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Abstract

Numerous studies highlight the diverse opportunities offered by multi-view image
correlation techniques. For example, in masonry structures, these techniques
enable the propagation of cracks to be quantified in joints and blocks. How-
ever, many parameters must be considered to transition from measurements to
identifying physical parameters. Consequently, it is difficult to know a priori
whether the planned experiment will enable for a precise identification of the
model parameters to be calibrated. A good practice, detailed in this article,
involves designing the experiment through virtual tests. The first step involves
positioning the cameras in a virtual setup using Blender by combining near-field
and far-field cameras for multiview purposes. Once a numerical model has been
selected for nonlinear simulations, the second step involves examining the influ-
ence of geometric parameters to optimize the specimen response with respect to
the quantities of interest. Last, virtual tests are conducted in Blender to simulate
experiments under conditions close to reality. Based on the force data produced
by the numerical simulations and the displacement fields measured from images
generated during virtual tests, the proposed method enables for sensitivity anal-
yses and uncertainty quantifications to ensure that the model parameters can be
calibrated prior to the actual experimental campaign.
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1 Introduction

The behavior of masonry structures is heterogeneous, and cracking occurs typically
within mortar joints [1, 2]. Characterizing the mechanical behavior at the joint level
presents a significant challenge. Several traditional experiments for unreinforced or
reinforced masonry have been developed at various scales, including the triplet shear
test [3–8], the diagonal compression test on a panel [8–10], and in-plane loading of
a masonry wall [9, 11–13], with the latter allowing for the consideration of openings
[14, 15]. This paper focuses exclusively on the shear testing of a masonry triplet,
following the EN 1052-3 standard [16]. In this test (Figure 1a), a force F is applied to
the central block, while the two outer blocks are supported by simple bearings, with
varying confinement levels σ applied through horizontal steel rods. The purpose of
the tests is to estimate the shear strength as a function of the transverse confinement
stress and to investigate the failure surface at mortar-brick interfaces. The influence
of the three geometric parameters depicted here will be analyzed in Section 3 of this
paper. The experimental setup, shown in Figure 1b, also facilitates the study of the
cyclic shear response [6, 7]. In this configuration, it is important to note that vertical
bars are necessary, but they may pose challenges for image acquisition.

(a) Monotonic loading (b) Cyclic loading

Fig. 1: Experimental set-up for both monotonic (a) and cyclic (b) loadings

A conventional instrumentation for triplet shear tests involves two Linear Variable
Differential Transformers (LVDTs) to record the relative shear displacement between
the external and central units, and another LVDT to measure the vertical displacement
of the central brick, as illustrated in blue in Figure 1a [4, 8, 17]. Although practical,
this macroscale method only captures data at a specific point on the interface, which
may not fully represent the heterogeneous shear distribution along the entire interface.
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To overcome this limitation, full-field measurement techniques, such as digital image
correlation (DIC), provide a more comprehensive analysis.

The first application of DIC to study displacement and strain fields at a stone/-
mortar interface was introduced by Raffard et al. [18], while Shih et al. [19] used
this technique for crack observation. Shortly thereafter, Réthoré et al. [20] applied
DIC to capture shear band-like discontinuities similar to those occurring in masonry
structures and to determine the geometry of the discontinuity line from the equiva-
lent strain map. As a result, the authors successfully identified the frictional interface
where shear occurred without reducing the size of the mesh and inherently raising the
uncertainties.

Further validation of DIC measurements was first reported by Ghorbani et al.
[12], who successfully compared DIC data with sensor readings during experiments
on masonry infill walls, demonstrating comparable accuracy. Bolhassani et al. [21]
obtained similar results focusing on bed-joint shear tests, diagonal compression, and
in-plane shear tests. An interesting observation from the shear tests was the signif-
icant discrepancy between DIC and sensor data at the beginning of the test. This
discrepancy decreased as the test progressed, which was attributed to the initial low
strain levels. This observation indicates that DIC measurements require a minimum
threshold of strain or displacement to yield reliable results. Therefore, experimental
campaigns must be carefully planned to account for measurement uncertainties.

Based on the previous validations, Bompa et al. [5] employed DIC to create virtual
gauges at the LVDT positions during triplet shear tests (Figure 1a) in order to monitor
the relative displacement between the central brick and the lateral bricks. DIC data
were also used to investigate post-peak crack patterns. Similarly, Thamboo et al. [3]
used DIC measurements to characterize the strain state of samples, with particular
focus on the unit–mortar interface. By plotting the shear stress versus the shear strain,
the authors were able to determine the secant shear modulus.

For other masonry tests, Sciuti et al. [13] proposed a robust methodology to
improve the accuracy of the measurements near cracks, including mesh adaptation and
lower mechanical regularisation for damaged elements. Korswagen et al. [15] employed
DIC to validate and calibrate non-linear finite element models. All these previous
studies highlight the advantages of using DIC as a full-field measurement technique
for triplet shear tests and propose robust methodologies to enhance the reliability of
the measurements.

At this stage, it is important to note that other types of full-field measurement
techniques are also available and have already been applied to masonry specimens.
Binda et al. [22] used Electronic Speckle Pattern Interferometry (ESPI) to measure
deformability characteristics in solid masonry units. Petry and Beyer [17] employed
an optical measurement system consisting of two sensors, each with three cameras
and LEDs attached to the masonry wall, comparing its performance to conventional
measurement methods. Livitsanos et al. [23] and Peng et al. [24] monitored the frac-
ture in masonry specimens by combining Acoustic Emission (AE) with Digital Image
Correlation (DIC), offering a comprehensive approach to such analyses.

Most of the time, only 2D measurements were reported when studying masonry
triplets [3, 5]. However, Ghorbani et al. [12] reported a pilot study testing the use of
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stereocorrelation (or 3D-DIC), which allows the quantification of both in-plane and
out-of-plane motions. This capability is crucial for validating the assumption of purely
in-plane loading. In relation to boundary condition considerations, Fedele et al. [25]
emphasized the importance of using experimentally measured boundary conditions
from DIC for accurate calibration of mechanical parameters. Another interesting
approach introduced by Hamadouche et al. [26] involves the use of an additional cam-
era to zoom in on a specific area with higher resolution, as demonstrated on a notched
three-point bending specimen. This multiview correlation (M-DIC) technique reduces
the measurement uncertainties within the region of interest and is particularly benefi-
cial for masonry triplets, where crack patterns are often predictable within the mortar
joints. A multiview system that allows for 3D-DIC is highly relevant for improving
measurement accuracy during triplet shear tests. However, it requires a substantial
number of cameras and results in a more complex experimental setup.

Such comprehensive full-field datasets are invaluable for validating nonlinear mod-
els and scaling up to full-scale simulations. Finite Element Model Updating (FEMU),
first introduced by Kavanagh and Clough [27], uses an iterative procedure to com-
pare measured and simulated displacement, strain, or load levels [28]. The coupling of
DIC with FEMU has been studied by Leclerc et al. [29], and numerous works in the
mechanical field have demonstrated its robustness. For instance, in the Digital Volume
Correlation field, Turpin et al. [30] applied this approach to study damage of a com-
posite material subjected to multiaxial loading. In contrast, Vargas et al. [31] used it
to calibrate cohesive parameters in castable refractory materials.

