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Abstract

Soil undergoes large deformation in many soil-object interactions, such as in-
dentation and ploughing. Modeling these processes presents challenges due
to the large and predominantly plastic deformation and the associated free
surface evolution. This paper proposes a data-driven method to model these
processes efficiently. In this method, neural network models are employed
to predict force-displacement relationships throughout the deformation pro-
cess, accounting for the evolution of the free surface. Proper orthogonal de-
composition (POD) facilitates the low-dimensional representation of surface
geometries. The accuracy and efficiency of the method are demonstrated by
applying the approach to three examples: wedge indentation, cylinder inden-
tation, and plate ploughing. By considering various object geometries, soil
parameters, and motions, the study also showcases the method’s potential
for application across a wide range of problems characterized by soil-object
interaction.

Keywords: soil-object interaction, large deformation, data-driven, neural
network, proper orthogonal decomposition

1. Introduction

Soil-structure and soil-tool interaction are ubiquitous in geotechnical en-
gineering. In many applications, including pile installation (Hamann et al.,
2015; Dijkstra et al., 2011), lateral buckling of pipelines (Chatterjee et al.,
2012; Wong et al., 2010), soil ploughing and cutting (McKyes and Ali, 1977;
Yong and Hanna, 1977; Hambleton et al., 2014), and mobility of off-road
vehicle (Hambleton and Drescher, 2008, 2009), the movement of structures
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or tools induces large plastic deformations, along with the evolution of free
surfaces (Fig. 1). In turn, the changing free surfaces affect the resistive
forces. Thus, it is crucial to account for large soil deformations when ana-
lyzing and modeling soil-structure/tool interaction. When it comes to the
design of structures and tools interacting with soils, the key objective is to
model the force-displacement history for the tool or structure throughout the
whole process of large plastic deformation. Additionally, the models must be
computationally efficient, as they are usually used repeatedly, particularly
within control and optimization algorithms.
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Figure 1: Diagrams of soil-object interaction. The grey dashed lines represent the original
free surfaces and original locations of objects. Variable d is the depth of objects. H and
V are horizontal and vertical resistive forces, respectively. Angle θ represents half of the
wedge’s tip angle. Variable r represents the radius of the cylinder. Angle α represents the
inclination angle of the plate velocity.

Theoretically, modeling the whole force-displacement history is challeng-
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ing due to the complexities introduced by large plastic deformations, evolving
free surfaces, and changing contact conditions. In geotechnical engineering,
several analytical models were developed to study the mechanical behav-
iors of geo-structures such as foundations and anchors (Nova and Montrasio,
1991; Houlsby and Cassidy, 2002; Bienen et al., 2006; Chatzigogos et al.,
2009). Nevertheless, those analytical models typically account only for the
nonlinearity from material properties but do not consider the geometric non-
linearity caused by large deformation, while it significantly affects the force-
displacement histories (Tian and Cassidy, 2011; Hambleton and Drescher,
2012).

Given the limitations of analytical models in handling large deformations,
numerical methods are the predominant techniques for modeling such pro-
cesses. The methods include Arbitrary-Lagrangian-Eulerian-based finite ele-
ment method (Wang et al., 2015; Qiu et al., 2011), discrete element method
(Tsuji et al., 2012; Shmulevich et al., 2007), material point method (Soga
et al., 2015), etc. Although these methods can address the large plastic de-
formation and the corresponding evolution of free surfaces, they are compu-
tationally expensive for engineering practice. In design optimization, for ex-
ample, iterative numerical simulations are necessary to determine the optimal
design parameters. A more efficient alternative is to develop surrogate mod-
els that directly capture variables of interest—specifically, force-displacement
relationships as discussed in this paper—using data-driven methods such as
machine learning. Through machine learning, a surrogate model can be con-
structed after learning the statistical properties of a set of problems and then
applied to predict similar problems.

