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ABSTRACT

Most of the robust artificial intelligence (Al)-based constitutive models are developed with synthetic datasets generated from
traditional constitutive models. Therefore, they fundamentally rely on the traditional constitutive models rather than laboratory
test results. Also, their potential use within geotechnical engineering communities is limited due to the unavailability of datasets
along with the model code files. In this study, the data-driven constitutive models are developed using only laboratory test databases
and deep learning (DL) techniques. The laboratory database was prepared by conducting cyclic direct simple shear (CDSS) tests
on reconstituted sand, that is, PDX sand. The stacked long short-term memory (LSTM) network and its variants are considered for
developing the predictive models of the shear strain (y [%]) and excess pore pressure ratio (r,) time histories. The suitable input
parameters (IPs) are selected based on the physics behind the generation of r, and y (%) of the liquefiable sands. The predicted
responses of ¥ (%) and r, agree well in most cases and are used to predict the dynamic soil properties of the PDX sand. The same
modeling framework is extended for other sand and compared with existing Al-based constitutive models to verify its practical
applicability. In summary, it is observed that though the trained models predicted the time histories of r, and y reasonably well;
however, they struggled to predict the hysteresis loops at higher cycles. Therefore, more research is needed to verify and enhance
the predictability of existing Al-based models in the future before using them in practice for simulating cyclic response.

the simplified stress-based methods and their useful alternatives,
that is, the strain-based methods [1-7]. Robust determination

1 | Introduction

Catastrophic failures have been attributed to earthquake-induced
soil liquefaction which in turn poses a significant societal
challenge. Several methods have been developed to evaluate
the liquefaction triggering potential and its consequences over
the past several decades. The most widely used approaches are
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of constitutive model parameters is essential for predicting the
soil response under dynamic loading. Laboratory studies have
provided vital insight into the cyclic response of soils, including
the critical parameters such as the development of shear strain
and excess pore pressure time histories. However, in many cases,
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FIGURE 1 | (a)Grainsizedistribution of PDX sand and Ottawa F65 sand; (b) variation of shear wave velocity with vertical effective stress determined

for PDX sand; (c) SEM images of PDX sand; (d) particle shape analysis of PDX sand.

the lack of advanced laboratory devices impedes the researchers
and practitioners from obtaining such important dynamic
properties. The researchers have developed over the years many
advanced constitutive models for soils which capture the cyclic
and dynamic response realistically [8-11]. These models are
extensively used in practice for nonlinear site response and
deformation analyses [12-15]. These models are very powerful
tools to predict the cyclic response of sands and require many
input model parameters, which are estimated/assumed in many
instances in the absence of high-quality advanced cyclic test.

An alternative to traditional constitutive models, researchers
have developed data-driven constitutive models for different soils
using machine learning (ML) techniques, such as traditional
NN [16-20], evolutionary polynomial regression (EPR) [21-23],
support vector machine [18, 24], and recurrent neural network
(RNN) [25, 26]. Most of these studies are based on simplified ML
training strategies and are unsuitable for time history analysis. To
alleviate this issue, researchers have tried to model the sequential
relationships of stress-strain time history response using long
short-term memory (LSTM)-based algorithms [27-31]. Hochreiter
and Schmidhuber [32] constructed the LSTM algorithm (a variant
of RNN) to resolve the major shortcomings of traditional RNN
techniques. Zhang et al. [28)] developed one-step ahead stacked
LSTM-based models using the synthetic datasets obtained from
advanced constitutive models for simulating the cyclic behavior
of Toyoura and Fontainebleau sands. Of late, an enhanced
LSTM model was developed by Zhang et al. [29] to simulate the
stress-strain relationships using the synthetic datasets of various

soil types obtained from numerical modeling experiments.
Recently, Choi and Kumar [27] attempted to predict the excess
pore pressure (r,) response of Nevada sands using laboratory test
data of the same sand subjected to nonuniform cyclic loading.
It is evident from their work that the LSTM-based models can
capture the shielding effect [33] in r,, suggesting the suitability
and capability of these artificial intelligence (AI)-based models.
Guan and Yang [31] developed a hybrid LSTM model using the
synthetic dataset generated by a constitutive model for predicting
the monotonic and cyclic responses of the sands. Finally, the
hybrid model was tested for both synthetic datasets obtained from
the constitutive model and laboratory database of Karlsruhe
fine sand. However, these LSTM-based models cannot give
satisfactory results for higher number of loading cycles. Thus,
Meng and Pei [30] developed an unrolled sequence-to-sequence
(seq2seq) model for solving the long-term dependence associated
with longer sequence responses of the Ottawa F65 sands. They
used multistep-ahead RNNs instead of existing one-step-ahead
LSTM-based models. The gated recurrent unit (GRU) cells are
used instead of the traditional LSTM cells to construct the model.
The model was trained with limited amount of experimental data,
which was improved using the cubic spline interpolation, that is,
the combination of experimental and synthetic datasets. Overall,
most of these existing models are developed using synthetic
datasets generated using the traditional constitutive models,
which inherently depend on the traditional constitutive models
rather than actual laboratory test results. In addition, their
potential use within geotechnical engineering communities is
inadequate because of the unavailability of training datasets with
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TABLE 1 | Summary of grain size characteristics of sands.
Fines content, USCS
Boring/sample C,* C. FC (%) classification
PDX sand 218 1.28 4 Sp
Ottawa F65sand 1.73 0.95 0 Sp
2Coefficient of uniformity.
PCoefficient of curvature.

details, model or code files, and architectures of the models. In
recent times, the availability of powerful computational systems
and the accumulation of large databases provide the opportunity
to develop robust Al-based models. There are additional
advantages of using an Al-based model such as (i) self-learning
from the datasets only, (ii) ease in updating the trained models
using the new datasets that improve further predictability, and
(iii) generalization ability and extrapolation capability [34-40].

In this study, the data-driven constitutive models for poorly
graded reconstituted sand are developed using the laboratory
tests database only. The primary objectives of the study are (i)
to conduct laboratory tests on a poorly graded reconstituted
sand under uniform cyclic loading for establishing training and
testing datasets for data-driven constitutive models, (ii) to develop
corresponding data-driven constitutive models for predicting the
shear strain and excess pore pressure ratio time histories using
deep learning (DL) techniques and laboratory datasets, (iii) to
compare and evaluate the performance of the developed data-
driven constitutive models with the responses from the laboratory
tests, (iv) to compare the same framework for data-driven con-
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stitutive models with the existing models and other sands, and
(v) to highlight the potential (strengths and limitations), and
prospects of the framework for data-driven constitutive models.
The subsequent sections provide more details of the laboratory
tests performed, the mathematical background of the selected DL
techniques, the construction of data-driven constitutive models,
and the performance assessment of the developed constitutive
models.