Like any measurement tool, DIC has inherent uncertainties. Bornert et al. [32]
proposed a general procedure to assess DIC displacement measurement errors. To
address the uncertainties associated with this method, Roux and Hild [33] provided
insights into how image noise propagates through DIC and identification procedures
such as FEMU, thereby allowing the uncertainty of each identified parameter to be
quantified.

The work proposed herein is the first step of an upcoming experimental cam-
paign on triplet shear tests that will involve multiview DIC measurements followed
by parameter identification using FEMU. Implementing these tests is both time-
consuming and complex, requiring attention to several factors, such as the design of
an appropriately sized speckle pattern, the positioning of cameras, and an optimized
lighting setup. Moreover, the nonlinear models that are planned to be used rely on
numerous parameters and internal variables that must be precisely identified through-
out the experimental campaign. Consequently, this work seeks to establish a robust
test-simulation dialogue, bridging numerical simulations with experimental campaigns
before and after testing. A recent article [34] briefly discusses a general methodology
for this approach.

This paper aims to propose a novel methodology to assist experimentalists in
preparing complex test campaigns. This approach draws inspiration firstly from the
work of Rouzaud et al. [35], who examined the influence of experimental parameters
on the dynamic response of reinforced concrete (RC) structures through parametric
analyses using the Taguchi Method [36]. Their work enables experimentalists to design
testing parameters that impact the simulated response. Similarly, Vitse et al. [37]
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optimized tests on reinforced concrete beam-column joints by simulating a multi-
view system within the Blender animation software and generating realistic specimen
images, facilitating the determination of sensitivity fields.

The novelty of this work lies in combining both approaches and extending the pro-
cess to include virtual tests using Blender, M-DIC calculations on the generated virtual
images, as well as sensitivity analyses relevant to FEMU. This procedure enables a
priori to assess whether each parameter of the nonlinear model can be accurately cal-
ibrated and with what level of uncertainty. It finally validates using M-DIC for civil
engineering applications, such as masonry.

Section 2 provides an overview of the pinhole camera model, followed by an exam-
ination of how camera positioning affects the design of the vision setup. In Section 3,
the preliminary finite element modeling approach for the triplet shear test is briefly
introduced, focusing on the design of the specimen’s geometry through a parametric
analysis. Section 4 presents the equations for both monoview and multiview DIC, fol-
lowed by the virtual testing approach and the results of the virtual experiments. This
study is followed by a sensitivity analysis, uncertainty quantification, and a discussion
on designing an optimal speckle pattern for enhanced measurement resolution.

2 Design of the camera set-up

2.1 Pinhole camera model

Let us consider a point in the scene X = [X Y Z]T ∈ R3 defined by its 3D-
coordinates in the object frame R. Through the pinhole model for each camera (c),
the 2D-coordinates of this point x(c) in the image frame R(c) can be determined [38]

x(c)

y(c)

1

 = [K(c)] [Θ(c) , t(c)]


X
Y
Z
1

 (1)

The global matrix [K(c)] [Θ(c) , t(c)], known as the projection matrix [Π(c)], is used
to map a point coordinates from 3D space to the 2D image plane. The parameters in
matrix [K(c)] are denigrated as intrinsic parameters, while the geometric parameters
contained within [Θ(c), t(c)] are denigrated as extrinsic. These parameters are identified
during the calibration phase [38]. In virtual experiments, the projection matrix is
known since the elements of the experimental setup are precisely positioned in the 3D
space and parameterized with their intrinsic values.

2.2 First approach for camera set-up design

An initial question involves positioning the cameras to focus on the critical areas that
need careful monitoring. When testing masonry triplets, cracks are expected to develop
in one or both masonry joints. To investigate the effect of camera positioning, a Python
code was developed to simulate the projection process described above. Each camera

is defined by the position of its optical center (X
(c)
c , Y

(c)
c , Z

(c)
c ) and the orientation
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of the image frame R(c), with a rotation angle θ
(c)
Z about the plane’s normal. This

normal is determined by the optical center and the target point with coordinates

(X
(c)
t , Y

(c)
t , Z

(c)
t ) (Figure 2). This process fully defines the matrix [Θ(c), t(c)] for each

camera. Additionally, each one is characterized by its focal length f (c) and sensor

dimensions (s
(c)
x , s

(c)
y ). This setting allows one to define the values of f

(c)
x and f

(c)
y .

The optical center coordinates are assumed to be u
(c)
0 = v

(c)
0 = 0. Last, the aperture

is selected to set the depth of field for each camera.

[K(c)] [Θ(c) , t(c)] =

f
(c)
x 0 0

0 f
(c)
y 0

0 0 1

(
Θ(c) t(c)

0T 1

)
(2)

{ {

{

(c)

(c)

(c)

X

Y

Z

{
Fig. 2: Schematic drawing of the pinhole camera model with the hardware parameters

By implementing this projection sequence, one can analyze how specific variables,
such as coverage, change in a test [26, 34, 37], depending on the camera positions
and parameters described in Table 1. In the present setup, three far-field cameras are
employed to monitor all the specimen surfaces. Camera 1 is used to perform 2D-DIC,
while Cameras 2 and 3, positioned at different observation angles, enable 3D-DIC
measurements. Additionally, a fourth near-field camera, rotated by 90° relative to the
others, focuses on the left mortar region to provide improved tracking of crack devel-
opment in that area. This vertical orientation was selected to capture a larger mortar
area than would be possible with a horizontal setup. The combined use of the four
cameras enables multiview and multiscale instrumentation (M-DIC). A comparison
between these different configurations (2D-DIC, 3D-DIC, and M-DIC) is proposed in
Section 4.3.
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Table 1: Hardware parameters

Camera 1 Camera 2 Camera 3 Camera 4

Lens f (c) (mm) 24 24 24 65
Aperture f/2.8 f/2.8 f/2.8 f/2.8

Sensor size (s
(c)
x ; s

(c)
y ) (mm ; mm) (23, 5 ; 15, 6) (23, 5 ; 15, 6) (23, 5 ; 15, 6) (23, 5 ; 15, 6)

X
(c)
c (m) 0 0.25 −0.25 −0.1

Y
(c)
c (m) 0.82 0.82 0.82 0.92

Z
(c)
c (m) 1.0 1.0 1.0 1.0

θ
(c)
Z (◦) 0 0 0 90

X
(c)
t (m) 0 0 0 −0.1

Y
(c)
t (m) 0.82 0.82 0.82 0.92

Z
(c)
t (m) 0 0 0 0

The main advantage of this modeling is the ability to plot a coverage map on the
specimen surface, indicating how many cameras observe each point on the tested piece
(Figure 3a). This visualization helps confirm that the cameras still observe areas that
elements of the setup may otherwise obscure. The focus is on the cyclic triplet shear
test, which involves vertical bars that may interfere with image acquisition (Figure 3b).
The results from the simulation show that at least one camera captures each point in
the region of interest, which is satisfactory. The coverage maps illustrate the multiview
and multiscale approach, with Camera 4 capturing only a specific specimen region.
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(a) Monotonic loading
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(b) Cyclic loading

Fig. 3: Coverage map for the monotonic (a) and cyclic (b) triplet shear tests with the
camera setup defined in Table 1 )

2.3 Virtual design

An initial advantage in implementing the virtual design of an experiment is the ability
to create a precise digital model of the test area, enabling the definition and validation
of all used components [37, 39]. In the case of shear tests, all components comprising
the supports and the pre-tensioning system were initially imported into Blender, an
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open-source animation and visualization software [https://www.blender.org/]. Figure
4a shows the view of both experimental set-ups.

