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SUMMARY

Full-field identification methods are increasingly used to adequately identify constitutive parameters to

describe the mechanical behavior of materials. This paper investigates the more recently introduced, one-step

method of Integrated Digital Image Correlation (IDIC) with respect to the most commonly used, two-step

method of Finite Element Model Updating (FEMU), which uses a subset-based digital image correlation

algorithm.

To make the comparison as objective as possible, both methods are implemented in the most equivalent

manner and use the same FE-model. Various virtual test-cases are studied to assess the performance of both

methods when subjected to different error sources; (1) systematic errors, (2) poor initial guesses for the

constitutive parameters, (3) image noise, and (4) constitutive model errors.

Results show that, despite the mathematical similarity of both methods, IDIC produces less erroneous

and more reliable results than FEMU, particularly for more challenging test-cases exhibiting small

displacements, complex kinematics, and image noise. Copyright c© 0000 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Proper identification of constitutive model parameters is essential for quantifying material behavior.

This enables trustworthy predictions of the mechanical response in arbitrary load cases, as required

for optimization of material design and processing techniques. Traditionally, mechanical tests are

conceived such that the kinematics in a tested material is adequately understood. The associated

assumptions, e.g., a uniform strain in a uniaxial dog-bone shaped tensile specimen, allow material

testing on the basis of limited measurement data (such as an LVDT displacement). However, in such

tests, the restricted kinematic information does not represent the full mechanical behavior, which

may result in inaccurate parameter identification. Moreover, difficulties arise from the fact that

heterogeneous and anisotropic materials traditionally require various tests to identify the multiple

constitutive parameters used in the corresponding material models.

Increased computing power now allows for large data sets to be processed efficiently, enabling

more sophisticated identification techniques that take full-field kinematic information into account.

Such field-data is typically acquired in a mechanical experiment, through digital images of the

entire deformation process during testing. The full displacement fields are then computed by

Digital Image Correlation (DIC) techniques, which obviously depend on the constitutive behavior

of the deforming material. This makes it possible to identify the constitutive parameters through

a single experiment, while relaxing design requirements on the specimen and loading conditions.

The latter allows experiments to resemble practical, industrial applications more closely, which

is especially of interest when the used materials are highly anisotropic and heterogeneous, e.g.,

in the microelectronic industry. Additional advantages of full-field measurements include: (1) the

possibility to identify material parameters using small-scale specimens [1], where traditional

techniques for measuring deformation do not suffice, and (2) enhanced accuracy of identified

material parameters, due to the use of rich, full-field measurement data.

∗Correspondence to: Department of Mechanical Engineering, Eindhoven University of Technology, P.O. Box 513,

5600 MB Eindhoven, The Netherlands. E-mail: j.p.m.hoefnagels@tue.nl. Tel.: +31 40 247 5894.
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COMPARISON OF THE PERFORMANCE OF FEMU AND IDIC 3

Various (inverse) identification approaches make use of full-field data, such as the Virtual

Fields Method [2–4], the Equilibrium Gap Method [5–7], the Reciprocity Gap Method [8, 9],

and the Constitutive Gap Method [10–12], of which overviews are given in the literature [13–18].

Undoubtedly, the most intuitive and widely used method is that of Finite Element Model Updating

(FEMU) [19–22]. In this technique, constitutive model parameters are optimized by comparing

displacement fields from finite element (FE) simulation with displacement fields acquired through

standard DIC procedures on experimental images.

More recently, a novel method has been introduced [23–26], which intimately integrates

mechanical descriptions of a material with full-field measurements to identify model parameters.

The method is termed Integrated Digital Image Correlation (IDIC), and eliminates the need for

calculating displacements from (intensity) images prior to parameter identification. Instead, digital

images are directly correlated by optimizing the mechanical parameters that govern the deformation

of the imaged material. Thereby, the raw experimental data is used, i.e., intensity images, avoiding

any processed derivatives of such data (e.g., displacement fields). Hence, the mechanical model

steers the correlation procedure, which can be incorporated through either closed-form analytic

solutions [24, 27–31], or through FEM simulation [23, 32], as done here. In IDIC, the correlation

procedure and identification procedure are integrated into a one-step approach, making it distinct

from other methods, which are two-step approaches whereby post-processing of experimental data

precedes the identification procedure.

This paper aims to assess the performance of IDIC in an objective manner, considering the

most important error sources; (1) systematic errors, (2) poor initial guesses for the parameters

of interest, (3) image noise, and (4) model errors. Therefore, a strategy is adopted in which

the one-step method of IDIC is compared to a reference two-step method whose algorithmic

procedure is most similar to IDIC: the commonly used FEMU method, implemented in a standard

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)
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manner [33–37], i.e., making use of subset-based DIC†. To make a fair comparison between IDIC

and FEMU, the implementations of both methods are done equivalently, and are applied to the same

experimental data. Furthermore, prior knowledge on the mechanical behavior is incorporated in

both methods through the same constitutive model and the same FE-discretization. The investigation

therefore focuses on the effect of a one-step approach versus a two-step approach, keeping all other

implementation choices equal for both methods. Various mechanical test-cases are analyzed by

FEMU and IDIC to identify the governing constitutive parameters. To exclude the effects of error

sources that cannot be quantified, all tests are performed by virtual experimentation.

The structure of this manuscript is as follows: after discussing the basics behind DIC and both

identification methods, the virtual test-cases are introduced, and the results of the tests are presented,

enabling the comparison between IDIC and FEMU. Both methods are assessed in terms of the

accuracy of the identified model parameters upon varying different error sources. Even though the

mathematical structures of IDIC and FEMU are highly similar, clear differences in performance are

observed between the two methods, which become especially pronounced for more complex cases.

2. DIGITAL IMAGE CORRELATION

Digital Image Correlation (DIC) is an established technique for deformation measurements.

Attention is therefore restricted to the general principles of DIC, which are needed further on.

Section 3 continues with the extension of DIC toward both identification methods.

The objective of DIC is to determine full displacement fields on a deforming material sample. This

is realized by correlating digital intensity images, which are experimentally acquired subsequently

in time, as the material deforms. Typically, a random pattern is applied to the material in order to

improve the uniqueness and robustness of the correlation approach. Implementations are based on

cross-correlating pixel intensities within domains of images belonging to the reference material and

†In the writing of this manuscript it came to the authors’ attention that a very recent study also investigated IDIC and

FEMU [38], however utilizing a less standard implementation of FEMU that uses a global, rather than a subset-based,

DIC algorithm, and focusing on the influence of image noise as an error source.
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the deformed material to extract full-field displacements [39,40]. Instead of using cross-correlation,

another common approach is solving for the unknown displacements by minimizing, in a least

squares sense, the differences between the intensity in domains belonging to images of the reference

and deformed material states [41]. The performance of these different DIC implementations has

been assessed by Lava et al. [42]. In this research, the least squares approach is adopted, which is

based on the conservation of brightness. This principle is mathematically expressed as follows:

f(~x) ≈ g
(

~Φ(~x)
)

= g ◦ ~Φ(~x), (1)

~Φ(~x) = ~x+ ~U(~x), (2)

where f and g are the scalar intensity fields of, e.g., light sensed by a camera sensor, and ~Φ represents

the vector function that maps the pixel coordinates ~x of image f , corresponding to the reference

material state, to the pixel coordinates of image g, corresponding to the deformed state. The DIC

problem is schematically illustrated in Figure 1.