2 | Laboratory Investigations of the PDX Sand

2.1 | Material Characterization

The cyclic behavior of sand is influenced by several features, such
as relative density, soil fabric, stress anisotropy, overconsolidation
ratio (OCR), and other factors [41-44]. In this study, the labo-
ratory investigations were conducted on sand samples obtained
by split-spoon samplers. The index tests, advanced imaging, and
cyclic strength testing were performed. The reconstituted samples
were subjected to stress-controlled and constant-volume cyclic
direct simple shear (CDSS) testing. The split-spoon samples were
obtained from the medium-dense sand layer at a test location
in Portland, Oregon, and were referred to as PDX sand in this
study for simplicity. The particle morphology (Figure 1a,c,d) and
small strain shear wave velocity, V, (Figure 1b) of the sand were
determined. Figure 1a presents the grain size distributions of the
sand, indicating a median grain diameter, Dy, as 0.26 mm and
Table 1 summarizes the grain size characteristics. The sand is gen-
erally classified as poorly graded fine sand (SP) with fine content,
FC, 4%. The minimum and maximum void ratios are e,,;,, = 0.65

e
=
@

Tr2

W‘ | 'miuw

e
=
=)

e
o
@

g
o
=)

e
=)
@«

=
=
=)

(\\lt | ilx b/

0.8 1.0 1.2
Vamca.f sffscﬂvs stress ratio, o' /o',

e
=
@

F'

=
=]

Tr2

0.6 +

04 1

0.2 +

L L (d)
/] 10 20 30 40 50 60
Number of cycles, N

0.0

Example of stress-controlled cyclic DSS test results of PDX sand (a) shear stress-shear strain hysteresis; (b) effective stress path; (c)

accumulation of shear strain with the number of loading cycles; (d) generation of excess pore pressure ratio with number of loading cycles. [ Tr = Training

dataset]

1599 of 1621

(S STOT TERE060 1

o oy

2295 [90T/LiV10] wo ARqr Anue) S Areigr] ANsBA) S WEUOW A9 6E6E TRUTO01 (1/10pMod A3 ATl ),

-

pu-SuLI w0 K|t Arerqyau|

SEUDOTT Sy aanER) e dde 2 A pewanod ae S(a0m v S0 Jo sajn o) AR A 1y ue



0.20 12 0.20
Tr3 Tr3 Tr3
0.15 + 8 0.15 1
0.10 1 g 010 }
~ 473
0.05 1 < 0.05 1
w
& 0.00 1 £ 01 &o00 1
4] n. 4]
-0.05 1 E P -0.05 1
7]
-0.10 + 010 }
-8 +
-0.15 + b -0.15 +
(a) (b) (c)
-0.20 t t t t t -12 + 4 -0.20 + 4 + + +
-12 -8 -4 0 4 & 12 ] 5 10 15 1] 0.2 0.4 0.6 0.8 1 1.2
Shear strain, y (%) Number of cycles, N Vertical effective stress ratio, ¢' /o',
0.20 8 0.15
Tr1 Tr1 Tr1
0.15 1 6+
010 % g 47
L
0.05 % < 21
m
£ 000 } £ o]
© ]
-0.05 + g -2+
7]
-0.10 1 -4 3
-0.15 T d 61 0
-0.20 t t t -8 + t t + + . t t 1
-8 -4 0 4 8 0 10 20 30 40 50 0 0.2 0.4 0.6 0.8 1 1.2
Shear strain, y (%) Number of cycles, N Vertical effective stress ratio, o' /o,
0.15 13 0.20
Tr4 Tr4
0.15 1
010 _ s}
E!; 0.10 +
0.05 + =~
23l 0.05 }
g
& 0.00 7 & 0.00 ~||I
[&] . 5}
E -2 1 0051 |||
o] ; m\
-0.10 +
74
-0.10 + f
(@) DI ()
|
-0.15 : - - t - 9 1 .12 - i | i . -0.20 i . | i -
-12 -8 -4 /] 4 8 12 0 20 40 60 80 100 120 0 0.2 0.4 0.6 0.8 1 1.2

Shear strain, y (%)

Number of cycles, N

Vertical effective stress ratio, o',/c’,,

FIGURE 3 | WVarious examples of stress strain hysteresis (a, d, and g), shear strain accumulation with number of loading cycles (b, e, and h), and
effective stress paths (c, f, and i) of PDX sand at different CSR for a vertical effective stress of 100 kPa.

and e, = 0.95, respectively. Figure 1c depicts the image of
sand grains obtained using scanning electron microscopy (SEM).
High-resolution microscopy images of the sand particles were
captured, ensuring no physical interaction occurred between any
two particles. These images were taken to minimize the errors
in predicting the shape parameters. An appropriate background
color is selected that would allow for decent visualization of the
sand particles. The photos were subsequently transformed into
binary format after eliminating the noise using the Image pro-
cessing toolbox of MATLAB. They were then examined using the
MATLAB code developed by Zheng and Hryciw [45] to determine
the roundness, two-dimensional (2D) sphericity, and regularity.
Figure 1d shows the schematic depiction of the procedure dis-
playing raw images before and after the image analysis. Thirty
images were taken, and then particle shapes were analyzed for the
sand.

Zheng and Hryciw [45] established methods using computational
geometry to facilitate the estimation of soil particle sphericity and
roundness. The area and perimeter of the grains can be readily

calculated using the image-processing software from MathWorks
in MATLAB. The outline of a particle is discretized to calculate
the lowest circumscribing circle, the maximum inscribed circle,
and the particle’s length and width (Figure S1). The smallest
number of outer points that will enclose all others is determined,
and the points most distant from one another delineate the
circumference of a trial circle. If a point is located outside
this circle, the new trial circle is redrawn by incorporating the
third point, resulting in the minimum circumscribing circle. The
largest inscribed circle is determined using a Euclidean map, with
additional information provided in Zheng and Hryciw [45]. The
length and breadth are determined by devising imaginary rect-
angular boxes that enclose the outermost points of the particle,
with the box having the largest single dimension defining both
the length and width. Moreover, the computation of roundness
necessitates the fitting of circles into the different grain corners,
requiring high-quality photos to prevent pixelation effects that
could lead to inconsistent and erroneous roundness estimates.
This holds for other shape descriptions as well. In this study,
high-quality images were taken to reduce this uncertainty.
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Roundness (R) and sphericity (S) are the two most widely
recognized characteristics used to describe the particle form. The
roundness is defined as the ratio of the average radius of curvature
of the corners of a particle to the radius of the largest circle that
can fit inside the particle. The sphericity is defined as the ratio of
the surface area of a sphere with the same volume as that of the
particle to the surface area of the particle. Based on the analysis,
the average R and S for the sands were 0.65 and 0.7, respectively,
indicating that the sand particles are rounded to subrounded in
characteristics [46].

2.2 | Small Strain Shear Wave Velocity

Dry sand was air-pluviated in the membrane-lined direct simple
shear (DSS) rings and compacted to the average medium relative
density, D, of 48% and 53% for two different vertical effective
stresses. The typical diameter and height of the sand specimens
were 20 and 72 mm, respectively. Later on, the small strain
shear wave velocity, V,, was measured using bender elements.
Following the velocity measurement, sinusoidal shear wave
pulses were transmitted from the bottom of the specimen to the
top, where it was received [47, 48]. Figure 1b (inset) presents
typical transmitted and received signals and the corresponding
delay in travel time. A variation of the measured V, of the sand
with vertical effective stress is shown in Figure 1b. The average
V. of the sand at 100 kPa (~D, = 46%) and 240 kPa (~D, = 53%)
vertical effective stresses were 184 and 235 m/s, respectively, and
the associated cyclic resistance ratio was estimated to be 0.21 and
0.23, respectively for the corresponding V.