Figure 4b shows that the horizontal bars intended for confinement interfere with
image acquisition. Therefore, the components were adjusted before machining to
ensure they did not interfere again. Additionally, Blender facilitated the configuration
of the camera setup and lighting to be used during the experiment. The software allows
for positioning cameras in the scene with various intrinsic and extrinsic parameters
described previously.

(a) (b)

Fig. 4: (a) Final experimental set-up for triplet shear tests. (b) Some bars obstruct
image acquisition.

Different types of lighting can also be added and set. This feature enables the
creation of realistic renderings of the experiment (Figure 5) and allows for the pre-
estimation of the positioning of all necessary equipment suitable for image correlation.

(a) Camera 1 (b) Camera 4

Fig. 5: Virtual images acquired by cameras 1 and 4

Table 2 provides the cameras’ positions in space, with the specimen surface of
interest located at coordinate z = 0, and the intrinsic parameters, respectively. The
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developped Python code also allows for pre-positioning the cameras in the Blender
scene. In practice, the camera positions listed in Table 2 were used as initial targets
during the experimental campaign, significantly reducing the setup time for the com-
plex multiview measurement system. The primary interest of virtual design therefore
lies in the preparation and implementation of the experimental setup [37]. The pro-
posed work seeks to go further by optimizing the design of the specimen and carrying
out a sensitivity analysis on the entire experimental chain modeled on Blender, based
on the results of a numerical model.

Table 2: Cameras parameters for virtual triplet shear tests

Camera 1 Camera 2 Camera 3 Camera 4

Lens f (c) (mm) 25 25 25 60
Aperture f/8 f/8 f/8 f/8

Sensor size (s
(c)
x ; s

(c)
y ) (mm ; mm) (23.5 ; 15.6) (23.5 ; 15.6) (23.5 ; 15.6) (23.5 ; 15.6)

Definition (px ; px) (6000 ; 4000) (6000 ; 4000) (6000 ; 4000) (6000 ; 4000)

X
(c)
c (m) −1.15 −1.15 −1.15 −1.1

Y
(c)
c (m) 0. −0.25 0.25 −0.1

Z
(c)
c (m) 0.82 0.82 0.82 0.70

θ
(c)
Z (◦) 0 0 0 90

3 Design of specimen geometry through parametric
analysis

The objective in designing the specimen geometry is to ensure that the behavior
during tests is such that the DIC system is sensitive enough to provide meaningful
data. Specifically, the goal is to track the nonlinear response over the broadest possible
range, avoiding an overly brittle behavior. The model, which serves as a necessary
assumption, is first presented to provide a basis for the analysis.

3.1 Description of the model

3.1.1 Geometry

The masonry triplets are made of three solid concrete blocks, with initial dimensions
of 40 × 20 × 10 cm3. Joints connect these blocks with a thickness ranging between 2
and 3 cm. This section examines the influence of some of these parameters on the
force-displacement response, particularly the block length lb and the joint thickness
ej . The hinged supports at the top and bottom are placed symmetrically with respect
to the centre of the joint at a distance e (Figure 1a).

3.1.2 Nonlinear constitutive model

Triplet shear tests are simulated using the Finite Element Code Cast3M (https://
www-cast3m.cea.fr/). The objective is to analyze the behavior of mortar elements at
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a microscale. A conventional approach typically involves replacing mortar with joint
elements or modeling contact at the interface between blocks [40, 41]. However, in
the present case, the aim is to use measured displacement fields as input to calibrate
material parameters. For this reason, detailed modeling of mortar is preferred [6, 7, 42].
It is also worth noting that Andreotti et al. [4] employed both a continuous model for
the blocks and mortar while incorporating joint elements at the interface.

During a triplet shear test, damage typically occurs at the interface between mortar
and the masonry unit, inside mortar through shear failure, or, less frequently, within
the masonry units themselves. Once the crack propagates from top to bottom, friction
due to sliding is observed on either side of the crack, which depends on the level
of confinement [5–7]. For cyclic loading, hysteresis loops are observed on the force-
displacement curve, which indicates energy dissipation [6, 7].

The mortar between masonry units is represented using finite elements and mod-
eled with an isotropic damage model that includes friction and unilateral effects. The
nonlinear model developed by Vassaux et al. [43, 44] is selected for this study due
to its well-established ability to describe the cyclic behavior of quasi-brittle materials
such as concrete. Since the studied masonry is composed of solid concrete blocks and
cement with mechanical properties similar to those of concrete, this modeling choice
was deemed appropriate. The detailed equations for this model are provided in the
Appendix A for reference.

These mortar elements possess elastic and quasi-brittle features, as outlined in
Table 3. Further details on these parameters can be found in Refs. [43, 44]. The
quantities Ej and νj are the Young’s modulus and Poisson’s ratio, respectively (the
index j stands for joint, and b for block). Introducing nonlinearity involves terms such
as σt,j for the damage stress, atra,j for the damage law evolution, qpj governing for
the crack closure rate, and cf,j for friction at the crack level (Appendix A) . The
parameter values are determined from the results of individual characterization tests
(for Ej , νj , and σt,j), as well as from a range of available test cases for the model
[43, 44]. Concurrently, the block elements are assumed to remain elastic (Table 3).

Table 3: Mechanical parameters for mortar

Ej νj σt,j atra,j qp,j cf,j
Material Pa / Pa kJ−1 ·m3 / /
Mortar 22× 109 0.19 8.4× 105 4× 10−3 6.5 2.89
Block 40× 109 0.2 / / / /

To ensure a uniform density at the joint level, the entire structure has been meshed
using cubic elements with linear interpolation functions, each with dimensions of
approximately 0.7× 0.7× 0.7 cm3. This configuration results in three cubic elements
spanning the thickness of the 2 cm joints. This mesh will also be used for the DIC cal-
culations once the experiments are completed and, therefore, represents a compromise
between having an element size fine enough to capture crack propagation in mortar
joints and large enough to avoid excessive measurement uncertainties. In the final
stage for the monotonic loading, a displacement ranging from 0 to 0.1 mm is applied
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to the central block, in line with similar internal tests conducted on comparable spec-
imens. The displacements of the end blocks are numerically constrained at the hinges.
Additionally, a uniform normal stress σp is applied to both lateral surfaces to represent
the confinement prescribed on masonry blocks in larger structures.

