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Abstract. This paper aims to compare different heterogeneous test designs from the perspective of the
confidence interval quantification of inversely identified parameters, where the influence of a DIC optical
system systematic and random error are taken into account. Because the errors in optical measurement can
arise from many reasons and sources, our methodology relies on the system's errors determined from initial
sets of pictures acquired at the load-free state for hundreds of specimens (over 850 tests over the past three
years). In this way, a prior probability distribution of systematic and random error, arisen from the system initial
settings and testing procedures are determined. Further, by conducting an inverse identification procedure of
linear orthotropic elastic material parameters, the influence of the error distributions is studied for different
types of heterogeneous specimens. The presented methodology determines the DIC bias and random error
propagation through the inverse identification procedure to individual parameters. For each specimen design,
confidence intervals of identified material parameters were determined. The results show the appropriateness
of a specimen design for the identification of particular material parameters.
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1 Introduction

Conventionally, in mechanical material characterization, standard tests (e.g. uniaxial tensile, uniaxial compression,
shear, biaxial tests) are employed. The main drawback of those tests is evident when a material model has an increasing
number of parameters, which implies an increased difficulty to measure them in well-suited experiments [1]. An
attractive alternative is available by testing a heterogeneous strain field test, where the surface strains/displacements
are measured with techniques like Digital Image Correlation (DIC). By using this approach, at least in principle, the

determination of parameters from a single test is possible.

In this regard, it is essential to design a heterogeneous strain field specimen in a way to enable reliable parameter
identification. There have been many attempts to design and identify material parameters from a single heterogeneous
test. According to the comprehensive review paper by Pierron and Grédiac [2], these tests can be classified into four
groups based on the progression of sophistication. These are designed by intuition, design by strain state, design by
identification quality, and design by full identification simulation. While the specimen design led by intuition (e.g.
[3-6]) relies mainly on experiences of an originator, a design-by-strain state naturally incorporates the idea of using
strain state as a design variable [7-9]. This concept combines as many as possible different strain states in the specimen

design to improve sensitivity and consequently to improve identification.

However, the diversity of strain state is not the only limiting factor in the specimen design. Souto et al. [10,11], for
example, additionally introduced the span of a particular strain mode as an indicator. It also accounts for plastic strain
distribution, which should be as extensive as possible to achieve the richness of information in the case of elastoplastic

models. While the indicator is a model-independent strain-based measure, it should also somehow account for the
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strain field sensitivity to the model's parameters, especially when performing an inverse identification procedure. To
evaluate the sensitivity, one may calculate the influence of a material's model parameter variation on the resulting
strain field and may assess the information carried by the strain field. But the price to pay is that the approach is
time-consuming due to many calculations of parameters' variations. By using this measure, different heterogeneous
specimen designs can be compared. Lecompte et al. [12,13], for example, compared sensitivities of two different
specimen geometries for identification of elastic orthotropic lamina: a regular cruciform specimen and a cruciform
specimen with a central hole drilled in the middle. The purpose of the latter is to enhance the heterogeneous
deformation field. They found that the regular geometry shows less variance in the identified parameters than results

obtained with the open-hole specimen even though the open-hole shape has higher sensitivity around the hole.

This paper aims to compare different specimen designs from the viewpoint of the whole identification chain, starting
from DIC systems' measurement uncertainties (i.e. bias and random error) quantification to its propagation throughout
the identification chain, resulting in a confidence interval assessment. In our approach, we analyzed and accounted
for real uncertainty data, processed from prior measurements spanning over three years, without any classification
of the experiment types. As the uncertainty quantification accounts for the system's resulting uncertainties, without
examining their origin or characteristics, it does not, however, accounts for the propagation of these uncertainties
during the specimen loading. Furthermore, we used the obtained system’s uncertainties to compare confidence
intervals for parameters of a linear orthotropic elastic material model, when different heterogeneous tests, ranging

from simple uniaxial, open-hole, notched, T-shaped, simple shear, and bending, are used in the identification procedure.

2 Methodology

The purpose of this paper is to assess, how the systems' measurement uncertainties (i.e. the system random error and
bias) affect parameters’ confidence intervals assessment when analysing different heterogeneous specimens. To tackle
this, we employed a methodology in which we (i) assess the optical system’s random error and system bias, (if) analyse

how the errors propagate throughout the identification chain, resulting in a confidence interval assessment.

