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Abstract. Consolidation and creep are two types of time-dependent deformation of clay soil. However, 16 

the soil deformation presents probabilistic behaviors when the spatial variability is considered. The 17 

Monte-Carlo method is used to sample anisotropic random fields that are mapped into two-dimensional 18 

random finite element models (RFEM) to analyze the influences of spatial variability on the time-19 

dependent deformation of clay soil. The anisotropic random fields of soil parameters are generated by a 20 

spectral representation method (SRM) to describe the spatial variability of clay soil. The consolidation 21 

and the creep problems are modeled by Biot’s consolidation theory and the creep model proposed by Yin 22 

et al. (2010) respectively. The spatial variability of Young modulus and permeability coefficient in 23 

probabilistic consolidation analysis and the secondary consolidation coefficient in probabilistic creep 24 

analysis are emphasized by the RFEM simulation. The results show that the scale of fluctuation (SOF) 25 
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in vertical direction and the coefficient of variation (COV) of Young modulus and permeability have 26 

significant influences on the probabilistic characteristics of consolidation behavior. Besides, the bunched 27 

region of low permeability soil produces a blockage effect, which seriously affects the consolidation 28 

characteristics. It is found that the uncertainty of creep deformation will accumulate over time until it 29 

remains constant. The variability of creep deformation increases with the increase in the vertical SOF 30 

and COV of the secondary consolidation coefficient. The research also provides insightful clues for the 31 

time-varying reliability design related to the time-dependent deformation of clay soil. 32 

 33 
Keywords: clay soil; time-dependent deformation; spatial variability; blockage effect; scale of fluctuation; 34 

horizontally stratified anisotropic random field 35 

 36 

 37 

1. Introduction 38 

Due to the rapid development of infrastructure engineering, it is increasingly common to 39 

construct road embankments and other geotechnical structures. However, there is an obvious time-40 

dependent deformation when these projects are constructed on clay soil. For example, Morsy et al. 41 

(1995) have reported that the movements of a dike monitored are over 1 m due to the time-dependent 42 

deformation of a clay soil layer for more than 25 years. The spatial variability is usually numerically 43 

reconstructed with random field theory. Papaioannou and Straub (2012) simulated the soil with a 44 

homogeneous random field to analyze the structural reliability of a pile wall. Chenari et al. (2019) 45 

used heterogeneous random fields to perform numerical simulations on the samples to explain the 46 

physical variability of the soil. In geotechnical engineering sites, soil is often isotropic in horizontal 47 

direction. Therefore, it is necessary to adopt a horizontally stratified anisotropic random field to 48 

investigate the effects of spatial variability on the time-dependent deformation of clay soil. 49 
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Clay soils are characterized by remarkable time-dependent behaviors including consolidation and 50 

creep. The former is well dealt with the widely used Biot’s consolidation theory (Biot 1941), while 51 

for the latter elastic-visco-plastic (EVP) models effectively and accurately predict creep deformation 52 

(Karim and Gnanendran 2014). However, most of the EVP models are hard to be used by geotechnical 53 

engineers due to complicated formulations and numerous parameters. Yin et al. (2010) have proposed 54 

an EVP model, which is based on the widely-used and comprehensible modified Cam-Clay model 55 

(MCCM). The proposed model can predict creep behaviors of clay soils well. In the isotropic case, 56 

there is only one additional parameter, the secondary consolidation coefficient Cαe, compared to 57 

MCCM.  58 

Although Biot’s consolidation theory and the EVP model proposed by Yin et al. (2010) are 59 

available to predict the time-dependent deformation, it is still difficult to accurately predict the 60 

deformation of clay soils on site without involving the spatial variability of soil parameters. The 61 

variability of soil mainly comes from its inherent variability and test errors due to the geologic 62 

investigation (Bárdossy and Fodor 2001). The former which is focused in this paper is described as 63 

an anisotropic random field based on statistical parameters of soil. Young modulus, permeability, 64 

and secondary consolidation coefficient are significant parameters for estimating the time-dependent 65 

deformation. The random field characterized by the coefficient of variation (COV) and the scale of 66 

fluctuation (SOF) is an effective tool to represent the spatial variability of these parameters 67 

(Vanmarcke 2010). The SOF is determined by a large amount of laboratory or in-situ tests. To 68 

overcome this obstacle, Fei et al. (2019) proposed a numerical simulation method based on soil 69 

microstructure to calculate the SOF. 70 

Lee et al. (1983) have summarized that the COV of the Young modulus ranges from 2% to 42%. 71 

The COV of the permeability for a specific soil is relatively large, ranging from 60% to 200% as 72 
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reported by Zhang et al. (1974). Benson (1993) has analyzed the permeability of the clay soil collected 73 

from 57 landfills. The COV of permeability ranges from 27% to 300%, and most of the data follow 74 

lognormal distribution. The secondary consolidation coefficient Cαe of clay soil has been 75 

investigated by Xu et al. (2008), where Cαe varies from 0.0056 to 0.0066, and the COV ranges from 76 

0.2 to 0.4. As for the SOF, there is a large difference between the vertical and horizontal directions. 77 

The SOFs in these two directions are in the range of 2~6m and 20~80m respectively (Rehfeldt et al. 78 

1992, Prevost et al. 1997, Phoon and Kulhawy 1999). 79 

Many relevant researchers have studied the influence of spatial variability of soils on deformation. 80 

Kim et al. (2012) employed ordinary kriging and three theoretical semivariograms models to estimate 81 

the spatial distributions of geo-layers, and then to evaluate the uncertainty in spatial distributions of 82 

consolidation settlement. Probabilistic settlement of spread footing on spatial variability of Young 83 

modulus has been estimated by using a two-dimensional random finite element model (RFEM), in 84 

which the spatial variability is described by the random field generated by local average subdivision 85 

(Fenton and Griffiths 2002). In the study of time-dependent deformation of clay soils, the influence 86 

of the spatial variation on one-dimensional consolidation has been evaluated using a stochastic 87 

approach (Li and Hu 2011). By using a first-order reliability method (FORM) and stochastic response 88 

surface method (SRSM), Bong and Stuedlein (2018) maintained that the variability of average 89 

consolidation degree increases as the SOF increases. However, the probabilistic characteristics of 90 

time-dependent deformation, especially the creep of clay soils, have not been systematically studied. 91 

RFEM has been an effective and rigorous method to simulate ground responses considering 92 

spatial variation. The main disadvantage of RFEM is time-consuming (Schueller 1997). With the 93 

great progress of high-performance computers, computational efficiency has been greatly improved. 94 

