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Abstract

As characterization and modeling of complex materials by phenomenological models remains challenging, data-
driven computing that performs physical simulations directly from material data has attracted considerable attention.
Data-driven computing is a general computational mechanics framework that consists of a physical solver and a
material solver, based on which data-driven solutions are obtained through minimization procedures. This work
develops a new material solver built upon the local convexity-preserving reconstruction scheme by He and Chen
(2020) A physics-constrained data-driven approach based on locally convex reconstruction for noisy database.
Computer Methods in Applied Mechanics and Engineering 363, 112791 to model anisotropic nonlinear elastic solids.
In this approach, a two-level local data search algorithm for material anisotropy is introduced into the material solver
in online data-driven computing. A material anisotropic state characterizing the underlying material orientation is
used for the manifold learning projection in the material solver. The performance of the proposed data-driven
framework with noiseless and noisy material data is validated by solving two benchmark problems with synthetic
material data. The data-driven solutions are compared with the constitutive model-based reference solutions to
demonstrate the effectiveness of the proposed methods.

Impact Statement

While phenomenological constitutive models have been extensively employed in solving solid mechanics
problems, formulation and characterization of models become difficult and often lose generality for complex
material systems. Data-driven modeling that directly integrates material data with physical laws into simulations
has shown promising potential in recent years. This study aims to develop a data-driven modeling approach for
nonlinear anisotropic materials by introducing a two-level data search scheme that utilizes both stress—strain data
and orientations of material anisotropy to discover the underlying anisotropic material manifold that represents
the anisotropic material behaviors. This data search scheme is implemented with a local convexity-preserving
reconstruction algorithm for enhanced robustness against noise and outliers in data-driven computing.
Ultimately, the direct integration of discrete material data into simulations avoids the need for pre-defining
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the stress—strain relationship. The proposed data-driven modeling approach has demonstrated satisfactory
accuracy in predicting nonlinear anisotropic material behaviors compared with constitutive model-based
solutions, showing promising potential in modeling nonlinear anisotropic material systems.

1. Introduction

Constitutive laws that explicitly describe a stress—strain relationship are one of the key components in
computational mechanics. However, the phenomenological constitutive models for material modeling are
typically based on empirical observations, hypothesis, and mathematical assumptions, often lack of
generality to capture complex material behaviors, such as, anisotropy and nonlinearity. For example, it
remains challenging to formulate conventional phenomenological constitutive laws for musculoskeletal
systems consisting of multiple highly nonlinear and anisotropic biological materials (Huijing, 1999;
Gillies and Lieber, 2011; Takaza et al., 2013; Zhang et al., 2020).

With advancements in computing power and significant progresses in data mining, machine learning
based data-driven approaches, for example, manifold learning and artificial neural networks, have been
extensively applied to various fields owing to their strong ability of feature/pattern extraction, including
constitutive material modeling (Ghaboussi et al., 1991; Furukawa and Yagawa, 1998; Lefik and Schrefler,
2003; Wang and Sun, 2018; Liuetal., 2019; Mozaffaretal., 2019; Heider et al., 2020; He and Chen, 2020
He et al., 2020b), surrogate and reduced order modeling (Lee and Chen, 2013; Chen etal., 2015; He et al.,
2019; Lee and Carlberg, 2020; Mendizabal et al., 2020; Rocha et al., 2020; Maulik et al., 2020), solving
partial differential equations and system identification (Raissi et al., 2019; He et al., 2020a; Goswami
et al., 2020), and structural design (Zhang and Ye, 2019; Lei et al., 2019). Recently, a data-driven
computing paradigm has been developed to bypass the material modeling step by formulating boundary
value problems as a new optimization problem to search for a solution that is closest to the material dataset
and constrained by equilibrium and compatibility (Kirchdoerfer and Ortiz, 2016; Ibanez et al., 2018;
Conti et al., 2018). Recent developments have extended the physics-constrained data-driven computing
framework to dynamics (Kirchdoerfer and Ortiz, 2018), nonlinear elasticity (Nguyen and Keip, 2018; He
et al., 2020b), inelasticity (Eggersmann et al., 2019), constitutive manifold construction (Ibafiez et al.,
2017; Stainier et al., 2019), and multiscale modeling (Xu et al., 2020; Mora-Macias et al., 2020).

To counteract the curse of dimensionality and instability due to noise and outliers present in material
datasets, He and Chen (2020) introduced locally linear embedding manifold learning and convexity-
preserving reconstruction into the data-driven solver, called local convexity data-driven (LCDD) com-
puting. The LCDD framework has been extended to model nonlinear elastic solids and applied to model
mechanical responses of biological heart valve tissues with experimental datasets by He et al. (2020b).
Recently, Eggersmann et al. (2020) introduced a tensor voting machine learning technique into the
entropy based distance-minimizing data-driven (DMDD) framework to construct locally linear tangent
spaces in order to utilize underlying data structures to achieve high-order convergence of data-driven
solutions, referred to as a second-order data-driven scheme. The aforementioned physics-constrained
data-driven computing frameworks have demonstrated promising performances in various scientific
fields. Despite these advances, these data-driven computing frameworks cannot effectively handle
anisotropic material systems with various anisotropic orientations, that is, orientations of material
anisotropy. This is due to the fact that the data-driven solvers of these frameworks do not consider
information of material orientations, which prevents the applications of these data-driven computing
frameworks to complex material systems with direction-dependent material behaviors, for example,
musculoskeletal systems with significant differences in the muscle fiber direction leading to material
anisotropy.

The objective of this study is to develop a new data-driven solver built upon the local convexity-
preserving reconstruction scheme by He and Chen (2020) in order to model anisotropic nonlinear elastic
solids. The remainder of this paper is organized as follows. Section 2 reviews basic formulations of
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physics-constrained data-driven modeling of nonlinear elastic solids and makes a comparison of the
material solvers of the DMDD by Kirchdoerfer and Ortiz (2016) and LCDD by He and Chen (2020). A
local convexity-preserving material solver designed for anisotropic solids is introduced. Particularly, a
rotated material database is constructed offline and a two-level data search is integrated into the material
solver to capture direction-dependent material behaviors during online data-driven computing. In
Section 3, the proposed data-driven computing framework is verified by modeling the deflection of a
cantilever beam with layers containing different fiber directions and inflation of a cylinder where fiber
directions vary along the circumferential direction of the cylinder. The data-driven solutions are compared
with the constitutive model-based reference solutions to examine the effectiveness and robustness of the
proposed methods. Concluding remarks and discussions are given in Section 4.