Figure 1. schematic illustration of the DIC problem, where images f and g, respectively corresponding to

reference and deformed (by force F ) material states, are correlated to extract the displacement vectors of all

other material points (e.g., point P), yielding the full displacement field ~U(~x).

The displacement vector field ~U(~x) is to be determined, with sub-pixel accuracy, by minimizing

the residual Ψ between images f and g within the spatial domain Ω:

Ψ =

∫

Ω

1

2

(

f(~x)− g ◦ ~Φ(~x)
)2

d~x. (3)

To solve this nonlinear least squares problem, an iterative solution scheme, such as the Newton-

Raphson method [43, 44], is required. Newton-Raphson based algorithms have been reported as

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)
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more accurate in comparison with other algorithms [45]. To solve the problem of equation 3, images

f and g must be evaluated at inter-pixel locations. Hence, an image-interpolation step is required,

which introduces systematic errors to the DIC problem. It has been concluded in the literature that

high-order interpolation polynomials result in the lowest systematic errors for images comprising

speckle-patterns [42, 46, 47]. Additionally, the problem is ill-posed, and requires regularization in

order to reduce the number of degrees of freedom [48]. Therefore, the true displacement field ~U(~x),

and consequently, the mapping function ~Φ(~x), are to be approximated by fields consisting of a

reduced set of degrees of freedom λi:

~U(~x) ≈ ~u(~x, λi), (4)

~Φ(~x) ≈ ~φ(~x, λi), (5)

with λi being an array, with the values of the degrees of freedom; λi = [λ1, λ2, . . . , λn]
T , where n

is the total number of degrees of freedom. The minimization problem is now written as:

∂Ψ

∂λi

= 0, (6)

which, when solved by the Gauss-Newton method, yields the following system of equations:

Mijδλj = bi, (7)

where δλi contains the iterative updates of the degrees of freedom. The correlation matrix Mij and

bi are written as:

∀(i) ∈ [1, n], bi =

∫

Ω

~ϕi(~x, λi) · ~G(~x, λi)
(

f(~x)− g ◦ ~φ(~x, λi)
)

d~x, (8)

∀(i, j) ∈ [1, n]2, Mij =

∫

Ω

~ϕi(~x, λi) · ~G(~x, λi) ~G(~x, λi) · ~ϕj(~x, λj)d~x, (9)

~ϕi =
∂~u

∂λi

(10)

In this formulation, the ‘·’ notation represents an inner product. ~G is the gradient of the image with

respect to the spatial coordinates. Different choices for the image gradient can be made, which have

been explored by Neggers et al. [49]. Usually, the gradient of the reference image f is preferred for

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)
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convenience. The vector column ~ϕi are referred to as shape functions, controlling how the degrees

of freedom approximate the displacement field in order to regularize the ill-posed problem.

Different regularization methods exist, whereby the most commonly used method is to subdivide

the images into independent subsets, which encompass a number of pixels. The rigid translations of

each subset’s center is subsequently determined by minimizing the objective function of equation 3

in the subset domains Ω. For this type of regularization, the DIC method is sometimes referred

to as local, since the correlation problem is solved locally, i.e., separately in each subset. The full

deformation field of the imaged material is composed by the individual subset-center displacements.

Different types of shape functions ~ϕi within the subset domains are commonly implemented,

allowing more complex deformation of the subsets, rather than a simple rigid translation [40,42,47].

The allowed subset morphology is referred to as rigid, affine, irregular, or quadratic (Figure 2).

Allowing more complex subset morphology may reduce the residual, which drives the correlation

procedure further, through which center displacements of subsets are determined more accurately.

The size of the used subsets determines the resolution of the calculated displacement field. Smaller

subsets may resolve more complex, spatially nonuniform displacement fields, but also entail more

degrees of freedom, which results in less regularization of the ill-posed problem, reducing the

robustness with respect to image noise. [47, 50, 51]

Instead of dividing images into subsets, the domain Ω, in which the correlation problem is solved,

may also be chosen to be as large as the entire image. In this case, the shape functions ~ϕi, controlling

the morphology of the large subset, have a global support (the entire image), and therefore must

be more complex than those used for small subsets. With this type of regularization, the DIC

method is sometimes referred to as global. Shape functions with such global support exist as, e.g.,

polynomials [52] or B-splines [53]. Another common, global regularization method uses continuous

meshes (with nodal supports), equivalent to FE-elements with Lagrangian shape functions [50, 54]

or NURBS [55, 56]. Just as in the local regularization approach, the same trade-off exists between

an increase of the kinematic complexity and a decrease of the noise robustness, when the global

regularization method is used.

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)

Prepared using nmeauth.cls DOI: 10.1002/nme

Page 7 of 36

http://mc.manuscriptcentral.com/nme

International Journal for Numerical Methods in Engineering



Peer Review
 O

nly

8 A.P. RUYBALID, J.P.M. HOEFNAGELS, O. VAN DER SLUIS, M.G.D. GEERS

Figure 2. the principle of subset-based regularization in DIC, where the ill-posed minimization problem of

equation 3 is solved within subset domain Ω, yielding the subset-center displacement. The accuracy of the

correlation method may be improved by allowing subsets to deform.

The use of global regularization in DIC is less standard than the use of local regularization.

Differences between these two approaches have been investigated by Hild et al. [57], who concluded

the global method to be more noise-robust due to the imposed continuity assumption. However,

whether a global or local approach should be preferred is dependent on each specific test-case, and

a general preference for a particular approach is difficult to justify.

It should be emphasized that the size of subsets, and the type of shape functions ~ϕi utilized in the

regularization method, whether it be a local or global implementation, are among the most important

choices in DIC, and directly affect the accuracy of the calculated displacement field. As will become

clear, these choices are of importance for FEMU, yet not an issue for IDIC.

3. FULL-FIELD IDENTIFICATION METHODS

The formulations of the two identification techniques used in this study are now briefly explained,

starting with the FEMU method, followed by the IDIC approach. Both methods are based on

the previously discussed DIC methodology, and intrinsically make use of it. Since the objective

of this investigation is to make a fair comparison between both identification methods, they

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)
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must be implemented in a comparable manner. Several (modified) implementations of the FEMU

[23, 38, 58, 59] and IDIC [31] approaches can be found in the corresponding literature, but will not

be scrutinized further here.

