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Abstract

The widespread threat posed by slope structure failures to human lives and property safety is
widely acknowledged. Additionally, natural soil often displays spatial variability due to geological
deposition and other factors. Therefore, predicting the seismic response of slopes subjected to
ground motions and inversely analyzing the spatial distribution of soils remains an unresolved
issue. In the present work, a shaking table experimental test is first designed and carried out, in
which a soft-soil slope dynamic system is established. To capture the seismic response of the soft-
soil slope, specifically the experimental characteristic of acceleration and soil pressure response
in both spatial domain and time domain, a series of sensors were pre-embedded in the slope.
Subsequently, a model updating approach is proposed for slope seismic analysis that incorporates
spatial variability of soil. In addition, to enhance computational efficiency, the dimensionality
reduction of Karhunen-Loeve expansion method is introduced to reduce inverse analysis parame-
ters. Based on 34 samples collected from experimental data, it is shown that near-fault pulse-like
ground motions deliver greater concentrated energy, causing more severe damage to slope struc-
tures, especially the topsoil layer. Furthermore, using data obtained from a shaking table test
subjected to ground motion RSN 158H1 from the PEER NGA-West2 database as an example, it
is also shown that the proposed approach demonstrates high accuracy in predicting the spatial

distribution of the maximum shear modulus in soil slope dynamic systems. The present work
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not only addresses the challenges posed by mainshock-aftershock effects but also highlights the
potential of model updating approaches to enhance the understanding of slope behavior under
seismic loading conditions.

Keywords: Shaking table test, Model updating, Bayesian analysis, Markov chain Monte Carlo,

Seismic hazard

1. Introduction

Landslides triggered by earthquakes have caused significant damage and loss of life around
the world. Understanding the mechanisms and evaluating seismic responses that contribute to
earthquake-induced landslides is critical for mitigating their impacts and reducing the risk of
future disasters [I}, 2, B]. In fact, earthquakes often constitute a continuous process, wherein a
mainshock is usually followed by a series of aftershocks [4, 5]. Additionally, regions within the
same seismic zone frequently experience multiple earthquake events. Subjected to the influence
of multiple earthquake events, slope structures previously damaged by the seismic excitation
may be incapable of withstanding the impact of the next seismic event, potentially resulting in
complete failure [6]. This vulnerability is particularly pronounced in the case of soft-soil slopes,
where the seismic amplification effect of the soft soil can significantly amplify cumulative damage
[7, B]. Therefore, predicting the seismic responses caused by seismic excitations is critical for
the safety of structures. However, the majority of studies have focused on the effects of multiple
earthquake events mostly for steel structures, wood structures, single-degree-of-freedom systems,
etc. There is a significant scarcity of research concerning the damage to slope structures under
seismic excitations.

Currently, ground motions can be primarily classified into two categories based on the presence
of pulses; these are pulse-like ground motion (PLGM) and non-pulse ground motion (NPGM).
However, near-fault pulse-like ground motions that feature a long-period and high-amplitude pulse
in velocity signal potentially cause more severe damage. Some studies have already been done in
this area including topics such as generation principle [9], identification [10], numerical simulation
[T1], and impacts on structures [12] [13]. Nonetheless, despite attempts to quantify the impacts of
PLGMs and NPGMs on actual slope structures through numerical simulations, the understanding
of this critical issue remains unclear. In this context, the objective is to derive evolving rules under
different seismic excitations. This is crucial for a better understanding of slope failure mechanisms,

providing the foundation for improving numerical models. Achieving this goal necessitates the
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implementation of relevant experimental studies. As for experimental study, Bao et al. [I4]
investigated the effect of near-fault ground motions with disparate intensities; Bao et al. [15]
also examined the influence of PLGMs but, in general, additional research effort should be put
towards the exploration of the seismic response of soft-soil slope dynamic systems under PLGMs
and NPGMs.

In terms of the relevant numerical analysis, the response and reliability of slope structures
subjected to seismic ground motions have consistently been a topic of interest among scholars. In
the analysis of slope dynamic reliability, it is important to note that the majority of existing as-
sessment models are built upon the Newmark-type procedure (e.g. [16] 17, [I8]). In comparison to
the latter, numerical stress-strain analysis can often offer more precise estimations of the dynamic
behavior of slope systems [19, 20]. Moreover, in current numerical-based research, it is commonly
assumed that soil properties within the soil strata are uniform, and the uncertainty associated
with soil parameter variations is often simply disregarded. The inherent spatial variability of
soil characteristic parameters has not yet been incorporated into the current probability-based
numerical methods [21], 22]. In reality, this spatial variability of soil composition often exhibits
significant variations spanning several orders of magnitude, which can indeed impart certain influ-
ences on the analysis outcomes [23, 24], 25]. The potential impact of non-uniform soil properties
on seismic hazards in slope dynamic systems remains uncertain. However, the spatial distribution
field of soils in actual site is typically unknown. Therefore, determining how to inversely analyze
the spatial distribution field of soil properties in the investigation site is critical.