3.1.3 Simulation results

The simulation results are shown in Figure 6 for the parameter sets described in Table
3, corresponding to monotonic and cyclic loadings. An initial elastic phase is observed,
followed by a nonlinear behavior until the breaking force is reached. The model has
been validated through internal tests (Figure 6b) in terms of displacement and peak
load. The next step involves optimizing the sample geometry through a parametric
study to ensure that the specimen response aligns with the sensitivity range of the
measurement devices.

0.000 0.025 0.050 0.075 0.100
Displacement (mm)

0

10

20

30

40

Fo
rc

e 
(k

N
)

p = 0

p = 1000

p = 2000

(a) Monotonic loading

Experimental tests
(     = 7,35 kN)

Numerical solution

(b) Numerical validation

Fig. 6: Force-displacement curves for monotonic loadings (a) and validation through
internal tests (b)

3.2 Design of specimen geometry

The modelling outlined benefits from sensitivity analysis to better understand how
geometric parameters affect the response in triplet shear tests. This analysis is valu-
able since the experimental setup had to be constructed from scratch. This approach
is similar to Design of Experiments (DOEs), which involves planning, executing, and
analyzing controlled tests to evaluate how various factors influence key parameters.
This method is commonly used in industrial design to optimize parameters for achiev-
ing the desired product specification, though its cost depends on the number and
complexity of the required tests.
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Rouzaud et al. [35] proposed using virtual experiments to perform DOEs. For
triplet shear tests, the primary objective is to maximize the nonlinear phase. This
condition is quantified by a parameter ∆unl, representing the difference between the
displacement at peak load and the first displacement at which the simulated force
deviates from what is expected in the elastic regime. This offset helps avoid overly
brittle responses. Furthermore, achieving a sufficiently large displacement at failure
upeak is crucial, as a failure at minimum displacement would reduce the interest of
DIC. Similarly, the peak force Fpeak must align with the sensor measurement range.
Therefore, the aim is to determine the optimal geometric parameters that maximize
these three quantities of interest, ensuring accuracy and robustness in the test.

3.2.1 First parametric analysis

The parametric analysis using a one-at-a-time strategy [45] focuses on understand-
ing the impact of key geometric parameters—joint thickness (ej), block length (lb),
and support position (e)—on the force-displacement response in triplet shear tests.
The numerical results of these analyses are presented in appendix B. They reveal
that increasing the joint thickness leads to a more significant post-failure force drop,
while the block length affects the force and displacement at failure. The support
position does not significantly influence the test outcome when varying within the
recommended range [16].

3.2.2 Application of Taguchi Method [36]

The first parametric analysis investigated the individual influence of each geometric
parameter on the quantities of interest. The next step is to determine the optimal
combination of these parameters. The remaining parameters to vary are the following
within the specified range of discrete values :

• Joint thickness: ej = 2 ; 3 cm;
• Block length : lb = 30 ; 40 cm;
• Support position : e = 2 ; 3 cm

The DOEs are categorized into two main types: full and reduced plans. Using a
simplified Taguchi sensitivity analysis with variables set at two levels, one can minimize
the number of tests to just four instead of the original eight tests (23). This property
results in substantial time savings during the virtual campaign [35], mainly if the
number of geometric parameters to be studied increases.

Table 4: Taguchi table L3 and results

Tests ej (cm) lb (cm) e (cm) Fpeak (kN) upeak (mm) ∆unl (mm)
1 2 30 2 38.1 0.024 0.019
2 2 40 3 46.1 0.028 0.023
3 3 30 3 40.7 0.026 0.019
4 3 40 2 43.7 0.033 0.028
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This method directly provides the test sequence to be computed (Table 4). Once
these virtual tests are completed (Figure B1d), the results are used to determine the
effect of each parameter. To accomplish this task, statistical techniques are based on
the property of orthogonality [35]. The effect E of a factor xi at a level Ai is defined as

E(xi) = M̄(xi = Ai)− M̄(xi) (3)

where M̄ is the mean of the measured quantities.

Table 5: Effects of the geometric parameters on the three quantities of
interest

Parameter Levels E(Fpeak) (kN) E(upeak) (µm) E(∆unl) (µm)

Joint thickness
2 cm −0.05 −2.0 −1.25
3 cm 0.05 2.0 1.25

Length block
30 cm −2.76 −3.0 −3.25
40 cm 2.76 3.0 3.25

Support position
2 cm −1.23 1.0 −1.25
3 cm 1.23 −1.0 1.25

At this point, one concludes that the block length significantly influences the three
quantities of interest with the highest effect (Table 5). Conversely, the joint thickness
primarily affects the displacement at failure (Table 5). At the same time, the distance
between the supports has a relatively minor effect compared to the previous two
parameters (Table 5). For the investigated tests, considering the maximum width
constraint of the testing machine, the following set of parameters are selected:

• Joint thickness: ej = 2 cm;
• Block length: lb = 40 cm;
• Support position: e = 2 cm.

This approach is expected to maximize the peak force while ensuring a sufficiently
large displacement during the non-linear regime and at peak, which is crucial given
the uncertainties in DIC measurements. The non-linear phase will also be extended
enough to enable effective crack quantification throughout the test. These first results
are particularly interesting when considering the uncertainties related to the three
geometrical parameters in real-world conditions. The concrete blocks are to be cut
with a circular saw and measured before each fabrication of the triplet. The average
length is lb = 40.06 cm with a standard deviation of 0.08 cm (based on 24 specimens)
. In contrast, controlling the joint thickness during triplet fabrication is much more
complex, and accurately measuring it afterwards is not easy. The parameter ej will
thus vary more significantly, ranging between 1.8 and 2.2 cm. Based on the previous
results, this variability should have a real impact on the measurements. Finally, since
the parameter e is specific to the experimental setup, it will not change but will require
precise specimen centring.
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4 Virtual testing and sensitivity analyses using
Blender

The previous sections aimed to better understand the model’s geometric parameters
and provide an initial proposal for camera placement. The idea is now to enrich the
approach through virtual testing. Generating virtual images of the deformed speci-
men allows for DIC calculations, whose results are used in a sensitivity analysis to
assess the identifiability of various parameters. Ultimately, this process helps to assess
uncertainties and optimize experimental parameters such as speckle size.

4.1 Multiview correlation

The innovation in the experiments to be conducted involves using multi-view systems.
When studying heterogeneous materials like masonry specimens, having multiple cam-
eras that monitor various resolutions and specific sections of the tested structures is
crucial [25]. The measurement uncertainties in DIC depend on factors such as element
size in global approaches. Larger elements contain more pixels for a given resolution,
resulting in lower measurement uncertainties. However, capturing steep displacement
gradients or discontinuities, especially at masonry joints, requires fine meshes, which
increase measurement uncertainties [13, 46].

Passieux et al. [47] introduced a near-field/far-field DIC approach to address this
challenge. This method used two cameras with different resolutions, one capturing
images of the entire sample surface (far-field) and the other zooming in on a smaller
area (near-field). These near-field and far-field analyses were treated independently,
and a multi-scale transformation was used to register the reference images. This
approach effectively reduced measurement uncertainties. Subsequently, Hamadouche
et al. [26] developed a unified framework that integrates multiview approaches across
different scales to improve the use of redundant data from areas monitored by multiple
cameras. The results of a three-point bend test performed on a concrete beam show
that the proposed method reduces the associated displacement uncertainties. Damage
initiation and propagation can then be successfully quantified.