2. Methodologies

This section revisits the basic formulations of the physics-constrained data-driven computing framework
for nonlinear elastic solids. The distinction between the material solvers of the DMDD by Kirchdoerfer
and Ortiz (2016) and LCDD by He and Chen (2020) and He et al. (2020b) is discussed. To model
anisotropic solids, we propose to integrate a two-level data search scheme into the local convexity-
preserving material solver in LCDD in order to capture the anisotropic material properties with aniso-
tropic orientations (orientations of material anisotropy) information.

2.1. Physics-constrained data-driven modeling of nonlinear elastic solids

We start by summarizing the physics-constrained data-driven computing formulation for nonlinear elastic
solids. The deformation of a nonlinear elastic solid defined in a domain Q* with a Neumann boundary r¥
and a Dirichlet boundary I'X are described by two basic laws:

DIV(F(u)-S)+b=0, in Q¥
Equilibrium : { (F(u)-S)+ n X D)
(F(u)-S)-N=t, on I'Y,
E=E(u)= (F'F-1)/2, in QF,
Compatibility : (w) ( )/ - " 2)
u=g, on I,

where the superscript “X” denotes the reference (undeformed) configuration, u is the displacement vector,
E is the Green-Lagrangian strain tensor, and F is the deformation gradient related to u, defined as
F(u) =0(X+u)/0X, where X is the material coordinate, S is the second Piola—Kirchhoff (second-PK)
stress tensor, and b, N, t, and g are the body force, the surface normal on l"f( , the traction on Ff( , and the
prescribed displacement on Fff , respectively. Let Z denote the phase space that contains strain—stress pairs

z=(E,S). The physical laws, Equations (1) and (2), define a material independent subset:
C={ze Z:(1)and(2)} 3)

which contains all states satisfying the physical laws and they are called physical state.

Consider that the behaviors of the elastic solid are described by a discrete material dataset
E= {(E j,g i) }Aj v where M is the number of measured material data and a hat symbol “A” is used to
denote material quantities. The strain—stress pairzZ = (E,g) € K is called the material data. Convention-
ally, the material dataset & is used to characterize material constants associated with a predefined
stress—strain relation, S = f(E) in Q¥. The constructed material model with properly estimated model
coefficients is then combined with the physical laws (Equations | and 2) to solve the boundary value
problem. However, as material models f are usually based on empirical experimental observations,
physical principles, and mathematical assumptions, with parameters calibrated from experimental data of
material samples (Ghaboussi et al., 1991; Sussman and Bathe, 2009), the phenomenological material
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modeling process inevitably lacks generality, especially for complex material systems (Latorre and
Montans, 2014; Ibanez et al., 2018).

The recently developed physics-constrained data-driven computing paradigm takes an alternative path
to solve boundary value problems, which directly embeds material data into physical simulations,
bypassing the need of phenomenological model construction (Kirchdoerfer and Ortiz, 2016; Ibanez
etal., 2018; He and Chen, 2020). One class of data-driven computing framework consists of minimizing
the distance between the material data Z and the strain—stress state z satisfying the physical laws in
Equations (1) and (2), which is called distance-minimizing data-driven (DMDD) computing
(Kirchdoerfer and Ortiz, 2016). A global distance functional is defined to measure the distance between
the material data Z and the physical state z

d(z,7)= | d*(z,72)dQ 4

@)= | E@d @)
with

d:(2,2) = dj(E(u),E) + d5(8.8), )

3(E(w).B) =3 (E(u) ~ ) :M: (E(u) - E), ©

d%(8.S) :%(S—§) M~ (S=8), )

where M is a predefined symmetric and positive-definite weight tensor used to regularize the distances

between z and Z. For a system with multiple materials, multiple material datasets are required for data-

driven computing, with each dataset describing material behaviors of one material. An ensemble of these

material datasets is called a material database, E,, =E; x E, x ... xE,, C Z, where m denotes the
M

. PP . . .

number of material types, E, = {(E’;, SJ.)} ! , and M, is the number of material datain [, p=1,...,m.

j=1

2.2. Data-driven two-step processes: material and physical solvers

The data-driven computing problem is formulated by stating:

_min min d(z,zZ)=min _min d(zZ), 3)

z€B, 2€C 2€0 7 e By

where d(z,Z) is the global distance functional defined by Equation (4). The objective is to find the material
data Z € B, in the material database that is closest to the constraint set C of physical states z or
equivalently to find the physical state z € C that is closest to the material database E,,,. The data-
driven problem in Equation (8) can be decomposed into a two-step problem:

Physical step : z* = arg mind(z,Z), ©)
zeC

Material step : Z* = arg min d(z*,Z), (10)
/z\ € Eep

where Z" is the optimal material data sought from the material step that is closest to the physical state z*
computed from the physical step.

2.2.1. Physical solver

A physical solver isused to solve the physical step defined in Equation (9), which searches for the physical
state z € C that is closest to a given material data Z. It can be reformulated as a constrained minimization
problem:
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min d(z,7) = min /Q ) (dg(E(u),F:) +d§(s,§))d9

zeC u,S
subject to : DIV (F(u) -S) +b =0in Q*,
(F(u)-S)-N=tonI¥. (11)

Note that the Green—Lagrangian strain tensor E is obtained from the displacement function of
sufficient smoothness so the compatibility condition is naturally imposed in the physical solver. Enforcing
the physical constraints by the Lagrange multiplier 4 gives the following functional:

/ {dé(E(u),ﬁ)+d§(S,§)}dQ+l / [DIV(F(u)-S)+b]dQ—/[(F(u)-S)-N—t]dF]. (12)
X X r

The stationary condition of Equation (12) yields the following data-driven variational equations
(He and Chen, 2020; He et al., 2020b; Nguyen et al., 2020):

ou: /5E(u);M;(E(u)—E)dQ=/ OF" (u) - VA:SdQ, (13a)
QX QX
5S: oS: (M ':S—F'(u)-Vi)dQ= 5S: M !:8dQ, (13b)
o X
oA /Wz:(F(u).S)dQ:/ 5,1-bd£2+/5/1~td1“. (13¢)
¥ ¥ rx

The variational formulation in Equations (13a—c) can be solved by numerical solvers, for example, the
Finite Element Method and the Reproducing Kernel Particle Method (RKPM) (Liu et al., 1995; Chen
et al., 1996). In this study, the RKPM numerical solver is adopted for approximating the displacement
field and the Lagrange multiplier field due to its nodal approximation of state and field variables that are
particularly effective for data-driven computing, see more details of RKPM in Appendix. The stabilized
conforming nodal integration (SCNI) by Chen et al. (2002) scheme is adopted such that the integration
points share the same set of points as the discretization nodes, which allows all material data search and
variable evaluation to be performed only at the nodal points, enhancing efficiency and accuracy of data-
driven computing. Consistent to the nodal integration, the stress S is approximated by indicator functions
X:(X) so that its nodal values are directly associated with the material stress data without introducing
additional interpolation errors, see He and Chen (2020) for details.