In this context, adopting a model updating approach can well address the above issues. In
geotechnical engineering, predictions of slope models often differ significantly from the measured
results. Thus, the model updating approach can assist engineers in calibrating geotechnical ma-
terial parameters or numerical models by incorporating test data, monitoring data, and field
observation data [26, 27, 28]. Bayesian methods stand out as a frequently employed strategy in
model updating, providing a probabilistic perspective to address the challenges of refining models
[29, B30, B1]. The most common method of Bayesian updating is carried out through sampling
techniques, such as Markov chain Monte Carlo (MCMC) methods. Uribe et al. [32] explored
how varying the prior random field model influences the resolution of Bayesian inverse problems.
However, incorporating the spatial variability of the soil into Bayesian updating introduces a

significant increase in parameter dimensions, increasing, subsequently, the associated computa-
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tional cost [33]. Conventional Bayesian methods often struggle to effectively address this issue
[34]; especially, maintaining the stationarity and achieving convergence of Markov chains in high-
dimensional spaces presents a formidable challenge [35]. The intricacy of Bayesian updating tends
to increase when handling discrete outputs in high-dimensional spaces. This, in turn, results in
a heavy computational burden for likelihood function evaluations [33]. In such cases, due to the
curse of dimensionality in both modeling and simulation, even efficient surrogate model methods
may fail to achieve their anticipated potential. Hence, the present study introduces the integration
of K-L dimensionality reduction techniques into the framework for discrete processes, enabling the
use of low-dimensional models to reduce the associated computational costs.

In this paper, aiming at addressing the aforementioned challenges, a shaking table experimental
test is first designed and carried out, in which a soil slope dynamic system is established. To cap-
ture the seismic response of a soft-soil slope dynamic system, particularly the experimental char-
acteristics of acceleration, stability, and residual deformation, a series of sensors are pre-embedded
in the slope to acquire 34 sets of data samples. Subsequently, a real-time model-updating-based
adaptive approach is proposed, which incorporates soil spatial variability and introduces the con-
cept of dimensionality reduction for K-L expansion method for geotechnical structures subjected
to sequential seismic motions. By doing so, the herein proposed approach accurately predicts the
potential seismic responses of soil structures and inversely analyzes the spatial distribution field
of real-site soil parameters. Finally, the feasibility of the proposed approach is validated through

the analysis of a soft-soil slope, coupled with the acquired data from shaking table tests.

2. Experimental setup

2.1. Shaking table test

Influenced by the Honghe fault zone, Honghe Autonomous Prefecture of Yunnan Province,
China, and its surrounding areas have been severely affected by historical earthquakes leading to
landslides and loss of property [36]. In the present study, red clay soil which is used as test soil
was obtained from the Duodi Village, Honghe Autonomous Prefecture, Yunnan Province [37, 38].
Taking into account that particle size composition is an important indicator for determining soil
type, the herein used particle size composition is characterized by Bettersize 2600 laser particle
size analyzer. The detection principle of the machine is to use a monochromatic laser of a certain

wavelength as a light source. The spatial distribution of the diffracted and scattered light energy
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is only related to the particle size, so that the particle size distribution (PSD) curve of the soil
is obtained (e.g. [39, 40, [41]). Moreover, the measuring range of the analyzer is lies in the range
of 0.02-2600 pm and contains 100 particle size classes. The PSD curve of the test soil is shown
in Figure [I The PSD curve indicates that the particle diameters of the tested soil samples fall

within the range of clay where the diameter is less than 75 um.
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Figure 1: Particle size distribution of the test soil.

The length of the used model box is 90 cm, determining a similarity ratio of 50. Due to the
nonlinear nature of soil properties, the similarity relationship between the scaled model and the
prototype site is established via the Buckingham law [42] [43]. The mechanical parameter similarity
relationship between the scaled model’s soil and that of the prototype site, as outlined in Table

[, is employed for reference.

2.2. Layout of sensors

To capture the seismic response of clay soil, a series of sensors are pre-embedded in the slope
model. The piezoelectric accelerometers are utilized to record the seismic responses of acceleration
which are designed with shear structures that exhibit desirable features, such as low base strain,
high immunity to temperature changes, compact size, and consistent performance. Further, to
record the seismic response of mechanical properties, four dynamic earth pressure gauges are also
pre-embedded in the slope. Additional information about the parameters of the used sensors are
listed in Table 2] Note that the dynamic earth pressure gauge is buried vertically, aligned with
the bottom surface, and its probe was parallel to the left side boundary of the model box. The

specific locations of sensors are illustrated in Figure [2



Table 1: Similarity relationship of soil mechanical parameters between the scaled model and the prototype site.

Scaling factor A Scaling law Scaling factor A Scaling law
Cohesion ¢ Ao/ (MAgA,)=1 Acceleration a Ao/ (NAF)=1

Stress o Ao/ (MAgA,)=1 Elastic modulus E Ae/(NAgA,)=1
Gravitational acceleration g \g/(AMA})=1  Time ¢ A/ (NPA00)=1
Mechanical parameter Symbol Dimension (MLT) Scaling factors
Length [ [L] =50

Density p M][L] 3 1

Cohesion c [M][L]~}[T] Ae=NAgA,=50
Gravitational acceleration g [L][T]2 1

Friction angle © - 1

Elastic modulus E [M][L]~[T]2 AE=NAgA,=50
Strain € - 1

Stress o M][L]~[T]~2 Ae=NAgA,=50
Acceleration a [L][T]2 1

Time t [T] Ai=(Na/N)7O5=T.07
Frequency f [T]* Ar=(Aa/N)%P=0.14

Polymer latex film Boundary of model box
R e N
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Cross section for sensors
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Figure 2: Schematic of geometry and sensor installation for shaking table test. (a) Sketch view of slope model; (b)
sensors arrangement.

