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Abstract. This work addresses the identification of nonhomogeneous constitutive parameters from full-field
measurements in both linear and nonlinear elasticity, considering incompressible as well as compressible
materials. The inverse identification procedure relies on the Virtual Fields Method (VFM), which is based on
the principle of virtual work with specifically chosen virtual fields. We propose an optimal class of virtual
fields, designed to optimize the reconstruction stability with respect to measurement noise. A series of
numerical experiments illustrate the effectiveness of the proposed approach. The method exhibits moderate
sensitivity to measurement noise and remains robust even when the boundary conditions are only partially
known.
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1. Introduction

Inverse problems are widely encountered in applied sciences and engineering, where they serve
notably to estimate unknown material parameters from indirect or incomplete observations. In
this context, full-field measurement techniques have led to major advances in the identification
of the mechanical behavior of solids [1–3].

In biomechanics and medical imaging, these approaches are particularly relevant for the study
of soft biological tissues, whose mechanical properties can provide valuable diagnostic informa-
tion [4,5]. Indeed, numerous studies over the past few decades have shown that these properties
vary significantly with age, pathology, and physiological conditions [6,7]. However, these tech-
niques are not limited to biomedical applications. They have also proven highly effective in solid
mechanics, where they are employed to identify elastic properties of composite materials, char-
acterize anisotropic behavior in wood, and analyze fracture mechanisms or damage evolution in
heterogeneous structures [8,9].

This framework involves two coupled inverse problems. The first concerns imaging and image
processing, which provides full-field measurements of displacement fields. The second uses
these displacement measurements to reconstruct the underlying mechanical properties of the
material.
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For the first inverse problem, advances in imaging and computational methods, such as ultra-
sound [10,11], Magnetic Resonance Imaging (MRI) [12,13], and Optical Coherence Tomography
(OCT) [14], followed by image processing techniques such as Digital Image Correlation (DIC) [15–
17], have enabled the acquisition and extraction of high-resolution full-field displacement data.

For the second inverse problem, state-of-the-art techniques provide a variety of approaches to
reconstruct mechanical properties from full-field data, which can generally be categorized into
iterative and direct methods. Notable iterative methods include the Finite Element Model Updat-
ing (FEMU) approach [18–20], which minimizes the difference between experimental and simu-
lated displacement, and the Constitutive Equation Gap Method (CEGM) [3,21–23], which identi-
fies elastic parameters by minimizing the constitutive relation error. While effective and highly
robust, these methods are computationally expensive.
On the other hand, direct inversion methods have been employed for identifying both homo-
geneous and heterogeneous elastic properties. The core idea is that elastic parameters can be
explicitly expressed in terms of measured displacement or strain fields, thus providing a direct
solution to the inverse problem. These methods are computationally efficient and well-suited
for the rapid estimation of material properties. Examples include the Equilibrium Gap Method
(EGM) [20,24], which minimizes the residuals in the equilibrium equations, and the Reciprocity
Gap Method (RGM) [25,26], which leverages reciprocal work theorems to solve inverse problems
in elasticity. Other approaches treat the problem as a partial differential equation (PDE) in the
material parameters, where the measurements act as coefficients or source terms in this equa-
tion [27–29]. While these methods allow for the reconstruction of spatially distributed parame-
ters, existing approaches generally exhibit a strong sensitivity to measurement noise. To address
the inherent ill-posedness of such inverse problems and to ensure stability, particularly when
reconstructing nonhomogeneous distributions of mechanical properties, regularization terms
are typically introduced to prevent overfitting [30,31]. However, even with regularization, these
methods often remain sensitive to measurement noise and depend on high-resolution, full-field
displacement data. To mitigate these issues and improve robustness, several strategies have been
proposed, such as the reconditioned EGM [32] and displacement filtering techniques [20].

Another widely used approach is the Virtual Fields Method (VFM), which was proposed several
decades ago [33] and has since been applied to a wide range of problems [34,35]. The method
relies on the principle of virtual work combined with a carefully chosen set of virtual fields,
leading to a system of equations for the identification of material parameters. A central aspect
of the VFM is therefore the choice of these virtual fields, as it strongly affects the accuracy and
robustness of the reconstruction.

Early implementations of the VFM mainly relied on manually defined virtual fields, designed
to satisfy kinematic admissibility and to simplify the extraction of constitutive parameters from
full-field measurements. Such fields typically included piecewise continuous fields defined over
subdomains [36] or low-order analytical functions, such as polynomials or simple basis functions
[34,37,38]. Other analytical choices, including plane-wave virtual fields, have been introduced to
improve sensitivity properties [20]. More recently, several works have addressed the inherent ill-
posedness of the VFM, especially when reconstructing nonhomogeneous elastic property distri-
butions, by introducing regularization strategies within the VFM framework [39]. In addition,
solution-driven virtual fields, constructed from an intermediate configuration obtained by solv-
ing the forward problem with parameters close to the deformed state, have been proposed to ad-
dress the reconstruction of the material distribution without the partition information [40]. Sev-
eral methods have proposed classes of virtual fields in order to address the sensitivity to noise,
both in linear and nonlinear elasticity, [37,41–43]. In this work, we propose an alternative strat-
egy for the construction of virtual fields, designed to ensure stable and accurate parameter recon-
struction by satisfying specific stability criteria. This method is formulated within a mathemat-
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ical framework at the continuous level, which makes it possible to distinguish between noise-
induced and discretization biases, and could be extended to the nonlinear case. We consider
nonhomogeneous elastic solids, both compressible and incompressible, in which the nonhomo-
geneous regions are assumed to be known a priori. The paper is organized as follows. In Section 2,
we first present the principle of virtual fields in the context of linear elasticity for compressible
materials. We then introduce the definition of the proposed optimal virtual fields, describe their
computation, and provide a stability analysis. In Section 3, the approach is extended to nearly
incompressible and incompressible materials, as well as to a finite strain setting. In Section 4, we
present two numerical applications to illustrate and validate the method. The first concerns the
reconstruction of the shear modulus in compressible linear elasticity, while the second addresses
the reconstruction of elastic parameters (Young’s modulus, shear modulus, and Poisson’s ratio)
in compressible transversely isotropic linear elasticity.

2. Proposed method for the linear compressible elasticity

In this section, we introduce the proposed virtual fields method in the setting of linear compress-
ible elasticity.

2.1. Problem setting: the virtual fields method

In the context of linear elasticity, we consider a solid body of arbitrary shape occupying a bounded
domain Ω ⊂ Rd , with d = 2 or 3. A prescribed displacement is imposed on a portion of the
boundary denoted by ΓD , while a prescribed traction is applied on the complementary part ΓN

(see Figure 1). The displacement field is denoted by u, and the associated strain tensor is given by

ε(u) := 1

2
(∇u+∇uT ).

The Virtual Fields Method (VFM) is based on the principle of virtual work, which corresponds
to the weak form of the equilibrium equations. For an elastic body subjected to body forces, the
virtual work principle can be expressed as∫

Ω
σ(u) : ε(v)dΩ=

∫
ΓN

t ·vdΓ+
∫
Ω

f ·vdΩ. (1)

Here,σ(u) denotes the stress tensor associated with the displacement field u through the consti-
tutive relation, ε(v) the virtual strain tensor associated with the virtual displacement field v and t
the traction vector prescribed on the Neumann boundary ΓN .

Equation (1) must hold for any kinematically admissible virtual field v, that is, any v ∈ H 1(Ω)d

vanishing on the Dirichlet boundary ΓD , where displacements are prescribed (see Figure 1). We

ΓD

ΓN

tΩ
f

Figure 1. A solid of arbitrary geometry subjected to a prescribed displacement on ΓD and a prescribed traction
on ΓN .The green arrows indicate the nonzero traction.
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denote by V := H 1(Ω)d the space of admissible displacement fields, equipped with the scalar
product ( · , · )V, and by

V0 := H 1
0,D (Ω)d ⊂ V,

the subspace of kinematically admissible virtual fields, namely

V0 =
{

v ∈ H 1(Ω)d ∣∣ v = 0 on ΓD
}
.

In this linear context, the stress tensor σ is related to the strain tensor ε through the constitutive
relation σ=C(x) : ε, where C(x) denotes the spatially dependent fourth-order elasticity tensor.

The virtual work principle (1) can then be recast into a general variational form as

aC(u,v) = ℓ(v), ∀ v ∈ V0, (2)

where aC : V×V0 →R is the continuous bilinear form defined by

aC(u,v) =
∫
Ω
C : ε(u) : ε(v)dΩ, (3)

with an associated continuity constant Ca satisfying∣∣aC(u,v)
∣∣≤Ca ∥u∥V ∥v∥V. (4)

The linear continuous functional ℓ : V0 →R is defined by

ℓ(v) =
∫
ΓN

t ·vdΓ+
∫
Ω

f ·vdΩ. (5)

Due to the linear dependence of the bilinear form aC on the elasticity tensor C, and assuming
that C itself depends linearly on a set of parameters, we can write

aC(u,v) =
m∑

k=1
ak (θk ,u,v),

where {θk }m
k=1 denotes the set of elastic parameters (e.g., the components of the elasticity ten-

sor C). Each parameter θk belongs to a Banach space Xk (in this work, these spaces are consid-
ered to be finite-dimensional), and for each 1 ≤ k ≤ m, ak ( · , · , · ) is a trilinear form on Xk ×V×V0

representing the contribution of the parameter θk to the internal virtual work.