S(X) ~ $"(X) = XN: Xi(X)S: (14)
i=1

where N is the number of integration points, S; is the nodal stress associated with the ith node, and X;(X)
is expressed as

1, if X € QF,

Xi(X) = . ¥ (15)
0, if X¢Q7.

Employing nodal integration and the stress approximation in Equation (14), the discrete form of

Equation (13b) becomes

N N
> VioSI (M 'S — (F'(n),- VA)) =D VioSIM; 'S, ¥ 68, i=1....N, (16)
i=1 j:

i=1

where the subscript i denotes the terms evaluated at X, e.g., S; = S(X;) and F” (u), = F(u(X;)), and V; is
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the integration weight associated with the ith node. Equation (16) yields the stress update for all
integration points: ~
S=S+M: (F'(u)-V4). (17)

Substituting Equation (17) into Equations (13a) and (13c¢) yields the following nonlinear system of u
and 4 (He et al., 2020Db)

OE(u):M: (E(u) —E)dQZ/ (6F"(u)- Vi) : M: (F"(u) - V2)dQ

oF oF
- / (OF" (u) - V1) : SdQ, (18a)
QX
/ (FT(u)-aw);[M:(FT(u)-W)+§}dQ: / dVa-bdQ+ / OVa-tdl, (18b)
[o3 of rx

which can be solved by the Newton—Raphson method (Belytschko et al., 2000)

2.2.2. Material solver

Following the physical step, a material step is performed to search for the optimal material dataZ" that is
closest to the physical state z* obtained from the physical step by minimizing the distance functional. This
is done by the following material solver, which decomposes the global minimization in Equation (10) into
N local minimization problems (Kirchdoerfer and Ortiz, 2016).

if:argmindf(zf,’z}), i=1,...,N, (19)

2; € Ben

where i denotes the indices of integration points and N is the total number of integration points.

The data-driven solutions are obtained through fixed-point iterations of the physical step (Equations 17
and 18) and the material step (Equation 19) until the variation in material-step solutions between two
consecutive iterations is within a certain tolerance, see Kirchdoerfer and Ortiz (2016) and Conti et al.
(2018) for discussion of convergence properties of this two-step fixed-point iteration solver. The DMDD
computing process is depicted in Figure 1, where £ is the material admissible set, (v) is the iteration index,
and one iteration contains one physical step and one material step. In DMDD computing, given a physical
state z*(") of a material point, the material solver searches for the closest material data Z* Y directly from
the material database [E.,,. However, it can result in unsatisfactory accuracy of data-driven solutions when
noise and outliers presented in the material data (Kirchdoerfer and Ortiz, 2017; He and Chen, 2020).

@ Material data -——
A Physical state (physical solver)

¢ Local data solution (material solver)
W Data-driven solution

S g . \L N N
LI ; . Awiy g PO P

Figure 1. Geometric schematic of the distance-minimizing data-driven (DMDD) solver (Kirchdoerfer
and Ortiz, 2016).
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2.3. Local convexity-preserving material solver

The solutions from the material step are critical to data-driven computing, as they represent the material
behaviors of the anisotropic solids. As discussed in Section 2.2, the conventional DMDD material solver
(Equation 19) that directly searches for the closest material data can lead to inaccurate data-driven
solutions when the material data contains noise and outliers. To enhance the robustness of data-driven
computing against noise and outliers, the LCDD computing (He and Chen, 2020) was developed by
introducing the underlying manifold structure of material data to the material solver, which solves the
below material step:

Z; = argmin d?(zf,?i), i=1,...,N, (20)
/z\,' € 5(1?)

where £ (zj‘) is alocal convex space formed by k material data points that are closest to a given physical state
z; of material point X, providing a smooth and bounded solution space for optimal material data search, and
preserving the convexity of the constructed local material manifold for enhanced robustness and conver-
gence stability. The material step defined in Equation (20) involves two substeps. First, given a physical state
z;, k nearest neighbors (material data points), {Z, }0c e Ni() C E.,,, are identified based on the distance

measured by d? (z;‘,i), where the indices of the nearest neighbors of z;" are stored in N (zf) . Then, a local
convex space is constructed based on the collected nearest neighbors {Z, } , Ni(z) of z}, defined as

i

E(z)) :COnv({Zx}a EM(Z;)) = %:( .)Wﬁa %:( )Wa=l and we>0, Va € Ny(zf) ¢,
a € Ni(z} a € Ni(z}

21)

The optimal coefficients w; = {w,}, Ni(z) A€ obtained by solving the following minimization
problem: ’

w =arg min d? zZ;, Z WoZy
Wi
o € Nk(ll*)
subject to : Z we =1,
o € Nk(z,*)
Wwe>0, Va € Ny (Z;-k),

(22)

where w; = {W:}a A, (z+) denotes the optimal coefficients. Equation (22) is solved by means of a non-
negative least-square algorithm with penalty relaxation, see details in He and Chen (2020). The optimal
material dataZ; can then be obtained by the following local convex construction:

i= > Wi (23)
(ZEN/((Z?)

which ensures that the optimal material data Z; always lie within the local convex space & (z,*) . The
LCDD computing process is depicted in Figure 2, where the material solver finds the optimal material data
within the local convex space £ (zl*) (denoted by enclosed black dash lines) formed by the k selected data
points closest to the given physical state, which expands the feasible solution space for robustness in data-
driven iterations against noise and outliers in the material data (He and Chen, 2020).

2.4. Local convexity-preserving material solver for anisotropic solids

To capture direction-dependent material properties of anisotropic solids, a two-level local data search
scheme is introduced in the local convexity-preserving material solver. Let us consider an anisotropic
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@ Material data -

\
A Physical state (physical solver) e & AN
Yr Local data solution (material solver) . % 21\ .
0 Data-driven solution L i .2 ® .
e @ Y-
- ’
PV -
. 9z ZiEEg c &

K . i) g ) i) 5
ey

Figure 2. Geometric schematic of the local convexity data-driven (LCDD) solver, where the physical state
is projected onto the local convex hulls spanned by the nearest material data points located inside the
polygons (He and Chen, 2020).

c, 1

2 el
""""""" p7 \ P
O
""""""" f;
,,,,,,,,,,,,, | ® ® e
""""""" ‘e e e e
————————————— e &
_____________ 2 0 0O O O 0O O 0O O O
&
]
g
|,c§i £

(a) (b)

Figure 3. (a) Material sample under testing in a reference frame where the dash lines indicate the
material anisotropic orientation, (b) uniaxial stretching of a bar. The material behaviors of the material
point marked in blue are characterized by the material data from the sample shown in (a).