2.3 | CDSS Tests

Constant-volume CDSS tests were carried out on reconstituted
sand specimens. The GCTS testing system [49] makes use of
servo-controlling shear and normal load actuators during the exe-
cution of the CDSS tests [50-54]. These actuators are controlled
by a microcontroller, which is embedded into the product as well
as CATS software [49]. The height of the usual cylindrical DSS
specimen was 20 mm, and its diameter was 72 mm. A latex mem-
brane was utilized for enclosing the specimen, and seven brass
metal rings with a thickness of 3 mm were utilized to confine the
specimens against lateral deformations during the consolidation
process. The diameter of the inner rings was 72.9 mm, which
was slightly larger than the diameter of the specimen to provide
room for the latex membrane encapsulation. Under conditions
of zero lateral strain, sand samples were consolidated to achieve
a particular vertical effective stress (¢”,.). Figure 2 presents the
CDSS loading response of the sand specimens consolidated to
o', of 100 kPa. The relative density of the specimen was ~48%.
This specimen was subjected to uniform sinusoidal loading with
a frequency of 0.1 Hz and a cyclic stress ratio (CSR = 7, / 0,,)
of 0.134, where stress 7, is cyclic shear stress. During the first
loading cycle, the specimen underwent a peak shear strain of
0.39% and gained an equal residual excess pore pressure ratio,
denoted by r,,, of 12%. After 50 cycles, the specimen reached a
peak shear strain of 3%, which corresponded to a r,, of 95%. Over
the course of 52 cycles, the specimen reached a peak shear strain
of approximately 4.55%, corresponding to a r, of 97%. Figure 3
presents the additional examples of shear stress-shear strain
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FIGURE 5 | Variation of (a) cumulative dissipated energy with num-
ber of loading cycles; (b) normalized shear modulus with the average
shear strain for eleven different specimens; (c) comparison of cyclic
resistance curves for specimens consolidated to vertical effective stresses
of 100 kPa and 240 kPa. [Tr = Training dataset; Ts = Testing dataset].

hysteretic responses, accumulation of shear strain and effective
stress paths of various specimens performed using different CSRs
at the same or similar relative density (D, ~ 46%) and consolidated
to ¢’,. = 100 kPa. Specimens that were subjected to higher CSR
reached 3% single-amplitude shear strain in fewer number of
cycles than those subjected to lower CSR, as anticipated from
the previous cyclic testing on the reconstituted and natural sand
specimens [55, 56]. Figure 4 presents the additional test results
obtained at o’,, of 240 kPa and D, ~53%. Figure 4m-o present
the cyclic response of dense specimens (D, ~ 80%), indicating the
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TABLE 2 | Summary of the cyclic response of the PDX sand determined from stress controlled cyclic DSS tests.
Sample CSR o', (kPa) D, N, _ 3 Noax Ymax (%) Fu max TunN=15
Tr1 0.144 100 51 44.2 45.2 6.53 0.95 0.40
Tr2 0.134 100 47 50.23 52.0 4.55 0.96 0.40
Tr3 0.143 100 48 11.72 12.5 11.55 0.90 NA
Tr4 0.113 100 38 113.2 114.8 10.46 0.95 0.27
Trs5 0.106 240 52 135.2 143.2 13.54 1.00 0.31
Tré 0.114 240 55 74.2 75.2 9.788 1.00 0.37
Tr7 0.118 240 52 135.6 137.8 10.37 1.00 0.34
Tr8 0.128 240 54 331 34.2 12.65 1.00 0.48
Tr9 0.192 240 80 47.0 56.6 14.38 1.0 0.38
Ts1 0.125 100 33 44.7 45.0 5.45 0.94 0.37
Ts2 0.146 240 48 11.6 12.7 14.92 1.00 NA

Abbreviations: NA, not applicable; Tr, training dataset; Ts, testing dataset.

cyclic mobility type response. The accumulation of shear strain is
gradual, and the specimen shows a dilatant response. Figure 5a
shows the variation of normalized cumulative dissipated energy
(3> Aw/o’,.) with the number of loading cycles for the sand, where
Aw is the area of the hysteresis loop. At first, the hysteresis loops
have similar sizes, and the correlation between the normalized
dissipated energy (Aw/c’,.) and the number of cycles is linear
(Figure S2). As the loading cycles progress, the hysteresis loops
increase in size due to a rapid increase in the r,. The relationship
between the Aw/o’,, and N approaches an exponentially growing
pattern (Figure S2). Note that the threshold value of Aw/c’,,
ranges from 0.0008 to 0.001 and a rapid change in Aw/c”’, triggers
the liquefaction. This number is slightly lower than that reported
for Monterey sand [57]. The variation of secant shear modulus
with average shear strain is shown in Figure 5b, indicating a
higher nonlinearity at larger shear strain. Figure 5c depicts the
variation of CSR with the number of cycles required to reach
3% peak shear strain for specimens consolidated to ¢’,, = 100
kPa and 240 kPa. A liquefaction triggering curve as a power
law fits the stress-controlled test data, including two testing
data (Table 2). The power law model is given by Idriss and
Boulanger [55]:

CRR = aN-? 1)

where N is the number of uniform loading cycles to reach
3% shear strain, and a and b are the fitted coefficient and
exponent, respectively. The cyclic resistance of the sand showed
a reduction with an increase in ¢’,, = 100-240 kPa. The CRR
values at N = 15 cycles for the above two ¢, values correspond
to an M,, of 7.5 earthquake are respectively 0.144 and 0.140,
which are lower than that derived from the V, values (0.21 and
0.23).

Liquefaction could trigger loose to medium-dense coarse-grained
soil depending on the soil resistance and earthquake-induced
shear stress. In general, if the earthquake-induced shear stress
exceeds the soil capacity, then liquefaction could trigger, and
the surface manifestation in terms of sand boils, deformation, or
cracks can be seen on the ground. The basic framework of the

Simplified Method was initially proposed by Seed and Idriss [58]
and then modified by several researchers to evaluate liquefaction
triggering (Figure S3a). In this study, CDSS tests were conducted
on three different sands, such as PDX sand (with relative density
ranging from 38% to 80% with an average value of 53%), Ottawa-
65 sand (with relative density ranging from 66% to 76% with an
average value of 71%), and Nevada sand (with relative density
ranging from 39 to 89% with an average value of 56%) 59, 60] with
a broad range of relative density, have been used to train the DL
models and the range is marked on the liquefaction resistance plot
with relative density (Figure S3b). Nonetheless, future efforts are
necessary to train the DL model on CDSS test results on very loose
to loose sands.

3 | Development of DL Models for Predicting
Cyclic Response of PDX Sand

3.1 | Mathematical Background of LSTM and Its
Variants

RNN is a suitable DL method over the conventional NN for
modeling sequential data. This is possible because of the cyclic
connection topology adopted in the RNN. Thus, it is appropriate
for modeling stress-strain relationships of various soils under
cyclic loading. On the other hand, gradient boosting methods
(GBMs) and conventional NNs are suitable for classification and
regression analysis. Therefore, the GBMs and conventional NN
are appropriate for classifying the sites of different soil types
as liquefiable or non-liquefiable with probabilistic values [61].
However, the traditional RNN has two major limitations: (i)
exploding gradients problem for the long sequential dataset and
(ii) the learning efficiency of the hidden layers decreases from
end to front. Thus, the RNN is mainly suitable for keeping short-
term history. In the literature, the LSTM, a special type of RNN,
was developed by Hochreiter and Schmidhuber [32] to overcome
the limitations associated with the traditional RNN. This is made
possible by the inclusion of a “memory cell” in the LSTM NN
(Figure 6a). This cell learns the long-term dependence through its
three types of gates: forget, input, and output gates. The outputs
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FIGURE 6 | Basicframework of LSTM and GRU cells.
associated with these three gates are determined as follows:
fr:g(Wf'[hf—lsxr]+bf) (2a)
i, =0 (W;-[h_y,x]+Db) (2b)
o, =oc(W,- [hf—lyxr] +b,) (2c)

where x, is the current input; h,_, is the hidden state value in the
previous iteration; subscripts t and (¢-1) represent the present and
prior iterations, respectively; b and W are the biases and weights,
respectively; the subscripts f,i,and o represent the forget, input,
and output gates; ¢ is the sigmoid function (= 1/[1 + e *]). The
sigmoid function is used to decide which information should be
stored (¢ = 1) and which should be excluded entirely (¢ = 0). The
current or " hidden state value is updated using the updated cell
state (C,) value and output from the output gate (o,) as follows:

h, = 0, ® tanh (C,) (2d)

The cell state is the principal element in the LSTM cell. The
current cell state (C,) value is determined by

C, = tanh (W, - [h,_,,x,] + bc) (2e)

Cr:frecr—1+ifocf (2f)

where C, is the new candidate value; tanh is the activation
function; @ is the Hadamard/element-wise product.

