate random samples from
any probability density function [51, 52]. The MCMC
method is widely applied to estimate parameters and eﬀectively solve high-dimensional integration problems [53]. It
can also solve the complex integration problems of the posterior distribution in the Bayesian updating method and
preserve its distribution [54]. The MCMC method has some
limitations and requires an iterative evaluation of the model.
Therefore, there are various types of algorithms for the
MCMC method, and many scholars have proposed diﬀerent
algorithms [26, 55]. The DRAM algorithm [26] has superior
calculation eﬃciency and combines the advantages of the
Delayed Rejection (DR) [56] and Adaptive Metropolis
(AM) algorithms [57]. The calculation eﬃciency is advantageous for improving the acceptance rate of the samples and
accelerates the convergence speed of the process. Haario
et al. (2001) proposed this method creating a covariance

i ≤ i0 ,

sd Covðζ0 , ⋯, ζi−1 Þ + sd εI d ,

i ≥ i0 ,

ð9Þ

where C 0 is the initial covariance at the beginning of the
adaption process, sd depends on the parameters of the space
state dimension d, ε is a ﬁxed value greater than 0 and very
small, and I d is the unit matrix of dimension d. Moreover,
the empirical covariance matrix is deﬁned by the following
points ζ0 , ⋯, ζk ∈ Rd :
!
1 k
T
T
〠 ζ ζ − ðk + 1 Þ ζ i ζ i ,
Covðζ0 , ⋯, ζk Þ =
k i=0 i i

ð10Þ

where ζi = ð1/k + 1Þ∑ki=0 ζi , and ζi ∈ Rd is treated as the
column vector. Subsequently, the covariance Ci of i > i0 can
be obtained to satisfy the recursive equation using equation
(10) to deﬁne equation (9) as follows:

i−1
s 
T
T
C i + d iζi−1ζi − ði + 1Þζiζi + ζi ζTi + εI d :
i
i
ð11Þ

Ci+1 =

When the initial sample ζ0 is proposed, if the proposed
sample ζi ð1Þ is accepted, the acceptance probability is calculated as follows:


ð1Þ

α1 ζi−1 , ζi

ð8Þ
where c0 is a constant that validates the probability density
function and pðζÞ is the prior probability density function of
the model parameters, which represents known knowledge.

C0 ,





 
ð1Þ
ð1Þ
p ζi jD q1 ζi , ζi−1

,
=1∧
ð1Þ
pðζi−1 jDÞq1 ζi−1 , ζi

ð12Þ

ð1Þ

where pðζi jDÞ is the target distribution, and q1 is the ﬁrst
ð1Þ
proposed distribution. If ζi is rejected, the probability of
acceptance of the distribution proposed in the second stage
is as follows:


ð2Þ
α2 ζi−1 , ζi



 
h

i

 
ð2Þ
ð2Þ ð1Þ
ð2Þ ð1Þ
ð2Þ ð1Þ
p ζi jD q1 ζi , ζi q2 ζi , ζi , ζi−1 1 − α1 ζi , ζi

 
h

i ,
=1∧
ð1Þ
ð1Þ ð2Þ
ð1Þ
1 − α1 ζi−1 , ζi
pðζi−1 jDÞq1 ζi−1 , ζi q2 ζi−1 , ζi , ζi

ð13Þ
where q2 is the second proposed distribution. The previous
steps are repeated until the target number of samples is
completed [58].
3.4. The Process of Uncertainty Estimation. In this study, the
Bayesian updating method and the MCMC method were
applied, and diﬀerent conﬁdence intervals of the parameters
were constructed to explore and quantify the uncertainty of
the SWRC parameters. The Bayesian updating method was
used to generate the posterior distribution of the SWRC
parameters, and then the MCMC method was used to generate a random sample of the SWRC parameters for the
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posterior distribution. The related evaluation steps for the
uncertainty of the parameters are as follows.
(i) The prior distribution of the model parameters is
assumed to be a logarithmic normal distribution in
this study
(ii) The likelihood function of the Bayesian updating
method is deﬁned by the error between the saturation and matric suction data obtained from the ﬁeld
measurement and the ﬁtting parameter output by
the selected model
(iii) The posterior probability density function obtained
by the Bayesian updating method is regarded as the
target distribution function. Then, the MCMC
method combined with the DRAM algorithm was
used to generate random samples from its probability density function
(iv) The random samples generated from the calculations were used to represent the posterior distribution. In this study, 40,000 samples were obtained
(v) The parameters of diﬀerent conﬁdence intervals for
random samples of the posterior distribution were
established, and diﬀerent percentiles were obtained
to quantify the inﬂuence of the parameter uncertainty
3.5. Seepage Analysis. The seepage process in unsaturated soil
was evaluated and analyzed using the HYDRUS model software [59]. This software is widely used to analyze unsaturated soils and can calculate diﬀerent soil layers and soil
hydraulic characteristics. The governing equation (Richards
equation) of the transient and two-dimensional seepage analysis of unsaturated soil (x is the horizontal direction, and z is
the vertical direction) is rewritten using equation (1), as
shown below:
ð14Þ