3.1. Finite Element Model Updating

In FEMU, the displacement measurement (through DIC) and the identification of constitutive

parameters are performed sequentially. Measurement data, in the form of intensity images of a

tested material, is analyzed by (local) DIC to calculate the displacement fields ~m of the deformed

material. Simulation of a model of the experiment, making use of initial guesses for the constitutive

parameters, yields simulated displacement fields ~h. For a perfect model with accurate model

parameters, the simulated field equals the measured field, assuming no errors are made in the

determination of either of the fields. Hence, by minimizing a squared residual of the measured

and simulated displacements, the model parameters used for simulation are updated in an iterative

fashion. The objective function to be minimized is mathematically expressed as follows:

~J =

∫

τ

∫

Ω

1

2

(

~m(~x, t)− ~h(~x, t, θi)
)2

d~xdt. (11)

The data from all time instances is not sequentially processed, but considered in a single

objective function. Displacement fields of different time instances are stacked to form displacement

blocks ~m(~x, t) and ~h(~x, t, θi), which are subtracted to produce the block residual ~J . The residual is

minimized at once for all displacements in space-time, which is defined by the spatial domain Ω and

the temporal domain τ .

The simulated displacement fields also depend on array θi, which contains the unknown

constitutive parameters. The nonlinear least squares problem is solved by the Gauss-Newton

method:

∂ ~J

∂θi
= 0, (12)

which yields the following system of equations:

Lijδθj = κi, (13)

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)
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where δθi contains the updates of the parameters to be identified, and Lij and κi are expressed as

follows:

∀(i) ∈ [1, p], κi = −

∫

τ

∫

Ω

~Hi(~x, t, θi) ·
(

~m(~x, t)− ~h(~x, t, θi)
)

d~xdt, (14)

∀(i, j) ∈ [1, p]2, Lij =

∫

τ

∫

Ω

~Hi(~x, t, θi) · ~Hj(~x, t, θj)d~xdt. (15)

The number of degrees of freedom p is equal to the number of sought parameters, since the degrees

of freedom are, in fact, the constitutive parameters. Furthermore, ~Hi are referred to as the sensitivity

maps, since they govern the dependence of the simulated displacements on the parameters:

~Hi(~x, t, θi) =
∂~h(~x, t, θi)

∂θi
. (16)

In order to calculate the sensitivity maps ~Hi(~x, t, θi), a finite differences approach is used. The

model response ~hk(~x, t, θki ) is calculated, by FE-simulation, for parameter set k. Each individual

parameter θki , belonging to the set, is perturbed by ∆θki , to calculate the perturbed model

response ~hk(~x, t, θki +∆θki ). The sensitivity maps are subsequently determined as:

~Hi(~x, t, θ
k
i ) =

~hk(~x, t, θki +∆θki )−
~hk(~x, t, θki )

∆θki
. (17)

Note that the sensitivity maps are calculated on the spatial coordinates ~x, belonging to the subset-

center locations in the measured displacement field ~m. Hence, an interpolation step is required to

determine the nodal displacements of ~h on these subset positions. To minimize interpolation errors,

the interpolation scheme used is based on the FE-interpolation.

The linear system of equations 13 is solved in an iterative manner until a predefined convergence

criterion is reached. The criterion used in this study is based on the Euclidian norm of the right-hand

side of equation 13: ||κi|| < 10−5.

A flowchart of the FEMU method is shown in Figure 3 (a), emphasizing that FEM-updating

is a two-step approach, consisting of (1) displacement measurement by DIC, followed by (2) the

parameter identification process. Therefore, the choices associated with regularization in DIC (e.g.,

the size of subsets and the type of shape functions) must be made appropriately in order to ensure

proper identification of the parameters.

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)
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Figure 3. flowcharts of (a) the two-step method of FEMU (note the two iteration loops) and (b) the one-

step method of IDIC. In both methods, FE-simulations supply the identification procedure with sensitivity

maps ~Hi.

In the implementation of FEMU adopted in this study, subset-based DIC is used to calculate the

measured displacement fields ~m. DIC is performed using the software ‘MatchID’, provided by the

department of Materials Engineering of KULEUVEN (http://www.matchid.org).

3.2. Integrated Digital Image Correlation

In Integrated Digital Image Correlation, measurement of displacement fields by DIC does not

precede parameter identification. Instead, images of a material’s deformation process, taken during

experimentation, are directly correlated by updating the constitutive parameters that govern the

imaged deformation. To update the parameters, the most primary source of data, i.e., intensity

images, is used, instead of processed derivatives of images (e.g., displacement fields).

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)
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A least squares problem, defined on the images (similar to equation 3 for the conventional DIC-

method), is solved, for all time instances at once, by the Gauss-Newton optimization method:

Ψ =

∫

τ

∫

Ω

1

2

(

f(~x, t0)− g ◦ ~Φ(~x, t)
)2

d~xdt, (18)

yielding the following linear system of equations:

Mijδθj = bi, (19)

where the degrees of freedom in the correlation process correspond to the unknown constitutive

parameters θi. The correlation matrix Mij and the right-hand member bi are written as follows:

∀(i) ∈ [1, p], bi =

∫

τ

∫

Ω

~Hi(~x, t, θi) · ~G(~x, t, θi)
(

f(~x, t0)− g ◦ ~φ(~x, t, θi)
)

d~xdt, (20)

∀(i, j) ∈ [1, p]2, Mij =

∫

τ

∫

Ω

~Hi(~x, t, θi) · ~G(~x, t, θi) ~G(~x, t, θi) · ~Hj(~x, t, θj)d~xdt. (21)

It is obvious that this formulation is equivalent to the DIC formulation explained in section 2.

Analogously, in bi, the mapping function ~Φ(~x, t) of equation 18, which maps the coordinates ~x

in the reference configuration to the coordinates in the deformed configuration, is approximated by

a function that depends on the constitutive parameters: ~Φ(~x, t) ≈ ~φ(~x, t, θi). Furthermore, unlike in

the DIC formulations of equations 10 and 8, basis functions ~ϕi are not chosen independently. The

sensitivity maps ~Hi now serve as basis functions, which are defined equivalently to the sensitivity

maps of the FEMU formulation (equation 16). Using the same finite differences approach 17,

the FEM-simulation of the experiment supplies these maps to the system of equations 19. This

means that the ill-posed DIC problem is now regularized by mechanics that controls how material

deformation (captured in the images) depends on the constitutive parameters. This results in a

highly regularized problem with a small number of degrees of freedom. Equivalent to the FEMU

implementation, convergence is assumed when the Euclidian norm of the right-hand side of

equation 19 reaches a predefined criterion: ||bi|| < 10−5.