2.1 Error assessment of existing measurements from DIC archive

The first step in the confidence interval assessment is an evaluation of the measurement uncertainties associated with
our DIC equipment. To get the most realistic information about measurement uncertainty, we evaluated the system’s
uncertainty from our existing measurements taken in the past three years with no particular interest in the experiment
type. After mounting a heterogeneous specimen with a speckle pattern in the testing machine, we acquire a series of
images with the DIC measurement system. Let us emphasize that in this step, there is no load applied to the specimen.
Therefore, we know that the measured displacements should be zero. When evaluating the images with DIC, we get the
full-field measured displacements in longitudinal (Fig.1a) and in the transverse direction (Fig.1b). As we know that
there should be no displacement, we can treat the measured values as the error of the displacement measurements. To
use this information in further analysis, we assess the probability density distribution of xand y displacements/errors.
We found that we can closely approximate the distribution of measurement error with a normal distribution N(y, o)
(c.f. Fig. 1c, Fig. 1d).
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Fig. 1. DIC error processing: a), b) spatial distribution of displacement measurement error in and direction, c), d)

histograms of the spatial error distribution

To assess the error distribution that is more realistic to the measuring system, we reviewed all our existing
measurements. In all cases, measuring results were obtained using the same DANTEC Dynamics Q-400 DIC measuring
system. The system consists of two 2 Mpx digital cameras with 35 mm focal length lenses, a synchronization time box,
and software Istra 4D (DANTEC Dynamics) for image processing. The image speckle pattern consisted of a matt white
background with matt black dots, which were for all specimens prepared by using an airbrush. Each measurement
contained several thousand measuring points. They take into account most of the uncertainty causes, for example,
non-ideal speckle pattern, changes in lighting conditions, some optical distortions, camera noise, camera misalignment,
calibrations conditions of the DIC system, different subset size, and also possible user errors. We processed 850
individual measurements from our private archive, without any classification of experiment type. We took into account
all experimental setups like a standard uniaxial, open hole, notched, three/four-point bending specimen tests, and
others. To include this information in further analyses, we took the displacements from the start of each measurement

and calculated the mean pjand standard deviation oj, separately for x and y displacement fields.
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Fig. 2. Assessment of DIC measurement errors based on prior experiments

Next, from populations of means pj and standard deviations oj for all measurements, we created two histograms
of probability distributions of both estimators. Because different experimental arrangements were set with different
experimental setups, which include various Fields Of View (FOV), we normalized the calculated mean (u;j)=pi/h;i and
standard deviation (oj)=0i/h; of each measurement errors with the largest dimension of the FOV hj. As a result,
we get two populations of the normalized means and normalized standard deviations of errors. Their probability
density distributions are shown in histograms in Fig. 2b and Fig. 2c, respectively. Furthermore, the distribution of the
mean errors is symmetrical over the zero value, which confirms that the likelihood of samples not being loaded in
the observed moment is the highest. The final step is to approximate the calculated distributions with a probability
distribution law, so we can use information from the past three years in the Monte Carlo simulations (MCSs) for

generating the measurement errors of synthetic experiments. The approximation of the probability distribution of the
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normalized means of the errors D) is a normal distribution with mean -4x10” and standard deviation 178x107.
Furthermore, the approximation of the standard deviations of the errors D(s) is a log-normal distribution with the

mean and standard deviation parameters -12.2 and 0.81, respectively.

2.2 Error propagation throughout the identification chain

In this section, we present a methodology that estimates the propagation of the system’s bias and random error
(quantified in the previous section) throughout the identification chain. To achieve this, we first conducted the
calculation of uncertainties of the material parameters by using MCSs, where, in each repetition, new errors ¢ are
generated based on the distributions from the previous section. For each Monte Carlo iteration i, we randomly sample
the normalized mean () and standard deviation (o) from the approximated probability distributions D¢y) and D(o).
After scaling those with the height of FOV, we get the mean and standard deviation for the current iteration. Since in our
case, DIC full-field displacement measurements closely follow N(y, o), we use the distribution to generate displacement
errors € of the entire field. In the next step, we investigate, how this randomly generated error € propagates throughout
the Finite Element Model Updating (FEMU) identification method resulting in the confidence interval assessment. To
exploit the influence of random error and the system's bias € on the identified parameters 6 let us investigate, how
small data perturbations affect the model's parameters. With the approach similar to Mathieu et al. [14], we obtain the

following relationship:

A8 = (J*.D LN .e=K.= (1)

where ] presents parameter sensitivity matrix, obtained from the FEM model. It should be emphasized, that in our
case the sensitivity matrix J is obtained numerically, by variation of the parameters . In the final step, the equation
is evaluated in the MCSs, from where a population of parameter variations A6 is obtained. From this population, a

confidence interval is assessed as the standard deviation of the population.