Cho et al. [62] developed a simplified variant of the LSTM,
which is named GRU. The complexity associated with the
LSTM architecture is solved by merging input and forget gates
(Figure 6b) thereby resulting in only two gates in the GRU
cell: update gate (z,) and reset gate (r,). Thus, the total number
of parameters is reduced, which makes the GRU faster and
computationally inexpensive. Due to fewer parameters, the GRU
is less prone to overfitting, however it may face difficulties in
long-sequence predictions. The mathematical operations behind
these two gates in the GRU are described by the following sets of

(h
Single GRU Cell )

— P — -
ih“\ l f > \11’
(x

0
(b)
equations:
zg=a(W,- [h'f—l’xr]) (3a)
re=c(W,-[h_;,x]) (3b)

The current hidden state (h;) is updated in the update gate using
the prior hidden state (h,_,) and the candidate’s hidden state (k,)
is obtained as follows:

h, = tanh (W - [r, © h,_;, x,]) (3c)
h=Q1-z)Oh_,+z * Ef (3d)
3.2 | Data Pre-Processing, and Training, Tuning

and Testing of LSTM-Based Models

The current study aims to predict the cyclic response (e.g., ¥
(%) and r, time histories) of PDX sand using DL algorithms.
The cyclic response, including the development of pore pres-
sure generation, accumulation of shear strain, shear modulus
degradation, cumulative energy dissipation, and cyclic resistance
was determined using a series of stress-controlled tests at two
different vertical effective stresses. The databases obtained from
these CDSS laboratory tests (Table 2) have been considered for
training and testing of the DL models. Baseline correction with
zero padding is performed for these datasets (Table 2) before
training and testing the LSTM algorithm. Baseline correction
ensures that the data are centered around a standard reference
by removing offsets or biases in the datasets. The zero padding
strategy helps to adjust the sequence length by adding zeros at the
start of the datasets. This baseline correction with zero padding
combination is effective for tasks like time-series forecasting.
The combination ensures the learning of the LSTM model from
corrected and standardized input data. In addition, truncation is
performed at the end, that is, after the failure of the soil sample, of
each dataset based on the laboratory response of shear strain time
history. Truncation reduces unnecessary computational costs and
focuses only on the meaningful portion of the dataset. All these
data pre-processing steps can improve the accuracy and efficiency
of the LSTM model training and testing, which leads to more
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FIGURE 7 | Adopted architectures of LSTM-based models for PDX sand: (a) shear strain model for Trial 1; (b) shear strain model for Trial 2; (c) r,,
model for Trials 1 and 2.
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FIGURE 8 | Training and testing dataset analyses for each trials of the PDX sand models. [Tr = Training dataset; Ts = Testing dataset].

reliable predictions. During the training and testing phases, the
nine training datasets and the two testing datasets (Table 2)
are all available in separate Excel files. In the present study,
slightly different training, validation, and testing approaches are
incorporated to construct LSTM-based models. Each of the nine
datasets is fed to the models one at a time during the training
process. Thus, during LSTM model training in the Tensorflow
DL framework, the time_step is assigned as 1, which ensures
the sequence length is effectively 1 [28]. This training strategy
of the LSTM model helps to understand the target outputs of
each training dataset based on the current inputs of each dataset,
that is, one-to-one mapping. Finally, the trained models are
tested on two separate/unseen/independent testing datasets. This
methodology benefits the LSTM models by allowing them to
recognize the responses from CDSS tests one at a time, and then
update the weights and biases of the models accordingly. Assume
all the nine datasets are merged in a single Excel file and divided
into training, validation, and testing sets at 80:10:10. In that case,
the models can learn better for only some selective portions of the
combined dataset during the training and validation processes.
Therefore, the separate loading/feeding approach supports the
models to understand the whole sequence of responses in a
better manner. The input parameters (IPs) needed for predicting
the time history of shear strain (y [%]) are: shear stress time
history, initial vertical effective stress, coefficient of uniformity
(C,), relative density (D,), and effective particle size (D,,). The
predicted y (%) time history is considered as one of the IPs in
addition to other IPs for predicting the r, time history, that is,
both the models are connected type. The DL algorithms, such as
the LSTM and its variants (e.g., bidirectional LSTM [BiLSTM],
and GRU), are considered for predicting the y (%) and r, time
histories.

Before training the LSTM-based models, researchers generally
follow crucial pre-processing steps such as data normalization
and standardization. Conversely, this step can exhibit very small
or large predicted output compared to experimental output if
outliers are present, that is rapid fluctuation in experimental
results. As the LSTM-based model utilized gradient-based opti-
mization techniques, it can be sensitive to normalizing and
standardizing the input and output parameters. MaxAbs scaling
is a data pre-processing technique used to scale feature values

in a dataset. It scales the data (x,.q = ——, where x is the
max(|x])

actual value of the feature) to the range (-1, 1) by dividing each

feature by the maximum absolute value of that feature. This
scaling method has these advantages for the LSTM modeling
task: (i) preserves the sparsity of selective features that ensures
the original structure of features remains intact, (ii) ensures
that the feature magnitudes are normalized without altering
their distribution, (iii) maintains the sign of the actual data,
which is essential for selective features where the sign carries
significant information, and (iv) computationally efficient and
aligns with the sensitivity of LSTM to feature magnitudes.
Therefore, MaxAbs scaling is selected over other scaling methods
because of these advantages and descriptive statistics of the
features in the present study. In the present study, MaxAbs scaling
is performed only for a few selective features (relative density,
ru, etc.) based on the descriptive statistics (minimum, mean,
mode, standard deviation, maximum, etc.) of input and output
features.

Finding a suitable group of hyperparameters is vital for con-
structing robust LSTM-based models. In this study, the best
group of hyperparameters is not evaluated exclusively by means
of the existing tuners such as AutoML [63, 64], and so forth,
on the validation or testing datasets. These tuners can produce
better responses of the models specifically for validation or
testing sets instead of the more generalized performance of
the models. Thus, the activation functions, number of neurons,
and other hyperparameters in the architectures for the LSTM-
based networks are selected in the present study based on
multiple approaches, such as mainly focused on these four
criteria (i) available expert domain knowledge from useful and
relevant existing studies, (ii) manual tuning experiments for a
wide range of variations in hyperparameters, (iii) optimization
algorithms, and (iv) self-judgment. The four ways can enhance
the extrapolation capability, generalizability, and reduce the risk
of overfitting for the trained models. Figure 7 represents the
adapted architecture for the developed LSTM-based models. The
Dell Precision 3630 Workstation is used for training and testing
of the LSTM-based models. The Keras LSTM package [65] is
used in this study to train all the LSTM models in Python
platform.