A flowchart of the IDIC technique is shown in Figure 3 (b). Its one-step nature can be recognized

by the fact that the DIC routine is integrated within the identification loop. This direct integration of

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)
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simulation and experimentation does not require additional choices associated with regularization

of the ill-posed DIC problem.

3.3. Load residuals

So far, only kinematic information is considered in both identification methods, since the objective

functions in equations 11 and 18 for FEMU and IDIC, respectively, are based on deformation-

dependent displacement residuals and image residuals. However, loading data, which is typically

measured during mechanical testing, is generally required in the identification process for certain

parameters, as conventionally done in FEMU [33,60] and similarly in IDIC [25]. This is mandatory

for parameters that directly influence the force level when only Dirichlet boundary conditions are

applied in the FE-simulation of the identification methods.

Similar to the displacement and image residuals, a load residual can be defined as:

~PF =

∫

τ

(

~Fexp(t)− ~Fsim(t, θi)
)2

dt, (22)

where ~Fexp(t) is the experimentally measured force, and ~Fsim(t, θi) is the numerically obtained

reaction force, which depends on the constitutive parameters θi. This objective function is

minimized by optimizing the parameters θi according to Gauss-Newton optimization, leading to

the following system of equations, analogously to equations 13 and 19:

Nijδθj = ci, (23)

∀(i) ∈ [1, p], ci =

∫

τ

(

~ρi · ~PF

)

dt, (24)

∀(i, j) ∈ [1, p]2, Nij =

∫

τ

(~ρi · ~ρj) dt. (25)

Herein, ~ρi represent force sensitivity maps, akin to the displacement sensitivity maps ~Hi in

equation 16, which are determined by a finite differences approximation on the FE-simulated forces;

~ρi(t, θ
k
i ) =

~F k
sim

(

t, θki +∆θki
)

− ~F k
sim

(

t, θki
)

∆θki
. (26)

The objective function of the load residual is combined with the objective function of the

displacement residual in FEMU or the image residual in IDIC by superposing equation 23 on
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equation 13 or equation 19, respectively leading to the following coupled system of equations for

FEMU:

(

(1− α)
1

β[L]
Lij + α

1

β[N ]
Nij

)

δθi = (1− α)
1

β[L]
κj + α

1

β[N ]
cj , (27)

and the coupled system of equations for IDIC:

(

(1− α)
1

β[M ]
Mij + α

1

β[N ]
Nij

)

δθi = (1− α)
1

β[M ]
bj + α

1

β[N ]
cj , (28)

where β[] is a normalization factor, corresponding to the maximum absolute value of the variable

inside the subscripted brackets. In this way, both kinematic and load data enter the optimization

problem to identify the parameters θi. Furthermore, α ∈ [0, 1] is a weight factor, controlling the

contributions of each objective function.

4. VIRTUAL EXPERIMENTATION

In order to quantitatively assess the errors made by IDIC and FEMU and exclude effects of

errors that cannot be quantified, virtual experiments are conducted. An artificial speckle pattern in

reference image f(~x, t0) is deformed by numerically imposing displacements to produce subsequent

images g(~x, t). The altering speckle pattern represents a virtual material that mechanically deforms

over time. The finite element method was used in this study to simulate the reference displacement

fields by which the speckle patterns were deformed to generate images. The acquired images were

subsequently used in IDIC and FEMU, with which the virtual material parameters are identified.

Since the reference parameters used for virtual experimentation are known, the accuracy of the

parameters identified by IDIC and FEMU can be quantitatively assessed.

Uniaxial tensile tests (2D plane stress simulations) were performed on a virtual tensile bar of 30 x

46 x 0.9 mm3, with two circular notches with a radius of 11 mm, of which an illustration is shown

in Figure 4. The artificial speckle pattern was stored in an 8-bit, gray-valued image of 2048 x 1536

pixels, corresponding to an imaged region of 27 x 20 mm2. The pattern is built from random gray

values drawn from three standard normal distributions with different widths that are superposed,
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establishing a combination of pattern features of 2, 18, and 150 pixels in width. It was verified by

another random pattern with the same properties, that the utilized realization of the pattern had no

biasing effect on the identification results.

Figure 4. sketch of a tensile bar with circular notches, used in virtual uniaxial tensile tests, in which loading

is applied in the x-direction. The indicated imaged region of the tensile specimen is used for parameter

identification purposes. Two test-cases were studied, for which tensile stress-strain curves illustrate the

corresponding constitutive behavior.

To trigger different realistic complexities in material parameter identification, two types of test-

case materials were studied, using the above-described specimen and speckle pattern. Tensile stress-

strain curves of both test-cases are also shown in Figure 4.

One test-case concerns an isotropic, elastoplastic material, of which the elastic behavior is

described by Young’s modulus E = 134 GPa and Poisson’s ratio ν = 0.36. A Von Mises plasticity

model is used with isotropic power-law hardening that describes the relation between the yield

stress σy and the equivalent plastic strain ε̄p [61]:

σy = A (εy0
+ ε̄p)

m
, (29)

where εy0
is the strain corresponding to the initial yield stress, and A and m are two plastic material

parameters, with reference values 632 MPa and 0.12, respectively. The initial yield strain εy0
is

not an independent parameter, since it depends on the other two plastic parameters A and m, and

Young’s modulus E:

εy0
=

m−1

√

E

A
, (30)
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at the onset of yielding, when the equivalent plastic strain ε̄p equals zero, and the yield stress

is σy0
= Eεy0

. Therefore, this test-case has four independent parameters; E, ν, A, and m, to

be identified. Application of a horizontal displacement of 200 µm to the specimen’s edges results in

strains with maximum values up to 4%. Inhomogeneous deformation is induced due to the notched

specimen geometry.

The second test-case corresponds to a cubic orthotropic, linear elastic material, which is described

by three independent model parameters [62]; Young’s modulus Ex = 130 GPa, Poisson’s ratio

νxy = 0.28, and the shear modulus Gxy = 79.6 GPa. The orthotropy axes coincide with the x- and

y-direction of figure 4. The virtual tensile bar is loaded in x-direction by an applied horizontal

tensile force of 2500 N. This results in small displacements with an average value of 0.64 pixel and

a maximum strain of 0.25%, in the center of the tensile specimen (where the strain is largest due

to the presence of the notches). Such small displacements, which are realistic in, e.g., silicon, are

challenging for the identification methods, since it puts high demands on the required resolution of

the DIC method, which must be capable of capturing these fine kinematics.