The popularity of data-driven methods is supported by the surge of ac-
cessible data and the advancement of computing power over the past decade.
Machine learning and deep learning have shown significant potential across
various fields. In the physical and engineering domains, for example, Raissi
et al. (2019) introduced physics-informed neural networks, which integrated
physical governing equations with neural networks to solve partial differential
equations from empirical data. In the pursuit of efficient modeling, Hesthaven
and Ubbiali (2018) applied neural networks to reduce the computational time
in high-fidelity models. Research on solid materials dates back to the 1990s
when Ghaboussi et al. utilized feedforward neural networks to model the
mechanical behaviors of concrete (Ghaboussi et al., 1991) and geomaterial
(Ghaboussi et al., 1998; Hashash et al., 2004) based on experimental data.
More recently, machine learning techniques were applied to model complex
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heterogeneous materials (Le et al., 2015; Bessa et al., 2017; Liu et al., 2019;
Mozaffar et al., 2019). In the context of soil-structure interaction, Zhang
et al. (2020) employed recurrent neural networks to learn force-displacement
relations and predict the failure envelope of foundations. Despite these ad-
vances, there has been limited research on the effects of large deformations
in soil-structure/tool interaction.

This paper proposes a data-driven approach for soil-structure/tool inter-
action involving large deformation. In this approach, neural network models
are developed to capture the whole history of force-displacement relations. To
effectively handle the evolution of free surfaces caused by large deformation,
the geometries of free surfaces are taken into consideration when building the
neural network models. Nevertheless, without any processing, the number of
variables to represent a free surface is high. This creates a high-dimensional
challenge that requires substantial amounts of data for training models. Ob-
taining such data from large-deformation numerical methods or experiments
for soil-structure/tool interaction can be costly. Therefore, this paper reduces
the dimensions representing a free surface before building the neural network
models. The proposed models are evaluated for three fundamental problems
involving large deformation: wedge indentation, cylinder indentation, and
plate ploughing (Fig. 1).

2. Geometric data-driven method

2.1. Problem statement

In numerical methods, a standard approach to handle large deformations
involves dividing them into a sequence of small deformations. For instance, in
large deformation finite element analysis, small-strain finite element analysis
is performed iteratively to update stress fields and geometries of the com-
putational domain. To further address the mesh distortion caused by large
deformation, the Arbitrary Lagrangian-Eulerian framework is often employed
to replace the Lagrangian framework (Wang et al., 2015). In geotechnical
engineering, several other techniques are also used to address large soil defor-
mations and the associated changes in surface geometries. Sequential limit
analysis, for example, applies finite element limit analysis to compute veloc-
ity fields and update surface geometries incrementally (Kong et al., 2017).
Similarly, the sequential kinematic method applied the kinematic method in
limit analysis to calculate velocity fields at each small deformation step (Shi
et al., 2021). Regardless of the specific numerical method used, the most

4



computationally intensive task is computing displacement or velocity fields
at each small deformation step. To overcome this challenge, we applied a
data-driven method to bypass these computational steps.

In our problems of soil-structure/tool interaction, structures or tools are
treated as rigid objects. The quantities of interest are the displacements of a
rigid object and the resistive forces (V and H in Fig. 1) on it. Finite element
analysis is used to generate data for training and evaluating a data-driven
model. Considering the convenience of performing displacement-control fi-
nite element analysis, the movement of a rigid body is displacement control.
The predicted quantity is the resistive forces throughout a large deformation
process. Therefore, the data-driven model must provide resistive forces as
outputs for each small deformation step. The mechanical response in those
steps is determined by soil properties, object displacements, object shapes,
contact conditions, and surface geometries. All of those quantities can serve
as the inputs to the data-driven model. Furthermore, as surface geometries
keep changing throughout a large deformation process, the surface geome-
tries must also be outputted by the data-driven model to serve as inputs for
the subsequent small deformation step.

Setting: initial surface geometry and other 
model parameters (e.g., soil property, object 

shape, or moving path)

Resistive 
force 

Next 
surface 

geometry

Neural 
network

Model 
parameters 

Current 
surface 

geometry
Inputs

Outputs

Solutions

Update surface geometry

Figure 2: Prediction of resistive forces with the geometric data-driven method.