3 Results

The presented methodology, which includes MCSs for a determination of confidence intervals of inversely identified
material parameters considering full-field displacement measurements, will be demonstrated on 10 common
specimens from the literature (Fig. 3). They were used to identify parameters for different constitutive models (some
for elasticity models, others for plasticity), but we will take advantage of their geometry and make an investigation of
appropriateness for identification of elastic material properties for orthotropic linear elasticity model. Based on this,

we compare these designs in terms of the uncertainty of each identified parameter.
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Fig. 3. Considered specimens: a) standard uniaxial tensile test specimen [15], b) open-hole specimen [16], c) notched
specimen [17], d) notched specimen [18], e) notched specimen [4], ) S-shaped specimen [3], g) T-shaped specimen

[19], h) losipescu shear specimen [20], i) losipescu shear specimen [21], bending test specimen [22]

All specimens are 2.5 mm thick unidirectional Carbon/epoxy composite, reported in Rossi and Pierron [23]. Material
is modelled as an orthotropic linear elastic material, with material parameters being four engineering elastic constants
0 = {Exx Eyy, Gxy, Uxy}, with optimal values given in [23]. Therefore, we search for the confidence intervals of those
parameters: A@ = {AExx, AEyy, AGxy, Avxy}. Experiments were simulated by Finite Element Method (FEM) using
ABAQUS/Standard. Approximately 26 000 2D continuum plane stress linear elements CPS8 were used to simulate the
specimen deformation under plane stress condition. The boundary conditions and loads are illustrated in Fig. 3 in red.
The load is in all experiments a vertical force, applied either through a kinematic coupling to the respected boundary
surface or on a rigid tool. For the MCSs, we need the sensitivity matrix J, which contains derivatives of displacements
with respect to material parameters. They are calculated by a forward finite difference method using Python scripts
and ABAQUS. The values of derivatives are calculated in the region of interest (blue regions in Fig. 2), which represents
the FOV in DIC measurements, exported from ABAQUS to Wolfram Mathematica, where the MCSs are calculated. Let
us note that DIC cannot measure the edge region of the specimen, therefore we also excluded the derivatives from a
thin section, which runs alongside the boundaries. The width of this section corresponds to 17 px, when the 2 Mpx
cameras acquire images of the predicted region of interest. This yields approximately a width of 0.7% of the height
(major dimension) of the field of view h. MCSs are applied to each of the presented experiments. The result is a large

population of identified variations of material parameters A6.

Means and standard deviations for all specimens are shown in Fig. 4 using bar charts for each specimen and each
material parameter. Fig. 4 shows that in almost all cases means are rather small, but the differences in standard
deviations are significant. Let us now analyse the reasons for differences among experiments. Elastic modulus Exx has
the narrowest confidence interval in a standard uniaxial test (a), corresponding to the predominant uniaxial loading
state (longitudinal direction). Similar experiments for the identification of Exx are the ones with predominant axial
stress, which corresponds to the specimens from (b) to (f). T-shaped specimen (g) perform best for the identification
of elastic modulus Eyy because in these experiments the applied load provokes states in the specimen, which include
pronounced loading in the transverse direction. On the contrary, the pure uniaxial (a) and open-hole experiment (b)
exhibit enormous uncertainty, which is the consequence of negligible transverse stresses. Poisson's ratio would be
best identified with pure uniaxial or notched specimens corresponding to the dominant uniaxial loading state in the
majority of the FOV. The losipescu shear tests after Grediac et al. [20] and Avril and Pierron [21] perform best for

shear modulus identification because the shear stresses are most predominant. Confidence intervals with off the chart
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values also reveal that some experiments are not convenient for the identification of those parameters and that the

identification cannot give reliable values.
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Fig. 4. Calculated means and standard deviations of material parameters (serrated edges represent off-the-chart

values)

Mesh discretization and parameter variation can introduce some numerical error which affects sensitivity matrix
calculation. We examined both influences by decreasing mesh size for a factor four and varying the parameters for
30% off from the used values. The analyses showed preservation of the ratio between means and standard deviations
of the parameters, meaning that the appropriateness of individual specimen designs for the identification of particular

material parameters is maintained.