As a stochastic approach, RFEM is employed by mapping the random field into the FE program. 95 
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Then, a number of realizations sampled by the Monte-Carlo method are carried out to obtain the 96 

concerned time-dependent deformation. In this study, the probabilistic deformations of 97 

consolidation and creep are separately solved by RFEM based on Biot’s consolidation theory and 98 

the model proposed by Yin and Chang et al. (2010). 99 

This paper aims to investigate the influences of spatial variability on the time-dependent 100 

deformation of clay soils. The outline of this paper is organized as follows. In Section 2, the random 101 

field is generated by spectral representation method (SRM) to describe the spatial variability of the 102 

soil. Then, the random field is mapped into a commercial finite element software, and RFEM is 103 

implemented, which is validated by a case. In Section 3, the spatial variability of clay soil is treated 104 

by a horizontally stratified anisotropic random field, and random finite element models for time-105 

dependent deformation are established. In Section 4, the probabilistic characteristics of time-106 

dependent deformation including consolidation and creep are analyzed by using the established 107 

random finite element models. The consolidation deformation of RFEM is simultaneously compared 108 

with the calculation results of the simplified method. 109 

 110 

2. Fundamental of random field and implementation of RFEM 111 

The finite element method (FEM) as a deterministic analysis method is extensively used in 112 

simulating the continuous medium in geotechnical engineering. In order to better simulate the 113 

uncertain ground response, RFEM is implemented by a number of finite element models coupled 114 

with random fields to consider the spatial variability of the field soil. To achieve this purpose, 115 

Gaussian stationary random fields are first generated by using a spectral representation method 116 

(SRM). RFEM is then realized by mapping the random fields into the commercial program 117 

ABAQUS. Eventually, the RFEM is validated by a consolidation case. 118 
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 119 

2.1 Generation of anisotropic Gaussian stationary random field 120 

The spectral representation method (SRM) has been widely used to generate a discrete Gaussian 121 

random field in the spatial domain due to its versatility and robustness. This method was first 122 

developed by Bergman and Shinozuka et al. (1997) to simulate multidimensional, multivariate and 123 

non-stationary random processes or fields. Many works have been carried out to demonstrate the 124 

accuracy of this method. The mean value of a random field generated by the SRM is identical to the 125 

excepted mean value (Hu and Schiehlen 1997). Additionally, the SRM is not only accurate in terms 126 

of cumulative density functions (CDF) or lower order moments but also much faster when compared 127 

to the Karhunen-loeve expansion method (Stefanou 2009). 128 

To illustrate the detail of SRM, the generation of a univariate and three-dimensional (1V-3D) 129 

anisotropic random field is introduced as follows. Let V(x, y, z) be a 1V-3D anisotropic random field 130 

in the spatial domain, whose mean value and power spectral density function (PSDF) are denoted 131 

by μ and S(ω1, ω2, ω3), respectively. In the frequency domain, the random field V(x, y, z) is written 132 

as Eq. (1) (Vanmarcke 2010). It should be pointed out that the generated random field V(x, y, z) is 133 

asymptotically Gaussian as N1, N2, and N3 approach infinity according to the multivariate central 134 

limit theorem. 135 

{ }
31 2

1 2 3 1 2 3 1 2 3
1 2 3

11 1

0 0 0
( , , )  + 2 cos exp ( )

NN N

n n n n n n n n n
n n n

V x y z A i x y zµ ω ω ω
−− −

= = =

= Φ + +∑ ∑ ∑       (1) 136 

where
1 2 3 1 2 3 1 2 32 ( , , ) ,  ui

n n n n n n i
i

A S
N
ω

ω ω ω ω ω ω ω= ∆ ∆ ∆ ∆ = . ωui are the cut-off wave numbers that define 137 

the active region of PSDF S(ω1, ω2, ω3). Phase angles   are random variables that are 138 

mutually independent and uniformly distributed over the interval (0, 2π). 139 

1 2 3n n nΦ
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As we all known, random field is composed of many spatially related random variables. It is 140 

assumed that the random variables in the random field V(x, y, z) obey the Gaussian distribution. 141 

According to this assumption, a covariance function B(x, y, z) is written in Eq. (2). The form of ρ(x, 142 

y, z) has little influence on the random field (Vanmarcke 2010). The Gaussian correlation function 143 

ρ(x, y, z) in Eq. (3) is adopted in this study. Here, θ denotes the scale of fluctuation (SOF). By 144 

substituting Eqs. (2) and (3) into the transformation formula Eq. (4), it is easy to estimate the PSDF 145 

S(ω1, ω2, ω3). The scale of fluctuation (SOF) θ, mean value μ and standard deviation σ are the 146 

fundamental parameters of the random field V(x, y, z). These parameters are usually estimated 147 

through the field test (Phoon and Kulhawy 1999). Finally, the random field V(x, y, z) can be 148 

conveniently calculated by Eq.(1). 149 

2( , , ) ( , , )B x y z x y zσ ρ=                                          (2) 150 

2 2 2 2( )/( , , ) e x y zx y z π θρ − + +=                                         (3) 151 

1 2 3 1 2 3 1 2 3

3
1 2 3 1 2 3

( , , ) ( , , ) cos( )

1( , , ) ( ) ( , , ) cos( )
2

B x y z S x y z d d d

S B x y z x y z dxdydz

ω ω ω ω ω ω ω ω ω

ω ω ω ω ω ω
π

+∞ +∞ +∞

−∞ −∞ −∞

+∞ +∞ +∞

−∞ −∞ −∞

 = + +

 = + +


∫ ∫ ∫

∫ ∫ ∫
     (4) 152 

Although the Direct Fourier Transform (DFT) can be employed to convert from the spatial 153 

domain to the frequency domain with Eqs. (2) and (4), this method is time-consuming due to the 154 

heavy computation. Therefore, a Fast Fourier Transform (FFT) technique based butterfly algorithm 155 

proposed by Cooley and Tukey (1965) is applied to dramatically improve computational efficiency. 156 

In order to take advantage of FFT, Eq. (1) is rewritten as Eq. (5). 157 
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where Re denotes the real part of the complex number. 159 

Additionally, to ensure the ergodicity of the random field, the relative error ε in Eq. (6) is set to 160 

a small value, and then suitable cut-off wave numbers ωui are estimated. The relative error ε is an 161 

important parameter to ensure the accuracy of random field (Hu and Schiehlen 1997). After 162 

estimating of ωui, the PSDF S(ω1, ω2, ω3) is calculated by Eqs. (2) and (4), and the random field is 163 

eventually generated by Eq. (5). 164 

1 2 3

1 2 3 1 2 3 1 2 3 1 2 30 0 0 0 0 0
( , , ) (1 ) ( , , )u u u S d d d S d d d

ω ω ω
ω ω ω ω ω ω ε ω ω ω ω ω ω

+∞ +∞ +∞
= −∫ ∫ ∫ ∫ ∫ ∫   (6) 165 

 166 

2.2 Implementation of RFEM 167 

In the probabilistic analysis, each RFEM realization is coupled with a random field sampled by 168 

the Monte-Carlo method. In this process, a number of random fields of soil parameters based on 169 

SRM are firstly generated by a small in-house program. Then, the random fields are separately 170 

mapped into the established finite element model. The entire process in this study is developed by 171 