Both identification methods; FEMU and IDIC, will be used to identify the parameters of the

two test-case materials. Different error sources will be considered in order to assess the methods’

robustness to (1) the presence of image noise, (2) poor initial guesses for the constitutive parameters,

and (3) modeling errors. The results for the different error sources considered will be presented in

the next section.

5. RESULTS AND DISCUSSION

The results of IDIC and FEMU are here presented in terms of the relative error on the identified

parameters, which is defined as follows:

ǫi =
θi − θref

i

θref
i

× 100%, (31)

where θi represents the ith identified parameter. The corresponding input reference parameters θref
i

are used in the virtual experiment to generate the images used in the identification procedures.
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Before results are presented, certain choices are clarified, which relate to the experimental

conditions if applied to real experiments. Then, the results of IDIC and FEMU on the different

test-cases are presented. As an overview, the comparative analyses of FEMU and IDIC, for the

different imposed error sources, are summarized in Table I. The markers indicate which method

produces more accurate results.

test-case tested error source FEMU vs. IDIC

1 systematic errors ◦ • ◦

2 elastoplastic poor initial guess ◦ • ◦

3 (large deformation) modeling error ◦ • ◦

4 image noise ◦ ◦ •

5 systematic errors ◦ ◦ •

6 cubic orthotropic elastic poor initial guess ◦ • ◦

7 (small deformation) modeling error ◦ • ◦

8 image noise ◦ ◦ •

9 higher complexity DIC subset size ◦ ◦ •

Table I. summary of results for comparative analyses of FEMU and IDIC. Marked circles indicate which

method (FEMU or IDIC) performs better, in terms of accuracy of identified constitutive parameters.

5.1. Experiment conditions

To properly assess FEMU and IDIC, some choices must be clarified. First of all, the choice of the

subset size, used in the DIC procedure within the FEMU framework, is important. The subset size

directly affects the spatial resolution of the DIC process [47], and therefore influences the accuracy

of the entire FEMU method. It is emphasized that these subsets are not used in the IDIC method.

Because of the notched virtual specimens, relatively small subsets are needed to adequately capture

the inhomogeneous deformation. To what extent the subset size affects the accuracy of the identified
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parameters in FEMU will be discussed later in subsection 5.6. For now, the subset size for the DIC

algorithm within the FEMU implementation was chosen to be 15 pixels in length and width.

Another important experimentally related condition is the coarseness of the (artificial) speckle

pattern of which images consist. The coarseness is governed by the size of the pattern’s features. To

enable proper correlation, the pattern must be fine enough so that the subset encompasses several

features. The generated pattern therefore exhibits speckle features of 2 pixels in width, as previously

reported in section 4.

The most important settings chosen in the implementations for FEMU and IDIC are listed in

Table II. Some settings, indicated in the table by (v), are varied in some analyses, as will become

clear in the results hereafter.

Settings FEMU IDIC

convergence criterion 10−5 10−5

max. number of iterations 20 20

perturbation factor ∆θi 10−4 10−4

weight factor α 0.01 (v) 0.01 (v)

image interpolation cubic spline cubic spline

DIC subset size 15 pixels (v) N/A

DIC subset shape functions affine N/A

DIC search area 100 x 100 pixels N/A

DIC convergence criterion 0.001 (update) N/A

Table II. summary of implementation settings chosen in IDIC and FEMU. The settings regarding subset-

based DIC are only applicable to FEMU, and relate to the ‘MatchID’ software.

5.2. Sensitivity to systematic errors

Firstly, the sensitivity to systematic errors is investigated for IDIC and FEMU. Systematic errors

cause erroneous identification results, even though the identification procedure is initialized with
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perfect initial guesses for the parameters, and no noise is present in the images. Systematic

errors, responsible for erroneous identification, originate from (1) interpolation steps needed in the

identification algorithms, as described in sections 2 and 3, and (2) regularization of the ill-posed

problem in DIC.

For the elastoplastic test-case, shown in Figure 5(a), the relative errors for all parameters due to

systematic errors, for both IDIC and FEMU stay well below 1%, and no significant difference is

observed between IDIC and FEMU. This conclusion is indicated in row 1 of Table I.

Schreier et al. showed that interpolation errors become more pronounced for high-frequency

fluctuations in the speckle patterns [46], and Pan et al. showed that the resulting bias can be reduced

by smoothing the images with a Gaussian low-pass filter before correlation [63]. To verify that

the observed parameter errors are indeed mainly due to interpolation errors, a Gaussian smoothing

kernel of 5 x 5 pixels was used to blur the images for the elastoplastic test-case. The resulting

relative parameter errors are also presented in Figure 5(a), and indicated in the legend accordingly.

The error contrast changes slightly for IDIC, supporting the hypothesis that the parameter errors are

caused by interpolation errors. For FEMU, however, blurring with a 5 x 5 pixel Gaussian kernel,

resulted in unsuccessful correlation of the images in the DIC procedure, because the subset size of

15 pixels was too small to encompass the larger (blurred) pattern features [64]. Since the artificial

speckle pattern was built by superposing three Gaussian distributions, blurring these images with

a Gaussian low-pass filter is equivalent to generating a coarser pattern with wider Gaussian peaks.

Consequently, the relative errors of the identified parameters drastically increased, highlighting the

importance of the correct choice for the subset size within the FEMU procedure.

For the cubic orthotropic elastic test-case, shown in Figure 5(b), the relative errors on Poisson’s

ratio νxy and the shear modulus Gxy are considerably higher than the errors on the parameters for

the elastoplastic test-case. Since the displacements in the imaged tensile specimen are small, with

an average value of 0.64 pixel (x-displacement), systematic errors in the identification algorithms

have a more pronounced influence on the identified parameters. This is confirmed by an additional

virtual experiment in which the applied loading is twice as high. For these larger deformations.

Copyright c© 0000 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng (0000)

Prepared using nmeauth.cls DOI: 10.1002/nme

Page 19 of 36

http://mc.manuscriptcentral.com/nme

International Journal for Numerical Methods in Engineering



Peer Review
 O

nly

20 A.P. RUYBALID, J.P.M. HOEFNAGELS, O. VAN DER SLUIS, M.G.D. GEERS

the resulting relative errors of the identified parameters decrease significantly for both IDIC and

FEMU. The corresponding error values, which are equivalent for both identification methods, are

also plotted in Figure 5(b), and are indicated in the legend by their corresponding labels.

Figure 5. influence of systematic errors on the identified parameters for IDIC and FEMU, when initialized

with perfect initial guesses for the parameters, and no noise is present in the images.