4 Conclusions

We monitored the uncertainty data processed from the DIC system in the past three years for over 850 heterogeneous
test measurements, without any classification of the experiment types. For each heterogeneous test, we analyzed
uncertainty from a pair of pictures taken before a specimen loading. From the images, we analyzed the error
distribution of the measured displacement field, which closely follows the normal distribution with a specific mean
value and standard deviation. The process was repeated for all 850 tests, from where a set of mean values and standard
deviations was obtained. From the sets new distributions were constructed, where it was found, that the mean value
and standard deviation closely follow a normal and log-normal distribution, respectively. Furthermore, we investigated
how quantified uncertainties propagate throughout the FEMU-based identification procedure, resulting in a confidence
interval assessment. For this reason, we firstly analyzed the influence of DIC data perturbations on model parameters,
where the parameter sensitivity matrix plays the central role, which is unique to a heterogeneous test design and
loading configuration. Secondly, to assess the parameters’ confidence intervals, we conducted MCSs to simulate the
optical system error propagation throughout the identification chain. Finally, we compared 10 different heterogeneous
specimen designs from the viewpoint of characterized optical system error propagation throughout the orthotropic

elastic material parameters’ identification chain.

The methodology enables the assessment of individual parameters' confidence intervals and the intensity of a DIC bias
and random error propagation through the inverse identification procedure. The results reveal the appropriateness of

individual specimen designs for the identification of particular material parameters.

2415/6



ESAFORM 2021. MS11 (Optimization & Inverse), 10.25518/esaform21.2415

Acknowledgements

The authors acknowledge the financial support from the Slovenian Research Agency (research core funding No.
P2-0263).

Bibliography

[1] Bertin MBR, Hild F, Roux S. Optimization of a Cruciform Specimen Geometry for the Identification of Constitutive
Parameters Based Upon Full-Field Measurements. Strain 2016;52:307-23. https://doi.org/10.1111/str.12178.

[2] Pierron F, Grédiac M. Towards Material Testing 2.0. A review of test design for identification of constitutive

parameters from full-field measurements. Strain 2020;n/a:e12370. https://doi.org/10.1111/str.12370.

[3] Meuwissen MHH, Oomens CW], Baaijens FPT, Petterson R, Janssen ]JD. Determination of the elasto-plastic
properties of aluminium using a mixed numerical-experimental method. Journal of Materials Processing Technology
1998;75:204-11. https://doi.org/10.1016/S0924-0136(97)00366-X.

[4] Kajberg ], Lindkvist G. Characterisation of materials subjected to large strains by inverse modelling based on in-
plane displacement fields. International Journal of Solids and Structures 2004;41:3439-59. https://doi.org/10.1016/
jijsolstr.2004.02.021.

[5] Pottier T, Vacher P, Toussaint F, Louche H, Coudert T. Out-of-plane Testing Procedure for Inverse Identification Purpose:
Application in Sheet Metal Plasticity. Exp Mech 2012;52:951-63. https://doi.org/10.1007 /s11340-011-9555-3.

[6] Macek A, Starman B, Mole N, Halilovi¢ M. Calibration of Advanced Yield Criteria Using Uniaxial and Heterogeneous

Tensile Test Data. Metals 2020;10:542. https://doi.org/10.3390/met10040542.

[7] Pottier T, Toussaint F, Vacher P. Contribution of heterogeneous strain field measurements and boundary conditions
modelling in inverse identification of material parameters. European Journal of Mechanics - A/Solids 2011;30:373-82.
https://doi.org/10.1016/j.euromechsol.2010.10.001.

[8] Guélon T, Toussaint E, Le Cam ]-B, Promma N, Grédiac M. A new characterisation method for rubber. Polymer Testing
2009;28:715-23. https://doi.org/10.1016/j.polymertesting.2009.06.001.

[9] Aquino ], Andrade-Campos AG, Martins JMP, Thuillier S. Design of heterogeneous mechanical tests: Numerical
methodology and experimental validation. Strain 2019;55:e12313. https://doi.org/10.1111/str.12313.