where H is the total pressure head, t is time, h is the pressure
head or suction head, W is the ﬂow, θðhÞ is the volumetric
water content under diﬀerent pressure heads, and KðhÞ is
the unsaturated hydraulic conductivity function.
Equation (14) is adopted to estimate the hydraulic conductivity, which can be used for saturated and unsaturated
soils, as shown below:
i
m 2

3.6. Slope Stability Analysis. The LFS proposed by Lu et al.
[40] was adopted to analyze the slope stability in this study.
This method calculates the current stress state and the stability of each point in the slope. Additionally, it is diﬀerent from
the limit equilibrium method, which provides a value for
each slope slice as a safety factor in previous studies. Lu
et al. [40] compared the results of the LFS method with other
factors of safety methods to prove that the initiation and the
geometry of the potential failure surface LFS are based on the
Mohr-Coulomb failure criterion, according to which the LFS
is deﬁned as shown below:
LFS =

i
τ∗
cos φ ′ h
=
2c ′ + ðσ1 + σ3 − 2σs Þ tan φ ′ ,
σ1 − σ3
τ

ð16Þ

where τ∗ is the current stress state, τ is the stress state when
failure occurs, φ ′ is the eﬀective friction angle, σ1 is the maximum principal stress, σ3 is the minimum principal stress, c ′
is the eﬀective cohesion, and σs is the suction stress, as shown
in Figure 3. If the LFS is larger, the slope stability is higher.
Otherwise, the stability is reduced.
This study is based on the results of the seepage analysis
for slope stability analysis. The LFS of each point inside the
slope was further calculated using the percentiles of diﬀerent
conﬁdence intervals and parameter properties. Finally, the
impact of the uncertainty of the SWRC parameters on the
slope stability was quantiﬁed and evaluated.

4. Results and Discussion

∂θðhÞ
= ∇ ⋅ K ðhÞ∇H + W,
∂t

h
K ðhÞ = K s S1/2 1 − 1 − S1/m

coeﬃcient, hydraulic conductivity function, and SWRC
[60–62]. This study is aimed at exploring the inﬂuence of
uncertainty in SWRC parameters on rainfall-induced slope
stability. According to the conceptual model of the slope,
the SWRC parameters with diﬀerent conﬁdence intervals
were used for seepage analysis.

,

ð15Þ

where m = 1 − n−1 and K s is the saturated hydraulic conductivity and is often regarded as a ﬁxed value.
The water storage capacity in unsaturated soil depends
on the matric suction and can be characterized by SWRC.
The hydraulic properties are aﬀected by the uncertainty of
the parameters α and n. In unsaturated soil slopes, the
inﬁltration of initial rainfall depends on rainfall intensity,
duration, groundwater condition, saturated permeability

4.1. Results of Bayesian Updating and Uncertainty. In this
study, an uncertainty analysis was performed using volumetric water content and matric suction data from the soil in the
Babaoliao Landslide Area in Chiayi, Taiwan, and the SWRC
model. The MCMC method was used, and the Markov chain
iteration conditions were established using the posterior
distribution obtained from Bayesian updating. Thereafter,
the posterior distribution converged, and random samples
were generated for uncertainty analysis. The prior distributions of random variables α and n were assumed to have
independent lognormal distributions, with the prior mean
and standard deviation of α being 0.58 and 1.096, respectively, and those of n being 1.0989 and 0.0199, respectively.
Subsequently, the MCMC method and the posterior probability density function from Bayesian updating were used to
generate 40,000 random model parameter samples for the
SWRC parameters. The iterative process for random sampling is shown in Figure 4.
In this study, 40,000 sets of postconvergence random
parameter samples were considered the posterior distribution, with the posterior mean and standard deviation of α
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Figure 3: Conception of the local factor of safety.