Monoview image correlation relies on the gray level conservation [46] for each pixel,

∀x ∈ R, f(x) = g(Φ0(x)) = g(x+ u(x)) (4)

where R ⊂ R2 denotes the Region of Interest (ROI), f and g the reference and
deformed images respectively, and Φ0 denotes the sought mechanical transformation.
In this context, the sum of squared differences reads

C1 =

∫
R

[f(x)− g(x+ u(x))]2dx (5)
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The DIC cost function, Φ2
c , can be defined with σc as the standard deviation of

acquisition noise (of camera c), which is assumed to be white and Gaussian

Φ2
c =

1

2σ2
c

C1 (6)

When using multiple cameras (e.g., stereo-correlation (3D-DIC) techniques [12, 38, 48])
if there are no variations in brightness and contrast, the gray levels on the sample
surface should appear consistent for all Nc cameras [38]. Consequently, it is possible to

create an intrinsic pattern f̂(X) of the speckle pattern for all physical points [48]. This
pattern is defined as the average gray level of the images, f (c)(x(c)), for all cameras

f̂(X) =
1

Nc

Nc∑
c

f (c)
(
x(c)

(
[Π

(c)
],X

))
(7)

Minimizing the cost function for each camera must account for the region of interest
Rc ⊂ R specific to each camera c. The global M-DIC cost function for Nc cameras can
be formulated as

Φ2
M−DIC =

Nc∑
c=1

1

2σ2
c

∫
R(c)

(
f̂(X)− f

(c)
U

(
x(c)

(
Π(c),X

)))2

dX (8)

where f
(c)
U

(
x(c)

(
Π(c),X

))
represents the corrected deformed image the c-th camera

recorded at time t.
The displacement field u is sought as a linear combination of a set of spatial shape

functions Φi

U(X) =

Nn∑
i

ai(t)Φi(X) (9)

where {a(t)} stands for the nodal displacement to be determined at each time instant
t. At each iteration, a Gauss-Newton Scheme gives the correction {δa} computed from
the linear system [38]

[MDIC ]{δa} = {hu} (10)

{a(t)} = {a(t)}+ {δa} (11)

where [MDIC ] is the DIC Hessian matrix, which is symmetric and non-negative by
construction [49]. The applicability of a multiview system will be specifically addressed
in Section 4.3, with a comparison to monoview and stereo configurations in terms of
uncertainties and sensitivity. The multiview correlation framework is now applied to
the virtual images generated using the Blender animation software, just as it would
be in a real experiment.
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4.2 Virtual testing

One of Blender’s most significant capabilities is the ability to create virtual yet realistic
images suitable for M-DIC calculations During virtual tests, the specimen and the
applied speckle pattern (Figure 4a) are deformed according to the displacement fields
uFE(t), which are simulated at various time steps, hereafter referred to as index, using
BlenDIC, an open-source Blender add-on [https://gitlab.com/sciviz/blendic].

The virtual setup allows for the measurement of these displacements through the
configured multiview system described in Section 2.2 (Table 2) . Consequently, virtual
images are generated, replicating the expected outcomes of real experiments (Figure
5). These virtual images can be analyzed using the M-DIC framework to measure
displacement fields uDIC(t).

A first virtual test is conducted on the triplet shear setup. The parameters used
in Cast3m for the Finite Elements simulation to obtain uFE(t) are those described
in Table 3. For each camera, it is necessary to map the mesh onto the image. The
projection matrices [Π(c)] generated by Blender are used to accurately determine the
coordinates of the mesh nodes (Figure 7). In practice, a margin of 10 pixels is left
around the edges of the image to avoid edge-related errors in DIC calculations.

Table D2 summarizes the DIC hardware parameters for the four front cameras.
The M-DIC calculation is then run [50], and the results for the final timestep after
cracking are shown in Figure 8.

The observed results are consistent with the expected kinematics. Figure 8a reveals
pronounced displacement gradients, indicative of cracks in the mortar along the speci-
men height. Figures 8b and 8c demonstrate that displacements along the X− and Z−
directions are predominantly attributable to measurement noise, with no significant
displacement detected. However, it is observed that noise levels in theX− direction are
reduced within the region of interest of camera 4, while noise levels in the Z−direction
are comparatively higher. This result opens up the possibility of conducting a virtual
testing campaign to perform an in-depth sensitivity analysis.

4.3 Identification of parameters through virtual testing

One of the novelties of the work presented herein lies in using the measured displace-
ment fields uDIC(t), obtained through M-DIC to perform a sensitivity analysis and a
priori assess the identifiability of each parameter. A key advantage is that the displace-
ment uncertainty γu reflects all sources of error in the measurement chain, including
the speckle pattern, lighting, and optical setup, thanks to Blender’s ability to param-
eterize the entire measurement process. This feature represents a significant strength
in preparing (complex) experiments.

Several camera configurations are considered, namely, the 2D-DIC configuration
(Camera 1), the multiscale configuration (Cameras 1+4), the 3D-DIC configura-
tion (Cameras 2+3 or Cameras 1+2+3), and the M-DIC configuration (Cameras
1+2+3+4). The results presented below will highlight the advantages of the M-DIC
configuration over the other setups, particularly in terms of reduced uncertainties and
increased sensitivity in key areas.
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Fig. 7: Projected 3D mesh onto 2D sensor planes of Cameras 1 (a), 2 (b), 3 (c), and
4 (d).

The sensitivity analysis involves simulating the experiment with different param-
eter values to evaluate the measurement sensitivity to various characteristics, such as
adjustments to optics, speckle, and lighting, while also considering potential measure-
ment uncertainties. The approach proposed by Vargas et al. [31] is followed. Beginning
with an initial set of parameters {p0} and using a relatively fine mesh, additional sim-
ulations are conducted by increasing each parameter value by 1% (Table C1). The goal
is to determine the impact of the six parameters listed in Table 3. As a result, seven
simulations are run using Cast3M. Each simulation i produces a force-displacement

curve and displacement fields u
(i)
FE for each time step.
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Fig. 8: Displacement fields in mm measured through M-DIC: (a) in the Y -direction
(vertical), (b) in the X-direction (horizontal) and (c) in the Z-direction.

4.3.1 Signal Noise to Ratio Level

Using these results, for each test i, two matrices are defined to provide the signal-
to-noise Ratio (SNR) level, one for the force F, and the other for the displacement
field uFE . They are normalized by the standard measurement uncertainty, with γF
and γu corresponding to force and displacement, respectively. These matrices are
dimensionless and indicate, at each time step t, how many times the fluctuations vary
with respect to the measurement uncertainty.