Interestingly, for the original cubic orthotropic elastic test-case, IDIC is somewhat less sensitive

to systematic errors than FEMU, which can be rationalized as follows. Since FEMU is a two-step

approach, it contains more systematic error sources than the one-step IDIC method, resulting in

more erroneous parameter identification. The separate DIC-algorithm of FEMU typically requires a

much higher number of degrees of freedom (i.e., less regularization), depending on, e.g., the number

of local subsets, the degree of global polynomial shape functions, or the number of connected finite

elements. It is known that the choice of regularization is important in DIC and directly affects

the accuracy of the DIC-results [42, 51]. Errors made in the separate DIC-routine within FEMU

propagate into its identification results and therefore result in an additional systematic error source,

besides the interpolation error sources present in both IDIC and FEMU. In IDIC, however, this extra

regularization step is absent, and the ill-posed DIC problem is directly regularized by the mechanics

imposed by the FEM-simulation. This conclusion is shown in row 5 of Table I. Note, however, that

the difference is small and only noticeable in test-cases in which small displacements dominate the

kinematics, such as the virtual experiment on the considered cubic orthotropic elastic material.
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Another observation applies to the cubic orthotropic elastic test-case: the identified Poisson’s

ratio νxy and shear modulus Gxy are significantly less accurate than Young’s modulus Ex, for both

IDIC and FEMU. The corresponding error contrast of Figure 5(b) can be understood by studying

the sensitivity maps Hi, as defined in equation 16. The same sensitivity maps are used in IDIC

and FEMU (see section 3), and reveal the sensitivity of the displacement fields, calculated by

FEM-simulation, to each (mechanical) parameter used in the material model. The maps in Figure 6

display the sensitivity of the displacement in x-direction to each parameter for the cubic orthotropic

elastic test-case (normalized with their respective maximum values θ̂i, which are shown above each

subfigure). The values θ̂2 and θ̂3 are significantly lower than θ̂1, implying that the x-displacement

Figure 6. normalized sensitivity maps of the x-displacement field corresponding to the three elastic

parameters for the cubic orthotropic elastic test-case.

field is less sensitive to Poisson’s ratio νxy and the shear modulus Gxy compared to Young’s

modulus Ex.

For the subsequent results, the testing conditions, as described in subsection 5.1, are used. This

means that images are not blurred for the elastoplastic test-case, and for the cubic orthotropic elastic

test-case the applied displacements at the boundaries of the virtual specimen are not increased.

5.3. Errors due to deviating initial guesses

IDIC and FEMU both make use of an iterative Gauss-Newton scheme, which requires initial guesses

for each of the parameters to initialize the identification procedure. In the previous discussion about

systematic errors, these initial guesses coincided with the exact parameter values with which the
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virtual experiment was performed. In reality, however, the initial guesses may deviate substantially

from the optimum parameter values. The data used for identification of these parameters differs

for both methods, since FEMU makes use of displacement fields, while IDIC uses speckle-pattern

images directly. It is therefore relevant to investigate whether differences in robustness (sensitivity

to initial guesses) exist between IDIC and FEMU.

Both methods are used to identify the parameters for both test-cases, initialized with parameters at

different distances from their respective reference values. This distance is expressed as a percentage

of the exact value. For example, −20% distance represents an initial guess that is 20% lower than the

reference value, and a 20% distance indicates an initial guess that is 20% higher than the reference

value. Examples of the displacement and image residuals, for FEMU and IDIC respectively, before

and after optimization of elastoplastic parameters, are shown in Figure 7.

Figure 7. examples of typical displacement residual fields of the FEMU method and image residual fields

of the IDIC method, initialized with incorrect elastoplastic parameter guesses ((a) and (c)), and after

convergence of the parameters ((b) and (d)).
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Figure 8 presents the results for both test-cases, which shows that a distance up to 80% below the

reference parameter values still leads to convergence. Note that for the elastoplastic test-case, the

Figure 8. the relative errors for the parameters when initialized with different distances from their reference

values.

largest initial guess distance that was tested is 30%, because Poisson’s ratio approaches its physical

limit value of 0.5 for larger distances. This physical limit does not apply for the cubic orthotropic

elastic case.

The main conclusions from these results are indicated in rows 2 and 6 of Table I: no difference

between IDIC and FEMU is observed in terms of initial guess robustness, despite the different data

used by the methods. Apparently, both IDIC and FEMU attain a global minimum in the solution

space, leading to the same solution irrespective of the initial guess for the parameters. Hence, the

errors on the parameter values do not deviate from those caused by systematic errors, as presented

earlier in Figure 5.

5.4. Modeling errors

Invalid assumptions in material models may trigger substantial errors in the identification of model

parameters by full-field identification methods that rely on FEM-simulation, such as FEMU and

IDIC. In the worst case, the constitutive model may be inappropriate to describe the experimentally

observed mechanics.
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To assess the performance of IDIC and FEMU in the presence modeling errors, discrepancies

between the virtual experiment and the FEM-model used in the identification procedures are

deliberately applied for the two test-cases.

For the elastoplastic test-case, a discrepancy between the virtual experiment and the model used

for identification is implemented by modifying the virtual experiment, while still using the plasticity

model with power-law hardening of equation 29 to describe plastic behavior in the identification

methods. This time, to generate images in the virtual experiment, a Von Mises plasticity model

is used together with experimental tabular stress-strain input capturing the elastic and plastic

hardening behavior. The input data is experimentally acquired from mechanical tests on copper foil

as used for stretchable electronic systems. This data is adopted from literature [65], and shown

in Figure 9. In this reference, Young’s modulus and Poisson’s ratio are E = 84.58 [GPa] and

ν = 0.30, respectively. Since realistic tabular stress-strain input is used in the virtual experiment,

the plastic model parameters determined by the identification procedures cannot be compared to any

reference values. Therefore, the global stress-strain curves, resulting from FEM-simulation with the

elastoplastic power-law model and the four identified elastoplastic parameters, are compared to the

stress-strain curve from the experimental data used as tabular input in the virtual experiment. It is,

however, still possible to compute the relative error for the two elastic parameters. The results for

IDIC and FEMU, in which parameters were initialized with a −30% distance from their reference

values, are shown in Figure 9. Different initial guesses were used, yielding equivalent results,

concurring with the conclusions of the initial guess robustness study. The weight-factor α, which

controls the contribution of the load and kinematic residuals, as explained in subsections 3.3, was

varied. With a low value for α more weight is put on the kinematic data, while a high value increases

the contribution of the load data. Three different values for α were used; 0.01, 0.5, 0.8. The relative

errors for the elastic parameters are also shown in the right-side figure, and are also labeled to

indicate results for different values for α. Furthermore, for each value of α, the mean absolute

values for the image residuals Ψ̄ (IDIC) and displacement residuals J̄ (FEMU) are given in the

figure as well.
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Figure 9. the performance of IDIC and FEMU in the presence of modeling errors for the elastoplastic test-

case: global stress-strain curves (left) and relative errors of elastic parameters (right). Different values for

weight-factor α produce different results. The curves and error bars corresponding to these different α-values

are labeled by (a), (b), and (c).