Table 2: Sensors parameters.

Name Sensor type Measuring range Frequency Amount
Piezoelectric accelerometer 1A119E 0 - 500 m/s? 0.5-12000 Hz 7
Dynamic earth pressure gauge CYY9 -50 - +50 kPa 1 - 3000 Hz 4

ws  2.3. Input ground motion

o
<)

100 To investigate the seismic responses of the slope, ground motion records in a typical earthquake,
o namely the Imperial Valley-06 Earthquake, are adopted from the Pacific Earthquake Engineering

1

1 Research Center (PEER) NGA-West2 databases [44]. The ground motion RSN 158 H1 is included,

jan
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where 158 accounts for the Recorded Sequence Number (RSN) and ‘H1’ represents the horizontal
1 in the PEER NGA-West2 Flatfile. Based on the original ground motion, the peak ground
acceleration (PGA) of recorded ground motion is amplitude modulated. Overall, six cases are
considered, as shown in Table The velocity, acceleration, spectral acceleration, and Fourier
spectrum of the selected ground motions are illustrated in Figure |3| It is pointed out that, the
mainshock sequence and the aftershock sequence are normally distinct. For the objectives of
the present study, which predominantly aims to verify the proposed methodology, a simplified
assumption is adopted. Specifically, it is assumed that the aftershock sequence is identical with
the mainshock sequence and that the amplitude is adjusted through the PGA. Moreover, in order
to reduce as much as possible the experimental error caused by the reflections of the seismic

excitation on boundaries, a polymer latex film is placed in the model box during tests.
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Figure 3: Velocity (v), acceleration (a), 5% damped spectral acceleration (S,) and Fourier spectrum (Ey) of
selected ground motions in shaking table tests. (a) RSN 158 Horizontal 1, (b) RSN 159 Horizontal 1, (¢) RSN
160 Horizontal 1, (d) RSN 161 Vertical, (e) RSN 164 Horizontal 1, (f) RSN 166 Vertical in PEER NGA-West2
databases.
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Table 3: Designed cases for the shaking table tests.

No. RSN Type Duration (s)  Input peak acceleration (IPA)
Case 1 158H1 PLGM 15 0.36g, 0.30g, 0.22g, 0.18g, 0.08¢
Case 2 160H1 PLGM 38 0.30g, 0.27¢, 0.22g, 0.15g, 0.07¢
Case 3 159H1 PLGM 28 0.30g, 0.21g, 0.18¢, 0.14g, 0.09¢
Case 4 164H1 NPGM 64 0.37g, 0.27g, 0.22g, 0.16g, 0.07¢
Case 5 161V NPGM 17 0.16g, 0.13g, 0.11g, 0.09¢g, 0.05¢
Case 6 166V NPGM 29 1.19g, 1.02g, 0.84g, 0.65g, 0.50g, 0.37g,

0.30g, 0.22¢, 0.15¢g

2.4. Procedure of test

The Shake Table II system developed by Canadian Quanser Inc. is used to carry out the
shaking table tests and a high-speed camera is positioned on top of the model box to observe
the deformation of the entire model. Additional information about the shake table is provided in
Table [4] while information about the dynamic data acquisition system, the high-speed camera,
the Shake Table II system and the sensors is depicted in Figure [4]

The data acquisition procedure comprised the following steps:

(1) Measurement of the geometric dimensions of the model along the inner wall of the model
box.

(2) Placement of the polymer latex film at the designated location within the model box to
simulate the flexible boundary.

(3) Introduction of prepared soil samples into the model box, followed by compaction. To
ensure the optimal degree of compaction, each layer is compacted to a controlled thickness of 5
cm.

(4) Installation of sensors at selected positions during the construction of the model.

(5) Verification to ensure the precision of the sensor signals. This is conducted upon completion
of the model assembly, and involved connecting the sensors to the dynamic data acquisition system.

(6) Application of seismic load under various operating conditions and collection of data from

each sensor channel.
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Table 4: Shaking table parameters.

Parameter Value Unit Parameter Value Unit
Length 61 cm  Width 46 cm
Height 13 cm  Area of payload 46 x 46 cm?
Maximum payload 15 kg Maximum stroke of table 7.5 cm
Working frequency range 0 - 20 Hgz Maximum full load acceleration 2.5 g

High-speed camera

Dynamic data
acquisition interface

K Shaking table
Sensor
A5
Model box N
Polymer latex film .

——————
Loading direction

Figure 4: Shaking table test system. (a) Overall model status; (b) model dimension; (¢) dynamic data acquisition
system; (d) acquisition interface; (e) sensor.