2.2. Discretization of the parameter space

In this section, we aim to identify the set of parameters {θk }m
k=1, either in a nonhomogeneous

solid (as illustrated in Figure 2), where the parameters are assumed to be piecewise constant over
subregions known a priori, or, more generally, belonging to a finite-dimensional function space
spanned by basis functions, i.e., each θk ∈ Xk with Xk = span{φ1,k , . . . ,φn,k } ⊂ L∞(Ω), where,
without loss of generality, we assume that all spaces Xk have the same dimension n. In both
cases, the goal is to determine, for each 1 ≤ k ≤ m, the coefficients {α j ,k }1≤ j≤n such that

θk (x) =
n∑

j=1
α j ,k φ j ,k (x). (6)

Equation (2) can then be written as

m∑
k=1

n∑
j=1

α j ,k ak (φ j ,k ,u,v) = ℓ(v). (7)
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R0
R1

R2

R3

Figure 2. A nonhomogeneous domain where regions R1, R2, and R3 represent inclusions with distinct material
parameters, and R0 denotes the background.

Single-parameter case. To simplify the development of our proposed method, we first consider
the reconstruction of a single parameter

θ(x) =
n∑

j=1
α jφ j (x), (8)

where the functions {φ j }n
j=1 are known. In this case, Eq. (7) reduces to

n∑
j=1

α j a(φ j ,u,v) = ℓ(v). (9)

In practice, the load distribution t may be unknown and is generally much more difficult to
measure than displacements. To address this difficulty, we restrict the choice of virtual fields to
those that eliminate the traction term whenever the traction is unknown. More precisely, they are
chosen in

K0 =
{

v ∈ V0
∣∣ Tv = 0 on ΓN

}
, (10)

where the matrix field T ∈ L∞(ΓN )d×d is defined so that the virtual work associated with the
traction t vanishes whenever t is unknown. Typical examples include T = 0 when t is fully known,
T = I when all traction components are unknown, and, for instance, in the case d = 2, T = e⊗e
when t(x) = t (x)e(x), with t an unknown scalar and e a known vector field.

To avoid the system being under- or over-determined, we select exactly n kinematically
admissible virtual fields {vi }1≤i≤n ⊂ K0. Therefore, the problem (9) can be expressed in matrix
form as

Aα=λ, (11)

where A ∈Rn×n is defined by

Ai j = a(φ j ,u,vi ), 1 ≤ i , j ≤ n,

λ ∈Rn is the right-hand side vector with entries

λi = ℓ(vi ), 1 ≤ i ≤ n,

andα ∈Rn contains the unknown coefficients αi .

Multi-parameter case. For the general case involving m parameters, we extend the approach by
selecting m ×n virtual fields to match the m ×n unknowns, in order to avoid the system being
over- or under-determined.

The kinematically admissible virtual fields {vi }1≤i≤mn ⊂ K0 are chosen as before, and the global
system is constructed as follows: the matrix A ∈Rmn×mn is partitioned into m submatrices:

A = [
A(1) · · · A(m)],



422 Nagham Chibli, Martin Genet and Sébastien Imperiale

where A(k) ∈Rmn×n for 1 ≤ k ≤ m is given by

A(k)
i j = ak (φ j ,k ,u,vi ), 1 ≤ i ≤ mn, 1 ≤ j ≤ n.

More precisely, it takes the form

A(k) =

 ak (φ1,k ,u,v1) · · · ak (φn,k ,u,v1)
...

. . .
...

ak (φ1,k ,u,vmn) · · · ak (φn,k ,u,vmn)

, 1 ≤ k ≤ m.

The right-hand sideλ ∈Rmn remains

λi = ℓ(vi ), 1 ≤ i ≤ mn.

The unknown vectorα ∈Rmn groups the coefficients for all parameters, namely,

α=

α
(1)

...
α(m)

, where (α(k)) j =α j ,k , 1 ≤ k ≤ m, 1 ≤ j ≤ n.

The final system is compactly written as

Aα=λ. (12)

Insight into the stability analysis. Our problem enters the following general class of inverse
problems. Let X and W be two normed vector spaces. For a given state variable u ∈ X and a
sequence of virtual fields v = (v1, . . . ,vN ) ∈W , we define a matrix-valued mapping

A : X ×W −→RN×N ,

and a vector-valued mapping
λ : W −→RN .

Here, for simplicity, we assume thatλ is independent of u. For a fixed sequence of virtual fields v,
the unknown vectorα ∈RN is obtained by solving

A(u,v)α=λ(v). (13)

We assume that both A and λ are linear with respect to v and, moreover, that the mapping A is
Lipschitz continuous with respect to u, i.e.∥∥A(u,v)− A(ũ,v)

∥∥
2 ≤C A∥u− ũ∥X ∥v∥W .

where ∥·∥2 denotes the Euclidean norm for vectors and the associated induced matrix norm,
and C A is a positive constant. Let u0 denote the exact displacement field and uδ a perturbed
measurement satisfying

∥uδ−u0∥X ≤ δ,

where δ> 0 represents the noise level. We define

A0 := A(u0,v) and Aδ := A(uδ,v).

The corresponding solutionsα0 andαδ satisfy

A0α0 =λ, Aδαδ =λ. (14)

Assuming that Aδ is invertible, we obtain

α0 −αδ = (Aδ)−1(Aδ− A0)α0.

Hence

∥α0 −αδ∥2 ≤
∥∥(Aδ)−1∥∥

2∥Aδ− A0∥2∥α0∥2.
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Using the Lipschitz estimates above, we obtain

∥α0 −αδ∥2

∥α0∥2
≤ (

C A∥u0∥X
)(∥∥(Aδ)−1∥∥

2∥v∥W
) ∥uδ−u0∥X

∥u0∥X
.

Therefore, if the virtual fields are chosen such that ∥v∥W = 1 (indeed, due to the linearity of A
and λ, the virtual fields are chosen up to a multiplicative constant), then for a given measure-
ment uδ, the relative reconstruction error on α can be minimized by minimizing

∥∥(Aδ)−1
∥∥

2 =∥∥A(uδ,v)−1
∥∥

2 with respect to v on the unit sphere. In what follows, since the dependence of∥∥(Aδ)−1
∥∥

2 on v is intricate, the class of virtual fields we propose first makes the matrix Aδ diag-
onal and then minimizes

∥∥(Aδ)−1
∥∥

2 on the unit sphere. Note that this class of virtual fields de-
pends on the measured displacement field. More detailed stability estimates will be established
in the following sections.

2.3. The single-parameter case

2.3.1. Definition and computation of optimal virtual fields

In this section, we discuss the selection of virtual fields, which plays a crucial role in the
accuracy of the reconstruction, as discussed in the previous section. To clearly illustrate the
methodology, we restrict our discussion to the case of single-parameter reconstruction. The
extension to multiple-parameter reconstruction follows the same principles and is presented in
Section 2.4.

Therefore, we consider the problem of reconstructing the coefficients {α j }n
j=1 defined in (8),

which, according to the previous section, correspond to the unknowns of system (11), from the
displacement field u.

Single-coefficient reconstruction. We assume n = 1, that is, we aim to identify a single parame-
ter θ, defined by a single coefficient α such that

θ =αφ,

with φ known. We introduce this definition of virtual fields, which will be justified below in
Remark 2 and, more generally, in Section 2.3.4.

Definition 1 (Single-parameter/single-coefficient case). We define the virtual field v1 as the
solution to the following maximization problem:

v1 = arg max
v∈K0, ∥v∥V0≤1

a(φ,u,v).

To compute v1, the results presented in the following paragraph apply. In particular, we show
that v1 can be obtained by solving a linear variational problem.

Under the hypothesis that a(φ,u,v1) is nonzero, the coefficient α to be reconstructed is then
given by

α= ℓ(v1)

a(φ,u,v1)
. (15)

Remark 2. Here, we can justify this choice by providing some insight into the stability analysis
with respect to noise. Indeed, if uδ is the noisy data corresponding to the noiseless data u0,
solution to

α0 a(φ,u0,v) = ℓ(v) ∀ v ∈ V0, (16)

and if we reconstruct the parameter αδ by

αδ = ℓδ(vδ1 )

a(φ,uδ,vδ1 )
,
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with vδ1 defined as in Definition 1 using u = uδ, and ℓδ the counterpart of ℓ with noisy data, then
by applying (16) with v = vδ1 , we obtain

αδa(φ,uδ,vδ1 )−α0a(φ,u0,vδ1 ) = ℓδ(vδ1 )−ℓ(vδ1 ).

Hence, it follows that

|α0 −αδ| ≤ 1∣∣a(φ,uδ,vδ1 )
∣∣ (∥ℓ−ℓδ∥V′ +Ca ∥uδ−u0∥V

)
,

where Ca is defined in (4). Here, ∥·∥V′ denotes the dual norm on V′, the space of continuous
linear forms on V , defined by

∥ℓ∥V′ = sup
v∈V, v̸=0

∣∣ℓ(v)
∣∣

∥v∥V
.

The idea is therefore to minimize
1∣∣a(φ,uδ,vδ1 )

∣∣ ,

and this choice will be extended to the case of multiple parameters and multiple coefficients.

In the following, we address the case of multiple coefficient reconstruction. The objective is to
develop a method for computing the virtual fields and the reconstructed parameters, similar to
the approach used in the single-coefficient case.

Multiple-coefficient reconstruction. When n ≥ 2, we choose the virtual fields such that the
matrix A is diagonal. More precisely, each virtual field vi is selected in the subspace

Hi := {
v ∈ K0

∣∣ a(φ j ,u,v) = 0 for all j ̸= i
}
.

This construction ensures the independent recoverability of each coefficient α j , 1 ≤ j ≤ n, from
the system. We note that Hi is a closed vector subspace of V, and hence a Hilbert space, endowed
with the same inner product as V.

Definition 3 (Single-parameter/multi-coefficient case). We define the virtual fields {vi }i by

vi = arg max
v∈Hi , ∥v∥V0≤1

fi (v), (17)

where the continuous linear form fi is defined as

fi : V0 −→R,

v 7−→ a(φi ,u,v).
(18)

We now address the question of computing vi .