being 0.6342 and 0.1565, respectively, and those of n being
1.0979 and 0.0058, respectively.
From the 40,000 sets of generated model parameters α
and n mentioned above, and given speciﬁc matric suction
values, 40,000 sets of the degree of saturation values were
obtained. The SWRC with diﬀerent conﬁdence intervals
was established using the obtained degree of saturation and
matric suction values, and the eﬀect of the SWRC parameters
with diﬀerent conﬁdence intervals on seepage and the slope
was investigated. The SWRC parameters were classiﬁed
according to 50% and 95% conﬁdence intervals, which were
then classiﬁed into upper and lower limits along the mean
curve and expressed in percentiles (PCTs), respectively. The
corresponding PCTs of the upper and lower limits of the conﬁdence intervals were 25%/75% and 2.5%/97.5%, respectively, and the mean curve corresponded to the PCT = 50%.
The SWRC parameters changed with the PCTs, as shown
in Table 1; the higher the PCT, the lower the model parameters α and n. This created a higher soil water storage capacity
and a gentler slope for the curve, as shown in Figure 5. The
ranges of the SWRC model parameters α and n corresponding to the 95% conﬁdence interval were (1.0175, 0.395) and
(1.1101, 1.0868), respectively. The model parameters
obtained were subsequently used for slope seepage and stability analyses, and the results are presented in the following two
subsections. Using the method in this study, the conﬁdence
intervals of the SWRC could be eﬀectively obtained, the model
parameters could be estimated, and the uncertainty of the
SWRC parameters could be quantiﬁed. Additionally, the
accuracy of the uncertainty estimations and SWRC parameters was improved using on-site measurement data.
4.2. Eﬀect of Uncertainty on Seepage Analysis. This section
discusses the eﬀects on the pressure head due to the uncertainty of the parameters in the SWRC derived from unsaturated soil. The SWRC parameters of diﬀerent PCTs were
used for transient seepage analysis, and a graph was plotted
to show the changes in the pressure head within the slope.
At the initial state (t = 0 h), the pressure head in the slope
changed linearly with depth. Thereafter, rainfall conditions
were added, with rainfall durations of 12, 24, 48, 72, and

96 h. The change in pressure heads within the observation
proﬁle in the slope with the parameters of diﬀerent PCTs
was observed, as shown in Figure 6. This study imposed an
hourly rainfall of 14.6 mm on the slope. Figures 6(a)–6(e)
show the pressure head changes in the observation proﬁles
for the SWRC with parameters of diﬀerent PCTs, namely,
2.5%, 25%, 50%, 75%, and 97.5%; their model parameters, α
and n, are shown in Table 1. In the numerical simulation analysis, as the rainfall inﬁltrated the slope surface under continuous rainfall conditions, the wetting front moved downward,
resulting in a decrease in the pressure head. This movement
of the pressure head from a negative value to a positive value
is described as a decrease in the pressure head in this study.
The model parameters of diﬀerent PCTs obtained
through statistical analysis would aﬀect the change in the
pressure head in the soil with depth. For soils belonging to
the PCT = 2:5%, the wetting front was clear, as shown in
Figure 6(a). When water continued to ﬂow down through
the soil, the pressure head in the shallow slopes decreased,
and the wetting front of the soil slowly moved downward.
After 96 h of rain, the depth of the wetting front decreased
by approximately 2 m. Thus, the reduction in the pressure
head primarily occurred in the shallow areas, which could
be attributed to the relatively poor permeability of the soil.
The pressure head at depth was not aﬀected, nor was it
aﬀected by rainfall duration on the downward movement of
the wetting front, which moved downward at a relatively
slow speed. As shown in Figure 6(b), for the soil at PCT =
25%, the pressure head curve was similar to that of the PCT
= 2:5%, and the pressure head near the ground surface
decreased with time at a considerably rapid rate of decline.
Additionally, it was evident that the pressure head at depth
remained constant, while the transition zone between the inﬁltration zone and the still-unaﬀected zone remained obvious.
For the PCTs as a whole, the wetting front moved downward
at approximately the same speed and depth in the ﬁrst 24 h of
rainfall; however, after the ﬁrst 48 h of rainfall, the pressure
head of the slopes with PCTs above 25% was aﬀected.
At higher PCTs, the wetting front moved downward at a
relatively faster rate after 48 h of rainfall; after it reached a
depth of approximately 3 m, the deeper soil was no longer
aﬀected, as shown in Figure 6. The eﬀect of rainfall on the
rate of downward movement of the wetting front increased
gradually with an increase in PCT. During the process, the
rate of movement of the wetting front was diﬀerent, indicating that the behavior of the rainfall was related to the SWRC
and hydraulic conductivity. The pressure head proﬁles in the
results indicate that the most signiﬁcant diﬀerences among
the diﬀerent PCTs should be visible in the shallow regions.
In this study, the slope soil hydraulic conductivity of diﬀerent
PCTs was calculated using equation (15), as shown in
Figure 7. Although the saturated hydraulic conductivity was
the same for each PCT, there were diﬀerences in the hydraulic conductivities among the diﬀerent PCTs in the unsaturated phase. Unsaturated soils with higher PCTs had higher
hydraulic conductivities; conversely, unsaturated soils of
lower PCTs had lower conductivities. Therefore, for the same
rainfall intensity and duration and the same saturated
hydraulic conductivity, soils with higher PCTs had higher
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Figure 4: Iteration process of random samples of parameters α and n.