The LSTM-based models are initially (i.e., Trial 1) trained using
nine datasets and tested using two separate testing datasets
having shorter and longer time sequence lengths. Figure 8 shows
the time sequence length (in seconds) for these datasets. From
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FIGURE 9 | Loss curves of LSTM-based models of PDX sand for all trials: (a) shear strain model for Trial 1; (b) shear strain model for Trial 2; (c) r,,

model for Trial 1; (d) r, model for Trial 2.

these figures, it is clear that a few of these datasets have a wide
range of variation in time sequence length compared to the
remaining datasets. Therefore, the variations can cause sudden
jumps in prediction during the training and testing of the models.
During the training and testing, a few datasets have been excluded
for each trial to understand the effect of the number of training
datasets for each range of time sequence length in the predictions.
The mean squared error (MSE) evaluation metric is used during
the training and testing of the models. The MSE metric is defined
as

1w 2
MSE = Py ;(}’E—J’f) @

where y, is the actual value and 7, is the predicted value for the it?
observation, and n is the total number of observations. During the
training of the model, the best set of hyperparameters (number
of LSTM layers, units, activation functions, etc.) is obtained by
minimizing the MSE loss. The MSE losses for each trial during
training of the ¥ (%) and r, models are shown in Figure 9.
An overall decreasing trend in the MSE loss is observed as the
number of epochs is increased. However, sudden jumps (increase
in MSE loss) are observed for certain epochs due to model
parameters, such as learning rate, batch size, weights, biases,

and so forth. After tuning the hyperparameters and excluding a
few datasets, the best trial is obtained (i.e., Trial 2). The training
performance of the shear strain and r, models for the best trial
(Trial 2) are depicted in Figures 10 and 11. The testing performance
of the shear strain models and r, models corresponding to both
trials (Trial 1 and Trial 2) are depicted in Figures 12 and 13. The
training performances of both the y (%) and r, models for the
initial trial (Trial 1) are depicted in Figures S4 and S5, respectively
(see the Supporting Material).

Figure 14a,b compare the stress-strain hysteresis of the first
(N =1) and last (N = 45) cycles between the experimental data
and DL-based simulation. Although the LSTM-based model can
predict the general trend of the hysteresis loop; however, the
accuracy of the model reduces for higher cycles. Nevertheless,
the LSTM-based models satisfactorily captured the variation
of maximum excess pore pressure ratio, r, . and average
shear strain, y,, in each cycle (Figure 14c). The difference
in the predicted response at higher cycles is attributed to the
rapid change in the stress-strain response close to liquefac-
tion, which the LSTM model is unable to predict. Similarly, a
variation in the LSTM-based predicted shear modules, G with
Yavg> follows a similar trend as observed in the experimental
response.
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FIGURE 10 | Training performance for shear strain model of PDX sand corresponding to best trial.

3.3 | Interpretation of Predictive Models and the
Predicted Cyclic Response

3.3.1 | Analysis of Modeling Strategies

In the present study, the stacked LSTM layers are adopted for
modeling the time histories of shear strain (y [%]) and excess
pore pressure ratio (r,) of the PDX sand. The BiLSTM in the
second layer of ¥ (%) model is unable to give satisfactory results
for the training and testing performances. During the training, the
BiLSTM layer processes the sequential data both in the forward

and backward directions, which is helpful for predicting the
longer sequence response. However, the same training process

of BILSTM violates causality in time series prediction, such
as the ¥ (%) and r, responses. In cyclic soil behavior, future
states cannot physically influence past states because the stress-
strain response is path-dependent. Using future information
for prediction cannot align with physical principles and could
result in a non-causal model [29, 66]. Therefore, in the final y
(%) model architecture (Figure 7b), three stacked unidirectional
LSTM layers are considered.

More details of the architecture and hyperparameters of the ¥
(%) model are also given in the Table S1 and Figure 7. The batch
size and initial learning rate values are 64 and 0.001, respectively.
More detailed meaning of all the tuned hyperparameters
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FIGURE 11 | Training performance for r, model of PDX sand corresponding to best trial.

considered in the study can be found in the Keras LSTM
package [65]. The adaptive moment estimation (Adam) [67]
optimizer is considered for the compilation of the model. This
optimizer incorporates both the root mean square propagation
(RMSProp) [68] and adaptive gradient algorithms (AdaGrad)
[69]. The batch size, initial learning rate and optimizer are the
same for all the remaining models developed in this study. The
gradient clipping in the first LSTM layer is considered to prevent
the exploding gradient problem. It helps update the model
parameters effectively and improves convergence during model
training. In the study, the gradient clipping is incorporated in
the first LSTM layer by applying the MaxNorm constraint (with
a threshold of 3.0) to both the kernel and recurrent weights. By

imposing a maximum L2 norm of 3.0 on these gradients, the
model experiences more consistent and controlled parameter
updates, contributing to enhanced numerical stability in the
training process of the LSTM network. In addition, a learning rate
scheduling strategy has been implemented to adjust the learning
rate dynamically while compiling the LSTM models. The initial
learning rate is set to 0.001, and a LearningRateScheduler is
employed to reduce it by a factor of 10 after every 10 epochs. This
approach allows for a gradual decay in the learning rate using
a step-wise decay function, and facilitates better convergence
and fine-tuning as the optimization progresses. The Adam
optimizer, initialized with the specified learning rate, is utilized
for minimizing the MSE during the training phase.
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3.3.2 | Choice of Activation Functions and
Cycle-Dependent Analysis

The rectified linear unit (ReLU) activation function is efficient
and computationally inexpensive because of its simpler structure.
It handles sparse activations, which leads to faster training.
On the other hand, the unbounded positive output can lead
to gradient instability in cyclic loading, and zero gradients for
negative values may cause information loss in stress reversal. The
dead neuron problem is particularly critical for cyclic loading
where negative values are physically meaningful [29, 70]. Zhang
et al. [29, 71] addressed the problems associated with the ReLU
activation function to model the stress-strain behavior of soils
and highlighted the suitability of the tanh activation function.
Shen et al. [70] proposed a novel tanhLU activation function to
combine the strengths of tanh and ReLU activation functions. The
proposed tanhLU avoids the shortcomings of the tanh and ReLU
activation functions. The exponential linear unit (ELU) behaves
similarly to ReLU for positive values but smooths out negative
ones and prevents dying neurons. This smoothing facilitates
better gradient flow, particularly for cyclic data involving negative
values [28, 71, 72]. Therefore, for the shear strain model in the
present study, the ReLU and ELU activation functions are con-
sidered at the first two LSTM layers, respectively, and the ReLU in
the two dense layers. These two activation functions help to avoid
the vanishing gradient problem in longer sequences. ReLU in
the first LSTM layer efficiently captures sparse activations, while

ELU handles negative inputs in the next LSTM layer. In this way,
this ReLU-ELU combination helps to prevent the dying neurons
problem and improve gradient flow. ReLU efficiently extracts key
features, while ELU enhances transitions for smoother and more
accurate predictions. Thus, the architecture balances simplicity
and performance, which makes it well-suited for modeling the
cyclic responses of soil.

Additionally, the performance of the trained shear strain model
in the present study (Model A2) is compared with a shear
strain model having a single LSTM layer (Model C) with a tanh
activation function. In a single-layer LSTM, the tanh activation
function is used to update the cell state, while sigmoid is used to
operate the input, forget, and output gates (Figure 6a). The rest
hyperparameters of this unidirectional single LSTM layer shear
strain model (Model C) are the same as that of the trained model
(Trial 02) in the present study. The loss curve during the training
of Model C is given in Figure S6. It is observed that there are
sudden significant jumps in the loss curve, and the loss curve
is also faced to converge within the same number of epochs.
However, the Model A2 converges smoothly (Figure 9b) without
any significant sudden peaks. It can be due to the architecture
of Model A2 and gradient clipping in the first LSTM layer. The
performance of Model C is also tested on separate datasets, that
is, testing sets 01 and 02 (Figure S7). The MSE values for these
testing sets 01 and 02 are 0.00305 and 0.08678, respectively. These
values are relatively higher compared to Model A2. In addition,
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FIGURE 13 | Testing performance of r, models for PDX sand corresponding to both the trials: (a) Trial 1; (b) Trial 2.