3. Model updating approach for slope seismic analysis

3.1. Random field discretization with dimensionality reduction method

In model updating, the initial step involves establishing the prior distribution. We consider

a prior distribution as a random field represented with the K-L expansion. Herein, we employ

the squared exponential autocorrelation function p(x,y) to describe the autocorrelations between
points as

plo) = cap {~r(gh P~ n( g2} )

where ©,, and O, are the scale of fluctuation (SOF) along z-, and y-axis; Az, and Ay denote the

difference in absolute distance between two points along z-, and y-axis. The most commonly used
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methods for the problem of random fields generation include, indicatively, the covariance matrix
decomposition method [45], the spectral decomposition method [46], the Karhunen-Loeve (K-L)
expansion method [47], optimal linear estimation method [4§], and the modified linear estimation
method [49]. Herein, the K-L expansion method is adopted to generate the random field. The

two-dimensional Gaussian random field generated using the K-L expansion can be expressed as
Uz, y;0) = p(z,y) +o(z,9) Y vV Nigi(e, y)b; (2)
i=1

where U represents the variable; u(x,y) and o(z,y) denote the mean and standard deviation of
the random field, respectively. Further, 6; is the ¢-th independent and unrelated normal random
variable, and \; and ¢;(x,y) are the i-th eigenvalue and corresponding eigenvector of p(z,y),
respectively. The eigenvalues and eigenfunctions are derived as the solutions to the Fredholm

second-kind integral equations

/ P(l'l’yn$2,y2)¢i($1ay1)d$1dy1 = )\2‘%(1‘2792) (3)
D

where D denotes the discrete region; (z1,y;) and (x2,y2) denote the coordinates of any two points
within the two-dimensional computational domain. Compared to other discretization methods for
random fields, the advantage of the K-L expansion method lies in its ability to achieve relatively
high computational accuracy with fewer random variables, avoiding in such way the need to
derive the complete set of eigenvalues. Besides, the dimensionality reduction of the K-L expansion
method can be utilized to convert the target of inverse analysis from complex high-dimensional
spatial variables to simpler low-dimensional normal random variables, thus enabling Bayesian
probabilistic inverse analysis. Hence, we adopt a dimensionality reduction of the K-L expansion

and utilize its truncated form to generate the random field in the form
Uz,y;0) = p(x,y) + o(z.9) Y VA, )0, (4)
i=1

where n denotes the truncation order. In general, the n should be sufficient to retain at least 95%

of the total variance of the actual variability compared to the overall variability; that is

—%@ol i =0.95 (5)
i=1"\

10
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Figure 5: The process scheme for dimensionality reduction of K-L expansion method.

3.2. Bayesian model updating algorithm

The adaptive Bayesian updating with structural reliability methods - subset simulation (aBUS-
SuS) method is capable of effectively analyzing high-dimensional rare failure problems, leading
to increasing the speed of approximation in the failure domain of the sample space. Herein, we
will provide a detailed introduction to the Bayesian updating with structural reliability methods
(BUS) algorithm coupled with subset simulation (SuS) for addressing Bayesian inverse problems.
The impact of site-specific data on uncertainty parameter distribution can be assessed through the
evaluation of the posterior probability density function (PDF) denoted as fy(z) for the random

variable X. Utilizing Bayes’ theorem, the estimation of fy (z) is

fx(z) = aL(z) fx(2) (6)

where a represents a normalization constant; fy (z) is the prior PDF; L(z) denotes the likelihood
function; The detailed definition of the likelihood function will be provided in Section [4.1] L(z)

is proportional to the probability of the event; X equals the site-specific information for z; that is

L(z) x P(Z | X =x) (7)

11



185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

204

205

206

207

where Z represents observation event and P(-) represents the probability of event. Specifically,

the BUS first defines an equivalent failure (£2) as
Qy ={w—cL(x) <0} (8)

where w is the simulation value of a random variable W, uniformly distributed in the interval
[0,1]; ¢ is the likelihood multiplier. In SuS, the probability P(Z) is expressed as the product of
larger conditional probabilities associated with a series of nested intermediate events, allowing for

estimation as
m

P(Z) = Plw — cL(z) < 0] = P(Z) | [ P(Z; | Ziw1) (9)

=2
where m represents the count of subset levels necessary to reach the failure domain, with each
subset level comprising N; samples; Z; D Z, D ... D Z_ represent intermediate events denoted by
Z; = {w — cL(x) < g;}, where g; signifies the thresholds with the condition g; > go > ...gm_1 >
0 > gm; P(Z; | Z;—1) is conditional probability of Z; given Z;_1; the g; values can be selected to
achieve a target value, pg, for the intermediate conditional probability.

To determine the initial threshold, g;, Monte Carlo sampling is employed on samples condi-
tioned on a specific event. Subsequently, for estimating subsequent thresholds, g;(i = 2,...,m),
MCMC sampling is utilized on samples conditioned on intermediate events. In this context, the
component-wise Metropolis-Hastings algorithm is utilized to obtain samples within intermediate
domains. That has been demonstrated to be effective in sampling from high-dimensional con-
ditional distributions [50].To ensure computational precision and efficiency in subset simulation
computations, it is crucial to first determine the appropriate value of c. Nevertheless, in most
cases, it is not straightforward to find an analytical solution for the maximum likelihood function,
which complicates its determination. In the present study, an adaptive approach is employed to

automatically deduce the value of ¢, and more details can be found in Betz et al. [51], that is
—Ine; = max|[—Ine;_1, {In(L(z;x))}] (10)

where i = 1,2,...,m and k = 1,2, ..., Nj; ¢;_1 is the likelihood multiplier in the i-th subset level.

Additionally, combining with Eq. [2 it is easy to transform the issue from the origin random

12
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variable X to the variable U = [Uy, ..., Uy]:

where T denotes classic transformations, e.g., marginal transformation in Nataf model.