SNR
(i)
F (t) =

F (i)(t, {p(i)})− F (0)(t, {p(0)})
γF

{SNR(i)
u (t)} =

{u(i)
FE(t, {p(i)})} − {u(0)

FE(t, {p(0)})}
{γu}

(12)

where i is the index of the test (Table 3), also corresponding to the index of the
parameter that varied compared to the initial test indexed as 0. First, the sensitivity
curves for the force are shown in Figures 9 with a standard uncertainty γF = 10 N.
Each curve is compared to the reference curve provided in appendix C2.
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Fig. 9: Sensitivity curves SNRF - Vertical dashed lines represent image time steps

The parameters Ej and νj are the only ones active during the elastic phase of the
test (index 1 to 6). The tensile strength σt,j is then activated once the elastic limit is
exceeded, followed by the activation of the other parameters that govern the nonlinear
response, atra,j , qp,j , and cf,j , at index 20. The six parameters reached sensitivities at
least 50 times the uncertainty level at specific time steps. This result indicates that a
1% change in these parameters results in a sensitivity 50 times greater than the force
measurement uncertainty, ensuring that the precise identification of these parameters
is minimally affected by measurement uncertainty. After index 50, the residual regime
is reached, characterized by a more disorganized evolution of SNRF and higher values.

Regarding the standard uncertainty in displacement measurements, unlike real-
world tests where noise from measurement devices is inevitable, virtually generated
images are noise-free. However, BlenDIC allows the introduction of noise to these
images. In this study, a white noise was added with a mean value of 0 and a standard
deviation σ2 of 2 gray levels. Three camera configurations were analyzed, namely
Cameras 2+3, Cameras 1+2+3, and Cameras 1+2+3+4. An initial calculation was
conducted on 10 noisy images in the reference configuration [31], from which the
standard displacement uncertainty γu fields for 3D-DIC and M-DIC configurations
(Figure D3) were determined. The results show that increasing the number of cameras
used to monitor the specimen leads to a reduction in the standard uncertainty. The
average value of γu across the whole mesh decreases from 29.9µm (a) to 29.3µm (b),
and then to 27.5µm (c). Adding a camera to a specific region further reduced local
uncertainties [26]. This trend is explained by the fact that the global [MDIC ] matrix
is the sum of the contributions from each camera, and the covariance matrix of the
measured degrees of freedom is proportional to [MDIC ]

−1 [51]. Therefore, M-DIC
helps to improve the trustworthiness of the measured displacements by decreasing
their uncertainties.

SNRu was calculated following Eq.(19). The resulting sensitivity fields are shown
in Figure 10 for M-DIC configuration. The initial results demonstrate that the varia-
tions in the displacement field are concentrated close to the joints, which was expected
since only the joint parameters in the model are modified. The non-linear parame-
ters appear to be activated first in the lower part of the joint and then propagate
throughout the joint from index 30 onwards, consistent with the force sensitivity
observations.
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Fig. 10: Sensitivity fields SNRu in theX-direction. Each column shows the sensitivity
field for the parameters Ej , νj , σt,j , and atra,j (from left to right), at different time
steps from top to bottom: 20, 40, 60, and 80. The mesh axes have been rotated for
better readability, with the y-axis displayed horizontally and the x-axis vertically.

Regarding SNR levels for displacements, they are lower than those observed for
force sensitivities at the same time index, with some values falling below 1 for the
initial index. This observation suggests that a 1% change in the parameter leads to
a variation on the same scale as the measurement noise. This trend could affect the
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accuracy of the identification results [31, 52]. In the final steps, the values are higher,
and it is noteworthy that increased values occur in the area monitored by Camera 4,
which coincides with lower uncertainties γu. The interest of M-DIC in the parameter
identification process is confirmed. Similar results are observed for sensitivity fields
SNRu along the Y -direction. For the Z-direction, since the model is assumed to be
planar, the SNRu obtained in this direction is zero.

As a preliminary conclusion, considering the force and displacement sensitivities,
it is feasible to couple them in the calibration process since they exhibit SNR values
greater than 1, making the signals distinguishable from noise. This approach, which
incorporates force and M-DIC displacement data, would provide complementary infor-
mation. Instead of relying on a single force measurement at time t, there would be one
force measurement and displacement measurements at each mesh point. While these
data points are highly informative, the sensitivities are generally lower. The risk in
coupling them lies in the potential degradation of overall calibration accuracy, calling
for careful weighting. The following subsection focuses on the minimization problem
to be solved to identify the model parameters.
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4.3.2 Formulation of the FEMU Problem

The main interest of the approach presented in this paper is the a priori study of
the identifiability of the model parameters using classical identification methods, such
as Finite Element Model Updating (FEMU). The goal of FEMU is to minimize the
difference between the experimental results and those obtained through simulations
to adjust the model parameters {p} [53]. This minimization is formulated in terms of
a cost function to minimize

min
p

χ2({p}) (13)

For the triplet shear tests, the force and displacement data acquired using the multi-
view system are expected to enable the identification of the model parameters. The
cost function χ2({p}) is thus defined as a combination of two terms: one comparing
the measured and simulated force responses, and the other comparing the measured
and simulated displacement fields [54].

χ2({p}) = χ2
F({p}) + χ2

u({p})

χ2
F({p}) =

1

Nt,F
({Fexp} − {Fsim}({p}))T 1

γ2
F

({Fexp} − {Fsim}({p}))

χ2
u({p}) =

1

Ndof,uNt,u

∑
t

(
{uexp}t − {usim}t({p})

)T

× [MDIC ]

2σ2

(
{uexp}t − {usim}t({p})

)
(14)

with Nt,F representing the number of force data points acquired and used for the
minimization in time, Nt,u and Ndof,u representing the number of displacement data
points in time and space, respectively. Both vectors are projected spatially onto the
measurement mesh and temporally onto the experimental time basis. Two sensitivity
matrices are defined as [55, 56]

SF (t, i) =
F (i)(t, {p(i)})− F (0)(t, {p(0)})

∂{p(i)}

{Su(t, i)} =
{u(i)

FE(t, {p(i)})} − {u(0)
FE(t, {p(0)})}

∂{p(i)}
(15)

The solution to the FEMU least-squares problem is obtained using a Gauss-Newton
method, which yields the parameter increment {δp} at each iteration step until
convergence is achieved [55, 56]

(wf [HF ] + wu[Hu]) {δp} = wf [BF ] + wu[Bu] (16)

where wf and wu are the weights for force and displacement respectively. Their expres-
sions ensure that both types of measurements contribute equally to the identification
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process, accounting for their respective uncertainties and scales

[HF ] = [SF ]
T 1

γ2
F

[SF ] ; wf =
1

Nt,F

[Hu] = [Su]
T [MDIC ]

2σ2
[Su] ; wu =

1

Nt,uNdof,u
(17)

[BF ] =
1

γ2
f

[SF ]
T ({Fref} − {Fsim({p})})

[Bu] =
1

2σ2
[Su]

T [MDIC ] ({uref} − {usim({p})}) (18)

Weighted FEMU enables for the integration of heterogeneous data sources, namely,
force and displacement measurements into a unique cost function. Since it was chosen
to prescribe the same 1% variation on all parameters for the virtual tests, it was
decided to normalize the previous expressions by writing for each test i [30]

δp̂i =
pi
p0,i

[ŜF (t, i)] =
F(i)(t, {pi})− F(0)(t, {p0})

0.01γF

[Ŝu(t, i)] =
u(i)(t, {pi})− u(0)(t, {p0})

0.01
√
2σ

(19)

Equation (16) becomes(
wf [ĤF ] + wu[Ĥu]

)
{δp̂} = wf [B̂F ] + wu[B̂u] (20)

with [31]

[ĤF ] = [ŜF ]
T [ŜF ]

[Ĥu] = [Ŝu]
T [MDIC ][Ŝu] (21)

From Equation (20), it follows that the sensitivity of the parameters can be assessed

by analyzing the global Hessian matrix
(
wf [ĤF ] + wu[Ĥu]

)
. The following section

presents a detailed analysis of force-based and displacement-based Hessian matrices
to assess their respective sensitivities and determine whether both data types need to
be accounted for in the identification process.