M
material dataset E = {(E 7S J)} - with stress-strain data measured in a global reference frame. Every
=

material point in a physical system is associated with its anisotropic orientations (orientations of
material anisotropy), which are represented by the vector of Euler angles #; between the local fiber
frame and the global reference frame, where i = 1,..., N is the index of material (integration) points. For
simplicity, the methodologies of the proposed material solver for anisotropic solids is illustrated by
using the examples with in-plane (two-dimensional) anisotropy, which can be easily extended to three-
dimensional problems.

Figure 3a shows an in-plane anisotropic material sample under testing in a global reference frame
(ef,€5), where the dash lines indicate the material anisotropic orientation in e} direction. A bar under
uniaxial stretching, as shown in Figure 3b, contains material points X; associated with certain angles
(anisotropic orientations) 6; between the local fiber frame (e}, €)) of material point i and the reference
frame. The corresponding rotation tensor is defined as

cos(0;) —sin(6;) 0
R;= | sin(0;) cos(6;) 0. (24)
0 0 1
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M
Applying the rotation R; to the strain—stress data & = {(E S J)} . yields the rotated strain—stress
=

=0 0 M . . : . : o
data E? = { (E »S j) } . representing the material behaviors with the anisotropic orientation #; under the
=

reference frame:

E)—R,E, R, j=1,...M (252)

~0 ~
S;=R;-S;-R], j=1,...M. (25b)

The rotated material datasets are normally obtained offline with various angles associated with material
points in the physical system. Rotated material datasets are then used to reconstruct the optimal material
data in the material solver during online data-driven computing.

However, it is impractical to prepare rotated material datasets when a system contains a large number of
varying anisotropic orientations associated with material points as a collection of all possible rotated
material datasets requires prohibitive memory. A typical example is muscle tissues in musculoskeletal
systems that involve randomly oriented fibers. To effectively model anisotropic behaviors in complex
material systems, we introduce a two-level local data search scheme into the material solver. To this end,
the anisotropic orientation @ is encoded as an additional feature in material data and physical states of
material points. Consequently, the distance between the material data and physical state is not only
measured by the distance between their strain—stress values, called state distance, but also the distance
between their anisotropic orientations, called anisotropic distance, expressed as

& ((2.0)(2.0)) =& (2.2) + & (0.9). (26)

The state distance d,(z,Z) is computed by Equations (6) and (7) and the anisotropic distance d (0, 5)
is defined as

d(0.0)=0-0|, @7)

where 6 and 0 denote the anisotropic orientations of material data and the material point, respectively.

2.4.1. Level I data search

Let us consider a system constituted by an anisotropic material with various anisotropic orientations, for
example, a musculoskeletal system consisting muscle fibers with various fiber orientations. The aniso-
tropic material with various anisotropic orientations in the global reference frame exhibits the same
material behaviors under the local fiber frame. We first prepare a rotated material database that contains /m
rotated material datasets obtained by rotating the original dataset with m different angles (anisotropic

orientations). Each rotated material datasets contains strain—stress dataZ and an anisotropic orientation 0.
The range of variations in anisotropic orientations of the rotated material database is sufficiently large to
cover all material points in the system. Given a physical state of a material point, (z;,6;), where the
subscript i denotes the index of a material (integration) point X;, we first compute the anisotropic distance
(Equation 27) between the material point (#;) and all rotated material datasets (9,,, p=1.2,...,m). Two
rotated material datasets, Eﬁ and Ef], will then be selected so that ﬁp <6; < Aq, as illustrated by the blue
dash block in Figure 4. The selected material datasets have the anisotropic orientations closest to that of
the material point and therefore are considered to best represent the anisotropic material behaviors of the
material point.

2.4.2. Level 2 data search
Given the two selected rotated material datasets by the Level 1 search scheme, we search for k nearest
neighbors (KNN) within each dataset based on the state distance between the physical state of the
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Rotated Data Set Ef

(G

Rotated Material Database

State
Distance

E¢ B | e G

Rotated Data Set Ef

(B |

- - —
>

Figure 4. lllustration of two-level local data search in the proposed material solver.

material point and the selected material datasets. The lists of k material data points closest tco the
physical state of the material point from the first and second selected material dataset are denoted as
KNN,| and KNN,, respectively, as shown in Figure 4. To properly consider the effect of the two KNN
datasets, we propose to use a linear weighting scheme based on the anisotropic orientation information

as follows:
V/\\/z _ df(fi’/a\p) _ ||A01 - /0\p|| i (28a)
df(aq’ap) ||0q - 012”
wp=1—w,. (28b)

The final list of k nearest neighbors, which is formed by int(k - w1) (rounded to the nearest integer)
nearest neighbors from KNN; and int(k - w;) nearest neighbors from KNN,, is used for local convexity-
preserving reconstruction of the optimal material data that is closest to the physical state of the material
point by

(z.0,) = Ailrgnlin d2(z.Z;) +d7(0:,0,), i=1,....N, (29)
(2:,0:) € E(}.,0:)
where z; is the optimal strain—stress state obtained from the physical step (Equation 9) for the material

point X;, 6, is the anisotropic orientation of the material point X;, £ (zj, 0,) is alocal convex space formed

by the selected k nearest neighbors {(ia,aa)} of the physical state (z},6;) based on the

a € Ni(2.0,)
distance measured by df (zj"i) + d?(ﬂi,a). The anisotropic oritentations #; and 0; are normalized by Eq
before the calculation of anisotropic distance.