Python and the commercial finite element program ABAQUS. To ensure the success of each RFEM, 172 

there are two basic prerequisites: one is that the random variable in each random field takes a non-173 

negative value, and the other is that the random variable can represent the statistics over a specific 174 

mesh domain. 175 

As mentioned above, the Gaussian correlation function Eq. (3) is substituted into Eq. (4) to 176 

calculate the PSDF, and the Gaussian stationary random field in the spatial domain is generated by 177 
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using Eq. (5). In order to satisfy the first prerequisite, an assumption is made that the concerned 178 

parameter X follows a lognormal distribution. The random variable X follows a lognormal 179 

distribution, which is characterized by the mean value μX, standard deviation σX, and SOF θlnX. The 180 

mean value μlnX and standard deviation σlnX of lnX are given by the following formulas. 181 

2
ln = ln[1 ( / ) ]X X Xσ σ µ+                                        (7) 182 

2
ln ln= ln 0.5X X Xµ µ σ−                                           (8) 183 

As for the second prerequisite, the variance reduction is needed to be taken into account by using 184 

a local average method. The reason for the decrease in variance is that the point variance of soil 185 

parameter is usually obtained from field measured data, but actually, there is a decrease from the 186 

point variance to the local variance over the element domain in the mesh. Therefore, a variance 187 

function of the local average method shown in Eq. (9) is adopted to consider the reduction effect by 188 

the integration of PSDF over the frequency domain.  189 

0 0 0
( , , ) ( )( )( ) ( , , )x y zT T T

x y z x y zT T T T x T y T z x y z dxdydzγ ρ= − − −∫ ∫ ∫            (9) 190 

where Tx , Ty and Tz are the sizes of an element in the x, y, and z directions, respectively. 191 

In order to accurately map the random field X into the mesh of the FE model, the standard 192 

deviation σlnX is reduced by Eq. (10) according to the given mesh size.  193 

2 2
lnln = ( ) XX Xσ γ σ                                              (10) 194 

where the variance function ( )Xγ  is calculated by Eq.(9). 195 

For given statistics of lnX, a standard Gaussian random field glnX is generated by the previous 196 

process. The standard Gaussian random field glnX is then transformed into lognormal random field 197 
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gX according to Eq. (11). 198 

ln lnln= exp( + )X X XXg gµ σ                                      (11) 199 

 200 

2.3 Validation of RFEM 201 

A 1-D probabilistic consolidation case is taken as a verification example in this section. This case 202 

has been studied by Huang et al. (2010), in which the random field is generated by a local average 203 

subdivision method proposed by Fenton and Griffiths (2002).  204 

The 1-D RFEM is set to be free drainage on the top boundary. The permeability k and 205 

compression coefficient mv are all assumed to follow the lognormal distribution. The mean values 206 

of these parameters are equal to 1.0, and the COVs are equal to 0.5. The scale of fluctuations (SOFs) 207 

of permeability and compression coefficient, θlnk and θlnmv, are all equal to 1.0. The cross-correlation 208 

coefficient between the permeability k and the compression coefficient mv is assumed to be 1.0. 209 

The equivalent consolidation coefficient defined by the log-time method (Casagrande 1936) is 210 

written as follows. 211 

2

50
50

0.197
t

HC
t

=                                              (12) 212 

0
0

11

t
avs

u

H

avp

SU
S

uU dh
H u

 =

 = −


∫
                                        (13) 213 

where H is the thickness of the consolidation soil, St and Su are the deformations at time t and 214 

complete consolidation, respectively, u and u0 are the pore pressures at time t and initial time, and 215 

t50 is the consolidation time when the average consolidation degree Uavs or Uavp is equal to 50%. In 216 
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Eq. (13), Uavs and Uavp are defined by settlement and excess pore pressure, respectively. The 217 

corresponding equivalent consolidation coefficients Ct50s and Ct50p at time t50 can be calculated by 218 

Eq. (12). 219 

Regarding the permeability and compression coefficient as random fields, a lot of RFEM 220 

simulations are carried out based on the Monte-Carlo method. The equivalent consolidation 221 

coefficients are calculated according to Eq. (12). The probability distributions of the equivalent 222 

consolidation coefficient are presented in Figs. 1 (a)-(b) µ̂ , μ and σ̂ , σ are the mean values and 223 

standard deviations of the equivalent consolidation coefficient obtained by RFEM in this study and 224 

by Huang et al. (2010), respectively. The subscripts t50s and t50p denote the consolidation times 225 

when the average consolidation degrees Uavs and Uavp are equal to 50%. The histograms calculated 226 

by the proposed RFEM are in good agreement with the probability density curves given by Huang 227 

et al. (2010), in which the relative errors of the mean value and standard deviation are both less than 228 

10%. The results indicate that the proposed RFEM is effective and available to characterize the 229 

spatial variability of soil. 230 

 231 

3. Random finite element model for time-dependent deformation 232 

3.1 Basic model 233 

There are two main stages of time-dependent behaviors of clay soil, including consolidation and 234 

creep. In the first stage, the consolidation induced by drainage is the main cause of soil deformation. 235 

When pore pressure remains constant with time or the consolidation is finished, the creep becomes 236 

the dominant factor of soil deformation. In order to simulate the time-dependent deformation, Biot’s 237 

consolidation theory and the creep model proposed by Yin and Chang et al. (2010) are respectively 238 

used to solve the consolidation deformation and creep deformation in RFEM. 239 
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Fig. 2 shows the physical schematic of RFEM for calculating the time-dependent deformation. 240 

The horizontal and vertical dimensions of the model are H×W. The initial consolidation pressure or 241 

pre-consolidation pressure P0 is applied to the top surface. The free drainage boundary is only set at 242 

the top surface. The left and right boundaries are horizontally constrained, and the bottom boundary 243 

is fixed in vertical and horizontal displacement.  244 

As for an anisotropic random field, the SOFs in vertical and horizontal directions are significant 245 

parameters. The ranges of the vertical and horizontal SOFs are generally 2~6m and 20~80m, 246 

respectively (Rehfeldt et al. 1992, Prevost et al. 1997, Phoon and Kulhawy 1999). Therefore, the model 247 

size is determined according to the influence analysis of the SOFs. As shown in Figs. 3 (a)-(c), 248 

normalized anisotropic random fields are generated by using the SRM. The results indicate that the 249 

anisotropic random field in horizontal direction varies little when the horizontal SOF is in the range 250 

of 20~80 m, and the anisotropic random field is approximately homogeneous in horizontal within 5 251 

m or less that is 1/4 of the horizontal SOF. In order to ensure the computational efficiency, the width 252 

of the model W is set to 1m in the following analysis. In this situation, the generated anisotropic 253 

random field is similar to horizontally stratified soil (Huang et al. 2017). The horizontally stratified 254 

anisotropic random field is adopted here to simulate the spatial variability of soil. The following 255 

anisotropic random field refers to the horizontally stratified anisotropic random field.  256 

The normalized anisotropic random fields with vertical SOF of 2~6 m are shown in Figs. 4 (a), 257 