4.3.3 Hessian Matrix analysis

Virtual testing allows for the a priori determination of the DIC Hessian matrix
[MDIC ], providing a more detailed understanding of [Ĥu] compared to traditional
sensitivity analysis, which would only use [Ŝu]. Specifically, Figure 11 presents the
eigenvalues of [MDIC ] for four different camera configurations. In the monoview setup
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(Camera 1), the matrix exhibits the lowest eigenvalues and poor conditioning, likely
due to difficulty determining displacements along the z-axis. Adding a new camera
(Cameras 1+4) significantly increases the eigenvalues for modes corresponding to the
nodes in the zoomed area but does not improve the final conditioning. In contrast, the
3D-DIC (Cameras 2+3) and M-DIC (Cameras 1+2+3+4) configurations show bet-
ter conditioning, even with noisy reference images, highlighting good stability. The
M-DIC configuration achieves the highest eigenvalues for all modes.
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Fig. 11: Eigenvalues of [MDIC ] for different camera configurations

The static Hessian matrix [ĤF ] is presented in Figure 12a, with absolute values
shown in decimal logarithms, along with their respective eigen decomposition, sorted in
descending order of eigenvalue magnitude. This matrix shows strong sensitivity to all
the parameters, with a relatively low condition number, close to 1.25, indicating a very
stable identification of the parameters. The analysis of the eigenvectors reveals many
correlations between parameters but suggests that it will be relatively easy to identify
each parameter individually (as seen in eigenvectors 2 to 6, where one parameter stands
out significantly). However, cfj remains an exception, as it is strongly correlated with
all the other parameters.

The same analysis is applied to the Hessian matrix related to displacement mea-
surements, focusing on the M-DIC configuration (Cameras 1+2+3+4) (Figure 12b).
It is interesting to observe different correlations between parameters, with each eigen-
parameter predominantly activating one original parameter. However, the eigenvalues
are significantly lower— at least 12 orders of magnitude smaller compared to the static
Hessian matrix - and negative. Additionally, it is noted that the conditioning is now
higher, equal to 5.19. These results suggest higher uncertainties and less stable identi-
fication in the identification process. Consequently, greater emphasis should be placed
on the force data.
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In order to validate the use of M-DIC for parameter identification, the previous
Hessian matrix can be compared with the one obtained after processing the measure-
ments from Cameras 2+3 (Figure 12c). It is notable that the correlations between the
parameters appear to be similar, but the eigenvalues are approximately half an order
of magnitude higher in the M-DIC configuration.

Moreover, considering the sensitivities to forces and displacements, the virtual tests
suggest that if both were coupled in the cost function, the calibration would primarily
be driven by the force data (Figure 12d). One possible expression for the global Hessian
matrix reads

[Ĥ] = wf [ĤF ] + wu[Ĥu] (22)
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(b) Normalized Hessian matrix [Ĥu] in decimal logarithm, associated with displacement
u measurements for Cameras 1+2+3+4 (left), along with its eigen decomposition (mid-
dle) and eigenvalues (right).
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Fig. 12: Comparison of normalized Hessian matrices and their eigen decompositions
for different data types and DIC configurations.26



In this scenario, all parameters can be identified essentially based on force mea-
surements, which was the goal of the virtual design phase. Otherwise, one could have
adjusted the testing approach to activate all the parameters. Multi-view image cor-
relation enhances the likelihood of accurately identifying parameters within a specific
region, even though the orders of magnitude remain lower than those observed for a
force-based Hessian matrix [31]. However, in the case of this study, M-DIC would not
be suitable to identify the model parameters. Nevertheless, the proposed approach
could be applicable when force and displacement data are combined within the FEMU
framework.

4.4 Uncertainty quantification

Another key aspect of this study is the a priori estimation of the uncertainties
associated with each parameter through FEMU. Since this method relies on displace-
ment measurements obtained via DIC, it inherently accounts for all uncertainties
within the measurement chain. By minimizing these uncertainties, the analysis subse-
quently guides the optimization of experimental parameters such as the speckle size.
Equation (16) reads

{δp} = [Hu]
−1[Bu]

T {δu} (23)

=
(
[Su]

T [MDIC ][Su]
)−1

[Su]
T [MDIC ]{δu} (24)

The covariance matrix of the displacement field, when noise is the primary source of
variability, is proportional to the inverse of the global DIC matrix [MDIC ] [33, 57–59]

[Cu] ≡ ⟨{δu} ⊗ {δu}⟩ = 2σ2[MDIC ]
−1 (25)

with σ2 defined as the variance of image acquisition noise (assumed to be Gaussian
and uncorrelated at the pixel scale). This value has been set in Blender as σ2 =
2 gray levels. Similarly, the covariance matrix of the parameters to be identified is
proportional to the inverse of the Hessian matrix

(
[Su]

T [MDIC ][Su]
)
[55]

[Cp] ≡ ⟨{δp} ⊗ {δp}⟩ = 2σ2
(
[Su]

T [MDIC ][Su]
)−1

(26)

where the diagonal terms provide the variance for each parameter individually, with
all other parameters held at their nominal values. The covariance matrix enables for
a comprehensive analysis of the overall uncertainty by considering the interactions
between all parameters [55]. The matrix [V] of eigenvectors and the diagonal matrix
[D] of eigenvalues are introduced

[Su]
T [MDIC ][Su] = [V]T [D][V] (27)
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The variance of the parameter pk is defined by [55]

σ2
pk

= 2σ2
∑
i

V 2
k,i

Di,i
(28)

This equation considers the fluctuations of all parameters, unlike simply selecting the

diagonal elements of
(
[Su]

T [MDIC ][Su]
)−1

, which assumes they are uncorrelated [55].
The results for both 3D-DIC (Cameras 2+3) and M-DIC displacement measurements
are presented in Table 6. The use of the M-DIC configuration helps reduce uncertainties
in the identification of the model parameters. The variance for each parameter is
not acceptable, which is consistent with the negative eigenvalues of [Ĥu]. The lowest
value corresponds to the parameter identifiable by the eigenvector associated with
the smallest eigenvalue (Figure 12b). In the case of a test with greater sensitivity
to displacement fields, this approach ensures that each parameter will be identifiable
in the final analysis. This method is used to optimize the speckle pattern but could
be applied to optimizing any experimental parameter that impacts the measurement
chain.