X =T(Uy, ..., U,)

(11)

The

implementation of the proposed method is provided for completeness. A brief description is also

shown in Figure [6]

(" Set up the numerical model, integrate information )
on uncertain parameters, and generate N, samples
\_ from the prior distribution /7y (x) Y,

Set up the likelihood function and calculate Z
for N, samples

!

Calculate the initial value for c based on Eq. 10

}

Generation of the conditional samples of the
intermediate failure events

}

Update of the likelihood multiplier ¢

!

Calculate the probability of occurrence
of a site-specific information event and
obtain posterior samples

Figure 6: Flow chart of the proposed approach.

4. Numerical implementation of model updating approach

4.1. Prior knowledge and likelihood function

In the present study, the slope response data obtained during shaking table tests are used as

site information. For instance, consider the peak acceleration value a,. Then, the relationship

between the i-th set of measured values a,; and the corresponding calculated values a,(g;) at

position ¢; can be expressed as

api = ap(qi) + €0 =1,2,...,n4

13
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where ¢; denotes measurement error. Taking into account the correlation among measurement
errors in two sets of arbitrary experimental data, the likelihood function associated with n sets of

experimental data is formulated as

o) = kexp { ~3la, = (@)= ay - ayla)} (13)

T

where k = [(2m)~ % |E|%]_1; a, = [ap1,0p2,...,ap,]" is the experimental data sample vector;

q=[q1,q2, -, qn,]" represents the position vector of experimental points. Further, 7! represents
the inverse matrix of the autocovariance matrix 3, composed of the variance o2 of the measure-
ment errors recorded by each monitoring instrument and the correlation coefficient between the

measurement errors.

4.2. Random field construction

The non-linear dynamic behavior of soil follows the hyperbolic-hysteretic model as illustrated
in Figure [l The hyperbolic-hysteretic model has been verified for its effectiveness on kaolin and
clays based on a series of centrifuge tests conducted by Banerjee et al. [52] and Liu and Zhang
[53]. Chen et al. [54] have also verified the seismic response of soil-buried tunnels on the basis of
hyperbolic-hysteretic model. The maximum (or small-strain) shear modulus G,.x of hyperbolic-

hysteretic model is given by

/

Gmax =AX (p )n (14)

where p’ represents the mean effective normal stress, and A and n denote calibration parameters.
The wide applicability of Eq. has been demonstrated by its adoption in numerous studies
(e.g. [62, BA]). Following Liu and Zhang [53], the spatial variability of Gpax has a significant
effect on soil seismic response, and neglecting this effect leads to an inaccurate assessment of the
risk of slope failure. According to previous studies [56], the value of n is typically considered
fixed, with a common choice being 0.653. However, the value of A often exhibits a significant
range of variation. Notably, a variation of one order of magnitude is observed in certain soils.
Therefore, the spatial variability of G, is reflected in the A value. The mean value of A was
set to 2060, in line with the work conducted by Liu and Zhang [53]. A coefficient of variation
(COV) of 0.2 is adopted for A in agreement with the COV values reported by Schevenels et al.

[57] and Ayad et al. [58], who also modeled Gpay as a random field. It is important to note
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that the mean effective normal stress p  in Eq. varies with depth, typically increasing, which
leads to additional variability in Gp... Consequently, the overall variability of G ., surpasses
that of A depending on the depth range under consideration. When dealing with in-situ test data,
it is crucial to acknowledge the potential amplification of variance due to measurement errors,
as discussed in Phoon and Kulhawy [59]. The present study has not separately accounted for
measurement errors. In summary, to reduce the uncertainties brought by the spatial variability
of Grax, the Gax random field is incorporated into the proposed model updating approach. On
basis of prior knowledge regarding G,.x, the random field is simulated, with typical realization

presented in Figure , where darker zones indicate larger G, values.
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Figure 7: Clay soil dynamic constitutive model.

4.8. Model description

In this section, the potential of the herein proposed model updating approach is demonstrated
by considering the problem of the seismic response evaluation of a slope dynamic system. To this
end, a finite element model is established using the commercial finite element software ABAQUS
version 6.14. The mesh scale and the details of the boundary conditions are depicted in Figure

B The model has seven accelerometers installed as sensors, while it contains 5453 elements with
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Figure 8: A typical realization for G, random field.

types of four-node plane strain element (CPE4R). To mitigate the discretization errors arising
from random field discrete processes, the mesh scale is configured at 4.2% of the correlation
length for effective control [60]. The analysis comprises the following two steps. First, an initial
stress equilibrium is achieved, and then, a nonlinear time history analysis of the ground motion
is conducted. Based on the mechanical parameters of the red clay used in the experiment, the
numerical simulation parameters are configured as listed in Table[5l The left and right boundaries
are characterized by free-roller boundary conditions, whereas the bottom exhibits complete fixity.
The input ground motion is applied in the horizontal direction. To maintain consistency with the
shaking table experiment, the same input ground motion selected from the PEER NGA-West2
database, as well as the acceleration time history, and the frequency spectrum were employed.

These are depicted in Figure

5. Results and discussions

As mentioned in Section [2 it is imperative to examine the dynamic characteristics of slopes,
focusing on the acceleration evolution, the slope dynamic stability, and the amplification effects
across various slope regions. The findings presented in this section are derived from the analysis

of 34 seismic response cases.
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Table 5: Soil mechanical parameters and modeling information.