Note that the construction of convexity-preserving local manifold takes the anisotropic orientations of

the selected nearest neighbors into account in forming the local convex space E(z;‘,ﬂi) so that the
anisotropic orientations of nearest neighbors play an important role in reconstructing the optimal material

data (2?,5?) closest to the physical state (z;,6;). Leta} and a; denote (z,6;) and (Z:,0;), respectively. The
total distance between aj and @, is denoted by d-; (a},a;). The local convex space £(a?) is constructed
based on the collected nearest neighbors {a,}, Ni(a)? defined as

E(a7) = Conv({aul, c x,(a)) = Z( oy Z( Wa=1 and W20, Va € Ni(a)) b, (30)
aENk aj‘) OLENk a,*)

The optimal coefficients W; = {Wq}, Ni(ar) e obtained by solving the following minimization
problem: ‘
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W, =argmin dzf aj, Z Wady
Wi ae./\/k<a;‘)
subject to : Z We=1,
aE./\/'k(a;‘)
We >0, Ya € Ni(a)),

(€19

where W} = {w }a e Ny (a) denote the optimal coefficients. Equation (31) is solved by the non-negative

least-square algorithm with penalty relaxation used to solve for the optimal coefficients of the local
convex space in LCDD’s material solver (Equation 22), see more details in He and Chen (2020). The

A~ K . . .
optimal material data a; = (Z;,0, ) can then be obtained by the following local convex construction:

= Y W (32)
ae/\/’k(af)

The optimal material data sought from the material solver is considered to be “closest” to the physical
state in terms of both state distance and anisotropic distance and thus best represent the anisotropic
material properties of the material point. The optimal material data will then be input to the physical step
(Equations 17 and 18) to solve for the closest physical state in the next data-driven iteration. Note that
anisotropic properties are embedded in material database, which are independent of physical laws. Hence,
the physical solver only requires the optimal strain—stress material data, Z;, reconstructed from the
material solver.

2.4.3. Schematic illustration N

Figure 5 shows schematic examples of the material step in a two-dimensional space, where 6, =207,
0,=40", and k = 6 are considered. Three different anisotropic orientations 6; of the material point i are
considered, thatis, 36°, 30°, and 24°. The linear weights for selecting the nearest neighbors (KNN weights)
from each material dataset are computed based on the anisotropic orientation information by
Equation (28). The number of nearest neighbors from each material dataset are computed by multiplying
their KNN weights with the total number of nearest neighbors k, as listed in Table 1, which are rounded to
the nearest integer. This approach follows the idea of instance-based learning (Mitchell et al., 1997) to
learn the underlying relation from the neighboring manifold of observation data, but additionally, it
assigns different number of votes to the selected datasets based on their anisotropic distance ds
(Equation 27). For example, in the case that the anisotropic orientation of the material point i is
0; =36°, which is closer to that of Dataset 2 (6, = 40°) and thus the computed KNN weight for Dataset
2 is wp = 0.8, larger than w; =0.2 of Dataset 1 (6, =20°). Hence, there are 1 and 5 nearest neighbors
selected from Dataset 1 and Dataset 2, respectively, which are used to form a local convex space capturing
the underlying anisotropic data structure, as shown in Figure 5a. The optimal material data (red circle in

@ Nearest neighbors (data set for 20° orientation)
’/ .~/' — Anisotropic orientation (data set for 20° orientation)

/ ’/' , ,/P @ Nearest neighbors (data set for 40° orientation)
(' / ( ./J = Anisotropic orientation (data set for 40° orientation)
( ./v ‘.—’/ ./v @ Local data solution (material solver)
" - =+ Anisotropic orientation of local data solution
(a) @, = 36° (b) 8; = 30° (c) 8; = 24° == Local convex space

Figure 5. Schematic illustration of the proposed material solver for anisotropic solids. Dataset 1 has an
anisotropic orientation of 0 =20°. Dataset 2 has an anisotropic orientation of 0 =40°. The total
number of nearest nelghbors k is 6. The material step of a material point with dszerent anisotropic

orientations are compared: (a) 0; =36°; (b) 8; =30°; (c) 0; =24".
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Table 1. The number of nearest neighbors from each dataset in the examples shown in Figure 5 with @,, =20, Eq =40°, and k=6.

o w1 W k-wy k-,
36° 0.2 0.8 1 5
30° 0.5 0.5 3 3
24° 0.8 0.2 5 1

The weights are computed by Equation (28). k-w; and k- w, are rounded to the nearest integer.

Figure 5a) is then reconstructed from the local convex space. As the anisotropic orientation of the material
point is closer to that of Dataset 2, more nearest neighbors are selected from Dataset 2 for local convex
reconstruction and therefore the optimal material data that is closest to the given physical state will have
anisotropic properties closer to that of Dataset 2. In the case that the anisotropic orientation is §; = 30°,
both datasets have the same KNN weights and contribute the same number of nearest neighbors to the
construction of local convex space, as shown in Figure 5b, indicating that they have the same effects on
reconstructing the optimal material data.

Note that the relation between the anisotropic properties and anisotropic orientations is nonlinear.
More sophisticated anisotropic distance metrics and local data reconstruction schemes are required
in order to achieve higher accuracy in anisotropic material data reconstruction if the selected
material datasets have a large anisotropic distance, which will be investigated in our future study.
In the cases that the anisotropic distance of the selected rotated material datasets is small, the L,-based
metric for anisotropic distance (Equation 27) and the linear local convexity-preserving reconstruction
scheme (Equation 32) adopted in this study can yield desirable accuracy in the data-driven modeling
of anisotropic materials, which will be demonstrated in the numerical examples in the following
sections.

2.5. Local convexity-preserving data-driven solver for anisotropic solids

Given an anisotropic material dataset [ and anisotropic orientations of material points in the system, the
proposed data-driven solver for modeling anisotropic solids is summarized as follows.

Offline stage:

Step 1. Define a range for variations in anisotropic orientations for material data rotation so that it
covers that of the material points in the system. Depending on the distribution of the anisotropic
orientations in the system, anisotropic orientations for data rotation can be evenly distributed in the
defined range or follow certain statistical distributions in order to better capture anisotropic properties of
the system.

Step 2. Construct a rotated material database E,,, = Ef X eer X Efn by rotating the original anisotropic
material dataset [ with the anisotropic orientations defined in Step 1. The rotation of strain and stress data
is performed by Equation (25).

Online stage:

Step 1. Randomly initialize il@, i=1,...,N, where i denote the indices of material points and N is the
number of material points in the system, and set the data-driven iteration index v =0.

Step 2. Solve the physical step (Equations 13—19) for physical states of all material points, z;‘<v>,
i=1,...,N.

Step 3. For each physical state at each integration point, (sz ,0,), perform two-level local data search
(material step): R R R R

3.1. Search for two rotated material datasets with anisotropic orientations 8, and 6, so that ,<6,<6,.
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3.2. From each selected material dataset, search for k material data points that are closest to the physical
state based on the state distance d?(zf(v),i) and obtain the final KNN using the weights computed by
Equation (28).

3.3. Construct local convex space by solving Equation (31) and obtain the optimal material data Z;
within the local convex space by Equation (32).

)

Step 4. Update v=v+ 1. If Jlnadef (if(v>,2f<v71>) > tolerance, repeat Step 2—4.