In summary, the inputs to the data-driven model include surface geome-
tries and other parameters of interest, and the outputs are surface geometries
and resistive forces (Fig. 2). It is crucial to use an appropriate mathematical
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expression for surface geometries, which are both the inputs and outputs of
the data-driven model.

2.2. Low-dimensional approximation of free surfaces

This section describes the method for incorporating surface geometries
into the data-driven model. A free surface is a continuous surface in which
an infinite number of points can move freely, i.e., the degrees of freedom
(DOFs) of the free surface are infinite. In numerical methods like finite
element methods, the DOFs are reduced to a finite number through dis-
cretization. Despite lowering the DOFs of free surfaces to a finite number,
the required sample size is still too high, making data generation through ex-
periments or simulations impractical. This is due to the exponential increase
in sampling points as the input dimension grows, a phenomenon known as
the “curse of dimensionality”. A simple math calculation is given to explain
this phenomenon as follows.

In this work, we only focus on 2D problems, where the DOFs of a free
surface are twice the number of discrete points. Assuming that free surfaces
are expressed using 100 points, the inputs corresponding to free surfaces
in a neural network will contain 200 variables. Each variable should be
sampled sufficiently to ensure that the neural network is predictive. If 10
possible values are sampled for each variable, the number of samples would
be 10010 to obtain dense data (sparse data makes it hard to learn relations
among high-dimensional data). Even if generating one sample takes only
several minutes through a small-strain finite element analysis, the total time
to generate all those samples is unbearable. Therefore, before applying the
data-driven method, it is essential to use lower DOFs to express the evolving
free surfaces.

2.2.1. Proper orthogonal decomposition

The key to reducing the DOFs is to find a low-dimensional representa-
tion of the high-dimensional data while preserving its essential properties.
Intuitively, a free surface can be approximated by piecewise linear functions,
namely, several line segments. This approach does not account for the fea-
tures of data. Proper orthogonal decomposition (POD) (Sirovich, 1987), also
known as principle component analysis (PCA) in statistics, is a dimensional-
ity reduction method based on features of data. Specifically, POD works to
find common features of a group of high-dimensional data and then express
the group of data in a low-dimensional space. POD has been widely applied
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in image and signal processing (Rosenfeld, 1976; Castells et al., 2007; Abdi
and Williams, 2010) and reduced-order modeling (Rowley et al., 2004; Rozza
et al., 2008; Benner et al., 2015).

The detailed implementation of POD is as follows. After collecting M
snapshots (results from large deformation finite element analysis in this pa-
per), a matrix Y h ∈ RN×M is constructed, i.e.,

Y h =
[
yh
1 | yh

2 | · · · | yh
j | · · · | yh

M

]
. (1)

The vector yh
j is the dimensionless vertical coordinates of the surface points

with fixed horizontal coordinates. The matrix Y h could be decomposed by
singular value decomposition (SVD) as

Y h = UΣW T . (2)

The columns of U ∈ RN×N and W ∈ RM×M are the left and right singu-
lar vectors of Y h, respectively. Σ = diag (σ1, σ2, . . . , σM) is a rectangular
diagonal matrix, where σ1 ≥ σ2 ≥ . . . ≥ σM ≥ 0 are the singular values
of Y . Taking the r(<< M) left singular vectors that correspond to the r
largest singular value, a truncated matrix V (= v1,v2, . . . ,vr) ∈ RN×r could
be obtained. V are also called the reduced basis, constructing a reduced
space. Let Y l = V TY h ∈ Rr×M , then each column of Y l is the projection
of the original yh

j onto the reduced space. The approximated solutions Ŷ h

in the original high-dimensional space can be obtained from the projections
in low-dimensional space through

Ŷ h = V Y l. (3)

The least squares error of POD is expressed as

∥∥∥Y h − Ŷ h
∥∥∥2
F
=

M∑
j=1

∥∥yh
j − V V Tyh

j

∥∥2
2
. (4)