Theorem 4. The problem (17) admits at least one solution.

Proof. We aim to show that the maximum of fi over the closed unit ball of Hi defined by

B = {
w ∈ Hi

∣∣ ∥w∥V0 ≤ 1
}
. (19)

is attained.
The functional fi is linear and continuous on Hi , and since Hi is a Hilbert space, by the Riesz

representation theorem, there exists hi ∈ Hi such that

fi (v) = (hi ,v)V0 , ∀ v ∈ Hi .

By the Cauchy–Schwarz inequality, we have

∀ v ∈ B , fi (v) = (hi ,v)V0 ≤ ∥hi∥V0∥v∥V0 ≤ ∥hi∥V0 ,
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hence fi is bounded from above by ∥hi∥V0 on B . Therefore, there exists a maximizing sequence
vn ∈ B such that

fi (vn) −→ sup
v∈B

fi (v), as n →∞.

Since Hi is a Hilbert space, it is reflexive, and hence the set B is weakly compact. Conse-
quently, every sequence in B admits a weakly convergent subsequence. As vn ∈ B , there exists a
subsequence, still denoted vn , that converges weakly to some v∗ ∈ B , i.e., vn * v∗ in Hi as n →∞.
By the weak continuity of fi , we have

fi (vn) −→ fi (v∗) = (hi ,v∗)V0 , as n →∞.

Therefore, the supremum is attained at v∗, which concludes the proof. □

Theorem 5. A solution to (17) is given by

vi := hi

∥hi∥V0

, (20)

where hi is the Riesz representative of the continuous linear functional fi on Hi .

Proof. On the set B defined in (19), we have

fi (v) = (hi ,v)V0 ≤ ∥hi∥V0 ∥v∥V0 ≤ ∥hi∥V0 .

Therefore,

sup
v∈Hi∥v∥V0=1

fi (v) ≤ max
v∈Hi∥v∥V0≤1

fi (v) ≤ ∥hi∥V0 . (21)

Moreover, by choosing vi = hi
∥hi ∥V0

, we get

∥hi∥V0 = (hi ,vi )V0 ≤ sup
v∈V∥v∥V0=1

fi (v). (22)

Combining (21) and (22), we obtain

fi (vi ) = sup
v∈Hi∥v∥V0=1

fi (v) = max
v∈Hi∥v∥V0=1

fi (v),

which allows us to conclude. □

As a consequence of this theorem, the proposed virtual fields satisfy, in practice, the following
formulation:

for 1 ≤ i ≤ n, vi = hi

∥hi∥V0

, with (hi ,w)V0 = fi (w), ∀ w ∈ Hi .

In practice, to compute hi , we first determine wi , the Riesz representative of the functional fi

on the Hilbert space V0, satisfying

(wi ,v)V0 = fi (v) ∀ v ∈ V0,

then, we project it onto Hi . This two-step procedure is justified by the following theorem.

Theorem 6. Let Pi denote the orthogonal projection from V0 onto the closed subspace Hi ⊂ V0.
Then hi ∈ Hi satisfies

hi = Pi wi .
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Proof. The orthogonal projection Pi : V0 → Hi is defined by the property(
(I −Pi )v,w

)
V0

= 0, ∀ w ∈ Hi , ∀ v ∈ V0.

In particular, for wi ∈ V0, we have for all w ∈ Hi ⊂ V0,

(Pi wi ,w)V0 = (wi ,w)V0 = fi (w) = (hi ,w)V0 .

It follows that Pi wi = hi . □

2.3.2. Link with the equilibrium gap method in a simple case

Some connections exist between the Equilibrium Gap Method (EGM) and the Virtual Fields
Method (VFM). In [41], it is shown that, at the discrete level, EGM and VFM are equivalent for a
specific choice of virtual fields.

In certain simple cases, a direct connection can also be established between EGM and the
VFM using the proposed virtual fields at the continuous level. Let us consider a very simple case
of a single parameter and a single coefficient. In this situation, no projection onto Hi is needed.
For instance, consider the reconstruction of α ∈R in the problem{

−∇· ((1+αφ)ε(u)
)= f, in Ω,

u = 0, on ΓD = ∂Ω,
(23)

where φ is a given smooth, compactly supported scalar function. For the true parameter α, the
solution u is assumed to belong to V0 = H 1

0 (Ω)d . Choosing the scalar product in V0 as

∀ (q,w) ∈ V0 ×V0, (q,w)V0 =
∫
Ω
∇q : ∇wdx,

the proposed virtual field v ∈ V0, following Definition 1, satisfies the weak formulation∫
Ω
∇v : ∇wdx =

∫
Ω
φε(u) : ε(w)dx, ∀ w ∈ V0.

In strong form, v solves {
∆v =∇· (φε(u)

)
, in Ω,

v = 0, on ΓD = ∂Ω,

which yields
v =−∆−1

0

(−∇· (φε(u)
)) ∈ V0 = H 1

0 (Ω)d , (24)

where ∆−1
0 formally denotes the inverse of the Laplace operator with homogeneous Dirichlet

boundary conditions. In fact, v as defined in (24) is the Riesz representative in V0 of the linear
form −(∇· (φε(u)

)) ∈ (V0)′. Importantly, it is well-defined without additional assumptions (even
if φ is discontinuous). It can be shown that the EGM is equivalent to the VFM when the virtual
field is chosen, assuming u is smooth, as

v =−∇· (φε(u)
) ∈ V0, (25)

which is admissible since φ is smooth and compactly supported. Denoting L2(Ω) = L2(Ω)d , the
equivalence between EGM and VFM with this particular virtual field arises from the fact that, in
EGM, one solves

α= arg min
α̃∈R

∥∥∇· ((1+ α̃φ)ε(u)
)+ f

∥∥2
L2(Ω).

Setting the gradient to zero leads to

α=
(
f+∇·ε(u),−∇· (φε(u)

))
L2(Ω)∥∥∇· (φε(u)

)∥∥2
L2(Ω)

,

which corresponds exactly to (15) with (25) after integration by parts. This demonstrates that,
in the simple case (23), under additional regularity assumptions, the virtual field proposed in
Definition 1 is indeed the Riesz representative of the virtual field that naturally arises in EGM.
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Overall, the method retains the same underlying idea of using equilibrium residuals, but it
allows for proper treatment of cases where the solution is not necessarily smooth, accommodates
various boundary conditions, and — since it is formulated at the continuous level — clearly
distinguishes discretization errors from measurement noise.

2.3.3. Parameter reconstruction from noisy data

We assume access to data uδ, representing displacement measurements that may be cor-
rupted by noise. The parameter δ ≥ 0 quantifies the noise level in the data. Modeling errors
are incorporated as uncertainties related to this noise level, and ℓδ denotes the counterpart of ℓ
adapted to the noisy data. When δ= 0, the data are assumed to be exact, and the corresponding
noiseless displacement field, denoted by u0, is the solution to (9) associated with the coefficient
θ0(x) = ∑n

j=1α
0
jφ j (x). Our objective is to reconstruct an approximation θδ of the true parame-

ter θ0 using the noisy data uδ. The reconstruction is sought in the form

θδ(x) =
n∑

j=1
αδjφ j (x).

We keep the same notations as in the previous section. The matrix A is now constructed using
the noisy displacement field uδ instead of u, and is denoted by Aδ. The virtual fields are defined
according to Definition 3 using uδ rather than u. More precisely, we have the following.

Definition 7. We define the virtual fields {vδi }i by

vδi = arg max
v∈Hδ

i , ∥v∥V0≤1

f δi (v), (26)

where the continuous linear form f δi is defined as

f δi : V0 −→R,

v 7−→ a(φi ,uδ,v),
(27)

and the space Hδ
i is defined by

Hδ
i := {

v ∈ K0
∣∣ a(φ j ,uδ,v) = 0 for all j ̸= i

}
. (28)

The coefficients {αδi }n
i=1 are then determined independently from the decoupled equations

αδi a(φi ,uδ,vδi ) = ℓδ(vδi ), for i = 1, . . . ,n. (29)

Remark 8. Numerically, the actual computation of the virtual fields is performed using a penal-
ization method (see Section 4). An exact approach could be carried out using Lagrange multipli-
ers; however, we choose the penalization strategy for its simplicity in terms of implementation.
As a result, each virtual field is obtained by solving a linear variational problem (i.e., one PDE
per virtual field). These PDEs include additional constraints, in particular the one ensuring that
the matrix Aδ is diagonal in the case of multiple coefficients. More precisely, the i -th virtual field
satisfies, for β≫ 1,

(vi ,w)V0 +β
∑
j ̸=i

f δj (vi ) f δj (w) = f δi (w), ∀ w ∈ V0.

Since β is large, for j ̸= i we have f δi (v j ) ≈ 0, hence taking w = v j with j ̸= i , we obtain

(vi ,v j )V0 +β
∑
j ̸=i

f δj (vi ) f δj (v j ) ≈ 0.
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2.3.4. Stability analysis

We now discuss the stability of the reconstruction with respect to noise in the data. Specifically,
we aim to quantify the difference between the reconstructed parameters θδ, obtained from
noisy measurements following the procedure outlined in the previous section, and the true
parameter θ0, corresponding to the noiseless case. To analyze the stability, we focus on the gap
αδj −α j for each 1 ≤ j ≤ n which controls the difference θδk − θ0

k . For this purpose, we define

χδ := uδ−u0.
From Eq. (9), for each 1 ≤ i ≤ n, we have

n∑
j=1

α0
j a(φ j ,u0,vδi ) = ℓ(vδi ).

which implies, since vδi ∈ Hδ
i ,

α0
i a(φi ,u0,vδi ) = ℓ(vδi )− ∑

1≤ j≤n
j ̸=i

α0
j a(φ j ,u0,vδi )

= ℓ(vδi )+ ∑
1≤ j≤n

j ̸=i

α0
j a(φ j ,χδ,vδi ).