O i=1,...N.

Step 5. Data-driven solution: z =Z;

Remark: Modeling anisotropic materials by classical computational mechanics requires online
rotation of element stiffness matrices from local fiber frames to the global reference frame before global
assembly, which could lead to high computational cost especially for large systems. In the proposed data-
driven modeling of anisotropic materials, online rotation is replaced with an offline rotation, where
anisotropic material datasets are rotated by various anisotropic orientations under the global reference
frame to form a rotated material database for efficient online data-driven computing. In the general three-
dimensional orthotropic case, each anisotropic orientation is associated with three Euler angles and thus
for every anisotropic orientation considered, offline rotation operations associated with three Euler
angles are required for every stress—strain data, which could be CPU intensive but can be performed in
parallel especially when dealing with a large amount of data. Once the rotated material database is
constructed offline, it can be efficiently applied to different material points in data-driven modeling and to
different systems with the same anisotropic materials. Note that when the size of anisotropic material
datasets is large and the range of variations in anisotropic orientations of the system is very broad, the
offline rotated material database may require a large amount of memory.

Ifmemory resources are not available, one can also adopt online rotation in the data-driven computing
for modeling anisotropic materials. In this case, at each data-driven iteration, the physical step remains
unchanged. In the material step, the physical states are first rotated from the global reference frame to
local fiber frames of material points and then the LCDD material solver (Equations 20-23) can be
applied to find the optimal material data from the unrotated anisotropic material dataset. The optimal
material data is then rotated back to the global reference frame for the next data-driven iteration.
Compared to the proposed data-driven approach with offline rotation, this online rotation approach
requires higher CPU but less memory.

3. Results and Discussion

3.1. Preparation of material datasets

For the following numerical demonstration, the two-dimensional Saint Venant—Kirchhoff phenomeno-
logical model with isotropic and orthotropic elastic tensors are respectively considered as the reference
models and used to generate synthetic data for data-driven computing. The plane-stress isotropic elastic
stress—strain relation in the Voigt notation is expressed as

Si . 1—v v 0 E
Sp|l=r——| v 1=y 0 Exn |, 33
21T 0+ (1—2v) 1—2v| | 7 59
Sip 0 0 —=| |2

where E denotes the Young’s modulus and v is the Poisson’s ratio. As another reference material model,
the plane-stress orthotropic elastic stress—strain relation in the Voigt notation is expressed as

Su : E;  vuE 0 Ey

S» =1y vieEy  Ep 0 Ey |, (34)
—Vi12V21

S12 0 0  Gu(l—vipvar) | |2En
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where E; and E; are Young’s moduli in the e} and €5 directions of the reference frame, respectively, see
Figure 3a. vj, and v,; are Poisson’s radios. G is the shear modulus.

To demonstrate the robustness of the proposed data-driven computing framework against noise
presented in given material datasets, noisy material datasets are generated and the procedure is described
below. First, a noiseless material dataset, E° = {(173?3?)}1"1 with M =207, is generated, where each

i=
strain component is uniformly distributed within a certain range, for example, [—0.2, 0.2], and the stress
components are obtained by using the orthotropic material model in Equation (34). M =20° strain and
stress data points with E; = 10* E, =2.5 x 10°,v,; =0.1,v;, = 0.4, and G, =4.8 x 10* are shown in
Figure 6a,c, respectively, serving as a noiseless base dataset without any noise and rotation. The
anisotropic orientation of the noiseless base dataset is along the horizontal direction of the reference
frame, as shown in Figure 3a. Then, each component of the noiseless base dataset is perturbed by Gaussian
noise with a scaling factor, 0.4Z,,,./v/M, where Z,,, is a vector of the maximum values for each
component among the noiseless dataset. Figure 6b,d show the strain and stress of the noisy base dataset,

(a) Noiseless Strain Data (b) Noisy Strain Data

1000 1000 -

500

=500~ =500

2000 1000 = 2000

S1000 T

|
-1000
-1000 T

(¢) Noiseless Stress Data (d) Noisy Stress Data

Figure 6. Material datasets with 8,000 data points, E| = 104,E2 =25x% 103,v12 =0.1,v,;, =04, and
G2 =4.8 x 10°: (a) noiseless strain data; (b) noisy strain data; (c) noiseless stress data; and (d) noisy
stress data.
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(a) Rotation: 30° (b) Rotation: 60°
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(d) Rotation: 30° (e) Rotation: 60° (f) Rotation: 90°

Figure 7. Rotated material datasets with 8,000 data points, E| = 104, E, =2.5x 10%,v1, =0.1,v5; = 0.4,
and G =4.8 x 10%: (a) strain data rotated by 30°; (b) strain data rotated by 60°; (c) strain data rotated
by 90°; (d) stress data rotated by 30°; (e) stress data rotated by 60°; and (f) stress data rotated by 90°

M
E= {(E,',Si)} | with M =203, generated from the noiseless base dataset E° shown in Figure 6a,c,

i—
respectively.

Given anisotropic orientations of material points in a physical system, for example, 6; of the material
point i in Figure 3b, the strain and stress data of the base dataset can be rotated using Equation (25).
Figure 7 shows the strain and stress data rotated from the base dataset by three different angles 30°, 60°,
and 90°. In the following numerical examples, rotation of material datasets is performed offline by various
angles (anisotropic orientations) to cover the range of variations in anisotropic orientations of systems. A
collection of rotated material datasets form a rotated material database, which is then used for online data-
driven computing with the material solver equipped with two-level data search designed for capturing
material’s directional dependence.

3.2. Multi-layer anisotropic cantilever beam subjected to a tip shear load

We first investigate a multi-layer anisotropic cantilever beam benchmark problem to verify the proposed data-
driven modeling framework for anisotropic nonlinear solids, where three layers of orthotropic materials are
considered. Two cases are examined and compared. In Case 1, all material points in the beam have an identical
anisotropic orientation, which is along the horizontal direction, as shown in Figure 8a. In Case 2, the beam is
made of three layers of anisotropic materials with different anisotropic orientations. The material points within
each layer have the same anisotropic orientation. Figure 8b shows that the bottom, the middle, and the top
layers of the beam have anisotropic orientations of —45°, 0°, and 45°, respectively. A synthetic noiseless
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% %
_ ~ Fiber Direction: 45°
é Fiber Direction: 0° P :'I': Fiber Direction: 0° P
Fiber Direction: —45°
. L=20 N L L=20 N
I g I "l
(a) Case 1 (b) Case 2