According to Eckart–Young–Mirsky theorem (Eckart and Young, 1936), the
reduced basis V from SVD minimizes the least squares error among all the
orthogonal basis B ∈ RN×r. i.e.,

min
M∑
j=1

∥∥yh
j −BBTyh

j

∥∥2
2
=

M∑
j=1

∥∥yh
j − V V Tyh

j

∥∥2
2
=

M∑
j=r+1

σ2
j . (5)
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Because the error of POD is given by the sum of the squares of the singular
values not included in the POD basis, the singular values provide guidance
for choosing the size of the POD basis. A typical approach is to choose r so
that ∑r

j=1 σ
2
j∑M

j=1 σ
2
j

> k (6)

where k is a user-specified tolerance.
After selecting the reduced basis V (= v1,v2, . . . ,vr), a vector yh can be

approximated as

yh ≈ V yl =
r∑

i=1

ylivi. (7)

During the training of data-driven models, we only need to use yli, the coeffi-
cients of reduced basis vi, to represent surface geometries as both inputs and
outputs of the models. In the following part of this paper, the coefficients
are expressed using λ.

2.2.2. Unified expression of geometric data
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Figure 3: Dimensionless formulation for plate phoughing.

For convenience in model training, we expressed the geometric data in a
unified form before performing POD. Concretely, the surface geometries are
expressed in a dimensionless form, and the coordinates are relative to the
rigid object. Taking the ploughing process of a plate as an example (Fig. 3),
the plate is set as a reference. The dimensionless coordinates of points on
the surface and the corresponding dimensionless force are set as

x̂ =
x− x0

d
, ŷ =

y

d
, Ĥ =

H

cd
, (8)

where (x, y) are the coordinates of surface points in the original system, x0 is
the horizontal coordinate, d is the depth of the plate, c is the cohesion of soil,
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and H is the horizontal resistive force on the plate. x̂, ŷ, Ĥ are the dimension-
less forms of x, y,H. To keep the number and horizontal coordinates of all
surface nodes fixed, we interpolated the vertical coordinates [ŷ1, ŷ2, . . . , ŷN ]
of surface points at the fixed horizontal coordinates [x̂1, x̂2, . . . , x̂N ] when col-
lecting data. Here, N represents the number of vertical coordinates stored
in the database to represent free surfaces.

2.3. Neural network

Input layer Output layer

Hidden layers

Figure 4: An example of a feedforward neural network with 3 input neurons, 3 hidden
layers, and 2 output neurons.
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Figure 5: A neuron in feedforward neural network.

The data-driven model is built using a feedforward neural network (FNN),
which is a fundamental type of neural network. In FNN, data flows from
an input layer, through hidden layers, and to an output layer (Fig. 4).
The neurons—the nodes in the network—are fully connected across adjacent
layers. For a neuron j in the k layer, its output is determined by all outputs
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in the k − 1 layer (Fig. 5) as

akj = ϕ

(
N∑
i=1

wija
k−1
i + bk−1

i

)
, (9)

where N is the total number of neurons in the k− 1 layer, ak−1
i is the output

from the neurons in that layer. wij is the weight of the connection (akj , a
k−1
i ),

and bk−1
i is the bias analogous to the constant in a linear function. wij and

bk−1
i express a linear transformation. ϕ is the activation function that decides
to what extent the neuron j in the k layer is activated. Mathematically, acti-
vation functions enable neural networks to approximate nonlinear behaviors.
Cybenko (1989) proved that 2-hidden-layer networks with differentiable acti-
vation functions can approximate any nonlinear functions. In this work, the
ReLU activation function (Brownlee, 2019) is employed.

Training a neural network is an optimization problem aimed at finding the
optimal weights minimizing a loss function, which measures the discrepancy
between the neural network’s outputs and the actual outputs for the same
inputs. The training process involves iteratively updating weights until the
loss function falls below a specified threshold. In this paper, the mean squared
error (MSE) is used as the loss function, and the Adam optimizer (Kingma
and Ba, 2014) is used for optimization.