(b) and (c). The thickness H of the concerned clay soil is 20 m. As shown in Fig. 4, the random field 258 

tends to be isotropic with an increase in vertical SOF. The results show that the vertical SOF is an 259 

important parameter for the spatial variability of the horizontally stratified soil. Therefore, the 260 

vertical SOF is emphasized in the following analysis. 261 

 262 
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3.2 Spatial variability of soil parameters for time-dependent deformation 263 

3.2.1 Parameters for soil consolidation 264 

The consolidation of clay soil is modeled by RFEM based on Biot’s consolidation theory, in 265 

which Young modulus E and permeability coefficient k are important mechanical parameters. As 266 

mentioned before, soil properties have a great deal of spatial variability. To simplify, Young modulus 267 

E and permeability coefficient k are regarded as independent random fields (The cross-correlation 268 

coefficient is 0). Under this assumption, the variance of the results is conservative because the 269 

permeability is negatively correlated with the Young modulus within the same soil layer (Cho 2010).  270 

A deposit soft clay soil is adopted in the probabilistic consolidation analysis. The soft clay in the 271 

model is saturated and has high compressibility. The mean value, COV, and SOF of Young modulus 272 

E and permeability coefficient k are the basic input parameters of the random finite element model. 273 

Relevant studies have shown that the COVs of permeability k and Young modulus E for the clay soil 274 

are in the range of 100~300% and 15~30% (Baecher and Christian 2003, Benson 1993). The basic 275 

parameters for soil consolidation are listed in Table 1. If there are no special statements, the 276 

parameters in the random finite element model are in accordance with Table 1.  277 

 278 

3.2.2 Parameters for soil creep 279 

As another type of time-dependent deformation of clay soil, the creep behavior is successfully 280 

described by the anisotropic EVP model proposed by Yin et al. (2010). It should be pointed out that 281 

this model is based on the strain rate form of the modified Cam Clay model (MCCM). 282 

e vp vp
v v v v

λε ε ε ε
λ κ

= + =
−

                                            (14) 283 

 284 
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where e
vε  is the elastic strain rate, vp

vε  is the viscoplastic strain rate, λ is the compression index, 285 

and κ is the swelling index. 286 
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−

 , Mc is the critical 288 

state ratio, '
pσ  is the initial yield stress, '

0pσ  is the reference pre-consolidation pressure, and τ is 289 

the reference time. 290 
Most parameters of this model are the same as MCCM, including compression index λ, swelling 291 

index κ, critical state ratio Mc, permeability k, void ratio e0, pre-consolidation pressure P0, and 292 

Poisson’s ratio ν. Moreover, there is only one additional parameter, the secondary consolidation 293 

coefficient Cαe, in this EVP model to characterize the creep behavior of clay soil compared to MCCM. 294 

These parameters can be estimated from two types of tests, a constant strain-rate oedometer test and 295 

a 24h standard oedometer. Researchers interested in the details of this model can refer to the study 296 

by Yin et al. (2010). The parameters of this creep model for one kind of clay soil are listed in Table 297 

2. 298 

The physical schematic for each RFEM realization is shown in Fig. 2. The saturated clay soil 299 

adopted in the RFEM realization is characterized as a low organic content and high plastic with a 300 

plastic limit 48% and a liquid limit 90% (Yin et al. 2010), and has obvious long-term creep behavior. 301 

The creep behavior is modeled with the isotropic form of the EVP model. As observed in the field, 302 

the pore pressure changes very little in the creeping stage (Morsy et al. 1995). The secondary 303 

consolidation coefficient Cαe in the creep model is an important factor affecting the time-dependent 304 

deformation. Therefore, the spatial variability of the secondary consolidation coefficient Cαe should 305 

be emphasized in the probabilistic analysis of creep deformation. The Cαe of clay soil varies from 306 
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0.0056 to 0.0066, and the range of its COV is 0.2~0.4 (Xu et al. 2008, Baecher and Christian 2003). 307 

In the following analysis, the mean value of Cαe takes 0.006, and the range of its COV is 0.2~0.4. 308 

Additionally, the horizontal SOF is 40m, and the vertical SOF is within 2~20m.  309 

 310 

4. Probabilistic characteristics of time-dependent deformation 311 

Biot’s consolidation theory and the creep model proposed by Yin et al. (2010) are adopted in 312 

RFEM to simulate the time-dependent behavior of clay soil. In the model, the random field obtained 313 

by SRM is sampled and mapped into the model. A series of RFEM realizations are carried out by 314 

the Monte-Carlo method, and the obtained time-dependent deformations are statistically analyzed.  315 

In order to ensure reliability and efficiency, the number of the RFEM realizations used for 316 

consolidation and creep is first determined by the convergence of the standard deviation (Huang et 317 

al. 2010). In the random finite element model, the concerned parameters of the soil are regarded as 318 

independent anisotropic random fields. 319 

 320 

4.1 Influence of anisotropic random field on soil consolidation 321 

Soil consolidation is usually accompanied by the dissipation of excess pore pressure. Therefore, 322 

the consolidation behavior can be reflected by the average consolidation degree along the thickness 323 

of the clay soil, defined by the excess pore pressure, as shown in the second equation in Eq. (13). 324 

An ensemble of RFEM realizations with anisotropic random fields of Young modulus and 325 

permeability are separately carried out to calculate the possible average consolidation degrees. 326 

To ensure the reliability and efficiency of the proposed RFEM, the sensitivity of the results to the 327 

number of Monte-Carlo simulations is checked. The optimal number of RFEM realizations is the 328 

minimum number to make the standard deviation of the average consolidation degree σU converge. 329 
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In the case of the worst convergence, the standard deviation and simulation number curves of two 330 

consolidation times are shown in Fig. 5. The horizontal axis represents the number of RFEM 331 

realizations, and the vertical axis represents the standard deviation of the average consolidation 332 

degree. It can be easily found from the convergence curves that σU remains constant when the 333 

number of RFEM realizations is greater than 1000. Therefore, the number of RFEM realizations 334 

takes 1000 in the following consolidation analysis.  335 

 336 

4.1.1 Anisotropic random field of Young modulus 337 

A set of possible average consolidation degrees are obtained from 1000 RFEM realizations with 338 

Young modulus as an anisotropic random field. The probability distributions of average 339 

consolidation degree at any consolidation time can be estimated for the given vertical SOF θlnE and 340 

COV of Young modulus. The following symbols are declared here: μ and σ denote the mean value 341 

and standard deviation of the average consolidation degree computed by RFEM,  and  are 342 

the statistics estimated by the following analytical method, and the subscripts “vt20” and “vt100” 343 

stand for the consolidation time t = 2×106 s and t = 1×107 s. 344 

Vertical SOF of Young modulus 345 
 346 

To illustrate the influence of vertical SOF on the consolidation, the probability distributions of 347 

the average consolidation degree around 0.7 at 1×107 s are plotted in Fig. 6. The histograms and 348 

dotted lines in the figure are obtained by RFEM with various vertical SOFs. With the increase of 349 