Mechanical parameter Symbol  Unit Value

a. Deterministic parameters

Density p g/em? 1.6
Poisson’s ratio I - 0.3
Dilation angle Y ° 0
Friction angle © ° 25
Effective gravity ol kN/m? 6
Coeflicient of earth pressure at rest Ky - 0.5774
Slope height H m 20
Slope angle « ° 30

b. Statistical properties of random field for G, of inhomogeneous soils

Mean average of A - - 2060
Coefficient of variation COV 4 - 0.2
Horizontal correlation length Ou m 16
Vertical correlation length Ov m 1.5

5.1. Experimental characteristics for the slope dynamic system

5.1.1. Seismic evolution of acceleration

In this section, the acceleration response is analyzed by examining different accelerometers
positioned at various locations in the model. Specifically, accelerometers positioned at surface
(A1), top (A2), middle (A3), and bottom (A4) are considered to investigate the patterns and
trends in the acceleration response. The response peak acceleration (RPA) for each of these cases
is illustrated in Figure [9] The results indicate that, as the loading intensity increases, the peak
acceleration at different locations also increases correspondingly. Further, it is evident from Figure
[ that, for a given loading intensity, the type of input seismic excitation significantly influences
the RPA values. Specifically, the RPA induced by PLGM is greater than, or at least equal to the
corresponding value of the NPGM. For instance, the RPA values for cases subjected to PLGMs
and NPGMs with the loading intensity of 0.30¢g and 0.22g, respectively, at different elevations (i.e.
h =40 cm, h = 30 cm, and h = 20 cm) are selected and their RPA values are listed in Table
[0l In Table[6] Nos. 1 - 3 are the RPA obtained from cases subjected to PLGMs, and they are
all greater than those subjected to NPGMs (No. 4). Also, the RPA values of Nos. 5 and 6 are
greater than these of Nos. 7 and 8. The phenomenon is enhanced in the experimental cases with
higher loading intensities. Specifically, with an increase in height (e.g. h/H = 1.0), there is a more

significant growth in the acceleration values, and when the loading intensity exceeds 0.2g, this
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growth becomes substantially amplified. In other words, a site amplification effect is observed in
the acceleration values. This observation highlights that the shear modulus of the soil varies at
different depths. The acceleration response of slope dynamic system subjected to RSN 158H1 with
a loading intensity of 0.22¢ is shown as a representative example in Figure [I0] When comparing
Al (h/H=1.0), A5 (h/H=0.5), and A7(h/H=0), it becomes evident that an increased elevation
leads to an acceleration amplification at every time point. Furthermore, despite the similarity of

the Fourier spectra in Figure [I0] there is a consistent amplification across all frequency domains.
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Figure 9: Relationship between the RPA and the vertical elevations of the slope model.

In the ensuing analysis, the seismic amplification effect is evaluated by introducing the acceleration-

amplification factor, which is defined as

B
Foa = (15)

}%nput

where P, and Py, are the peak value of the recorded signal and the peak value of input seismic
excitation, respectively. The variation of the F,, with respect to different values of the vertical
elevation is shown in Figure Clearly, as the vertical elevation of the sensor position increases,

the F,, value also increases. During the testing process for all cases, the acceleration amplification
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Figure 10: Dynamic response of acceleration and Fourier spectrum under RSN 158H1 with 0.36g loading intensity
at (a) Al; (b) A5; (c) AT.

effect is observed. This phenomenon is consistent with the observation by Chen et al. [61], which
proves the effectiveness and reliability of the herein reported experimental results. Furthermore,
Figure [11] illustrates a significant increase in the F,, at h/H=1.0 under PLGMs, as compared to
h/H=0.75. At h/H=1.0, under the same loading intensity (e.g. 0.30g), the F,, values for Case 3 are
slightly larger than those for Case 6, indicating that PLGMs may have a more destructive impact
on the topsoil layer. The variation trends of the F,, for the cases subjected to PLGMs (Cases 1
- 3) is more regular and similar as compared to the cases when the F,, is subjected to NPGMs
(Cases 4 - 6). Notably, the maximum observed F,, value occurs specifically under a PLGM in
Case 3, with a value of 1.88. During the transition from h/H=0.75 to h/H=0.5, PLGMs exhibit
a steeper slope compared to NPGMs, indicating a more severe impact. In addition, due to the
characteristics of PLGM, the peak ground displacement (PGD) for NPGM (recorded sequence
RSN 166V, Case 6) is 2.85 cm under IPA equal to 0.30g. However, the PGD for PLGM (e.g.
recorded sequence RSN 158H1, Case 1) with the same IPA magnitude (i.e., 0.30g) is 6.87 cm,
which is 2.41 times larger than the PGD of NPGM. That is, PLGMs possess higher and more
concentrated energy. This explains why PLGM can induce a more destructive impact despite its

shorter duration (i.e. the duration of the selected PLGM RSN 158H1 is 15 s, while that of NPGM
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2 RSN 166V is 29 s), emphasizing its adverse effects on the slope structure.
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Figure 11: Relationship between acceleration-amplification factor (F,,) and the vertical elevations (h).

Table 6: RPA at different elevations (h).