2.4. Framework of geometric data-driven method

In closing, the framework of the geometric data-driven method includes
three phases as follows.

1. Data generation: The data in this paper comes from numerical solu-
tions of RITSS method (Hu and Randolph, 1998). RITSS resolves the
issue of mesh distortion caused by large deformation through the ar-
bitrary Lagrangian-Eulerian technique, i.e., the displacements of mesh
nodes are not identical to material points. Specifically, the distorted
elements after a small deformation step are remeshed, and state vari-
ables are mapped onto new mesh nodes. It is convenient to integrate
RITSS into a small-strain FEM solver. In this work, Abaqus (Systèmes,
2016) is used for small-strain simulations, and Python scripts were de-
veloped to control the remeshing and mapping processes. This paper
explores the data-driven approach for perfect plasticity, i.e., there is no
hardening or softening during the process of plastic deformation.
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2. Model training: Neural networks are trained to develop surrogate
models for the force-displacement relations during large plastic defor-
mation. After performing POD on free surfaces, the inputs of neural
networks are the coefficients λt of reduced basis and other parameters
p of interest (e.g., geometric parameters of objects, material parame-
ters of soils, and displacement vectors). The outputs include resistive
forces F t and the updated coefficients λt+1 for the next step. Before
training the neural network, all input and output variables are scaled
through standardization,

z =
zo − z̄

σ
, (10)

where zo is an original value of a variable, z̄ is the mean of all values
in training data, and σ is the standard deviation of all values. The
corresponding loss function, expressed in mean squared errors (MSE),
is given by

MSE =
1

(M1 +M2)N

N∑
i=1

(

M1∑
j=1

(
f ′
i,j − fi,j

)2
+

M2∑
j=1

(
λ′
i,j − λi,j

)2
) (11)

where N is the number of data points, M1 is the dimension of resistive
forces, and M2 is the number of coefficients, i.e., the dimension of
reduced basis.

3. Prediction: After the model is trained, the resistive forces can be
predicted given the corresponding parameters as shown in Fig. 2. In
each small deformation step, the neural network model can generate
a resistive force and a new set of coefficients of reduced basis. Taking
the new set of coefficients as inputs of the neural network model, the
resistive force for the next step is generated. Consequently, a sequence
of resistive forces during the whole process of large deformation can be
generated iteratively.

3. Results

To investigate the effectiveness of the proposed method, we investigated
three examples (Fig. 1) involving large deformation. In the first example, we
applied the data-driven method to predict the indentation of wedges with var-
ious geometries. The second example was cylinder indentation which tested
the effectiveness of the data-driven method in predicting force-displacement
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relations under different soil properties. The third example focused on the
ploughing processes of a plate. The plate ploughing tested the effectiveness
of the data-driven method in predicting force-displacement relations under
various motions.

In the three examples, wedges, cylinders, and plates were all assumed
to be rigid objects. The soil was ponderable with a density of 2000 kg/m3.
Young’s modulus was 200 MPa. Poisson’s ratio was taken as 0.3. Coulomb’s
law was used for the contact properties between soil and rigid objects and the
coefficient of friction was 0.5. In the wedge indentation and plate ploughing,
soils were cohesive materials modeled using the Tresca yield criterion with co-
hesion c = 20 kPa. In the cylinder indentation, soils were cohesive-frictional
material modeled with the Mohr–Coulomb yield criterion. The flow rule was
associative for all three examples. In the RITSS-based FEM method, finite
element types were bi-linear rectangles. The size of elements was around
0.05 m during remeshing steps in RITSS. To avoid the effects of boundaries,
the distance of boundaries to the rigid objects was taken large enough. For
example, in wedge indentation tests, the distance of the bottom boundary
to the wedge tip was 5 times the final depth of the wedge, and the distance
of the lateral boundary to the wedge tip was 5 tan θ times the final depth,
where θ is half of the tip angle.