θlnE from 0.1H to 1.0H, the mean value of the average consolidation degree remains basically 350 

unchanged, while the standard deviation increases.  351 

As for an extreme case, the anisotropic random field shown in Figs. 3-4 becomes the same as the 352 

µ̂ σ̂
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θlnE increases to large enough. In this case, the probability distribution calculated by the RFEM is 353 

the same as that obtained by FEM with E as a random variable following lognormal distribution. 354 

This situation can be reasonably considered as 1-D consolidation, and the average consolidation 355 

degree can be solved by using Terzaghi's explicit solution Eq. (16). 356 
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=  . H is the thickness of soil layer, v is 358 

Poisson’s ratio, t is consolidation time and P0 is initial consolidation pressure. 359 

Taking Young modulus E as a random variable, the probability density function (PDF) f(U) of 360 

average consolidation degree U is derived from Eq. (16). 361 
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Moreover, in order to consider vertical SOF, the variance function Eq. (9) is introduced to reduce 363 

the standard deviation obtained from Eq. (17). The probability distribution is recalculated according 364 

to the reduced standard deviation. The probability distributions for various vertical SOFs are 365 

estimated by the previous simplified method and plotted with solid lines in Figs. 6 (a)-(d). When the 366 

vertical SOF θlnE ranges from 0.1H to 1.0H, the probability distribution predicted by RFEM is 367 

generally consistent with that estimated by the simplified method. The increase in the standard 368 

deviation of the average consolidation degree can be explained by the increase of the vertical SOF 369 

θlnE in the variance function. 370 

The statistics of average consolidation degree at 2×106 s and 1×107 s are separately calculated 371 
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by RFEM and the simplified method. The results are summarized in Table 3. As the θlnE ranges from 372 

0.1H to 1.0H, the mean value of the average consolidation degree varies little, indicating that the 373 

mean values of the average consolidation degree are independent of the vertical SOF of Young 374 

modulus. The maximum relative difference δmax is less than 5%, which means that the mean values 375 

of the average consolidation degree of the two methods are in good agreement. However, the vertical 376 

SOF has a significant influence on the standard deviation of the average consolidation degree. It can 377 

be seen from Table 3 that the standard deviation of the average consolidation degree increases with 378 

the increase of θlnE. On the whole, the maximum relative difference δmax of the variances predicted 379 

by the two methods is less than 15% and approximately equal. In the extreme case of large θlnE, the 380 

standard deviation estimated by the simplified method is approximate to RFEM. In this case, Young 381 

modulus tends to the same value in an anisotropic random field that can be considered as a random 382 

variable, and the value of the variance function is approximately equal to 1.0. Therefore, the standard 383 

deviations obtained by these two methods are very close when θlnE takes a large value. 384 

The curves of the statistics of the average consolidation degree over time are plotted in Figs. 7 385 

(a) and (b), as obtained from a number of RFEM simulations. The mean value of the average 386 

consolidation degree increases nonlinearly with consolidation time and is not affected by the SOF 387 

of the Young modulus. With the increase of the SOF, the variance function decreases, leading to a 388 

decrease in the standard deviation of the average consolidation degree. The standard deviation first 389 

increases, and then decreases with time. As for various SOFs of Young modulus, the maximum 390 

deviations appear almost at the same time. 391 

COV of Young modulus 392 
 393 

The statistics of the average consolidation degree are calculated by RFEM and the simplified 394 

method, where the vertical SOF θlnE=0.2H (4m), and the COV in the range of 0.15 to 0.30. The 395 
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results are listed in Table 4. The mean value of the average consolidation degree calculated by the 396 

simplified method is in good agreement with that calculated by RFEM within the specified COV of 397 

Young modulus. However, it can be seen from Table 4 that COV has an obvious influence on the 398 

standard deviation of the average consolidation degree. When the COV doubles from 0.15 to 0.30, 399 

the standard deviation of the average consolidation degree almost doubles. The relative difference 400 

of the average consolidation degrees calculated by the two methods is less than 15%, indicating the 401 

effectiveness of the simplified method. 402 

According to the results, the horizontally stratified anisotropic random field is an effective and 403 

accurate tool to describe the spatial variability of soil. As the COV or vertical SOF of the anisotropic 404 

random field of Young modulus increases, the mean value of the average consolidation degree 405 

changes very little, while the standard deviation rises rapidly. Additionally, to avoid a number of 406 

RFEM simulations in practical engineering, the simplified method is suggested to estimate the 407 

probability distribution of consolidation settlement within the allowable error. 408 

As can be seen from Fig. 8, the COV of the Young modulus affects the mean value and standard 409 

deviation of the average consolidation degree in a similar way to the SOF. The COV of the Young 410 

modulus has almost no effect on the mean value of the average consolidation degree, while the 411 

standard deviation of the average consolidation degree increases as the COV of the Young modulus 412 

increases. The standard deviation increases first and then decreases with time. The main reason for 413 

the decrease in standard deviation is that the number of RFEM realizations that achieve complete 414 

consolidation increases gradually over time, thereby reducing the standard deviation. 415 

 416 

4.1.2 Anisotropic random field of permeability 417 

In order to measure the effects of permeability on consolidation, a number of RFEM realizations 418 
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are performed, where permeability is represented by anisotropic random field and Young modulus 419 

is a constant value, as listed in Table 1. For the given vertical SOF θlnk and COV of permeability, the 420 

average consolidation degree at any consolidation time is evaluated by RFEM. 421 

Vertical SOF of permeability 422 
 423 

The probability distributions of average consolidation degree obtained by RFEM are plotted with 424 

histograms and dotted lines, as shown in Figs. 9 (a)-(d). The results indicate that when the vertical 425 

SOF θlnk is large, the average consolidation degree is widely dispersed. Furthermore, for θlnk=1.0H 426 

and COV=3.0, the average consolidation degree of some RFEM realizations reaches 1.0, indicating 427 

the completion of consolidation. Moreover, the probability of complete consolidation increases 428 

gradually with time. Therefore, there are two peaks in the probability distribution of Fig. 9 (d). 429 

In an extreme case, when θlnk is large enough, each variable in the random field of permeability 430 

approximates a constant value. That is to say, permeability can reasonably be regarded as a random 431 

variable. Through the reasoning similar to section 4.1.1, the permeability is taken as a random 432 

variable to derive the probability distribution of the average consolidation degree, which is given by 433 

Eq. (18). Then, the variance function in Eq. (9) is used to consider the effect of vertical SOF. Finally, 434 

the probability distribution is recalculated according to the reduced standard deviation. 435 
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The probability distributions of average consolidation degree estimated by the previous 437 

simplified method are plotted with solid lines, and the statistics are shown in Fig. 9. The results show 438 

that as the θlnk increases, the mean value and standard deviation increase, and the probability 439 

distribution evaluated by the simplified method gradually approaches that obtained by RFEM. When 440 
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the θlnk is greater than 10 m, the probability distribution obtained by RFEM is approximately equal 441 

to that obtained by the simplified method. 442 

Table 5 shows the statistics of the average consolidation degree at 2×106 s and 1×107 s for θlnk in 443 

the range of 0.1~1.0H. As can be seen from Table 5, there are large differences in the statistics of 444 

average consolidation degree at 1×107 s for a small value of θlnk. From the perspective of the spatial 445 

variability, low permeability soils bunched together are not conducive to drainage when θlnk takes a 446 

small value. Since the blockage effect (the so-called blockage effect is first presented by Huang et al. 447 