cycle-by-cycle analysis of Models A2 and C is conducted to
understand the neuron activation statistics (Figure 15a,b). The
average shear strain versus number of cycles for both models and
the testing datasets are calculated and plotted (Figures 14c and
S8). The scale-invariant metric, such as relative mean squared
error (REMSE), is suitable for evaluating the performance of
the models for datasets with a more significant fraction of
small-magnitude data [29, 73]. Thus, in the present study, first,
relative squared error (RSE) is computed for each cycle and then
based on RSE values of each cycle, the REMSE is calculated for
each case (Figure 15). The REMSE is defined as:

n . 2
1 i —Ji
REMSEgu = 3 3 (122) )
i=1 Yi
5i-n\
RSE (1o itheycte) = (T) 6)

where y/ is the substitute of y;, and i is the cycle number. If
¥: = 0, then y/ = 1; otherwise y! = y,. This substitution helps to
avoid division by zero in cases where y; = 0. In the case of the
testing set 1 (CSR = 0.125), the RSE values are close to zero for
Model A2 (ReLU-ELU) except for the last five cycles (Figure 15a).
On the other hand, the RSE values are comparatively higher

for Model C (tanh) w.r.t. Model A2 (ReLU-ELU). Also, in the
case of higher cycles, such as 44" and 45", the RSE values by
Model A2 are significantly lower w.r.t. Model C. Only, in the case
of 40-43 cycles, the RSE values are either almost the same or
slightly higher for Model A2 w.r.t. Model C. REMSE for Model
A2 is comparatively lower w.r.t. Model C, that is, overall better
performance for Model A2. Thus, it can be concluded that Model
A2 performs relatively better than Model C in the case of lower as
well as higher cycles for testing set 1. In the case of the testing set 2
(CSR = 0.146), the RSE values are significantly lower (Figure 15b)
for Model A2 (ReLU-ELU) w.r.t. Model C (tanh) up to the eighth
cycle. Also, in the case of intermediate (9 and 10) and higher
cycles (11 and 12), the RSE values are either almost the same or
slightly higher for Model A2 w.r.t. Model C. REMSE for Model
A2 is comparatively lower w.r.t. Model C, that is, overall better
performance for Model A2. Thus, it can be concluded that Model
A2 performs relatively better than Model C in the case of lower as
well as intermediate and higher cycles for testing set 2.

The laboratory/experimental responses of r, are always positive
throughout the time history. The unbounded positive nature of
the ReLU activation function also makes it suitable for modeling
r, response during the input shear stress reversal also. Recently,
a few studies [28, 71, 72] have shown the advantages of ReLU in
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modeling the r, time histories of various soils. Thus, the ReLU
activation function is considered in the present study for the first
LSTM layer of the r, model because of these advantages. The
second layer of the r, model is the GRU, and the corresponding
activation function is softplus. The softplus activation function in
the second layer (GRU layer) further smoothens the output from
the ReLU activation function in the first layer (LSTM). The word
“plus” in softplus indicates its non-negative nature and has the
following properties: smooth, non-negative, differentiable, and
monotonically increasing. Therefore, this is a good option after
the ReLU activation function for predicting r, response. The GRU
layer has the following advantages: (i) simpler architecture, (ii)
fewer parameters, (iii) generalizability, (iv) higher training speed,
and so forth [62]. Thus, the GRU layer after the traditional LSTM
layer helps to generalize the prediction from the previous tradi-
tional LSTM layer and avoids overfitting. The cycle-dependent
performance of the r, model corresponding to the best/final trial
(Trial 02) is evaluated (Figures 14c and S8a) in terms of RSE and
REMSE and represented in terms of r,, ,,,,. Figure 15d and fshows
the cycle-dependent RSE and overall REMSE values for 7, ... In
the case of the testing set 1 (CSR = 0.125), the RSE value at the
first cycle is a little higher, after that, it rapidly decreases, and
then from the 25" cycle onwards, it is close to zero. Thus, the r,

model can also perform better for testing set 1 at higher cycles
(longer sequences). In the case of the testing set 2 (CSR = 0.146),
the RSE value at the first cycle is slightly higher, after that, it
rapidly decreases for cycles 2-5, and then again slightly increasing
trend for cycles 6-11. However, at the 12" cycle, it rapidly drops
to a lower RSE value; therefore, the model performs reasonably
well at this higher cycle. The overall REMSE values for testing
sets 1 and 2 are 0.006526 and 0.150619, respectively. Thus, from
the RSE and REMSE values, it can be concluded that the overall
cycle-dependent performance of the r, model is reasonably well
for the testing sets after the first cycle, intermediate cycles, and
higher cycles. In addition, the cycle-dependent performance of
the y (%) and r, models at two different stress levels (CSR = 0.125
and CSR = 0.146) provides a reasonable outcome. However, there
is a need for further studies to verify the performance of the y (%)
and r, models at very high-stress levels (CSR > 0.19).

3.3.3 | Ablation Study for Design Choices of
Architecture

An ablation study is also performed for the y (%) model to
determine suitable architectural decisions, such as the number of
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LSTM layers, the number of neurons (units), and the activation
functions. Nine configurations (configs.) are considered for the
ablation study by varying the number of LSTM layers, units in
each LSTM layer, and the activation functions in each LSTM layer.
The rest of the hyperparameters are considered as the default
values for the y (%) model. The performance of each configuration
is evaluated on the testing set 01 in terms of MSE and other
scale-invariant metrics such as NRMSE and SMAPE (Table S2). A
horizontal bar chart (Figure 16) is prepared based on MSE values

for comparative analysis of these nine configurations, along with
the initial trial (Trial 1) and the final/best trial (Trial 2). From the
results, it is observed that the minimum and the maximum MSE
values are 0.0028 and 0.00452, respectively. The minimum and
the maximum MSE values correspond to the single LSTM layer
with 64 units (config. 2), and three LSTM layers of each 64 units
(config. 8), respectively. The MSE value (= 0.00285) corresponds
to the config. 4 (two LSTM layers of each 32 units and ReLU-tanh
activation functions) are almost close to the minimum value. The
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MSE values of the remaining configurations fall within this range
with slight variations. However, the MSE value (= 0.00104) for
the ¥ (%) model (Trial 2) is significantly less w.r.t. minimum MSE
value corresponding to config. 2 (Figure 16). Also, the MSE value
corresponding to Trial 1 (initial trial) is less compared to some
other configurations (3; 5-9). Therefore, it can be concluded from
the ablation study that the architectural choices (Figure 7b; Tables
S1and S2) for Trial 02 (final/best trial) are suitable design choices
out of all the configurations. It is feasible due to the different units
and activation functions for each LSTM layer, and the suitable
combination of other hyperparameters.

3.3.4 | Uncertainty Propagation in the Sequential
Prediction Approach

A thorough error propagation analysis is conducted to validate the
physical intuition of the two-step sequential prediction approach
of the LSTM models (shear strain — PWP). The final trained
r, model (Trial 2) is tested on testing set 1 separately using
laboratory and predicted responses of y (%) (Figure 17a). The MSE
value for these responses of r, using laboratory and predicted

responses of ¥ (%) are 0.000782 and 0.001095, respectively. The
addition of confidence intervals (CIs) in the predictions is helpful
for understanding the uncertainty propagation in the sequential
approach [74]. The 95% ClIs between these two predictions are
calculated (Figure 17b) to understand uncertainty propagation
in the sequential approach. It is observed that the up to 300
s, 1, predictions using predicted y (%) match well with the r,
predictions using laboratory y (%) (Figure 17a). After that, the
r, predictions using predicted y (%) are slightly over-predicted
and, at the end, under-predicted (Figure 17a) w.r.t. r, predictions
using laboratory y (%). It is observed that the width of the
CI is dynamic (Figure 17b) for the r, time history predictions
using predicted y (%) time history. It indicates that the model
effectively captures varying levels of uncertainty over time, which
is essential for real-world time series applications. The CI width
is very narrow at the initial and final portions of the r, time
history, indicating high confidence in the predictions during these
periods. It can be due to the reduced variability and complexity in
input training data (e.g., predicted y [%]) during these periods. In
contrast, the intermediate portion of the r, time history exhibits
an almost constant and moderate CI width, which suggests
a stable/consistent but slightly moderate level of uncertainty
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compared to the initial and final stages of the time history.
The intermediate portion could correspond to periods of more
complex input training data (y [%]) but well-captured patterns by
the r, time history model.