3.1. Compared with piecewise linear approximation

Before testing the effectiveness of the neural network models, we com-
pared the approximating effects of POD and piecewise linear functions. A
horizontal ploughing process of a plate with depth d0 was run through the
RITSS method as a reference. To compare the approximating effects, after
each small-strain analysis, the updated free surface was approximated with
POD and piecewise linear functions, respectively. Then, the approximated
surface was used as the geometric configuration of the next small-strain step.
The error of force-displacement relations caused by this geometric approx-
imation is shown in Fig. 6. Figure 6a shows that POD gives better ap-
proximations with lower dimensions compared to piecewise linear functions.
Figure 6b shows that the error in surface geometries increases as the plate
advances when piecewise linear functions are used.

3.2. Wedge indentation

In wedge indentation tests, various geometries of intruders, i.e., the wedge
tip angles, were used as input parameters for the neural network model (Fig.
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Figure 6: Comparison between POD and piecewise linear approximation, where c repre-
sents cohesion and d0 represents the depth of the plate.

1a).
Finite element solutions for different tip angles (tan θ = 1.5, 2.0, 2.5, 3.0, 3.5)

were collected to train the neural network. The final indentation depth was
taken as 1 m for all simulations. The simulation results were collected every
0.01 m indentation, resulting in 100 data points per simulation. The dimen-
sionless coordinates of surface points were calculated with Eq. 8. Applying
POD on the dimensionless form of surface geometries and setting the toler-
ance to 99%, 2 reduced basis vectors were obtained (Fig. 7). As a result, the
inputs of the neural network were the wedge tip angle θ and 2 coefficients of
reduced basis λ1, λ2.

After training the neural network, tests were conducted for 4 new wedge
tip angles (tan θ = 1.6, 1.8, 2.3, 2.8). Figure 8a compares the vertical forces
on wedges predicted by the neural network with those computed via FEM.
Figure 8b shows the relative errors of the predicted forces, calculated as

ϵ =

∣∣∣∣F POD−NN − F FEM

F POD−NN

∣∣∣∣ , (12)

where F POD−NN and F FEM are the predicted force and the numerically
solved force, respectively. In this example, the errors are calculated for ver-
tical forces (V ). The results show that the data-driven model gives a good
prediction for force-displacement relations during wedge indentation. The
relatively large errors observed at the initial stages are due to the incomplete
contact between soil and wedges, causing inaccuracies in the simulations.
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Figure 7: Reduced basis for surface geometries during wedge indentation.
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Figure 8: Vertical resistive force versus vertical displacement during wedge indentation.

Figure 9 compares the 2 coefficients of reduced basis. The 1st coefficient
λ1 has a larger magnitude than the 2nd one λ2. This indicates that the 1st
reduced basis vector v1 captures the dominant features of surface geometries,
while the 2nd reduced basis vector v2 provides refinements. As stated in the
methods section, high-dimensional surface geometries can be reconstructed
from the predicted coefficients with λ1v1 + λ2v2. Figure 10 compares the
reconstructed free surfaces with those computed via FEM, which illustrates
that the evolution of free surfaces can be closely predicted by the data-driven
model.
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Figure 9: Comparison of the coefficients of reduced basis during wedge indentation.
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Figure 10: Comparison of free surfaces during wedge indentation. The surface geometries
are shown when the indentation depths are 0.25 m, 0.5 m, 0.75 m, and 1 m. The gray
lines are the locations of wedges, motion from top to bottom.

3.3. Cylinder indentation

In cylinder indentation (Fig. 1b), the additional variable besides coeffi-
cients of reduced basis was the friction angle (ϕ) of soil, whose cohesion was
fixed as 20 kPa.

Finite element solutions for ϕ = 2◦, 4◦, 6◦, 8◦, 10◦, 12◦, 14◦, 16◦, 18◦ were
collected to train neural networks. In each finite element simulation, the
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final vertical displacement was 0.2r (0.2 times the radius of the cylinder).
100 data points were collected from each simulation. Applying POD on the
dimensionless form of surface geometries and setting the tolerance to 99.9%,
2 reduced basis vectors were generated (Fig. 11). Hence, the inputs of the
neural network were the internal friction angle ϕ and 2 coefficients of reduced
basis λ1, λ2.
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Figure 11: Reduced basis for surface geometries during cylinder indentation.