2010) is not taken into account, the simplified method overestimates the mean value of the average 448 

consolidation degree and underestimates its standard deviation. This is why there is a large 449 

difference between the two approaches.  450 

To better understand the influence of the vertical SOF θlnk on consolidation, the curves of the 451 

statistics of the average consolidation degree over time calculated by RFEM are shown in Fig. 10. 452 

The mean value increases with time, while the standard deviation increases at first and then 453 

decreases with time. As shown in Figs. 10 (a)-(b), θlnk of the anisotropic random field of permeability 454 

has little influence on the mean value, but a significant influence on the standard deviation. As the 455 

θlnk increases, the variance function of the consolidated soil increases, resulting in a large variability 456 

of the average consolidation degree. It is worth noting that the standard deviation begins to decrease 457 

almost at the same time for various θlnk. 458 

COV of permeability 459 
 460 

From the above analysis, it can be seen that due to the blocking effect caused by the vertical SOF 461 

of permeability, the calculation results of the simplified method have a large error. Therefore, the 462 

statistics of the average consolidation degree are calculated by using RFEM. As for various COVs, 463 
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the statistics of the average consolidation degree over time are plotted in Figs. 11 (a)-(b), in which 464 

θlnk takes 0.2H. As shown in Fig. 11 (a), the mean value of the average consolidation degree increases 465 

with time. As the COV of the permeability increases from 1.0 to 3.0, the time required to complete 466 

consolidation is prolonged. The blockage effect caused by bunched regions with low permeability 467 

soil is more obvious for a greater value of COV, which results in more time to complete consolidation. 468 

The curves shown in Fig. 11 (b) indicate that the standard deviation of the average consolidation 469 

degree increases with time, and then eventually decreases. For the anisotropic random fields of 470 

permeability with larger COV, the blockage effect is more likely to occur and the time to complete 471 

consolidation is prolonged. At the later stage, some RFEM realizations have been fully consolidate 472 

with the average consolidation degrees reaching 1.0, thus reducing the standard deviation over time. 473 

In fact, as the COV increases, the reduction of the standard deviation is delayed, which means the 474 

COV of permeability has an obvious influence on the consolidation process. 475 

 476 

4.2 Influence of anisotropic random field on creep deformation 477 

4.2.1 Convergence and probabilistic analysis of creep deformation 478 

In the RFEM simulation for creep deformation, the anisotropic random field with specified SOF 479 

and COV illustrated in section 3.2.2 is used to consider the spatial variability of the secondary 480 

consolidation coefficient. According to the results of RFEM, one worse case of convergence, 481 

θlnCαe=4 m, and COV=0.2, is chosen to determine a reasonable number of RFEM simulations. The 482 

creep time in this analysis ranges from 30 days to 360 days. The curves of the standard deviation of 483 

creep deformation with respect to the number of RFEM realizations are shown in Fig. 12. The 484 

horizontal axis and the vertical axis represent the number of RFEM realizations and the standard 485 

deviation of creep deformation, respectively. It can be seen that the standard deviation remains stable 486 
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after 600 RFEM realizations, which indicates the convergence of the RFEM realization. In view of 487 

the computational efficiency, the optimal number of RFEM realizations is 600, and it is adopted in 488 

the following analysis. 489 

The possible creep deformations are obtained from 600 RFEM realizations with the secondary 490 

consolidation coefficient as the anisotropic random field. According to the simulation results, 491 

probability distributions of creep deformation at different times are depicted in Fig. 13, where 492 

θlnCαe=4m, COV=0.2. As the creep progresses, the mean value and standard deviation of creep 493 

deformation increase gradually. The results reveal that the creep deformation gradually diverges 494 

over time, which means that the uncertainty of the creep deformation gradually accumulates at the 495 

same time. 496 

 497 

4.2.2 SOF of secondary consolidation coefficient 498 

The possible creep deformations within 30 years are calculated by RFEM, and the COV of the 499 

secondary consolidation coefficient is 0.2. The mean value and standard deviation of creep 500 

deformation for various vertical SOFs θlnCαe are shown in Fig. 14. 501 

As shown in Figs. 14 (a)-(b), the mean value and standard deviation of creep deformation 502 

increase nonlinearly with time. After 30 years of creep, the mean value and standard deviation 503 

remain almost constant, and their maximum values reach 0.65 m and 0.14 m, respectively. The 504 

results show that the vertical SOF θlnCαe has little effect on the mean value of creep deformation but 505 

an obvious effect on its standard deviation, which is consistent with the effect of Young modulus’ 506 

SOF on the foundation deformation investigated by Fenton and Griffiths (2002). It is easy to find 507 

from Fig. 14 (b) that the standard deviation of creep deformation is positively correlated with θlnCαe. 508 

In fact, the generality variance of the secondary consolidation coefficient along the depth of soil 509 
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increases with the increase of θlnCαe, which in turn leads to an increase in the standard deviation of 510 

creep deformation. 511 

In order to better explain the creep deformation range for various θlnCαe, 99.7% confidence 512 

intervals are estimated by the results of RFEM. Fig. 15 presents the curves of upper and lower limits 513 

of creep deformation with respect to time when the confidence level is 99.7%. For the same θlnCαe, 514 

the curves of the upper and lower limits are drawn with the same line type. The interval between 515 

upper limit and the lower limit represents the confidence interval of creep deformation. The 516 

confidence interval gradually increases with creep time and θlnCαe. Even for different θlnCαe, the 517 

confidence interval of creep deformation remains stable almost at the same time. 518 

 519 

4.2.3 COV of secondary consolidation coefficient 520 

Fig. 16 shows the mean value and standard deviation of the creep deformation for various COVs 521 

of the secondary consolidation coefficient, where the vertical SOF of the secondary consolidation 522 

coefficient takes 4 m. As shown in Fig. 16 (a), the mean value of creep deformation increases 523 

nonlinearly with time, and the maximum value is 0.64 m. When the COV of the secondary 524 

consolidation coefficient is in the range of 0.2 to 0.4, there is almost no difference between the mean 525 

values. It can be seen from Fig. 16 (b) that the standard deviation of creep deformation increases 526 

with time. Under the same creep time, the standard deviation increases as the COV of the secondary 527 

consolidation coefficient increases. The mean value and standard deviation of creep deformation 528 

gradually stabilize over time. After 30 years of creep, the maximum standard deviation reaches 0.11 529 

m, which is an unacceptable and unallowable deformation for subgrades or other structures.  530 