(30)

By subtracting equation (30) from equation (29), we obtain

αδi a(φi ,uδ,vδi )−α0
i a(φi ,u0,vδi ) = ℓδ(vδi )−ℓ(vδi )− ∑

1≤ j≤n
j ̸=i

α0
j a(φ j ,χδ,vδi ).

Equivalently,

(αδi −α0
i ) a(φi ,uδ,vδi ) = ℓδ(vδi )−ℓ(vδi )− ∑

1≤ j≤n
α0

j a(φ j ,χδ,vδi ).

We thus obtain the estimate

|αδi −α0
i | ≤

1∣∣a(φi ,uδ,vδi )
∣∣ (∥ℓδ−ℓ∥V′ +Ca∥χδ∥V

)
,

where the constant Ca is defined in (4). This in turn implies that we have, for q ∈ [1,+∞],

∥θδ−θ0∥Lq (Ω) ≤
(

n∑
i=1

∥φi∥Lq (Ω)∣∣a(φi ,uδ,vδi )
∣∣
)(∥ℓδ−ℓ∥V′ +Ca ∥χδ∥V

)
.

This stability analysis shows that the reconstruction stability depends on the inverse of the
diagonal entries of the matrix Aδ, which we have sought to minimize, as well as on the number
of basis functions n. As n → ∞, the stability constant may become unbounded. Moreover, if
one of the virtual fields vi is such that the corresponding diagonal term a(φi ,uδ,vδi ) vanishes, the
stability constant is also unbounded. Otherwise, it remains bounded, provided that the diagonal
terms stay uniformly away from zero. More precisely, we have shown the following theorem.

Theorem 9. Assume that, for some q ∈ [1,∞], there exists a constant Cq > 0 such that, for
sufficiently small δ,

n∑
i=1

∥φi∥Lq (Ω)∣∣a(φi ,uδ,vδi )
∣∣ ≤Cq .

Then the reconstructed parameter θδ satisfies

∥θδ−θ0∥Lq (Ω) ≤Cq
(∥ℓδ−ℓ∥V′ +Ca ∥uδ−u0∥V

)
,

where Ca is defined in (4).



Nagham Chibli, Martin Genet and Sébastien Imperiale 429

2.4. The multi-parameter case

In this section, we consider the reconstruction of the mn coefficients {α j ,k } as defined in (6),
which, according to Section 2.2, correspond to the solution of system (13).

2.4.1. Definition and computation of optimal virtual fields

We define the virtual fields such that the matrix A is diagonal. More precisely, for each
i ∈ {1, . . . ,mn}, we associate a unique pair of indices (ki , ji ), so that:

Ai i = aki (φ ji ,ki ,u,vi ).

Each virtual field vi is thus selected in the subspace:

Hi := {
v ∈ K0

∣∣ ak (φ j ,k ,u,v) = 0 for all (k, j ) ̸= (ki , ji )
}
.

This construction ensures the independent recoverability of each coefficient α(ki )
ji

from the
system. We note that Hi is a closed vector subspace of V , and hence a Hilbert space, endowed
with the same inner product as V .

Definition 10 (Multi-parameter/multi-coefficient case). We define the virtual fields {vi }i by

vi = arg max
v∈Hi , ∥v∥V0≤1

fi (v), (31)

where the continuous linear form fi is defined as

fi : V0 −→R,

v 7−→ aki (φ ji ,ki ,u,v).
(32)

We now address the computation of vi . The following theorem can be proved in the same way
as in Section 2.3.1.

Theorem 11. A solution to (31) is given by

vi = hi

∥hi∥V0

, with (hi ,w)V0 = fi (w), ∀ w ∈ Hi .

2.4.2. Parameter reconstruction from noisy data

We assume access to data uδ, representing displacement measurements possibly corrupted by
noise. The parameter δ≥ 0 quantifies the noise level in the data. Modeling errors are taken into
account as uncertainties related to this noise level, and ℓδ denotes the counterpart of ℓ adapted
to the noisy data. When δ= 0, the data are assumed to be exact, and the corresponding noiseless
displacement field, denoted by u0, is the solution to (7) associated with θ0

k (x) =∑n
j=1α

0
j ,kφ j ,k (x),

for 1 ≤ k ≤ m. Our goal is to reconstruct an approximation {θδk }m
k=1 of the true parameters {θ0

k }m
k=1

using the noisy data uδ. The reconstruction is sought in the form

θδk (x) =
n∑

i=1
αδi ,kφi ,k (x), for 1 ≤ k ≤ m.

We retain the same notations as in the previous section. The matrix A is now constructed using
the noisy displacement field uδ instead of u, and is denoted by Aδ. The virtual fields are defined
according to Definition 10 using uδ rather than u. The coefficients αδj ,k are then recovered
independently from the decoupled equations.

αδji ,ki
aki (φ ji ,ki ,uδ,vδi ) = ℓδ(vδi ), for i = 1, . . . ,mn. (33)
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2.4.3. Stability analysis

We now discuss the stability of the reconstruction with respect to noise in the data. Specifically,
we aim to quantify the difference between the reconstructed parameters {θδk }m

k=1, obtained from
noisy measurements following the procedure outlined in the previous section, and the ideal
reconstruction {θ0

k }m
k=1, corresponding to the noiseless case. To analyze the stability, we focus on

the gap αδj ,k −α0
j ,k for each 1 ≤ k ≤ m and 1 ≤ j ≤ n, or equivalently αδji ,ki

−α0
ji ,ki

for 1 ≤ i ≤ mn.

Let us define χδ := uδ−u0. From Eq. (7), for each 1 ≤ i ≤ mn, we have

m∑
k=1

n∑
j=1

α0
j ,k ak (φ j ,k ,u0,vδi ) = ℓ(vδi ),

which implies, since vδi ∈ Hδ
i ,

α0
ji ,ki

aki (φ ji ,ki ,u0,vδi ) = ℓ(vδi )− ∑
1≤k≤m
1≤ j≤n

( j ,k )̸=( ji ,ki )

α0
j ,k ak (φ j ,k ,u0,vδi )

= ℓ(vδi )+ ∑
1≤k≤m
1≤ j≤n

( j ,k )̸=( ji ,ki )

α0
j ,k ak (φ j ,k ,χδ,vδi ).

(34)

By subtracting equation (34) from equation (33), we obtain

αδji ,ki
aki (φ ji ,ki ,uδ,vδi )−α0

ji ,ki
aki (φ ji ,ki ,u0,vδi )

= ℓδ(vδi )−ℓ(vδi )− ∑
1≤k≤m
1≤ j≤n

( j ,k )̸=( ji ,ki )

α0
j ,k ak (φ j ,k ,χδ,vδi ). (35)

Equivalently,

(αδji ,ki
−α0

ji ,ki
) aki (φ ji ,ki ,uδ,vδi ) = ℓδ(vδi )−ℓ(vδi )− ∑

1≤k≤m
1≤ j≤n

α0
j ,k ak (φ j ,k ,χδ,vδi ).

We thus obtain the estimate

|αδji ,ki
−α0

ji ,ki
| ≤ 1∣∣aki (φ ji ,ki ,uδ,vδi )

∣∣ (∥ℓδ−ℓ∥V′ +Ca∥χδ∥V
)
,

where the constant Ca is defined in (4).
This in turn implies that we have, for q ∈ [1,+∞], and all k ∈ {1, . . . ,m},

∥θδk −θ0
k∥Lq (Ω) ≤

(
n∑

j=1

∥φ j ,k∥Lq (Ω)∣∣ak (φ j ,k ,uδ,vδ
I ( j ,k))

∣∣
)(∥ℓδ−ℓ∥V′ +Ca ∥χδ∥V

)
,

where i =I ( j ,k) is the index such that ji = j and ki = k.
This stability analysis shows that the stability of the reconstruction depends on the inverse of

the diagonal terms of the matrix Aδ, which we have sought to minimize, as well as on the product
of the number of basis functions n and the number of parameters m. As mn tends to infinity,
the stability constant may become unbounded. Moreover, if one of the virtual fields vi is such
that the corresponding diagonal term ak (φ j ,k ,uδ,vδ

I ( j ,k)) vanishes, the stability constant is also
unbounded. Otherwise, it remains bounded, provided the diagonal terms stay away from zero.
More precisely, we have shown the following theorem.
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Theorem 12. Assume that, for sufficiently small δ, and for some q ∈ [1,∞], there exists a constant
Cq > 0 such that for all k ∈ {1, . . . ,m},(

n∑
j=1

∥φ j ,k∥Lq (Ω)∣∣ak (φ j ,k ,uδ,vδ
I ( j ,k))

∣∣
)
≤Cq .

Then each reconstructed parameter θδk , for 1 ≤ k ≤ m, satisfies

∥θδk −θ0
k∥Lq (Ω) ≤Cq

(∥ℓδ−ℓ∥V′ +Ca ∥uδ−u0∥V
)
,

where Ca is defined in (4).

3. Extensions

We now discuss several extensions of the proposed approach, including its adaptation to incom-
pressible or nearly incompressible materials, as well as its generalization to nonlinear hyperelas-
tic models such as neo-Hookean formulations.

3.1. The incompressible and nearly-incompressible case

We now extend the formulation to the incompressible and nearly incompressible cases in linear
elasticity. The starting point remains the virtual work principle (1), but the kinematic constraint

∇·u = 0 (incompressible case), or ∇·u ≈ 0 (nearly incompressible case)

requires the introduction of an additional unknown.
The Cauchy stress tensor is decomposed into deviatoric and volumetric contributions,

σ=σdev +p I, (36)

where the scalar field p denotes the hydrostatic pressure, defined by

p = 1

d
tr(σ). (37)

Mathematically, p can be interpreted as a Lagrange multiplier associated with the incompress-
ibility constraint. In the nearly incompressible case, p is not treated as an independent parameter
of interest; it is typically set as

p =λ div(u), (38)

where λ is the first Lamé constant, assumed to be very large and not a parameter to be recon-
structed.