Table 1: Diﬀerent percentiles of parameters of the SWRC.

Figure 5: Diﬀerent percentiles of parameters of the SWRC model.

4.3. Eﬀect of Rainfall Duration on the Pressure Head. Given
the same rainfall duration (96 h), the rate of movement of
the wetting front was aﬀected by the SWRC parameter PCTs.
The pressure head curve of the slope observation proﬁle is
shown in Figure 8. As the PCT increased, the soil water storage capacity increased, the downward movement speed of the
wetting front increased, and the pressure head disappeared
more easily. Pressure heads at the same depth were greater
for smaller PCTs. These results show that the seepage behavior of the entire slope controls the stability of the slope.
Next, this study investigated the changes in and the eﬀect
on the pressure head at a single depth at diﬀerent PCTs with
changes in the rainfall duration, as shown in Figure 9. The
curve in Figure 9 shows that the pressure head decreases with
increasing rainfall duration at a depth of 1 m in the slope
observation proﬁle. The pressure head curve indicated that
at the PCT = 2:5%, the pressure head dropped from
−12.51 m to −2.81 m over time, with a rate of change of
77.5%; at the PCT = 97:5%, the pressure head dropped with
time from −12.51 m to −1.42 m, with a rate of change of
88.6%. These results show that the lower the PCT, the smaller
is the change in the pressure head.
The magnitudes of the drop in the pressure head for the
diﬀerent PCTs are clearly observed in Figure 9. These magnitudes depended on the PCT of the SWRC parameters; as the
PCT increased, the magnitude of the drop in the pressure
head increased. Higher PCT values led to higher hydraulic
conductivities and faster water ﬂow in the unsaturated state,
leading to greater pressure head drops. Therefore, the diﬀerent SWRC parameter PCTs substantially impacted the slope
seepage analysis under diﬀerent rainfall conditions.

conductivity and greater water storage capacity in the unsaturated state. Accordingly, in soils with higher PCTs, the
wetting front moved down more quickly, and the dissipation
of the pressure head was faster as well. Thus, it is evident that
the uncertainty in the SWRC parameters will lead to errors in
the predicted pressure head proﬁle.

4.4. Eﬀect of Uncertainty on Slope Stability. In the stability
analysis, the pressure head and soil volumetric water content
distribution data obtained from the seepage analysis were
used to calculate the slope stability. In this study, LFS was
used to calculate the instantaneous stress at each point at
diﬀerent depths. The results indicate that slope stability is
mainly aﬀected by the rainfall inﬁltration process. Rainfall
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inﬁltration caused the pressure head to decrease and the soil
volumetric water content to increase, thereby aﬀecting internal stress changes in the soil and leading to a decrease in
slope stability. Therefore, this section primarily analyzes the
soil volumetric water content, suction stress, and LFS. The soil
volumetric water content for the diﬀerent PCTs changed
according to rainfall duration. As seen in Figure 10, the volumetric water content for PCT = 2:5% increased from 0.402 to
0.464, while the volumetric water content for PCT = 97:5%
increased from 0.436 to 0.494. The ﬁnal volumetric water content for PCT = 2:5% was lower than that for PCT = 97:5%.