Fig. 17 presents the upper and lower limits of creep deformation with respect to time at a 99.7% 531 

confidence level. For the same COV, the curves of the upper and lower limits are plotted with the 532 
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same line type. The confidence interval of creep deformation increases with time and then remains 533 

constant. In addition, the dispersion of creep deformation increases with the increase of COV.  534 

From the results shown in Fig. 15 and Fig. 17, it seems impossible to accurately estimate the 535 

creep deformation of spatial variability clay soils by traditional deterministic approaches. However, 536 

it is interesting that after years of creep, the mean value of creep deformation and the confidence 537 

interval with a confidence level of 99.7% remain constant. Therefore, if the soil has undergone a 538 

long-term creep and the creep deformation does not increase anymore, the spatial variability of the 539 

secondary consolidation coefficient can be ignored in this situation. 540 

 541 

5. Conclusions 542 

The spatial variability of soil properties plays a significant role in the time-dependent 543 

deformation. In this study, the probabilistic characteristics of consolidation and creep have been 544 

investigated by RFEM, in which an anisotropic random field is used to characterize the spatial 545 

variability of soil parameters. Herein, the horizontal SOF of the anisotropic random field is usually 546 

large enough in practical engineering, which means that the parameters of soil in horizontal direction 547 

remain locally unchanged. The study on the probabilistic time-dependent deformation of clay soil is 548 

beneficial to the engineering practice, and provides insightful clues to the time-dependent reliability 549 

of the engineering design. According to the results of the above-mentioned analysis, the following 550 

conclusions can be drawn.  551 

• The vertical SOF or COV of Young modulus has little influence on the mean value of the 552 

average consolidation degree, but its standard deviation will increase as the vertical SOF or COV 553 

increases. Compared to RFEM, the simplified method considering the spatial variability of the 554 

Young modulus is efficient to estimate the consolidation.  555 
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• The vertical SOF of permeability has little influence on the mean value of the average 556 

consolidation degree. However, the mean value decreases with an increase of COV because of 557 

the blockage effect induced by bunched regions of low permeability soil. The standard deviation 558 

of the average consolidation degree increases at first and then decreases. The larger value of the 559 

SOF or COV leads to a higher dispersion in the average consolidation degree.  560 

• The spatial variability of permeability causes a blockage effect, which makes the simplified 561 

method overestimate the mean value of the average consolidation degree, and underestimate its 562 

standard deviation.  563 

• Considering the anisotropic random field of secondary consolidation coefficient, the creep 564 

deformation increases with time and then tends to a constant value. Meanwhile, the uncertainty 565 

of creep deformation gradually accumulates and finally remains unchanged.  566 

• The vertical SOF and COV of the anisotropic random field of secondary consolidation 567 

coefficient have little influence on the mean value of creep deformation, but a great influence on 568 

its standard deviation. Additionally, the variability of creep deformation increases gradually with 569 

an increase in vertical SOF or COV.  570 

 571 
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Table lists 651 
 652 

Table 1 Basic statistics of soil consolidation parameters (Baecher and Christian 2003, Benson 1993). 653 
Table 2 Physical parameters for creep model (Yin et al. 2010, Xu et al. 2008). 654 
Table 3 Statistics estimated by RFEM and simplified method for different SOFs of Young modulus (μ=10 655 
kPa, COV = 0.2). 656 
Table 4 Statistics estimated by RFEM and the simplified method for different COVs of Young modulus (μ 657 
=10 kPa, θlnE = 0.2H). 658 
Table 5 Statistics estimated by RFEM and the simplified method for various SOFs of permeability (μ=10-659 
7m/s, COV = 1.0). 660 
 661 

 662 
Table 1 Basic statistics of soil consolidation parameters (Baecher and Christian 2003, Benson 1993) 663 

 μ COV Horizontal SOF Vertical SOF 

E 10 kPa 0.2 40 m 4 m 
k 10-7 m/s 1.0 40 m 4 m 

 664 
 665 
Table 2 Physical parameters for creep model (Yin et al. 2010, Xu et al. 2008) 666 

λ κ e0 υ Mc P0 k Cαe 

0.197 0.042 1.5 0.35 1.23 5.0kPa 10-8 m/s 0.006 

 667 
 668 

Table 3 Statistics estimated by RFEM and simplified method for different SOFs of Young modulus (μ=10 669 
kPa, COV = 0.2) 670 

Hereby, δmax refers to the maximum relative difference, which is defined by the ratio of the maximum 671 
difference between the average consolidation degrees calculated by RFEM and the simplified method to that 672 
obtained by RFEM. 673 

 674 
 675 
 676 

θlnE 
μvt20 μvt100   

δ 
σvt20 σvt100   

δ 
RFEM Simplified method RFEM Simplified method  

0.1H 0.31 0.68 0.32 0.69 0.03 0.011 0.019 0.010 0.018 0.10 
0.2H 0.31 0.69 0.32 0.69 0.03 0.016 0.027 0.014 0.025 0.14 
0.5H 0.31 0.69 0.32 0.69 0.03 0.023 0.041 0.020 0.038 0.15 
1.0H 0.32 0.69 0.32 0.69 0.00 0.026 0.050 0.026 0.048 0.04 

20ˆvtµ 100ˆvtµ 20ˆvtσ 100ˆvtσ
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 677 
 678 
 679 

Table 4 Statistics estimated by RFEM and the simplified method for different COVs of Young modulus (μ 680 
=10 kPa, θlnE = 0.2H) 681 

 682 
Table 5 Statistics estimated by RFEM and the simplified method for various SOFs of permeability (μ=10-7 683 
m/s, COV = 1.0) 684 

 685 
 686 

COV 
μvt20 μvt100   

δ 
σvt20 σvt100   

δ 
RFEM Simplified method RFEM Simplified method 

0.15 0.31 0.69 0.32 0.70 0.03 0.011 0.020 0.010 0.019 0.10 
0.20 0.31 0.69 0.32 0.69 0.03 0.016 0.027 0.014 0.025 0.14 
0.25 0.31 0.68 0.32 0.69 0.03 0.019 0.033 0.017 0.032 0.12 
0.30 0.31 0.67 0.31 0.69 0.00 0.023 0.040 0.020 0.038 0.15 

θlnk 
μvt20 μvt100   

δ 
σvt20 σvt100   

δ 
RFEM Simplified method RFEM Simplified method 

0.1H 0.17 0.32 0.18 0.41 0.28 0.068 0.114 0.044 0.097 0.35 
0.2H 0.19 0.35 0.19 0.42 0.20 0.089 0.144 0.064 0.135 0.28 
0.5H 0.22 0.42 0.20 0.44 0.05 0.124 0.202 0.105 0.197 0.15 
1.0H 0.22 0.44 0.22 0.45 0.02 0.150 0.241 0.143 0.238 0.05 

20ˆvtµ 100ˆvtµ 20ˆvtσ 100ˆvtσ

20ˆvtµ 100ˆvtµ 20ˆvtσ 100ˆvtσ



 

 