With this decomposition, Eq. (1) reads∫
Ω
σdev(u) : ε(v)dΩ+

∫
Ω

p tr
(
ε(v)

)
dΩ=

∫
ΓN

t ·vdΓ+
∫
Ω

f ·vdΩ, ∀ v ∈ V0. (39)

Due to the linearity of the constitutive law, we can assume that the following decomposition holds∫
Ω
σdev(u) : ε(v)dΩ=

m∑
k=1

ak (θk ,u,v), (40)

where the trilinear form ak : Xk ×V×V0 →R is defined by

ak (θk ,u,v) =
∫
Ω
θk

(
Ck : ε(u)

)
: ε(v)dΩ. (41)

Here, θk are the unknown elastic parameters to be identified (for instance, effective compo-
nents of the anisotropic elasticity tensor) and belong to the finite-dimensional Banach space
Xk = span{φ1,k , . . . ,φn,k } ⊂ L∞(Ω), while Ck are known tensors representing the individual con-
tribution of each parameter to the constitutive law.
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Therefore, Eq. (39) can be rewritten in a compact operator form as
m∑

k=1
ak (θk ,u,v)+b(p,v) = ℓ(v), ∀ v ∈ V0, (42)

where

b(p,v) =
∫
Ω

p ∇·vdΩ, ℓ(v) =
∫
ΓN

t ·vdΓ+
∫
Ω

f ·vdΩ.

In the inverse problem, we assume that the displacement field u is available from measure-
ments, whereas the pressure field p is not directly accessible. Since p cannot be measured or
independently reconstructed, it is convenient to eliminate its contribution from the variational
formulation. Moreover, the load distribution t may also be unknown and is generally much more
difficult to measure than displacements, as discussed in the previous section. To address these
difficulties, we restrict the choice of virtual fields to those that eliminate both the pressure term
and, when unknown, the traction term. More precisely, they are chosen in

K0 =
{

v ∈ V0
∣∣∇·v = 0 and Tv = 0 on ΓN

}
, (43)

where the matrix field T ∈ L∞(ΓN )d×d is defined such that the virtual work associated with the
traction t vanishes whenever t is unknown, as in the previous section.

Therefore, we have

b(p,v) = 0 ∀ p ∈ L2(Ω), ∀ v ∈ K0,

and Eq. (42) reads
m∑

k=1
ak (θk ,u,v) = ℓ(v), ∀ v ∈ K0. (44)

The space K0 is the main difference compared to the compressible case (it involves the
divergence-free constraint). All the results derived previously remain valid with this new choice
of K0.

3.2. Nonlinear models

The method naturally extends to nonlinear mechanics, as long as the constitutive law is linear
with respect to the parameters to be identified. For more complex constitutive laws, the method
would need to be adapted. As an example, we consider nonlinear hyperelastic materials using
neo-Hookean models, which are widely employed to describe the large-deformation behavior of
soft tissues [44]. Although the mechanical response is nonlinear, the constitutive law retains a
linear dependence on the material parameter, which allows the proposed identification strategy
to be applied in this setting.

In the virtual work principle (1), the Cauchy stress tensor is decomposed according to the
“decoupled” form of the constitutive law as

σ=σdev +σvol,

where the deviatoric part represents the shear response, while the volumetric part accounts for
changes in volume. For neo-Hookean material, these contributions are given by

σdev =
µ

J
dev(B), σvol =−p I

where

F = I+∇u, B = FF⊤, B = J−2/3B, J = det(F).

Here µ represents the shear modulus. The definition of p depends upon whether the solid
material considered is compressible or incompressible.
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For the principle of virtual work to be well defined, we assume that u has sufficient regularity
and that J is bounded away from zero by a fixed constant c0. In particular, we introduce the
following assumption.

Assumptions 13. The displacement field satisfies

u ∈ Wc0 := {
u ∈W 1,∞(Ω)d ∣∣ det(I+∇u) ≥ c0 > 0

}
,

for a fixed constant c0.

Under these conditions, we have F = I +∇u ∈ L∞(Ω)d×d , J = det(F) ∈ L∞(Ω), and B = FFT ∈
L∞(Ω)d×d .

3.2.1. Compressible case

When one allows compressibility, one prescribes the volumetric response through a stored-
energy function that depends on the Jacobian J , often choosing the volumetric energy for neo-
Hookean materials,

Wvol(J ) = κ

4
(J 2 −1−2ln J ),

where κ is the bulk modulus. Then differentiating with respect to J gives

p =−∂Wvol

∂J
=−κ

2

(
J − 1

J

)
,

so that

σvol =−p I = κ

2

(
J − 1

J

)
I.

The virtual work equation (1) then reads∫
Ω

µ

J 5/3

(
B− 1

d
tr(B)I

)
: ε(v)dΩ+

∫
Ω

κ

2

(
J − 1

J

)
tr

(
ε(v)

)
dΩ=

∫
ΓN

t ·vdΓ+
∫
Ω

f ·vdΩ, (45)

for all v ∈ V0 with V0 defined as in the previous sections.
In this compressible setting, our objective is to reconstruct simultaneously the shear modu-

lus µ and the bulk-modulus parameter κ from the measured displacement fields.
The parameters µ and κ are sought in two known finite-dimensional spaces,

Xµ = span
{
φ1,µ, . . . ,φm,µ

}⊂ L∞(Ω)m , Xκ = span
{
φ1,κ, . . . ,φn,κ

}⊂ L∞(Ω)n .

Accordingly, we introduce the expansions

µ(x) =
m∑

i=1
µi φi ,µ(x), κ(x) =

n∑
i=1

κi φi ,κ(x).

With this decomposition, Eq. (45) becomes
m∑

i=1
µi aµ(φi ,µ,u,v)+

n∑
i=1

κi aκ(φi ,κ,u,v) = ℓ(v), ∀ v ∈ V0. (46)

The forms aµ and aκ are defined as

aµ : Xµ×Wc0 ×V0 −→R, aµ(φi ,µ,u,v) =
∫
Ω

φi ,µ

J 5/3

(
B− 1

d
tr(B)I

)
: ε(v)dΩ,

and

aκ : Xκ×Wc0 ×V0 −→R, aκ(φi ,κ,u,v) =
∫
Ω

φi ,κ

2

(
J − 1

J

)
tr

(
ε(v)

)
dΩ.

For fixed u ∈ Wc0 , the mappings

aµ( · ,u, · ) : Xµ×V0 −→R, aκ( · ,u, · ) : Xκ×V0 −→R,

are continuous bilinear forms.
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Choice of virtual fields. In what follows, we proceed similarly to the previous sections. We select
exactly m +n virtual fields, chosen in K0 defined in (10). With this choice, the global system is
constructed as follows. The matrix A ∈R(m+n)×(m+n) is partitioned into two submatrices:

A = [
A(1) A(2)],

where A(1) ∈R(m+n)×m and A(2) ∈R(m+n)×n are given by

A(1)
i j = aµ(φ j ,µ,u,vi ), 1 ≤ i ≤ m +n, 1 ≤ j ≤ m,

and

A(2)
i j = aκ(φ j ,κ,u,vi ), 1 ≤ i ≤ m +n, 1 ≤ j ≤ n.

The right-hand sideλ ∈Rm+n is defined as

λi = ℓ(vi ), 1 ≤ i ≤ m +n.

The unknown vectorα ∈Rm+n groups the coefficients for all parameters, namely

α=
(
α(1)

α(2)

)
, where (α(1)) j =µ j , 1 ≤ j ≤ m, (α(2)) j = κ j , 1 ≤ j ≤ n.

The final system is compactly written as

Aα=λ. (47)

In analogy with the linear elasticity case, the virtual fields are constructed so as to make the
matrix A diagonal and to maximize its diagonal entries over the unit ball of V0. More precisely,
we have the following.

Definition 14. For each 1 ≤ i ≤ m, the virtual field vi is defined by

vi = arg max
v∈H(1)

i∥v∥V≤1

aµ(φi ,µ,u,v),

where

H(1)
i :=

{
v ∈ K0

∣∣∣∣∣ aµ(φ j ,µ,u,v) = 0 ∀ 1 ≤ j ≤ m, j ̸= i ,

aκ(φ j ,κ,u,v) = 0 ∀ 1 ≤ j ≤ n

}
.

Similarly, for each m +1 ≤ i ≤ m +n, the virtual field vi is defined by

vi = arg max
v∈H(2)

i∥v∥V≤1

aκ(φi−m,κ,u,v),

where

H(2)
i :=

{
v ∈ K0

∣∣∣∣∣ aµ(φ j ,µ,u,v) = 0 ∀ 1 ≤ j ≤ m,

aκ(φ j ,κ,u,v) = 0 ∀ 1 ≤ j ≤ n, j ̸= i −m

}
.

Remark 15. Several alternative choices of virtual fields have been proposed in the nonlinear
setting; see, for instance, [42,43]. However, conducting a rigorous mathematical analysis of these
approaches is not straightforward. Nevertheless, notable similarities can be identified.

In the case of homogeneous parameters, the equilibrium equation can be written as

−µ∇·σµ−κ∇·σκ = f, σµ = ∂σ

∂µ
, σκ = ∂σ

∂κ
.

where σµ and σκ now depend only on the deformation field F.
The proposed virtual fields v1 and v2, following Definition 14, are defined as the projections of

w1 and w2 onto

H1 =
{

v ∈ V0 :
(
σκ : ε(v)

)
L2(Ω) = 0

}
, H2 =

{
v ∈ V0 :

(
σµ : ε(v)

)
L2(Ω) = 0

}
,
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where, assuming ΓD = ∂Ω,{
∆w1 =∇·σµ in Ω,

w1 = 0 on ΓD ,
and

{
∆w2 =∇·σκ in Ω,

w2 = 0 on ΓD .