Furthermore, the results showed that the initial volumetric water content was lower when the PCT was low and vice
versa. This is related to the water storage capacity being
higher when the PCT level was higher. The internal stress
of the soil also changed owing to the rainfall inﬁltration.
The variation in the soil suction stress with rainfall duration
for the diﬀerent PCTs is shown in Figure 11. The results show
that the suction stress for the PCT = 2:5% decreased from
−92.25 to −12.82, with a rate of decrease of 86.1%, while
the suction stress for the PCT = 97:5% decreased from
−105.49 to −7.14, with a rate of decrease of 93.2%. The
decrease in soil suction stress at lower PCTs after rainfall
inﬁltration was relatively low. As soils at the higher PCTs
had greater water storage capacities, more rainwater could
be stored, thus leading to an increase in the soil volumetric
water content within the slope, resulting in a decrease in
the soil suction stress.
Finally, the LFSs of the slopes were analyzed in this study.
Figure 12 shows the variation of the LFS with depth for different PCTs after 96 h of rainfall. The results showed that
the soil at shallow depths failed for every PCT (LFS < 1).
The failure depths at the PCT = 2:5% and 97.5% were
approximately 0.4 m and 0.7 m, respectively. The LFSs for
the diﬀerent PCTs were mostly similar at the initial state.
However, after rainfall inﬁltration, the decrease in the LFS
for the soils at lower PCTs was lower, while that for the soils
at higher PCTs was higher, as shown in Figure 13. The results
show that the LFSs were mostly similar for a rainfall duration
of 6 h, with no particular diﬀerences. However, at 12 h
onwards, the variation in the LFSs at diﬀerent PCTs began
to diﬀer. Between 12 h and 96 h of rainfall, the LFS at the
PCT = 2:5% decreased from 1.83 to 1.38, with a rate of
decrease of 24.5%, while that at the PCT = 97:5% decreased
from 1.68 to 1.20, with a rate of decrease of 28.5%. These
results show that the SWRC parameter uncertainty has a
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considerable eﬀect on the stability of unsaturated soil slopes.
Figures 10–13 show that the slope stability results were
related to the volumetric water content and stress distribution within the soil.
For the soil adopted in this study, the rainfall only
aﬀected the pressure head at shallow depths of the slope,
while its eﬀect at deeper depths could be ignored. Therefore,
the LFS of the slope was higher. When the PCT increased
from 2.5% to 25%, the decrease in the LFS increased from
1.28 to 1.35. As the PCTs increased, the decrease in the LFS
increased, reaching a maximum drop of 1.50. This corresponds to a rate of decrease of 53.8%. After 96 h of rainfall,
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Figure 13: Local factor of safety at the observation proﬁle with
diﬀerent percentiles of the SWRC.

the soil volumetric water content increased, and the wetting
front migrated to the shallow soil layer, leading to a decrease
in suction stress and LFS.
As expected, the LFS was lowest for the soil corresponding to the highest PCT. This was because the unsaturated soil
had the highest permeability, and a higher PCT indicated a
higher water storage capacity and volumetric water content,
causing the water to move more quickly along the slope.
The magnitude of the increase in the LFS increased with
PCT. Therefore, the uncertainty of the SWRC model parameters aﬀects the slope stability.
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5. Conclusion
In this study, the Bayesian updating method and the MCMC
method were applied to evaluate the uncertainty of the
SWRC model parameters and quantify the eﬀect of parameter uncertainty on the seepage and stability of unsaturated
soil slopes under rainfall conditions. The conclusions of this
study can be summarized as follows.
(1) The uncertainty in the SWRC model parameters was
eﬀectively estimated using the Bayesian updating
method. By combining the MCMC method and the
DRAM algorithm, the posterior distribution of the
SWRC model parameters can be eﬀectively generated
to perform seepage and stability analyses by setting
speciﬁc conﬁdence intervals
(2) The eﬀect of uncertainty on the seepage and stability
of unsaturated soil slopes under rainfall conditions
was investigated using the SWRC model parameters
at diﬀerent conﬁdence intervals. The results show
that the hydraulic conductivity and pressure head
distribution in the unsaturated soil were related to
the conﬁdence interval under the same rainfall conditions. Moreover, under the same rainfall conditions,
the higher the PCT, the higher the hydraulic conductivity and the greater the drop in the pressure head.
This implies a higher water storage capacity of the
soil and faster movement of the wetting front. Therefore, the LFS of slopes corresponding to higher
percentile SWRC parameters was relatively low and
displayed more signiﬁcant declines, thereby aﬀecting
the slope stability
(3) From the results of this study, we found that the
uncertainty in the SWRC parameters was extremely
important for the stability analysis of slopes aﬀected
by rainfall. As parameter uncertainty may also aﬀect
the design and planning of future geotechnical projects, it should be considered in engineering project
evaluations in the future
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