Figure lists 687 
 688 
Fig. 1 Probability distributions of the equivalent consolidation coefficient, (a) Ct50s calculated by settlement, (b) 689 
Ct50p calculated by excess pore pressure. 690 
Fig. 2 Physical model of RFEM for the time-dependent deformation. 691 
Fig. 3 Realizations of normalized anisotropic random field (vertical SOF=4 m), (a) horizontal SOF=20 m, (b) 692 
Horizontal SOF=50 m, (c) Horizontal SOF=80 m. 693 
Fig. 4 Realizations of the normalized anisotropic random field (horizontal SOF=50 m), (a) vertical SOF=2 m, (b) 694 
vertical SOF=4 m, (c) vertical SOF=6 m. 695 
Fig. 5 Convergence of the RFEM realization for the average consolidation degree. 696 
Fig. 6 Probability distributions of the average consolidation degree for different θlnE (t = 107 s, μ = 10 kPa, COV 697 
= 0.2), (a) θlnE = 0.1H, (b) θlnE = 0.2H, (c) θlnE = 0.5H, (d) θlnE = 1.0H. 698 
Fig. 7 Curves of the statistics of the average consolidation degree with time for various SOFs of Young modulus 699 
(μ = 10 kPa, COV = 0.2), (a) mean value, (b) standard deviation. 700 
Fig. 8 Curves of the statistics of average consolidation degree with time for various COVs of Young modulus (μ 701 
= 10 kPa, θlnE = 0.2H), (a) mean value, (b) standard deviation. 702 
Fig. 9 The probability distributions of average consolidation degree for various SOFs of permeability (t = 107 s, 703 
μ=10-7 m/s, COV = 1.0), (a) θlnk=0.1H, (b) θlnk=0.2H, (c) θlnk=0.5H, (d) θlnk=1.0H. 704 
Fig. 10 Curves of the statistics of average consolidation degree with time for various SOFs of permeability 705 
(μ=10-7 m/s, COV = 1.0), (a) mean value, (b) standard deviation. 706 
Fig. 11 Curves of the statistics of average consolidation degree with time for various COVs of permeability 707 
(μ=10-7 m/s, θlnk = 0.2H), (a) mean value, (b) standard deviation. 708 
Fig. 12 Convergence of the RFEM realization for the creep deformation (θlnCαe=4 m, COV=0.2). 709 
Fig. 13 Probability distributions of creep deformation at different times (θlnCαe=4 m, COV=0.2). 710 
Fig. 14 Time-varying statistics of creep deformation for various SOFs of secondary consolidation coefficient 711 
(μ=0.006, COV = 0.2), (a) mean value, (b) standard deviation. 712 
Fig. 15 99.7% confidence interval of creep deformation for various SOFs of secondary consolidation coefficient 713 
(μ=0.006, COV = 0.2). 714 
Fig. 16 Time-varying statistics of creep deformation for various COVs of secondary consolidation coefficient 715 
(μ=0.006, θlnCαe = 4 m), (a) mean value, (b) standard deviation. 716 
Fig. 17 99.7% confidence interval of creep deformation for COVs of secondary consolidation coefficient (μ=0.006, 717 
θlnCαe = 4 m). 718 
 719 
 720 
 721 



 

 

(a)  (b)  722 
Fig. 1 Probability distributions of the equivalent consolidation coefficient, (a) Ct50s calculated by settlement, 723 

(b) Ct50p calculated by excess pore pressure. 724 
 725 

 726 
Fig. 2 Physical model of RFEM for the time-dependent deformation. 727 

   728 
Fig. 3 Realizations of normalized anisotropic random field (vertical SOF=4 m), (a) horizontal SOF=20 m, 729 

(b) Horizontal SOF=50 m, (c) Horizontal SOF=80 m. 730 
 731 

(a) (b) (c)



 

 

    732 
Fig. 4 Realizations of the normalized anisotropic random field (horizontal SOF=50 m), (a) vertical SOF=2 733 

m, (b) vertical SOF=4 m, (c) vertical SOF=6 m. 734 
 735 

 736 
Fig. 5 Convergence of the RFEM realization for the average consolidation degree. 737 

 738 
 739 

(a)  (b)  740 

(a) (b) (c)



 

 

(c)  (d)  741 
Fig. 6 Probability distributions of the average consolidation degree for different θlnE (t = 107 s, μ = 10 kPa, 742 

COV = 0.2), (a) θlnE = 0.1H, (b) θlnE = 0.2H, (c) θlnE = 0.5H, (d) θlnE = 1.0H. 743 
 744 

(a)  (b)  745 
Fig. 7 Curves of the statistics of the average consolidation degree with time for various SOFs of Young 746 

modulus (μ = 10 kPa, COV = 0.2), (a) mean value, (b) standard deviation. 747 
 748 

(a)  (b)  749 
Fig. 8 Curves of the statistics of average consolidation degree with time for various COVs of Young 750 

modulus (μ = 10 kPa, θlnE = 0.2H), (a) mean value, (b) standard deviation. 751 
 752 



 

 

(a)  (b)  753 

(c)  (d)  754 
Fig. 9 The probability distributions of average consolidation degree for various SOFs of permeability (t = 755 

107 s, μ=10-7 m/s, COV = 1.0), (a) θlnk=0.1H, (b) θlnk=0.2H, (c) θlnk=0.5H, (d) θlnk=1.0H. 756 
 757 

(a)  (b)  758 
Fig. 10 Curves of the statistics of average consolidation degree with time for various SOFs of permeability 759 

(μ=10-7 m/s, COV = 1.0), (a) mean value, (b) standard deviation. 760 
 761 
 762 
 763 
 764 



 

 

(a)  (b)  765 
Fig. 11 Curves of the statistics of average consolidation degree with time for various COVs of permeability 766 

(μ=10-7 m/s, θlnk = 0.2H), (a) mean value, (b) standard deviation. 767 
 768 

 769 
Fig. 12 Convergence of the RFEM realization for the creep deformation (θlnCαe=4 m, COV=0.2). 770 

 771 
 772 

 773 



 

 

Fig. 13 Probability distributions of creep deformation at different times (θlnCαe=4 m, COV=0.2). 774 
 775 
 776 
 777 

(a)  (b)  778 
Fig. 14 Time-varying statistics of creep deformation for various SOFs of secondary consolidation coefficient 779 

(μ=0.006, COV = 0.2), (a) mean value, (b) standard deviation. 780 
 781 

 782 
Fig. 15 99.7% confidence interval of creep deformation for various SOFs of secondary consolidation 783 

coefficient (μ=0.006, COV = 0.2). 784 
 785 

 (a)  (b)  786 
Fig. 16 Time-varying statistics of creep deformation for various COVs of secondary consolidation 787 



 

 

coefficient (μ=0.006, θlnCαe = 4 m), (a) mean value, (b) standard deviation. 788 
 789 
 790 
 791 
 792 
 793 
 794 
 795 

 796 
Fig. 17 99.7% confidence interval of creep deformation for COVs of secondary consolidation coefficient 797 

(μ=0.006, θlnCαe = 4 m). 798 
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