The fields w1 and w2 are closely related to the virtual fields proposed in [43]. In their work, the
authors introduce virtual fields v1 and v2 in V0 belonging to the class{

∇· (L : ε(v1)
)=∇·σµ in Ω,

v1 = 0 on ΓD ,
and

{
∇· (L : ε(v2)

)=∇·σκ in Ω,

v2 = 0 on ΓD ,

where L is a fourth-order tensor. The main differences lie, first, in the use of the operator −∇· (L :
ε( · )) instead of the Laplacian −∆, which, in our framework, corresponds to a different choice of
scalar product in V0 (provided that L satisfies the usual symmetry and positivity properties); and
second, in the fact that they do not aim to construct a diagonal matrix Aδ.

Parameter reconstruction from noisy data. We consider noisy displacement measurements
uδ ∈ Wc0 , where δ ≥ 0 denotes the noise level. The quantity ℓδ denotes the noisy counterpart
of the load functional ℓ, incorporating both measurement and modeling uncertainties. When
δ= 0, the data are assumed to be exact. The corresponding displacement field, denoted by u0, is
the solution of (45) associated with the exact material parameters (µ0,κ0).

In the presence of noise, all ingredients of the identification procedure are constructed
from uδ. In particular, the matrix Aδ is built using the noisy displacement field, and the vir-
tual fields are those from Definition 14 with u replaced by uδ. The coefficients {αδi }m+n

i=1 are then
determined independently, thanks to the diagonal structure of Aδ, from the decoupled equations{

µδi aµ(φi ,µ,uδ,vδi ) = ℓδ(vδi ), 1 ≤ i ≤ m,

κδi aκ(φi ,κ,uδ,vδi+m) = ℓδ(vδi+m), 1 ≤ i ≤ n.

Thus, the parameters are reconstructed as

µδ(x) =
m∑

i=1
µδi φi ,µ(x), κδ(x) =

n∑
i=1

κδi φi ,κ(x).

3.2.2. Incompressible case

At the incompressible limit (κ→+∞, J → 1), the volumetric stress cannot be defined through
a constitutive law. It is instead given by

σvol =−p I, J = 1,

where p is interpreted as a Lagrange multiplier associated with the incompressibility constraint
J = 1. The deviatoric part of the stress then simplifies to

σdev =µ dev(B),

since B = B for incompressible motions. The principle of virtual work (1) then reads∫
Ω
µ

(
B− 1

d
tr(B)I

)
: ε(v)dΩ−

∫
Ω

p tr
(
ε(v)

)
dΩ=

∫
ΓN

t ·vdΓ+
∫
Ω

f ·vdΩ. (48)

In the incompressible case, the objective reduces to reconstructing the shear modulus µ only.
Using the same notation as in the compressible case, Eq. (48) becomes

m∑
i=1

µi aµ(φi ,µ,u,v)+b(p,v) = ℓ(v), ∀ v ∈ V0, (49)

where the bilinear form associated with the incompressibility constraint is

b(p,v) =−
∫
Ω

p ∇·vdΩ.
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Similarly to what was done in Section 3.1, since the pressure p and the traction t are often not
accessible, we restrict the choice of virtual fields to those that eliminate both the pressure term
and, when unknown, the traction term. More precisely, the virtual fields are chosen in K0, defined
in (43). The definition of the virtual fields and the construction of the decoupled identification
system follow the same strategy as in the compressible case, with the only modification occurring
in K0.

4. Illustrative numerical examples

We now demonstrate the effectiveness and flexibility of the reconstruction method through two
applications and a series of numerical experiments. The first application concerns isotropic,
nearly incompressible linear elasticity, while the second focuses on compressible, transversely
isotropic linear elasticity.

4.1. Isotropic nearly-incompressible linear medium

In this section, we consider isotropic nearly-incompressible elasticity in the context of time-
harmonic elastography. At an angular frequency ω, the displacement field u satisfies

∇·σ+ f = 0 in Ω,

σ=C : ε(u) in Ω,

u = 0 on ΓD ,

σ ·n = t on ΓN .

(50)

The elasticity tensor C is defined as

C=λI⊗ I+2µ I,

where µ and λ denote the second (i.e., shear) and first Lamé coefficients, respectively. Here,
I and I represent the second- and fourth-order identity tensors, with components Ii j = δi j and
Iijkl = δi kδ j l . The body force field f corresponds to the inertial term,

f =−ρω2u,

where ρ denotes the mass density.
Substituting these expressions into the virtual work principle (1), we obtain∫

Ω
2µε(u) : ε(v)dx +

∫
Ω
λ∇·u∇·vdx =

∫
ΓN

t ·vdΓ+
∫
Ω
ρω2u ·vdΩ, (51)

for any virtual field v ∈ V0.
In the nearly-incompressible isotropic elasticity setting, the virtual work principle leads to a

Stokes-like formulation:∫
Ω

2µε(u) : ε(v)dΩ+
∫
Ω

p ∇·vdΩ=
∫
ΓN

t ·vdΓ+
∫
Ω
ρω2u ·vdΩ, (52)

for any virtual field v ∈ V0. Using (52), µ satisfies a general variational form:

a(µ,u,v)+b(p,v) = ℓ(v), for any v ∈ V0,

where

a(µ,u,v) =
∫
Ω

2µε(u) : ε(v)dΩ, b(p,v) =
∫
Ω

p ∇·vdΩ,

and

ℓ(v) =
∫
ΓN

t ·vdΓ+
∫
Ω
ρω2u ·vdΩ.
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We aim to reconstruct the shear modulus µ, which is sought in the form

µ(x) =
n∑

i=1
αiφi (x),

where the functions φi are known.

Stability estimate. The choice of virtual fields follows the approach introduced in Sections 2
and 3.1. Let uδ denote the noisy displacement data and u0 the noise-free displacement field,
solution to (50) associated with the true shear modulus µ0(x) = ∑n

j=1α
0
jφ j (x). Let µδ denote

its reconstruction from uδ, with corresponding coefficients {αδi }n
i=1. Therefore, we have the

following stability estimate (see Section 2.3.4).

Corollary 16. Assume that, for some q ∈ [1,∞], there exists a constant Cq > 0 such that, for
sufficiently small δ,

n∑
i=1

∥φi∥Lq (Ω)∣∣a(φi ,uδ,vδi )
∣∣ ≤Cq .

Then, the reconstructed parameter µδ satisfies

∥µδ−µ0∥Lq (Ω) ≤C
(
Cq ,ρ,ω,∥µ0∥L∞(Ω)

)∥uδ−u0∥V.

The proof follows directly from Theorem 9, noting that in this context, the functional ℓδ is
given by

ℓδ(v) =
∫
ΓN

t ·vdΓ+
∫
Ω
ρω2uδ ·vdΩ,

and that the constant Ca defined in (4) can be chosen as 2∥µ0∥L∞(Ω).

Numerical implementation. We consider a two-dimensional domain Ω= [0,1]2 and investigate
several shear modulus distributions. For each case, the direct problem (50) is solved using the
boundary conditions described below, with a finite element discretization on a mesh of size h =
1/100. To simulate realistic measurement errors, deterministic noise is added to the computed
displacement field in a reproducible manner. The noisy displacement field is defined as

uδ(x) = u0(x)+δ∥u0∥H 1(Ω)

R∑
r=0

r

R
cos

(
2π

r

R

xp
δ
·e1

)
cos

(
2π

r

R

xp
δ
·e2

)
(e1 +e2), (53)

where R = 10 and u0 denotes the exact displacement field and δ controls the noise amplitude.
The relative noise level is quantified in the H 1-norm as

Relative noise level = ∥u0 −uδ∥H 1(Ω)

∥u0∥H 1(Ω)
×100%.

For simplicity, we assume that the exact shear modulus µ0 can be written as

µ0(x) = 1+
n∑

i=1
α0

i φi (x),

where n denotes the number of inclusions. We then proceed to the reconstruction of the shear
modulus.

Algorithm 1 summarizes the main steps of the VFM-based reconstruction procedure. The
relative error of reconstruction is then computed as

Relative error = ∥µ0 −µδ∥L2(Ω)

∥µ0∥L2(Ω)
×100%,

where µδ denote reconstructed shear modulus field.
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Algorithm 1: VFM-Based Reconstruction of µδ = 1+∑n
i=1α

δ
i φi (x) from uδ

Input: noisy displacement field uδ, affine space spanned by {φi }n
i=1

Output: reconstructed shear modulus µδ

1 for i = 1 to n do
2 Find (hi , p) ∈ V0 ×L2(Ω) such that∫

Ω
∇hi : ∇wdx +β

n∑
j=1
j ̸=i

(∫
Ω
φ j ε(uδ) : ε(hi )dx

)(∫
Ω
φ j ε(uδ) : ε(w)dx

)

+
∫
Ω

p ∇·wdx =
∫
Ω
φi ε(uδ) : ε(w)dx,∫

Ω
q ∇·hi dx = 0,

for all (w, q) ∈ V×L2(Ω), with β≫ 1.
3 Update row i of Aδ ∈Rn×n :

Aδi , j =
∫
Ω

2φ j ε(uδ) : ε(hi )dx, j = 1, . . . ,n.

4 Update entry i ofλ ∈Rn :

λδi =
∫
Ω
ρω2uδ ·hi dΩ−

∫
Ω

2ε(uδ) : ε(hi )dx.

5 Solve the linear system

Aδαδ =λδ,

and compute the reconstructed shear modulus

µδ(x) = 1+
n∑

i=1
αδi φi (x).