Figure 8. Schematic of cantilever beam subjected to a tip shear load: (a) Case 1: material points have

only one anisotropic orientation 0°; (b) Case 2: material points located in different layers of the beam

have different anisotropic orientations. The anisotropic orientations of the bottom, the middle, and the top
layers are —45°, O, and 45°, respectively. P=10EI/L?, and [ =H?> /12,

10 L s 10 :
—Case 1: Reference (Model-based) —Case 2: Reference (Model-based)
—=-Case |I: LCDD (Model-free, Noiseless Data) -==Case 2: LCDD (Model-free, Noiseless Data)|
3 Case 1: LCDD (Model-free, Noisy Data) Case 2: LCDD (Model-free, Noisy Data)
= Of /
=2
o
—
A4
2

0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8
w/L w/L
(a) Case 1 (b) Case 2

Figure 9. Comparison of data-driven solutions with constitutive model-based reference solutions.
Normalized tip deflection-loading, where I = H>/12: (a) Case 1 and (b) Case 2.

orthotropic material dataset with 8,000 strain—stress data points is first generated from the phenomenological
orthotropic elastic model with E; = 104,E, =2.5% 103, =0.1,v;, =04, G, =4.8 x 10?, and a range
of [—0.2, 0.2] for each strain component, as shown in Figure 6a,c. Then, a noisy orthotropic material dataset is
generated from the noiseless dataset using the procedure described in Section 3.1, as shown in Figure 6b,d.

For Case 1, no rotation of the material dataset is required as the anisotropic orientations of materials
points in the beam are identical with that of the synthetic dataset, which is along the horizontal direction.
For Case 2, a rotated material database is constructed by rotating the generated synthetic noiseless/noisy
dataset from —60° to 60° with a 10° interval, that is, —60°, —50°, —40°, —30°, —20°, —10°,0°, 10°, 20°, 30°,
40°, 50°, and 60°. The rotated material database is then used for online data-driven computing. The
numerical studies of both cases are performed with noiseless or noisy material datasets. A tip shear load
P=10E,I/L* with I = H* /12 is applied and the data-driven analysis is performed with 20 loading steps.

The normalized tip deflection-loading and stress distribution of data-driven solutions are compared
with those of the constitutive model-based reference solutions obtained from an in-house Finite Element
code, as shown in Figures 9 and 10. The data-driven solutions of both cases show a satisfactory agreement
with the model-based reference solutions, which demonstrates the effectiveness of the proposed data-
driven computing framework for modeling anisotropic nonlinear elastic materials. The data-driven
solutions obtained by using the noisy material datasets agree well with the model-based reference
solutions, showing the robustness of the proposed framework against noise in the datasets, which is
achieved by the local convexity-preserving reconstruction in the material solver.
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Figure 10. Comparison of data-driven solutions with constitutive model-based reference solutions.
Distribution of Sy, (a) Case 1: reference solution; (b) Case 1: data-driven solution with noiseless data,
(c) Case 1: data-driven solution with noisy data, (d) Case 2: reference solution, (e) Case 2: data-driven

solution with noiseless data; and (f) Case 2: data-driven solution with noisy data.
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Figure 11. (a) Schematic of a cylinder subjected to internal pressure and a quarter model to be simulated
and (b) red arrows denote nodal anisotropic orientations of material points in a discretization with

10 x 20 nodes.

3.3. Anisotropic cylinder subjected to internal pressure

To further evaluate the effectiveness of the proposed data-driven computing framework in handling
physical systems with a large variation in anisotropic orientations, an anisotropic cylinder subjected to
internal pressure is analyzed, as shown in Figure 11a, which is composed of an orthotropic material with
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Figure 12. Comparison of data-driven solutions with constitutive model-based reference solutions.
Cross-sectional radial displacement U,: (a) Case 1 and (b) Case 2.

anisotropic orientations along the circumferential direction of the cylinder. Considering axisymmetry of
the geometry and the applied load, only a quarter model shown in Figure 11b is modeled. The inner and
outer radius are 1 and 2, respectively. In Figure 1lc, the anisotropic orientations of the 10 x 20
discretization points are denoted by red arrows. Two cases are examined and compared.

In Case 1, an isotropic elastic material is applied, with Young’s modulus E =9 x 10* and Poisson’s
ratio v=0.2. A noiseless synthetic isotropic material dataset with 8,000 strain—stress data points is
generated by the phenomenological isotropic elastic material model with a range of [—0.4, 0.4] for
each strain component. In Case 2, an orthotropic elastic material is applied, with E; =4 x 10*,
E> =9 % 10%,v5; =0.045,v, =0.2, G|, =2 x 10*, and anisotropic orientations along the circumferen-
tial direction of the cylinder. A noiseless synthetic orthotropic material dataset with 8,000 strain—stress
data points is generated by the phenomenological orthotropic elastic material model with a range of
[—0.4, 0.4] for each strain component. Considering the uniform distribution of anisotropic orientations of
material points in the cylinder, a rotated material database is constructed by rotating the generated
synthetic dataset from 90° to 180° with a 5° interval. Noisy material datasets are generated from the
noiseless material datasets by the procedure described in Section 3.1. Internal pressure p =1,000 is
applied and the data-driven analysis is performed with 20 loading steps.

The cross-sectional (y = 0) radial displacement (U,) as well as the radial and the circumferential stress
distributions of the data-driven solutions are compared with those of the constitutive model-based
reference solutions, as shown in Figures 12—14. The data-driven solutions obtained from using noisy
material datasets are very close to those of reference solutions, which again shows the robustness of the
proposed data-driven framework to deal with noisy datasets. The results of both cases show a good
agreement with the reference solutions, which demonstrates the effectiveness of the proposed data-driven
framework in dealing with systems with a large variation in anisotropic orientations.

4. Conclusion

In this study, we develop a new data-driven material solver built upon the local convexity-preserving
reconstruction scheme by He and Chen (2020) to capture anisotropic material behaviors and enable data-
driven modeling of anisotropic nonlinear elastic solids. The proposed data-driven approach assumes that
the material data of anisotropic materials with a specific anisotropic orientation in a reference frame is
accessible. The information of anisotropic orientations, for example, the rotation angles between local
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Figure 13. Comparison of data-driven solutions with constitutive model-based reference solutions of
Case 1. Distribution of S,, (stress in the radial direction) and Sy (stress in the circumferential direction):
(a) Case 1: reference S,,,; (b) Case 1: data-driven solution with noiseless data of S,,, (c) Case 1: data-
driven solution with noisy data of S,,, (d) Case 1: reference Sgy, (e) Case 1: data-driven solution with

noiseless data of Spg, and (f) Case 1: data-driven solution with noisy data of Seo.

fiber frames and the reference frame of the material data are utilized to construct an offline material
database, which contains rotated material datasets representing anisotropic material properties with
various anisotropic orientations. The offline rotated material database can be efficiently constructed
and applied to data-driven simulations of anisotropic materials.