The first observation is that both identification methods produce equivalent results in identifying

the four parameters of the elastoplastic model. Secondly, when most weight is put on the load

residual (i.e., α = 0.8), the global stress-strain response fits the experimental input data best, while

the opposite is true for the lowest α-value equals 0.01. However, when the global response fits

the experimental stress-strain data best, the residuals Ψ̄ and J̄ are highest, indicating that the

local kinematics are less well resolved. The identification methods, based on the adopted power-

law to describe plastic hardening, cannot perfectly capture the elastoplastic behavior of the virtual

experiment and either optimize the four power-law parameters so that the global stress-strain curves

fit the experimental curves (high α-value), or so that the kinematic data is correlated (low α-value).

For the cubic orthotropic elastic test-case, an isotropic linear elastic model is used in the

identification procedures, while the virtual experiment was performed with a cubic orthotropic

linear elastic material model. Hence, only two elastic parameters are identified; Young’s modulus

E and Poisson’s ratio ν, while the kinematics in the virtual experiment is governed by three elastic

parameters (as described in section 4). The two isotropic parameters were initialized with different

initial guesses, yielding equivalent results. The relative errors were found to be 3% and 21%, for

E and ν respectively. Since no differences were observed between IDIC and FEMU, the detailed
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results are not shown. Furthermore, because the utilized FE-model is load-controlled, in which the

same load is applied in the FE-simulations within the identification methods as was applied in the

virtual experiment, the force residual is zero, and there is no use in varying weight-factor α.

The main conclusion for both test-cases is that IDIC and FEMU perform equally in the presence

of modeling errors. This is indicated in rows 3 and 7 of Table I.

5.5. Image noise

Since both full-field identification methods rely on digital image correlation, image noise is an

important potential error source, which may affect the accuracy of the identification process. The

robustness of IDIC and FEMU with respect to image noise is investigated by artificially applying

white noise, with a variety of levels, to the images used in IDIC and FEMU. The amplitude of the

noise levels represents the standard deviation of the applied Gaussian noise field expressed in a

percentage of the root mean square of the image intensity. The applied noise levels range from 1%

to 60%. To eliminate a possible bias due to specific noise realizations, four random realizations of

each noise level were generated. The results, i.e., relative errors of the identified parameters, were

averaged, and are shown on a logarithmic x-scale in Figure 10. For both identification methods, the

parameters were initialized with a −30% distance from their reference values.

Figure 10. the relative errors of the parameters plotted against different noise levels for (a) the elastoplastic

and (b) cubic orthotropic elastic test-cases.
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For low noise levels up to 3%, IDIC and FEMU produce similar results, equivalent to the results

of tests without any noise, presented previously in Figure 5. However, for higher noise levels, IDIC

shows lower relative error values for the identified parameters. For instance, for the elastoplastic

test-case, at a noise level of 30%, Poisson’s ratio is determined with a 23% error by FEMU, while

the error for the parameter identified by IDIC is below 1%; a difference of 22 percentage points

([pp]). For even higher noise levels of 60%, FEMU does not converge to a solution, due to the lack

of successfully correlated subsets by the DIC routine. IDIC, however, is still capable of identifying

the elastic parameters with relative error values in the order of 1%, and even 0.1% for the plastic

parameters A and m.

For the cubic orthotropic elastic test-case, a similar result is observed, yet, due to the larger

standard deviation, the increasing trend is less obvious for parameter νxy. In particular, the shear

modulus Gxy highlights a difference between FEMU and IDIC, since it is determined with a 30

[pp] lower error by IDIC than by FEMU at a noise level of 10%. This difference is even more

pronounced at a noise level of 30%, at which the error for Gxy is 50 [pp] lower when identified by

IDIC than when identified by FEMU.

The observation that IDIC is more robust with respect to image noise than FEMU, (as marked in

rows 4 and 8 of Table I), is due to the higher degree of regularization in the correlation procedure.

Since IDIC is a one-step approach, entire images are directly correlated for the identification

process, making use of global regularization by mechanical sensitivity maps (see equation 16).

FEMU, however, is a two-step approach. Though making use of the same sensitivity maps in the

identification procedure as IDIC, the first step (DIC) is performed on the images, making use

of local, subset-based regularization. Less data is taken into account in correlating the relatively

small, independent subsets, decreasing the signal-to-noise ratio, and increasing the sensitivity to

noise [57]. This results in errors in the calculated displacement fields, which propagate to the

FEMU identification procedure. Note that a global DIC routine is known to be more robust with

respect to image noise than a subset-based approach [57], because the DIC problem becomes more

regularized. Using such a global DIC method within FEMU, as done by Mathieu et al. [38], may
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therefore significantly improve noise robustness if the regularization approach in the DIC procedure

is well chosen. The high degree of regularization in the IDIC method by the small number of degrees

of freedom and associated level of noise robustness is, however, unlikely to be reached by a global

DIC routine within FEMU.

Comparing the results from the cubic orthotropic elastic test-case to those from the elastoplastic

test-case, it is concluded that the mean relative errors are higher and the standard deviations increase

substantially for higher noise levels. This is, once again, attributed to the small displacements

occurring in the virtual cubic orthotropic elastic specimen, which are in the same order of magnitude

as the spatial length-scale over which the applied noise varies; 1 pixel. The accuracy of resolving

parameters using such fine kinematics is more noticeably affected by noise than in the elastoplastic

test-case, where larger displacements occur between subsequently captured images.

5.6. Complex test-case: sharply notched tensile bar

So far, the performances of IDIC and FEMU have been investigated with respect to realistic

error sources, under optimal conditions described in subsection 5.1. In the following results,

the performance of both methods is further examined using a virtual, tensile specimen with

two vertically oriented sharp notches. The notches do not extend during experimentation, but

invoke highly localized plastic deformation in their proximity. Once again the material behaves

elastoplastically, with the four parameters being: E, ν, A, and m. The geometry with the notches

is shown in Figure 11. The virtual experiment is conducted with the same reference image (and

pattern), boundary conditions, and material model (Von Mises model with power-law hardening) as

the elastoplastic test-case described in section 4. White noise with an amplitude of 3% is added to

the images, which is a level at which no difference between IDIC and FEMU was observed in the

previous elastoplastic experiment (Figure 10(a)). In order to eliminate possible bias due to specific

noise realizations, three random realizations of noise were generated. IDIC and FEMU are used to

identify the four elastoplastic parameters; E, ν, A, m, using the same material model as used in the

virtual experiment, and starting with an initial guess distance of −30% from the reference parameter
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Figure 11. virtual, sharply notched, elastoplastic tensile bar (left). The results of IDIC and FEMU using

different subset sizes in the DIC procedure reveal the importance of this regularization choice in FEMU.

values. The averaged results, in terms of relative errors on the parameters, are shown in Figure 11,

and indicated in row 9 of Table I.