No. Case Type Loading intensity h =40cm h =30cm h =20 cm

1 Casel PLGM 0.30g 0.46¢9 0.37g 0.31g
2 Case2 PLGM 0.30¢g 0.46¢9 0.45¢g 0.37g
3 Case3 PLGM 0.30g 0.45¢ 0.39¢ 0.32¢
4 Case 6 NPGM 0.30g 0.39¢g 0.35¢g 0.29¢g
5 Casel PLGM 0.22¢ 0.33¢ 0.31g 0.24¢
6 Case2 PLGM 0.22g 0.33g 0.32¢g 0.24¢g
7 Cased NPGM 0.22¢ 0.31g 0.30g 0.23¢
8 Case6 NPGM 0.22g 0.29¢ 0.26g 0.23g

23 5.1.2. Stability of the slope dynamic system

324 Figure [12{ shows the peak pressure responses at different locations under various loading inten-

25 sities. The pressure responses demonstrate a nonlinear relationship, as the soil pressures along the
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same vertical line do not increase linearly with depth, and no significant site amplification effects
are observed. Notably, the maximum peak value of 388 Pa is recorded at P3 for Case 3 under a
loading intensity of 0.18¢. This high value can be attributed to the horizontal burial of P3 at the
foot of the slope, where increased pressure occurs when the slope experiences cracking or tends
to slide during the test. To describe the level of dispersion of data distribution for soil pressure

response, the concept of interquartile range (IQR) is introduced and defined as:

IQR = @3 — Qs (16)

where Q3 denotes the value at the seventy-fifth percentile when the data is sorted in ascending or-
der; Q1 represents the first quartile of the dataset. A larger IQR value indicates greater dispersion
of data, implying a wider range of numerical distribution that contains more outliers and extreme
values. Conversely, a smaller IQR value suggests lower dispersion of data, with a narrower range

of numerical distribution that contains fewer outliers and extreme values.
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Figure 12: Peak pressure responses for cases under various loading intensities at (a) P2, (b) P3, (c¢) P4, (d) P6.

As illustrated in Figure , the IQR value of Case 3, subjected to a PLGM (IPA = 0.3g) at
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h/H=0.5, is 0.126 kPa, while for Case 6, subjected to a NPGM, the IQR value is 0.055 kPa. This
means that the IQR value of PLGM is roughly 2.30 times greater than that of NPGM. It can be
observed that the soil pressure response to PLGMs has more data points within a larger interval
compared to the pressure responses of NPGMs. The mean value of soil pressure under a NPGM is
closer to zero than under a PLGM, as illustrated in Figures[L3|(b) and (c). Note, in passing, that
the mean values at P2 and P6, which are very close to zero, are not marked in the figure. In other
words, PLGMs tend to generate pressure distributions with larger peak values, while NPGMs
exhibit more concentrated pressure distributions with values oscillating near 0 kPa. Therefore,
considering the response of soil pressure and acceleration, it can be concluded that PLGMs are

more likely to carry higher and more concentrated energy. That is, compared to NPGMs, PLGMs

have a more severe detrimental impact on soil structures.
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Figure 13: Distribution of pressure values under a 0.30g loading intensity of NPGMs and PLGMs at (a) P2; (b)

P3; (¢) P4; (d) P6.

5.1.3. Damage and residual deformation

350 In this section, the damage and residual deformation of clay slopes in the context of seismic

31 response are examined. Case 6 is undertaken subjected to an NPGM (recorded sequence RSN
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166V) in order to discern the damage pattern of the clay slope. Moreover, Case 6 incorporates
loading intensities of 1.19¢g, 1.02¢g, 0.84g, 0.65g, 0.50¢g, 0.37¢g, 0.30g, 0.22g, and 0.15¢g. Herein, a
high-speed camera is employed to capture real-time images of the slope shoulder under varying
loading intensities. The specific area of capture is illustrated in Figures [I4(a) and (b). The
ultimate overall crack is developed on the surface of the slope shoulder. The dynamic system fails
and dynamic stress ultimately exceeding soil strength, with an overall crack length of 50 cm and
a depth of 120 mm (see Figure [L4]c)). The specific process is as follows: at the loading intensity
of 1.19¢g, a fine crack emerges on the top surface of slope as illustrated in Figure (d) As the
loading process progressed, the crack is gradually connected at 1.02¢g, and a crack is formed from
the middle to both ends of the slope at the top free surface as summarized in Figure [14{(e). The
specific locations of cracks are found at the intersection of the horizontal crest and the inclined free
surface of the slope. More specifically, when the loading intensity is 0.84¢g, the width and length
of cracks were thickened, as compared with the cracks obtained under 1.19¢ and 1.02¢ loading
intensity (see Figure [L4[f)). It has been observed that the interaction between tensile and shear
forces during loading leads to performance degradation of dynamic systems, making this location

a critical failure surface.