3.3.5 | Analysis of Loss Curves

The plots of MSE loss versus epoch are essential for assessing
the training progress of the DL models. They provide insights
into how well the model learns over epochs and help identify
the issues: underfitting, overfitting, sensitivity to the training
datasets, and so forth. Figure 9 shows the training performance
of the y (%) and r, models in terms of MSE loss versus epoch. The
y (%) model for Trial 1 (named Model A1) is trained for five epochs
only (Figure 9a). The MSE loss decreases from 0.02789 to 0.02486.
However, there is a sudden jump in the MSE loss at the fourth
epoch. This can be due to the following reasons: (i) improper
model architecture and hyperparameters and (ii) sensitivity to the
training datasets. On the other hand, the y (%) model for Trial
2 (named Model A2) shows a smoother descent in the MSE loss
curve (Figure 9b). The MSE loss decreases from 0.02552 to 0.00649
after the model has been trained for 35 epochs. The nature of this
curve indicates stable and consistent learning through epochs.
The training performance of the y (%) model is improved over
the trials because of the exclusion of sensitive training datasets
and tuning of the hyperparameters. The r, model for Trial 1
(named Model B1) is trained for 30 epochs, and the corresponding
MSE loss decreases from 0.011201 to 0.00224 (Figure 9c). Instead,
the r, model for Trial 2 (named Model B2) is trained for 25
epochs and the corresponding MSE loss decreases from 0.00736
to 0.00139 (Figure 9d). Though there is a sudden jump at the tenth
epoch for both trials, the overall trials indicate effective training
and convergence. This indicates that the suitable architecture
and the associated hyperparameters are considered for the r,
models in the case of both trials. However, Model B2 shows better
training performance than Model Bl because a few sensitive
training datasets are excluded during the model training. The
removal of these datasets makes the final five training datasets
well-balanced in terms of time sequence lengths. Therefore, these
balanced datasets increase the predictive ability of the models
corresponding to the best trial (Trial 2).

3.3.6 | Training and Testing Performance Analysis

The y (%) and r, models are tested on two independent/separate
testing datasets. The MSE values are used to evaluate their
predictive power on unseen/independent testing datasets. From
the initial to best trial (Trial 2), the MSE value decreases from
0.00313 to 0.00104 in the case of the shear strain model for the
first testing set (Figure 12). In the case of the second testing set,
the MSE value decreases from 0.08726 to 0.08677 (Figure 12). The
shear strain model corresponding to the best trial predicts the 3%
single-amplitude shear strain [55] for the first testing set at 449.02
s (N = 44.9); however, w.r.t. laboratory response, it has occurred
at 448.08 s (N = 44.8). In the case of the second testing set, the
shear strain model corresponding to the best trial predicts the
shear strain of 1.04236% instead of the laboratory response of 3%
shear strain observed at 113.89 s. For the r, model (Figure 13), the

MSE value corresponding to the first testing set decreases from
0.00315 to 0.00078 over the trials. On the other hand, the MSE
value slightly increases from 0.05352 to 0.05804 for the second
testing set. These lower MSE losses for the testing sets indicate the
superior generalization performance of the models. The detailed
analyses of the testing and training performance of these models
are given in Tables 3 and S3.

3.3.7 | Analysis and Effect of the Imbalance Problem

In the present study, the DL models are developed considering a
purely data-driven framework. Therefore, the training and testing
performances of the DL models are influenced by the constraints
associated with the training datasets. One such constraint is the
imbalance of the training datasets. The nine training datasets do
not have the proper proportion in terms of low, medium, and
high time sequence length (Figure 8). The datasets are classified
in this study as low, medium, and high if the time sequence
length is less than 340 s, within 340-760 s, and more than 1000
s, respectively. The proportion of low, medium, and high time
sequence length are one (Tr 3), five (Tr 1, 2, 6, 8, 9), and three (Tr
4, 5, 7), respectively. Therefore, it shows the imbalance problem
in the training datasets corresponding to the initial trial. An
attempt has been made to improve the predictive ability of the
models’ corresponding to the initial trial by solving the imbalance
problem. Therefore, some of the datasets are excluded (Figure 8)
for the best trial (Trial 2). The five training datasets have proper
proportion in time sequence length. Thus, the DL models predict
the responses reasonably well for the first testing set compared to
the second testing set for the best trial (Tables 3 and S3). Hence,
in future, the training datasets from the laboratory tests can be
prepared based on this strategy for developing more robust DL
models.

3.4 | Comparison of the Proposed LSTM-Based
Framework with the Existing Models

In this section, a comparative analysis of the proposed LSTM-
based modeling framework is made with the existing LSTM-based
models. The proposed LSTM-based models are compared with
the existing LSTM-based models of Zhang et al. [28], Meng and
Pei [30], and Jas et al. [59]. For this purpose, the same LSTM-
based framework is retrained with the database [75] of Ottawa
F65 sands. The training and testing datasets are the same as those
of Jas et al. [59]. Figure 18 shows the relative comparison of the
responses of this study w.r.t. Jas et al. [59]. The responses of Zhang
et al. [28] and Meng and Pei [30] are represented in Figure 19. The
responses obtained from this study are plotted w.r.t. number of
cycles (N) instead of time. Also, instead of r, the vertical effective
stress (¢”,) is plotted in Figure 18b,d. This will help to compare all
the plots of this study (Figures 18 and 19) with the existing studies.

The trained y (%) model of Ottawa F65 sand predicted the overall
trend of the shear strain time history reasonably well, as observed
in the experiment (Figure 18a). The MSE value decreased from
3.8334 (Figure 18c) to 3.0980 (Figure 18a) w.r.t. Jas et al. [59]. Thus,
the overall performance of the y (%) model is improved by 19.18
% in the present study for Ottawa F65 sand. The predicted o',
response of Ottawa F65 sand is somewhat variable in the initial
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TABLE 3 | Detailed analysis of the testing performance of the LSTM-based models of PDX sand.

a) Detailed analysis of the testing performance of the shear strain models of PDX sand

Shear strain model, testing set - 1, trial number 1

Observation

Explanation

1. A sudden jump in predicted shear strain is observed in
between 100 and 200 s.

2. The sudden jump in actual shear strain after 400 s is not
predicted.

1. This shear strain prediction after 100 s is influenced by
(Figure S4) Tr 3. The same is observed during the training
process for training datasets 1, 2, and 3.

2. The total number of samples in the training datasets for
this kind of jump around/after 400 s is limited as compared
to other samples in the training datasets.

Shear strain model, testing set - 1, trial number 2

Observation

Explanation

1. No such sudden jump in shear strain is observed in
between 100 and 200 s.

2. The model is able to predict the sudden jump in actual
shear strain after 400 s.

1. Because Tr 3 is removed for this trial. Thus, the model is
trained properly within this range.

2. Because in this trial, some of the datasets are removed.
Thus, the number of samples for this kind of sudden jump
at the end is more compared to Trial 1. Figure 10 shows
how the model is trained properly to predict the sudden
jump in shear strain at the end of most datasets.

Shear strain model, testing set - 2, trial number 1

Observation

Explanation

The model captures the pattern precisely up to 110 s but not the
sudden jump in actual shear strain after 110 s.