When simulating cylinder indentations using the RITSS method, notice-
able fluctuations appeared in the force-displacement curves. This was due to
the sensitivity of the force response to the mesh, as the RITSS method in-
volves sequential remeshing. To avoid overfitting the fluctuations, L1 penalty
(Tibshirani, 1996) was added to the loss function when training the relation-
ship between inputs and vertical forces. After training the neural network,
tests were conducted for 4 new internal friction angles (ϕ = 5◦, 9◦, 11◦, 15◦).
Figure 12 compares the vertical forces on cylinders predicted by the neural
network to those computed via FEM. The results demonstrate that the data-
driven model accurately predicts the force-displacement relationships during
cylinder indentation. Figure 13 compares the 2 coefficients of reduced basis.
Figure 14 illustrates reconstructed free surfaces from the predicted coeffi-
cients alongside the FEM-computed surfaces, showing that the evolution of
free surfaces can be captured effectively by the data-driven model.
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Figure 12: Vertical resistive force vertical displacement during cylinder indentation.

3.4. Plate ploughing

Ploughing processes of plates were examined in the last example. During
a ploughing process, as shown in Fig. 1c, a plate was embedded in soil with
an initial depth d0 and then moved laterally or along an inclined direction α.

Finite element solutions for α = 0◦, 5◦, 10◦, 20◦, 30◦, 40◦, 50◦, 60◦ were col-
lected to train the neural network. In each RITSS-based FEM, the ratio of
final horizontal displacement to the initial depth d0 of the plate is around 1.
100 data points were collected from each simulation. 4 reduced basis vectors
for surface geometries were generated (Fig. 15) after POD. Hence, the inputs
of the neural network are the plates’ inclination of motion α and 4 coefficients
of reduced basis λ1, λ2, λ3, λ4.

3.4.1. Constant direction

After training the neural network, tests were conducted for 4 ploughing
processes moving in different directions (α = 2.5◦, 15◦, 25◦, 45◦). Figure 16
compares the horizontal forces as predicted by the neural network with those
computed via FEM. Similar to the indentation results, the findings indicate
that the data-driven model gives accurate predictions for force-displacement
relations during ploughing. Figure 17 and 18 compare the 4 reduced basis
coefficients and reconstructed free surfaces, where the errors of coefficients
predicted by the neural network increase with the plates moving forward,
leading to small discrepancies in the free surface geometries (u/d0 = 0.75
and 1 in Fig. 18). The reason is that the coefficients serve as both the
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Figure 13: Comparison of the coefficients of reduced basis during cylinder indentation.

outputs at the current step as well as the inputs at the next step, causing
errors to propagate. For α = 2.5◦ and 15◦, increases in the force occur when
u/d0 exceeds 0.8. This is consistent with the error propagation observed in
the 1st coefficient. Despite the variation in error, the predicted forces remain
close to FEM solutions throughout the whole process.

3.4.2. Arbitrary paths

In previous test examples, the plate moved with a constant velocity along
a fixed direction. For the following tests, four arbitrary motions were exam-
ined. Figure 19 illustrates the changes in the velocity direction during the
ploughing for these four paths. Figure 20 compares predicted forces and
numerically solved forces. Figure 21 and 22 compare the four reduced basis
coefficients and surface geometries during ploughing, respectively. It is shown
that the training model can still give good predictions for arbitrary paths,
although the plates moved along a fixed direction in the training data. In
terms of Path 1, the errors in the coefficients and reconstructed surface ge-
ometry increase with the plate moving forward. The same trend also occurs
for errors in the force. In terms of Path 2, apparent errors appear when u/d0