6 return µδ

In the following, we present the reconstruction results to evaluate the performance of the
proposed approach. In the first case, we consider disjoint inclusions, while in the second case,
overlapping inclusions are studied.

4.1.1. Disjoint inclusions

Here, we consider phantoms with piecewise constant heterogeneous shear moduli, as illus-
trated in Figure 3, where the subregions are disjoint and known a priori.

A comparative study is conducted using three types of virtual fields to evaluate the perfor-
mance of the proposed approach.

Type 1: Optimal VF. The virtual field proposed in this work.

Type 2: Curl-based VF. A virtual field defined as the curl of a vector field,

v∗ =∇×F, (54)

where F is a nonzero vector field and v∗ is required to be kinematically admissible.

Type 3: Solution-based VF. A virtual field obtained by solving the forward incompressible
elasticity problem with a homogeneous modulus. More precisely, for a given source term f ∈
L2(Ω)2 we seek a pair (v∗, p∗) ∈ V0 ×L2(Ω) satisfying{∇· (ε(v∗)

)+∇p∗ = f in Ω,

∇·v∗ = 0 inΩ,
(55)
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for different boundary conditions (see Figure 4). The latter two types were introduced in [45].
In both cases, the resulting displacement fields automatically satisfy the incompressibility con-
straint.

(a) (b)

Figure 3. Examples of shear modulus phantoms: (a) µ1 with a single inclusion, and (b) µ2 with two inclusions.

For all three types of virtual fields, n different virtual fields are required to identify the n
coefficients corresponding to the n inclusions. For the first type, all n virtual fields can be
constructed from a single displacement field. In contrast, for Types 2 and 3, by definition,
n distinct boundary conditions are needed to generate the n virtual fields. As an illustrative
example, we first consider the case with the bottom boundary clamped (zero displacement), as
shown in Figure 4, while treating the top-edge traction as unknown. To eliminate the virtual work
contribution from this unknown loading, we impose zero vertical components for the virtual
fields in Figures 4(a)–(b) and zero horizontal components for the virtual field in Figure 4(c) along
the top boundary. The space of virtual fields V0 accounts for these additional constraints.

(a) (b) (c)

Figure 4. (a) One type of boundary condition used to generate a virtual field for the first model. (b)–(c) Two
different boundary conditions used to generate virtual fields of Types 2 and 3, respectively, for the second model.

One single inclusion. For the first test case (µ1, Figure 3(a)), we consider the domain illustrated
in Figure 4(a) (see [45]).

The Type 1 virtual field, defined as in Section 3.1, is given by

v(1) = arg max
v∈K0, ∥v∥H1(Ω)≤1

a(φ1,uδ,v),

where φ1 denotes the inclusion function, and the set K0 is defined as

K0 =
{

v ∈ V0
∣∣∇·v = 0 and (v ·e2)( · ,1) = 0

}
,
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with

V0 =
{

v ∈ H 1(Ω)2 ∣∣ v( · ,0) = 0
}
.

The Type 2 virtual field, defined by Eq. (54), also belongs to K0. It is explicitly given by

v(2)(x, y) =
−x y(3y −2)

y2(y −1)
0

.

Finally, the Type 3 virtual field, also belongs to K0, denoted v(3), is obtained by solving Eq. (55)
in

{
v ∈ V0

∣∣ (v ·e2)( · ,1) = 0
}×L2(Ω) with an arbitrarily chosen source term; here,

f(x, y) =
(

x cos
(
10(x + y)

)
x sin

(
10(x + y)

)).

Figure 5(a) presents the relative error in the reconstructed shear modulus of the inclusion
versus noise level for all three virtual field types.

(a) (b)

Figure 5. Relative error for two different target shear modulus distributions under varying noise levels, using the
three types of virtual fields: (a) first model, (b) second model.

Two disjoint inclusions. For the second test case (µ2, Figure 3(b)), we use the displacement field
corresponding to the boundary conditions shown in Figure 4(b) to compute the proposed virtual
fields.

The two virtual fields of Type 1 are given by

v(1)
1 = arg max

v∈H1, ∥v∥H1(Ω)≤1
a(φ1,uδ,v), v(1)

2 = arg max
v∈H2, ∥v∥H1(Ω)≤1

a(φ2,uδ,v),

where φ1 and φ2 denote the two inclusion functions, and the sets H1 and H2 are defined as

H1 =
{

v ∈ K0
∣∣ a(φ2,uδ,v) = 0

}
,

and

H2 =
{

v ∈ K0
∣∣ a(φ1,uδ,v) = 0

}
.

The two virtual fields of Type 2 are explicitly given by

v(2)
1 (x, y) =

−x y(3y −2)
y2(y −1)

0

, v(2)
2 (x, y) =


x y(y −1)

− y3

3
+ y2

2
0

.
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The corresponding Type 3 virtual fields, denoted v(3)
1 and v(3)

2 , are obtained by solving Eq. (55)
subject to the following boundary conditions respectively:{

v(3)
1 ( · ,0) = 0,

(v(3)
1 ·e2)( · ,1) = 0,

{
v(3)

2 ( · ,0) = 0,

(v(3)
2 ·e1)( · ,1) = 0.

Figure 5(b) shows the relative error in the reconstructed shear modulus within the inclusion,
as a function of the noise level, for each of the three types of virtual fields.

Discussion. The results in Figure 5 demonstrate that the proposed virtual fields (Optimal VF)
successfully recover the target shear modulus with high precision. This experimental validation
confirms the theoretical stability estimate with respect to noise, measured in the H 1-norm
of the displacement fields. For the first configuration (Figure 5(a)), where a single inclusion
is considered, all three types of virtual fields yield relatively small errors at low noise levels.
However, as the noise increases, Type 1 clearly outperforms the other two: its reconstruction
error remains significantly lower, while errors from Type 2 (curl-based) and Type 3 (forward
solution-based) increase more rapidly. This trend becomes even more pronounced in the
second configuration (Figure 5(b)), involving two inclusions. Even under substantial noise, the
Type 1 virtual field consistently delivers more stable and accurate reconstructions. In contrast,
both Type 2 and Type 3 exhibit a sharp deterioration in performance as the noise level grows,
confirming the practical advantage of our proposed optimal virtual field approach.

4.1.2. Overlapping inclusions

The method also performs well in cases where the inclusions are not disjoint. To demonstrate
this, we present numerical results for such configurations. Specifically, we consider one example
with three overlapping circular inclusions (see Figure 6(a)), and another case where the geometry
is only partially known. In the latter, we assume the presence of two circular inclusions (see
Figure 6(b)), but their exact radii are unknown. Instead, we consider a set of candidate circular
inclusions with different radii (see Figure 6(c)).

(a) (b) (c)

Figure 6. (a) Third model: three overlapping circular inclusions with the type of boundary condition used to
generate the displacement field. (b) Fourth model: two overlapping inclusions used as the true parameter, along
with the associated boundary condition. (c) Seven candidate circular inclusions used to reconstruct the parameter
shown in (b).

To further investigate the noise sensitivity of the proposed method, we add noise of the
form (7) to the displacement data and plot the relative reconstruction error in Figure 7 for both
test cases. In both cases, the results show that even with a 30% noise level in the displacements,
the relative error in the reconstructed shear modulus using the Type 1 virtual fields remains
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around 20%. These results confirm once again that the proposed virtual fields are optimal in
terms of robustness to noise.

(a) (b)

Figure 7. Relative error for two different target shear modulus distributions under varying noise levels, using the
proposed virtual fields: (a) third model, (b) fourth model.

4.2. Homogeneous transversely isotropic compressible linear medium

In this section, we consider two-dimensional transversely isotropic elasticity under the plane
stress assumption. We focus on materials that are isotropic in one plane while exhibiting distinct
mechanical properties along a perpendicular direction. Such behavior typically arises, for exam-
ple, in fiber-reinforced composites, where fibers are aligned along a preferred orientation. Here,
we assume that the axis of transverse isotropy is aligned with the x1-direction. The displacement
field u satisfies the following system of equations:

∇·σ= 0 in Ω,

σ=C : ε(u) in Ω,

u = 0 on ΓD ,

σ ·n = t on ΓN ,

(56)

whereσdenotes the Cauchy stress tensor, ε(u) the linearized strain tensor, andC the fourth-order
elasticity tensor. In two dimensions, the constitutive law σ = C : ε is often expressed in Kelvin–
Mandel notation, where both stresses and strains are represented as vectors, and the tensor C
reduces to a symmetric positive-definite 3×3 matrix [C]. The strain vector is written as

ε(u) =
 ε11

ε22p
2ε12

,

with ε11 = ∂u1/∂x1, ε22 = ∂u2/∂x2, and ε12 = 1
2 (∂u1/∂x2 +∂u2/∂x1). The compliance matrix [S],

which relates strain to stress via ε= [S]σ, is given by

[S] =


1

ET
−νL

EL
0

−νL

EL

1

EL
0

0 0
1

2GL

,
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where EL is the Young’s modulus along the preferred (longitudinal) direction, ET is the Young’s
modulus in the transverse direction, νL is the Poisson’s ratio that describes transverse strain in
response to longitudinal stress, and GL is the in-plane shear modulus. Inverting the compliance
matrix yields the elasticity matrix [C] = [S]−1, which takes the form

[C] =


ELET

EL −ETν
2
L

ELETνL

EL −ETν
2
L

0

ELETνL

EL −ETν
2
L

E 2
L

EL −ETν
2
L

0

0 0 2GL

.

Reconstruction of elastic parameters. We assume, for simplicity, that the material is homoge-
neous, and we aim to reconstruct the four elastic parameters: EL , ET , GL , and νL . Denoting the
entries of the elasticity matrix by C11,C12,C22, and C33, we have:

C11 = ELET

EL −ETν
2
L

, C12 = ELETνL

EL −ETν
2
L

, C22 =
E 2

L

EL −ETν
2
L

, C33 = 2GL .