()

Figure 14: The process of fracture expansion as the increase of loading intensity. (a) Length of the specific area of
high-speed camera capture; (b) width of the specific area of high-speed camera capture; (c¢) overall morphology of
crack propagation; (d) stage 1; (e) stage 2; (f) stage 3.
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5.2. Numerical results

As discussed in Section [4], the data acquired from the shaking table test subjected to ground
motion RSN 158H1 from PEER NGA-West2 database are employed, to demonstrate the capability
of the proposed computational approach in predicting the seismic response of slope and inverse
analysis of the maximum shear modulus distribution in slope dynamic system. Additional detailed
information regarding the ground motion RSN 158H1 is illustrated in Figure [3| (a). Typically, the
mainshock sequence and aftershock sequence are different. However, for the present study, which
primarily aims to validate the proposed methodology, a simplified assumption is employed. The
assumption involves using the aftershock sequence kept the same as mainshock sequence but
controlling the amplitude through PGA to align with the shaking table tests. Besides, before
entering each simulation, it is assumed that the slopes have reached a state of consolidation
stability under the influence of self-weight stresses in the soil, without considering changes in
the in-situ stress and soil properties. Therefore, the initial stress equilibrium is established first,
followed by the application of seismic loads. The specific implementation process is illustrated in
Figure Specifically, the loading condition of 0.18¢, denoted as IPA = 0.18g, is referred to as the
calibration period. During this period, the distribution of the maximum shear modulus is updated
based on the collected acceleration response values. At this period, the RPA data gathered at
positions A1, A2, A3, and A4 are 0.28¢g, 0.24g, 0.21g, and 0.18¢, respectively. Subsequently, the
period with aftershocks at 0.08¢g (IPA = 0.08¢) is designated as the validation period, during which
the updated distribution of the maximum shear modulus is used for prediction. The collected
data of RPA at Al, A2, A3, and A4 during the validation period are 0.14¢g, 0.12¢g, 0.09¢, and
0.08¢, respectively. Due to the time gap between the mainshock and aftershock, it is possible to
continuously update the distribution of maximum shear modulus based on seismic response data
collected at each stage.

In the inverse analysis using the proposed approach, the number of samples for each layer
in the subset simulation is set to N; = 500, and the initial conditional probability is set to
po = 0.1. Figure [16]illustrates the convergence process of the proposed model updating approach
for calibration period. It can be observed that after 500 iterations, the RPA value has converged
to 0.28¢, consistent with the experimental record data at Al, demonstrating the validity of the
calculations. In addition, utilizing RPA data allows for the real-time updating of low-dimensional

K-L random variables. Based on the posterior samples of low-dimensional random variables,
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Figure 15: Hlustration of slope multi-stage inverse analysis.

the posterior distribution of G, at various points in space is obtained, as shown in Figure
[[7 Based on this distribution of Gy, conducting aftershock analysis under an IPA of 0.08¢
yields a PGA result of 0.13g at point Al. Comparing this with the RPA value collected by
accelerometers, which is 0.14¢, it can be concluded that the predictive accuracy of the proposed
approach reaches 93%. When compared to the typical random field in Figure [§] after considering
real-site response data, there is a noticeable reduction in the posterior standard deviations of the
parameters, reflecting a decrease in parameter uncertainty. Furthermore, the results of the G,ax
parameter inversion vary across different locations in space, which is due to the varying influence of
the soil at different locations on the acceleration response. In addition, there are more significant
changes in the mean values of the G, for the soil near the data collection points compared to
the prior mean values. This demonstrates the necessity to consider material spatial variability in
stochastic analyses, highlighting limitations in traditional deterministic inverse analysis methods

or probabilistic inverse analysis methods that treat parameters as random variables.
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Figure 16: Convergence process at Al of proposed model updating approach.
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(b)

Figure 17: Posterior means and standard deviations for maximum shear modulus Gy« of all variables via model
updating approach. (a) Posterior means; (b) posterior standard deviations.

6. Conclusions

In this paper, a shaking table experimental test is first carried out, in which a slope dynamic
system is investigated. Then, a stochastic model updating approach for slope seismic analysis
combining subset simulations with adaptive Bayesian updating with structural reliability methods
and dimensionality reduction of K-L expansion is proposed. The approach aims at updating the
spatial distribution of soils for predicting the seismic response of slopes. In addition, by acquiring
data from shaking table experiments, the numerical implementation of model updating approach
is presented to demonstrate the implementation of this approach, showcasing its effectiveness and
feasibility. The conclusions are summarized as follows.

First, pertinent experimental shaking table test results show that PGA at all monitor positions
in the clay slope increased accordingly with the increments of loading intensities. Further, the
acceleration increases non-linearly with the depth of the strata. In the lower sections with shallower
depths, the acceleration is relatively lower, whereas at higher elevations, the amplification effect
becomes more pronounced. This observation indicates that the shear modulus of the soil exhibits

spatial variability and is associated with depth.
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From the seismic evolution of acceleration response and pressure response obtained by exper-
imental results, regarding the assessment of various input ground motion types, the IQR value of
PLGM is roughly 2.30 times greater than that of NPGM. That is, PLGMs carry higher and more
concentrated energy, resulting in a more severe detrimental impact on slope structures, especially
on the topsoil layer compared to NPGMs.

On the basis of the proposed approach, the seismic response of a slope subjected to earthquake
sequence could be predicted and the uncertainty caused by spatial variability of shear modulus
can be well considered and updated. Further, by acquiring data from shaking table tests, an
illustrative example of a slope model is given to demonstrate the feasibility of the proposed ap-
proach. Regarding the prediction of peak acceleration response, the proposed approach achieves
a predictive accuracy of 93%. The results indicate that the proposed approach is a promising and

reliable method for predicting seismic response for dynamic systems.
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