is greater than 0.7 for both the 1st coefficient and the force. Regarding Paths
3 and 4, there are apparent errors in the 1st coefficient, surface geometry,
and force when u/d0 = 0.75, and the errors become small when u/d0 = 1. In
summary, the results show that the errors in evolutionary free surface affect
the accuracy of force-displacement relations.
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Figure 14: Comparison of free surfaces during cylinder indentation. The surface geometries
are shown when the indentation depths are 0.02r, 0.08r, 0.14r, and 0.20r. The gray lines
are the locations of cylinders, motion from top to bottom.
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Figure 15: Reduced basis for surface geometries during plate ploughing.
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Figure 16: Horizontal resistive force versus horizontal displacement for plates moving in
constant directions.
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Figure 17: Comparison of the coefficients of reduced basis for plates moving in constant
directions.
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Figure 18: Comparison of the free surfaces for plates moving in constant directions. The
surface geometries are shown when u/d0 = 0, 0.25, 0.5, 0.75, and 1. The gray lines are
the locations of plates, moving from left to right.
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Figure 20: Horizontal resistive force versus horizontal displacement for plates moving along
arbitrary paths.
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Figure 21: Comparison of the coefficients of reduced basis for plates moving along arbitrary
paths.
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Figure 22: Comparison of the free surfaces for plates moving along arbitrary paths. The
surface geometries are shown when u/d0 = 0, 0.25, 0.5, 0.75, and 1. The gray lines are
the locations of plates, moving from left to right.
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4. Discussion

The results show that the proposed data-driven approach effectively model
evolving geometries and force-displacement histories. There is no significant
error propagation as the objects advance. In the case of plate ploughing,
although the trained data comes from plates moving in constant directions,
the methods also exhibit strong performance in predicting the behavior of
plates moving in changing directions. This highlights the generalizability of
the approach.

Geometries are both inputs and outputs of neural networks in this pro-
posed approach, which incorporate sequential steps to predict forces based on
current geometries. The geometries can be regarded as memories of previous
motions, similar to how plastic strains serve as a record of load histories in
plastic constitutive models. This work primarily focuses on perfectly plas-
tic materials, but future research could extend the proposed approach to
encompass more complex constitutive laws. To effectively account for hard-
ening/softening behaviors, for example, geometries might not be the only
factors serving as memories of previous motions. It is valuable to investigate
whether other factors, such as stress or strain fields around objects, should
also be taken as inputs and outputs of the neural network, along with the
surface geometries.

When it comes to approximating geometries, proper orthogonal decompo-
sition (POD) demonstrates better performance compared to piecewise linear
approximation, primarily because it utilizes data properties. Unlike piece-
wise linear methods, which may introduce artifacts due to their reliance on
fixed segments, POD effectively captures the underlying patterns in the data,
ensuring that the approximation results are consistently constrained within
the bounds of the actual data during the whole process. In contrast, the
errors associated with piecewise linear approximation tend to increase in this
process.

5. Conclusion

This work explores the potential of data-driven methods in modeling
soil-structure/tool interaction. The proposed method can predict the force-
displacement relations during the whole process involving large deformation.
Through the use of pre-computed data sets based on numerical simulations,
the method is computationally efficient and practical for design optimiza-
tion. To handle the large deformation and evolution of free surfaces, surface
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geometries are regarded as memories of previous motions and taken as both
the inputs and outputs of the neural network. To handle the “curse of dimen-
sionality”, the degrees of freedom of surface geometries are reduced through
proper orthogonal decomposition. The memorization of changing surface ge-
ometries and the dimensionality reduction of surfaces are key novelties of
our proposed method. This efficient representation of changing geometries
reduces the size of inputs and outputs of the neural network, thereby avoid-
ing unmanageable computational time required to generate large amounts of
data.

The capability of the proposed method is examined for three fundamen-
tal processes: wedge indentation, cylinder indentation, and plate ploughing.
The comparison with the results from existing numerical methods shows
that the data-driven method can predict the mechanical behaviors of soil-
structure/tool interaction, accounting for various geometries of objects, soil
parameters, and motions. The versatility of the method makes it applicable
to a wide array of problems involving evolving geometries.
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