Under these notations, the principle of virtual work (1) takes the form:

C11

∫
Ω
ε11 ε11(v)dΩ+C22

∫
Ω
ε22 ε22(v)dΩ+C12

∫
Ω

(ε11 ε22(v)+ε22 ε11(v))dΩ

+2C33

∫
Ω
ε12 ε12(v)dΩ=

∫
ΓN

t ·vdS,

where v ∈ V0 denotes a kinematically admissible virtual displacement field, and εi j (v) are the
components of the corresponding virtual strain tensor.

To identify the four unknown parameters, we follow the approach described in Section 2.4.2.
By selecting four appropriately virtual displacement fields v1, v2, v3, and v4, we derive a linear
system that allows the recovery of the material coefficients C11, C12, C22, and C33, and conse-
quently of the parameters EL , ET , νL , and GL . It should be noted that, in this case, the loading
traction t must be known.

The material parameters are obtained by solving the linear system A ·C =λ, where:

A =



∫
Ω
ε11ε11(v1)dΩ

∫
Ω
ε22ε22(v1)dΩ

∫
Ω

(ε11ε22(v1)+ε22ε11(v1))dΩ 2
∫
Ω
ε12ε12(v1)dΩ∫

Ω
ε11ε11(v2)dΩ

∫
Ω
ε22ε22(v2) dΩ

∫
Ω

(ε11ε22(v2)+ε22ε11(v2))dΩ 2
∫
Ω
ε12ε12(v2)dΩ∫

Ω
ε11ε11(v3)dΩ

∫
Ω
ε22ε22(v3)dΩ

∫
Ω

(ε11ε22(v3)+ε22ε11(v3))dΩ 2
∫
Ω
ε12ε12(v3)dΩ∫

Ω
ε11ε11(v4)dΩ

∫
Ω
ε22ε22(v4)dΩ

∫
Ω

(ε11ε22(v4)+ε22ε11(v4))dΩ 2
∫
Ω
ε12ε12(v4)dΩ


,

C =


C11

C22

C12

C33

, λ=



∫
ΓN

t ·v1 dΓ∫
ΓN

t ·v2 dΓ∫
ΓN

t ·v3 dΓ∫
ΓN

t ·v4 dS


.

Once the components C11, C22, C12, and C33 are identified, the material parameters EL , ET ,
νL , and GL are computed using the following relations:

EL = C11C22 −C 2
12

C11
, ET = C11C22 −C 2

12

C22
, νL = C12

C11
, GL = C33

2
.
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Stability estimate. Let uδ denote the noisy displacement measurements and u0 the noise-free
displacement field, which is the solution to (56) associated with the true elastic coefficients C 0

11,
C 0

22, C 0
12, and C 0

33. We denote by Cδ
11, Cδ

22, Cδ
12, and Cδ

33 their respective reconstructions obtained
from uδ.

Let Ca denote the continuity constant satisfying∣∣∣∣C 0
11

∫
Ω
ε11 ε11(v)dΩ+C 0

22

∫
Ω
ε22 ε22(v)dΩ

+C 0
12

∫
Ω

(
ε11 ε22(v)+ε22 ε11(v)

)
dΩ+2C 0

33

∫
Ω
ε12 ε12(v)dΩ

∣∣∣∣≤Ca ∥u∥V ∥v∥V.

As established in Section 2.4.3, the following stability estimates hold:

|Cδ
11 −C 0

11| ≤
Ca∣∣∫

Ω ε
δ
11 ε11(vδ1 )dΩ

∣∣ ∥uδ−u0∥H 1(Ω),

|Cδ
22 −C 0

22| ≤
Ca∣∣∫

Ω ε
δ
22 ε22(vδ2 )dΩ

∣∣ ∥uδ−u0∥H 1(Ω),

|Cδ
12 −C 0

12| ≤
Ca∣∣∫

Ω

(
εδ11 ε22(vδ3 )+εδ22 ε11(vδ3 )

)
dΩ

∣∣ ∥uδ−u0∥H 1(Ω),

|Cδ
33 −C 0

33| ≤
Ca∣∣∫

Ω 2εδ12 ε12(vδ4 )dΩ
∣∣ ∥uδ−u0∥H 1(Ω).

Numerical implementation and results. In what follows, we present numerical results to assess
the effectiveness of the proposed approach for reconstructing homogeneous material properties
in transversely isotropic elasticity, where the parameter vector is defined as

P = (EL ,ET ,νL ,GL).

Table 1. Reference material properties of a compressible transversely isotropic medium.

Material property Symbol Reference value Unit

Longitudinal Young’s modulus EL 10.5 MPa

Transverse Young’s modulus ET 6.5 MPa

Poisson’s ratio νL 0.45 –

In-plane shear modulus GL 2.5 MPa

We consider a two-dimensional domainΩ= [0,1]2 and two distinct loading scenarios, in order
to investigate how the internal displacement field measurements — and consequently the entries
of the matrix A — influence the reconstruction stability.

The simulated displacement field u(P) is obtained by solving system (56), with C=C(P), using
the finite element method with a mesh size of h = 1/50. In both scenarios, the boundary ΓD

denotes the bottom edge of the domain Ω, while ΓN represents the remaining part of the
boundary. In the first scenario (Figure 8(a)), the Neumann boundary condition is prescribed as:

t =
{

(1,−1) on y = 1,

(0,0) elsewhere on ΓN .

In the second scenario (Figure 8(b)), the Neumann boundary condition is defined by:

t =
{

(1,−1) on x = 0,

(0,0) elsewhere on ΓN .
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ΓN

ΓD

Ω

(a)

ΓN

ΓD

Ω

(b)

Figure 8. Geometry of the 2D linear elasticity problem (domain size 1.7×1.7).

To simulate experimental measurement uncertainty, we introduce spatially correlated multi-
plicative noise:

uδ = u(1+χδ), where χδ(x, y) = δ(x2 + y2) (57)

where δ controls the noise amplitude.
We evaluate the reconstruction accuracy through the relative errors in the elasticity tensor

coefficients:

EC11 =
|Cδ

11 −C 0
11|

|C 0
11|

, EC22 =
|Cδ

22 −C 0
22|

|C 0
22|

, (58)

EC12 =
|Cδ

12 −C 0
12|

|C 0
12|

, EC33 =
|Cδ

33 −C 0
33|

|C 0
33|

. (59)

The relative noise level is quantified in the H 1-norm as:

Relative noise level = ∥u−uδ∥H 1(Ω)

∥u∥H 1(Ω)
×100%,

The relative errors in the reconstructed elasticity coefficients are plotted as functions of the noise
level, for both loading scenarios. The results are shown in Figure 9.

(a) (b)

Figure 9. Relative errors in the components of the elasticity tensor as a function of noise level: (a) first loading
scenario, (b) second loading scenario.



446 Nagham Chibli, Martin Genet and Sébastien Imperiale

Discussion. By analyzing the results presented in Figure 9, we highlight the crucial role played
by the structure of the displacement field in the stability of the reconstruction. In both scenarios,
in the absence of noise, the reconstruction of all elasticity coefficients is highly accurate, with
negligible relative errors.

In the first scenario, however, the reconstruction of C22 and C33 remains relatively stable,
and the reconstruction error is well controlled (even with 25% noise, the reconstruction error is
around 20%). In contrast, for the two coefficients C11 and C12, the reconstruction is significantly
less stable. This reflects the influence of the diagonal terms of the matrix Aδ and, consequently,
of the displacement field. In the second scenario, C12, C22, and C33 remain remarkably well
reconstructed across all noise levels, whereas C11 is again the most sensitive coefficient, with
an error exceeding 30 % for a noise level of about 30%. These results clearly demonstrate that
the identifiability and robustness of each elasticity coefficient depend not only on the amount of
noise but also on the displacement field induced by the loading and boundary conditions.

Furthermore, since we are interested in the parameters EL , ET , νL , and GL , we define the
relative errors for the effective elastic constants as follows:

EEL = |Eδ
L −E 0

L |
|E 0

L |
, EET = |Eδ

T −E 0
T |

|E 0
T |

, (60)

EνL = |νδL −ν0
L |

|ν0
L |

, EGL = |Gδ
L −G0

L |
|G0

L |
. (61)

Figure 10 shows the evolution of EEL , EET , EνL , and EGL as functions of the noise level for both
loading configurations.

Although we do not derive a specific stability estimate for the effective parameters EL , ET , GL ,
and νL , they inherently depend on the components of the elasticity tensorC. Consequently, their
sensitivity to noise reflects that of the underlying tensor. As shown in Figure 10, the first scenario
exhibits significantly higher reconstruction errors across all parameters compared to the second
scenario. This behavior is consistent with the overall improved stability observed in the second
configuration.

(a) (b)

Figure 10. Relative errors in the elastic parameters as a function of noise level: (a) first loading scenario,
(b) second loading scenario.

5. Conclusion

To conclude, we have proposed a method for constructing virtual fields that are optimal in
the sense of a precise stability estimate, in linear elasticity as well as in nonlinear elasticity,
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provided that the constitutive law is linear with respect to the parameters to be identified. This
ensures the stability of parameter reconstruction with respect to displacement measurement
errors in the H 1-norm. The proposed method is rather general and applies to a wide range of
situations. In particular, it is valid in any spatial dimension. It enables the reconstruction of
homogeneous or heterogeneous material parameters when the structure is known a priori from
a single displacement field using a direct and computationally efficient approach. Moreover, the
method remains effective even in the presence of overlapping inclusions or when the material
parameters are represented in a prescribed basis. No particular regularity or structure is required
for the functions φi ; they only need to be known and linearly independent. Finally, we note
that in the present study we used deterministic noise for reproducibility. We do not address the
important question of randomness in the noise and its impact on the solution. Such questions
are interesting and could be explored in future work.
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