During online data-driven computing, a two-level local data search is integrated into the local
convexity-preserving material solver. In the Level 1 data search, two rotated material datasets with
minimum anisotropic distance (Equation 27) to the material anisotropic orientation are identified as the
local datasets. The selected rotated material datasets are considered to contain anisotropic material
properties closest to that of the material point. In the Level 2 data search, k data points closest to the
given physical state based on strain—stress state distance (Equation 5) are obtained separately from the two
rotated material datasets selected from the Level 1 data search. A linear weighting scheme based on
anisotropic distance is adopted to determine the number nearest data points from each of the selected
material datasets. The final k nearest data points that contain information of strain, stress, and anisotropic
orientations are used to construct a local convex space capturing the underlying anisotropic data structure,
within which the optimal material data is reconstructed by the material solver. The optimally reconstructed
material data is closest to the physical state of the material point in terms of both anisotropic distance and
state distance and thus is considered to best represent the anisotropic properties of the material point.

The performance of the proposed data-driven computing framework is examined by two numerical
examples, including deflection of a multi-layer anisotropic cantilever beam made of materials with
different anisotropic orientations and inflation of an anisotropic cylinder where anisotropic orientations
are along the circumferential direction of the cylinder. Synthetic noiseless and noisy material data are
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Figure 14. Comparison of data-driven solutions with constitutive model-based reference solutions of
Case 1. Distribution of S, (stress in the radial direction) and Sgy (stress in the circumferential direction):
(a) Case 2: reference S, (b) Case 2: data-driven solution with noiseless data of S, (c) Case 2: data-
driven solution with noisy data of S,,, (d) Case 2: reference Sypy, (e) Case 2: data-driven solution with

noiseless data of Sgg, and (f) Case 2: data-driven solution with noisy data of Se.

generated from the phenomenological material models and employed for the data-driven analysis for
accuracy assessment of the proposed method. The data-driven solutions show a good agreement with the
constitutive model-based reference solutions, which demonstrates its effectiveness and robustness of the
proposed data-driven framework against noise present in the material data.

The proposed two-level data search can achieve high computational efficiency if the rotated material
database is constructed offline such that online computation does not involve any frame transformation of
states or data. For applications with a large amount of anisotropic material data and strong variations in
anisotropic orientations, constructing a rotated material database with small anisotropic distance between
rotated datasets requires a large amount of memory. In this case, more sophisticated metrics for anisotropic
distance and reconstruction schemes will be investigated in order to achieve high accuracy in reconstruct-
ing anisotropic material properties from given material datasets that have a large anisotropic distance. In
future studies, the proposed data-driven anisotropic modeling framework will be further examined with
real-world data on three-dimensional material systems with aniostropic material behaviors, e.g., muscu-
loskeletal systems consisting of muscle fibers with varying anisotropic orientations.
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Appendix. Reproducing Kernel Particle Method

The reproducing kernel (RK) approximations (Liu et al., 1995; Chen et al., 1996) is adopted in the physical solver of the proposed
data-driven framework due to its nodal approximation of state and field variables that are particularly effective for data-driven
computing. The RK approximation functions can be constructed to possess desired completeness and continuity, which are
determined by basis functions and kernel functions, respectively. Figure 15a shows a domain Q discretized by a set of nodes.

The RK approximation of a field variable u(X) is given by

NP
u(X)au" (X) =) ¥ (X)d;, (35)
i=1

where NP is the number of discretization nodes, d; is the nodal coefficient associated with the ith node, and ¥;(X) is the RK
approximation function expressed as

Y;(X) =H"(X-X;))b(X)4,(X - X,), (36)

where H (X —X;) =[1,X| — X1:,X2 — X21,X3 — X3i,..., (X3 — X3;)"] is a vector of monomial basis functions up to nth order, and

#,(X—X;) is akernel function with a local support size “a,” which controls the smoothness of the RK approximation function. For
example, the cubic B-spline kernel function is widely used as a kernel function in RK approximation, see Figure 15b,
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Figure 15. (a) A domain Q discretized by the a set of RK nodes, (b) a cubic B-spline function widely used
as a kernel function in RK approximation; and (c) an example of RK approximation function centered at
X =5 with a support size a= 1.5 x (nodal spacing).

2 1
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X=X o
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——dy+4yt ——y, —<y<1
3 Y+ 4y 3y ) <y<
0, y>1
The vector b(X) in Equation (36) is a parameter vector determined by imposing the n-th order reproducing conditions (Liu et al.,
1995; Chen et al., 1996),
D W(X)X] XEXE = XIXIXE, Ji+j+k=0,1,....n. (38)
i=1
Substituting Equation (36) into Equation (38) yields b(X) = M~!(X)H(0), where M(X) is a moment matrix given by
NP
M(X) = H(X - X)H' (X - X,)¢, (X~ X)). (39)
i=1

The RK approximation function is expressed as, see Figure 15c,

¥i(X) =HT(0)M (X)H(X — X)¢, (X~ X)). (40)

Cite this article: He X, He Q, Chen J.-S, Sinha U, and Sinha S, (2020). Physics-constrained local convexity data-driven
modeling of anisotropic nonlinear elastic solids. Data-Centric Engineering, 1: €19. doi:10.1017/dce.2020.20

https://doi.org/10.1017/dce.2020.20 Published online by Cambridge University Press


https://doi.org/10.1017/dce.2020.20
https://doi.org/10.1017/dce.2020.20

	Physics-constrained local convexity data-driven modeling of anisotropic nonlinear elastic solids
	Introduction
	Methodologies
	Physics-constrained data-driven modeling of nonlinear elastic solids
	Data-driven two-step processes: material and physical solvers
	Physical solver
	Material solver

	Local convexity-preserving material solver
	Local convexity-preserving material solver for anisotropic solids
	Level 1 data search
	Level 2 data search
	Schematic illustration

	Local convexity-preserving data-driven solver for anisotropic solids
	Offline stage
	Online stage


	Results and Discussion
	Preparation of material datasets
	Multi-layer anisotropic cantilever beam subjected to a tip shear load
	Anisotropic cylinder subjected to internal pressure

	Conclusion
	Funding Statement
	Competing Interests
	Data Availability Statement
	Author contributions
	References
	Appendix. Reproducing Kernel Particle Method