As in the training datasets, the number of samples within this
range (0-110 s) are more compared to the number of samples
within the sudden jump region at end of time history.

Shear strain model, testing set - 2, trial number 2

Observation

Explanation

The model predicts the pattern almost the same as in the case
of Trial 1.

The explanations are the same as in Trial 1. However, tuning of
the hyperparameters may improve the model performance
slightly.

b) Detailed analysis of the testing performance of the excess pore pressure ratio models of PDX sand

Excess pore pressure ratio model, testing set - 1, trial number 1

Observation

Explanation

Though in some regions, the model under or over-predicted the

response frequently, however, it captures the loading and

unloading pattern reasonably well. In addition, like experiment

data it restricts the predicted maximum value of r, to 1.

The model is neither underfitted nor overfitted. Therefore, it

shows the generalized performance based on the training using

the nine training datasets (Figure S5).

Excess pore pressure ratio model, testing set - 1, trial number 2

Observation

Explanation

1. Though there are slightly over predictions up to 300 s,
however, the response is smoother. Overall, the model
captures the loading and unloading pattern more precisely.

2. Predicted all the peak values satisfactorily after 300 s.

3. Restrict the predicted maximum value of r, to 1.

The model is trained using five training datasets. Out of them,
two training datasets (Tr 1 and Tr 2) have similar patterns
(Figure 11) in r, response compared to Ts 1. Hence, the trained
model can capture the pattern precisely for the
independent/unseen testing set.

(Continues)
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TABLE 3 | (Continued)

Excess pore pressure ratio model, testing set - 2, trial number 1

Observation

Explanation

1. The model captures the loading and unloading pattern
precisely, however, it underpredicted the pattern
throughout the time history.

2. On the other hand, it is able to predict a certain jump in r,
after 105 s.

1. The model is neither underfitted nor overfitted; therefore,
exhibited a better generalization performance.

2. The model is able to predict the sudden jump because of
the sudden jump in the input shear strain time history.

Excess pore pressure ratio model, testing set - 2, trial number 2

Observation

Explanation

The predicted response is almost the same as Trail 1, but
relatively smoother.

The explanations are the same as in Trial 1. However, tuning of
the hyperparameters may enhance the model performance

slightly.
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FIGURE 18 | Relativecomparison of the responses obtained from two models for Ottawa F65 sand: (a) shear strain response of this study; (b) vertical

effective stress response of this study; (c) shear strain response of Jas et al. [59]; (d) vertical effective stress response of Jas et al. [59].

few cycles, and after that, the response matches satisfactorily
with the experimental results right up to the end of the time
history (Figure 18b). The MSE value is decreased from 18.2091
(Figure 18d) to 18.2089 (Figure 16b) w.r.t. Jas et al. [59]. Thus, the

overall performance of the r, model is slightly improved in the
present study for Ottawa F65 sand. Zhang et al. [28] predicted
the responses (Figure 19a,b) of Fontainebleau sand reasonably
well compared to the responses obtained from cyclic simple shear
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FIGURE 19 | Relative comparison of the responses for different sands from recent studies: (a) shear strain response of Fontainebleau sand by Zhang

et al. [28]; (b) vertical effective stress response of Fontainebleau sand by Zhang et al. [28]; (c) deviatoric strain response of Ottawa F65 by Meng and Pei

[30]; (d) mean effective stress of Ottawa F65 by Meng and Pei [30].

test. The LSTM-based models of Zhang et al. [28] are trained
using the synthetic datasets obtained from advanced constitutive
models. Up to 30 s, the y (%) model underpredicted the response,
after that, it is overpredicted (Figure 19a). However, the model
can predict the sudden jump in y (%) after the 80 s. The LSTM
model predicted o, response (Figure 19b) is under or overpre-
dicted significantly w.r.t. the laboratory response; however, the
overall trend is captured by the LSTM model. Meng and Pei
[30] developed a GRU-based seq2seq using cyclic triaxial test
databases of Ottawa F65 sand. The database of experimental
tests is improved using the cubic spline interpolation. Thus, the
training datasets are the combination of experimental datasets
and synthetic datasets. Figure 19c,d shows the responses obtained
from this study and the response obtained from DM04 model. The
legend of both the plots is the same. Finally, they show a satis-
factory prediction compared to the DM04 model. However, the
trained model is still unable to capture the experimental response
satisfactorily.

Therefore, from Figures 18 and 19, it is clear that the model
trained using synthetic datasets can simulate the response
satisfactorily. Thus, they are unable to provide more insights
than the traditional constitutive model. On the other hand,
the LSTM-based models trained using only laboratory datasets
have a certain potential to predict the experimental response
satisfactorily. However, in the future, these models can be used
as alternative tools in practice after further minimizing their
constraints and limitations. In summary, these models predict
the generalized response through the training process from the
training datasets. The responses obtained from these LSTM-
based models are not truly comparable because of the following
reasons: (i) unavailability of training datasets with details, model

or code files, and architectures of the models, (ii) testing on
different datasets, (iii) different laboratory tests, equipment and
sands, and (iv) uncertainties associated during the laboratory
testing. Therefore, actual comparison is possible only when these
constraints can be solved.

4 | Conclusions

This study presents both the experimental insight and data-driven
Al-based constitutive models of poorly graded reconstituted sand,
that is, PDX sand. The following conclusions can be made from
this study:

1. The experimental results on PDX sand resulted in CRRy_ ;5 of
0.146 and 0.136 for two different ¢”’,, of 100 kPa and 240 kPa,
respectively, which are lower than the V_ -based CRRy,,_ ;5
(0.21 and 0.23). The threshold value of Aw/c’,. for the PDX
sand ranges from 0.0008 to 0.001, at this state a rapid change
in Aw/g’,. occurs which in turn triggers the liquefaction.
However, this ratio is slightly lower than that reported in the
literature [57].

2. The Al-based shear strain (y [%]) model trained using
the PDX sand dataset predicts the responses reasonably
well in the case of the number of y (%) cycles for the
unseen/independent testing sets. The Al-based excess
pore pressure ratio (r,) model trained using the same
dataset predicts the r, response well and closely follows the
laboratory-based response for uniform sinusoidal loading.
The differences in the predicted and actual responses are
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due to the number of training datasets and the pattern of
input-output time histories.

3. The accumulation of r, is gradual; thus, the model satisfac-
torily captured the general trend in the response. The y (%)
close to liquefaction is highly nonlinear and rapidly varying
when the r, reaches close to unity. The models are trained
using fewer training samples in the dataset in the region
near the rapidly varying y (%), and hence, these models face
difficulties during prediction.

4. The LSTM and its variants have an inherent “forgetting
problem” for longer sequences during the training and testing
phases. Thus, specific developments in algorithmic struc-
tures are necessary to overcome this problem. The models
cannot capture the hysteresis loop close to liquefaction
because the number of data points in that region is smaller
due to the rapid rise in strain accumulation compared to the
other parts of time histories.

There exists inherent uncertainty with the laboratory databases
where each test varies from one to another in response to soil
fabric, anisotropy, and relative density, even when the tests are
performed with the utmost care. Hence, the Al-based models
face difficulties while capturing these uncertainties, as in the
case of existing constitutive models. Undoubtedly, in future, these
novel Al-based models developed herein could be trained and
tuned with a large number of global datasets to predict the cyclic
response of various soils around the world more realistically.
Then, these unified AI-based models could be used as alternative
tools beside the existing constitutive models. It is important to
note that the developed and existing Al-based models are trained
only for uniform and nonuniform sinusoidal loading; hence, at
this moment, they are not able to predict the cyclic responses of
the soils under transient loading. The work on this specific case
is currently underway.
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