[10] Souto N, Thuillier S, Andrade-Campos A. Design of an indicator to characterize and classify mechanical
tests for sheet metals. International Journal of Mechanical Sciences 2015;101-102:252-71. https://doi.org/10.1016/
j.ijmecsci.2015.07.026.

[11] Souto N, Andrade-Campos A, Thuillier S. A numerical methodology to design heterogeneous mechanical tests.
International Journal of Mechanical Sciences 2016;107:264-76. https://doi.org/10.1016/j.ijmecsci.2016.01.021.

[12] Lecompte D, Smits A, Sol H, Vantomme ], Van Hemelrijck D. Mixed numerical-experimental technique for
orthotropic parameter identification using biaxial tensile tests on cruciform specimens. International Journal of Solids
and Structures 2007;44:1643-56. https://doi.org/10.1016/j.ijsolstr.2006.06.050.

[13] Lecompte D, Cooreman S, Coppieters S, Vantomme ], Sol H, Debruyne D. Parameter identification for anisotropic
plasticity model using digital image correlation. European Journal of Computational Mechanics 2009;18:393-418.
https://doi.org/10.3166/ejcm.18.393-418.

2415/7



Parameters' Confidence Intervals Evaluation for Heterogeneous Strain Field Specimen Des...

[14] Mathieu F, Leclerc H, Hild F, Roux S. Estimation of Elastoplastic Parameters via Weighted FEMU and Integrated-DIC.
Exp Mech 2015;55:105-19. https://doi.org/10.1007 /s11340-014-9888-9.

[15] ISO. ISO 6892-1:2019(en), Metallic materials — Tensile testing — Part 1: Method of test at room temperature. n.d.

[16] ASTM. Test Method for Open-Hole Tensile Strength of Polymer Matrix Composite Laminates. ASTM International;
n.d. https://doi.org/10.1520/D5766_D5766M-11R18.

[17] Giliner A, Soyarslan C, Brosius A, Tekkaya AE. Characterization of anisotropy of sheet metals employing
inhomogeneous strain fields for Yld2000-2D yield function. International Journal of Solids and Structures
2012;49:3517-27. https://doi.org/10.1016/j.ijsolstr.2012.05.001.

[18] Haddadi H, Belhabib S. Improving the characterization of a hardening law using digital image correlation over
an enhanced heterogeneous tensile test. International Journal of Mechanical Sciences 2012;62:47-56. https://doi.org/
10.1016/j.jjmecsci.2012.05.012.

[19] Grédiac M, Pierron F, Surrel Y. Novel procedure for complete in-plane composite characterization using a single
T-shaped specimen. Experimental Mechanics 1999;39:142-9. https://doi.org/10.1007 /BF02331118.

[20] Grédiac M, Pierron F, Vautrin A. The losipescu in-plane shear test applied to composites: A new approach based
on displacement field processing. Composites Science and Technology 1994;51:409-17. https://doi.org/10.1016/
0266-3538(94)90109-0.

[21] Avril S, Pierron F. General framework for the identification of constitutive parameters from full-field measurements
in linear elasticity. International Journal of Solids and Structures 2007;44:4978-5002. https://doi.org/10.1016/
jijsolstr.2006.12.018.

[22] He Y, Makeev A, Shonkwiler B. Characterization of nonlinear shear properties for composite materials using digital
image correlation and finite element analysis. Composites Science and Technology 2012;73:64-71. https://doi.org/
10.1016/j.compscitech.2012.09.010.

[23] Rossi M, Pierron F. On the use of simulated experiments in designing tests for material characterization from
full-field measurements. International Journal of Solids and Structures 2012;49:420-35. https://doi.org/10.1016/
j-ijsolstr.2011.09.025.

PDF automatically generated on 2021-05-19 19:48:54

Article url: https://popups.uliege.be/esaform21/index.php?id=2415

published by ULiége Library in Open Access under the terms and conditions of the CC-BY License
(https://creativecommons.org/licenses/by/4.0)

2415/8



	Parameters' Confidence Intervals Evaluation for Heterogeneous Strain Field Specimen Designs by Using Digital Image Correlation
	1 Introduction
	2 Methodology
	2.1 Error assessment of existing measurements from DIC archive
	2.2 Error propagation throughout the identification chain

	3 Results
	4 Conclusions
	Acknowledgements
	Bibliography