The importance of the subset size in the DIC procedure was already shown in Figure 5(a),

where it was concluded that subsets smaller than pattern features result in inaccurate parameter

identification by FEMU. The present results reveal that larger subsets of 25 pixels (px) in length

and width, although encompassing sufficient pattern features, produce erroneous parameter values.

This is caused by the loss of spatial resolution of the DIC procedure, due to larger subsets, through

which it fails to capture the localized kinematics surrounding the sharp notches. Interestingly, this

shortcoming is difficult to assess from the depicted deformation fields, and is better quantified by

investigating the correlation coefficients. The latter coefficient is used to assess the success of the

subset correlations in local DIC algorithms [42, 43], and is formulated as:

C = 1−
Ψ

∫

Ω
(f2) d~x

, (32)

where Ψ is the residual of each subset (with spatial domain Ω) between images f and g, as defined

in equation 3. The normalization with
∫

Ω

(

f2
)

d~x leads to a correlation coefficient C between 0 and

1, corresponding to no correlation and perfect correlation, respectively. Figure 12 shows correlation

coefficient fields, at the end of the applied deformation (final time increment), for the DIC analysis,

using the two different subset sizes of 15 and 25 pixels. It is obvious that subsets positioned on or

near the notches of the specimen are not successfully correlated. For both subset sizes the mean
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Figure 12. correlation coefficient fields of DIC between the reference image f and the final image g,

corresponding to the final loading increment.

absolute value for C is 0.999, which indicates an adequate correlation. However, as seen in the

result of Figure 11, when using the displacement results from the DIC analysis with subsets of 25

by 25 pixels, erroneous parameters are identified by the FEMU method. This implies that critical

choices, associated with regularization of the DIC process, which are also required in a global DIC

approach, may have a significant influence on the FEMU performance. Since in IDIC, the DIC

problem is integrated with the identification procedure, this extra choice regarding the subset size

and other DIC settings that were not tested, e.g., the shape functions used within subsets and the

initial guess choice within the DIC algorithm, are absent.

6. CONCLUSION

To investigate the performance of an IDIC-based parameter identification procedure, it was

compared to its most similar equivalent: the conventional FEMU method. Although both methods

utilize DIC and FEM to identify model parameters, there is an important difference. FEMU is a two-

step approach, requiring two iterative procedures: (1) local DIC to calculate full-field displacements

and (2) the minimization procedure that uses these fields to identify constitutive parameters of a

FE-model. IDIC, on the other hand, is a one-step approach, with one iterative procedure to identify

the model parameters. In the latter method, the most rudimentary experimental data is used for
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parameter optimization: intensity images, instead of using processed derivatives, e.g., displacement

fields. The goal of this research was to make an objective comparison between FEMU and IDIC,

in order to gain understanding of the influence of a one-step approach with respect to a two-step

approach. The method of IDIC has very recently been validated against FEMU with a global DIC

implementation by Mathieu et al. [38]. In the current research, the most standard form of FEMU

was used; making use of subset-based DIC to calculate displacement fields and both methods

were implemented equivalently. Two virtual test-cases, involving notched tensile bars with cubic

orthotropic elastic and elastoplastic material models, were studied to assess the performance of both

methods when subjected to the most important realistic sources of error: systematic errors, poor

initial guesses, modeling errors, and image noise. These test-cases were chosen because of their

imposed challenges for the identification methods regarding small displacements (cubic orthotropic

elastic case), localized deformation (due to geometry), and localized mechanical response (plasticity

in the elastoplastic case).

It was found that FEMU and IDIC are equally robust with respect to poor initial guesses for

parameters with which the identification procedures are initialized and equally sensitive to errors

made in the utilized FE-model.

Significant differences between the methods were revealed in the presence of (1) systematic

errors leading to erroneous identification and (2) image noise. Because of its two-step nature,

FEMU contains more sources of systematic error than IDIC, leading to slightly higher errors on the

identified parameters. This becomes more pronounced in test-cases exhibiting small displacements

(such as the cubic orthotropic elastic case). Moreover, IDIC is less sensitive to image noise than

FEMU. This results from the high level of regularization of the image correlation procedure by

a limited set of degrees of freedom: the mechanical parameters. On the contrary, in FEMU, local

subsets are individually correlated, requiring a large number of degrees of freedom. The ill-posed

DIC problem is thereby less regularized, and the signal-to-noise ratio within each subset is lower.

Furthermore, a test-case of higher complexity, involving a tensile specimen with two sharp

notches, reveals the criticality of the subset size in the DIC algorithm of FEMU. Subsets that are too
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large to capture fine kinematics result in erroneous identification of model parameters, as do subsets

smaller than speckle-pattern features. The correctness of the chosen subset size is difficult to assess

from the DIC results (e.g., correlation coefficient), jeopardizing the reliability of FEMU results. The

choices regarding such DIC-related settings are absent in IDIC.

Because of the versatility of the underlying FE-simulations used in IDIC and FEMU, both

methods are applicable to a wide range of problems involving complex material behavior and

inhomogeneous specimen geometries. However, the two-step nature of FEMU requires critical

regularization choices in the DIC algorithm, the optimization of which are intricate and tedious. The

robustness of FEMU with respect to image noise may be improved by using a global DIC routine,

instead of a subset-based method as used in this research. Nonetheless, the choices associated with a

global regularization scheme (e.g., a mesh with Lagrangian shape functions, global polynomials, B-

splines, NURBS) are expected to be even more extensive than in a subset-based scheme. Especially

for complex, inhomogeneous specimen geometries (such as a sharply notched specimen), global

DIC would require additional procedures, such as image masking, in order to locally eliminate

global continuity of the regularization functions. It is therefore concluded that, despite their

mathematical resemblance, IDIC is less laborious than FEMU and, more importantly, contains less

potential error sources because of its one-step nature, resulting in more reliable identification results.

This becomes especially pronounced for test-cases involving small displacements, significant image

noise, or more complex kinematics.
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26. Réthoré J, Roux S, Hild F. An extended and integrated digital image correlation technique applied to the analysis

of fractured samples. European Journal of Computational Mechanics 2009; 18:285–306.

27. Mathieu F, Hild F, Roux S. Identification of a crack propagation law by digital image correlation. International

Journal of Fatigue 2012; 36(1):146–154.

28. Mathieu F, Hild F, Roux S. Image-based identification procedure of a crack propagation law. Engineering Fracture

Mechanics 2013; 103:48–59.
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55. Elguedj T, Réthoré J, Buteri A. Isogeometric analysis for strain field measurements. Computer Methods in Applied

Mechanics and Engineering 2011; 200(1-4):40–56.
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