Table 6: Uncertainty quantifications for displacement measurements

Parameter Ej νj σt,j atra,j qp,j cf,j
Unit Pa / Pa kJ−1 ·m3 / /
Value 22× 109 0.19 8.4× 105 4× 10−3 6.5 2.89

σp (3D-DIC) 1.4× 1012 68 8.7× 107 5.7× 103 2.7× 104 9.3× 102

σp (M-DIC) 1.0× 1012 49 6.0× 107 4.1× 103 2.0× 104 6.9× 102

σp (d = 5mm) 9.8× 1011 46 5.6× 107 3.8× 103 1.8× 104 6.4× 102

σp (d = 2.5mm) 8.4× 1011 40 4.9× 107 3.3× 103 1.6× 104 5.6× 102

4.5 Speckle Optimization

Bossuyt [60] proposed theoretical insights into creating an optimal speckle pattern.
The present approach differs slightly. Its novelty lies in leveraging Blender and
BlenDIC to determine a speckle pattern that reduces uncertainties in parameter iden-
tification. This point is particularly interesting for specimens where the speckle pattern
can be directly printed. In the present case, perforated grids were selected with ”dots”
of a particular diameter d. Thus, one is interested in finding the value of d that mini-
mizes the measurement uncertainties. A basic script is used to generate realistic speckle
patterns in Blender. The pattern is slightly randomized regarding circle positions and
black intensity to simulate the variability observed when spraying black paint onto the
specimen through grids. They are then mapped onto the specimen surface (Figure 13).

At this step, it is not necessary to rerun the FE simulations, as the speckle pattern
only affects the Hessian matrix [MDIC ]. Therefore, it is sufficient to recalculate the
expressions for the kinematic Hessian matrices for each type of speckle pattern and
derive the associated parameter uncertainties.
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(a) d = 2.5mm (Camera 1) (b) d = 5mm (Camera 1)

(c) d = 2.5mm (Camera 4) (d) d = 5mm (Camera 4)

Fig. 13: Virtual images generated by BlenDIC with different sizes of speckle patterns
for two cameras. (a)-(b) correspond to Camera 1, and (c)-(d) to Camera 4.

By comparing the results for two speckle patterns with sizes 5 mm and 2.5 mm, it
is observed that the finer the speckle pattern, the more the measurement uncertainties
decrease. A coarse speckle pattern fails to capture finer phenomena. The measurement
uncertainties are reduced by approximately 15% between the two speckle sizes (Table
6).

The focus shifts to even finer speckle patterns (d = 1.25 mm or 0.5 mm) to inves-
tigate whether the reduction in uncertainties follows a monotonic trend. Figure 14
shows the change of the normalized variance of each parameter relative to the low-
est obtained variance. It is observed that the lowest variance for each parameter is
obtained for the same diameter (d = 2.5 mm). For patterns finer than this value, the
measurement uncertainty increases as the value of d decreases. This result suggests
that there is an optimal speckle size, estimated to be d = 2.5 mm, that minimizes the
uncertainties of the parameters identified using displacement measurements.
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Fig. 14: Evolution of the standard uncertainties σp for displacement measurements
as functions of speckle size

5 Conclusion

This study explored the potential of digital image correlation (DIC) in designing exper-
iments that may be complex due to factors such as the setup or the number of cameras.
A key strength of the proposed approach is that it is not dependent on the specific
test conducted. As such, it can be applied to the design of any experiment involv-
ing image correlation, particularly those requiring preliminary studies for parameter
identification.

Starting from a robust numerical model, which may differ from the one presented
in this study, the Design of Experiment (DOE) phase helps to better understand the
sensitivities to geometric parameters and select the combination most likely to produce
insightful results. The virtual design phase preceding the experiments enables a good
configuration of all elements in the virtual setup. In particular, for the cameras, each
one is positioned in space, as well as lighting. The ability to generate virtual and
realistic images using Blender made it possible to quantify measurement uncertainties
by accounting for the entire measurement chain.

The results highlighted the value of a multiscale and multiview system for reducing
displacement uncertainties in the region of interest monitored by the near-field camera,
particularly in this study, at the mortar joint where cracking is expected. Although
this approach requires a more complex experimental setup with a larger number of
cameras, virtual modelling of the experimental system enables the optimization of
camera placement and significantly reduces setup time.

The virtual tests combined with a comprehensive sensitivity analysis ensure that
the model parameters can be identified by coupling force and displacement mea-
surements. The results indicated a stronger sensitivity to force measurements in the
present case. However, the use of a multiview system enhanced parameter sensitivity
in the region of interest captured by the near-field camera and contributed to reduced
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uncertainties associated with each identified parameter. The influence of the speckle
pattern on the uncertainties in parameter identification was also demonstrated, along
with the ability to virtually test multiple patterns in order to select the one that min-
imizes the uncertainties. This optimal pattern may be printed or directly applied to
the specimen.

The success of the virtual design phase relies on selecting a model trustworthy
enough to replicate the expected behavior across different tests. Further research is
needed to compare the outcomes of the virtual testing strategy with those obtained
from a conventional experimental campaign to validate the overall approach. Future
work will also extend these findings by fully implementing the FEMU algorithm to
test convergence from different initial parameter sets to a unique — or not — final set.
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Appendix A Concyc Law

The mechanical behavior of the material is separated into contributions from the
matrix (modeled as a continuum medium with damage) and the crack, represented as
[43, 44]

σ = σm + σf (A1)

For the continuum medium, an isotropic damage model is applied to describe the
behavior of the matrix

σm = (1−D)C : ϵ (A2)

where D is the damage scalar, C the Hooke tensor, and ϵ the strain tensor. The
evolution of damage follows a Mazars-like failure criterion

D = 1− Y0

Ȳ
exp

(
−atra,j

κ
(Ȳ − Y0)

)
(A3)

(A4)

where Ȳ (σt,j) is the equivalent strain energy release rate, Y0(σt,j) is the initial dam-
age threshold, and κ is the parameter introduced to take into account the confining
pressure. For the cracks, the following assumption is made regarding the evolution of
σf

σ̇f = ϑ(ϵf , qp,j)C : ϵ̇f (A5)

ϑ = 1− 1

1 + exp
(
−qp,j

I1(ϵf )

I1(ϵ
f
max)

) (A6)

where ϑ(ϵf , qp,j) is a scalar depending on parameter qp,j . To model the frictional sliding
occurring at the crack surfaces, a perfect plasticity model with a Drucker–Prager
criterion is employed

φf =
√

J2 (σf ) + cf,jI1
(
σf

)
(A7)
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Appendix B Parametric analysis for designing the
specimen geometry

Figures B1a, B1b, B1c shows the results of the virtual tests that determined the effect
of each geometric parameter on the force-displacement curve. Figure B1d displays the
results of the four Taguchi test case simulations.

0.000 0.025 0.050 0.075 0.100
Displacement (mm)

0

10

20

30

40

Fo
rc

e 
(k

N
)

ej = 0.02
ej = 0.03

(a) Influence of the joint thickness.

0.000 0.025 0.050 0.075 0.100
Displacement (mm)

0

10

20

30

40

Fo
rc

e 
(k

N
)

lb = 0.3
lb = 0.4

(b) Influence of the block length.

0.000 0.025 0.050 0.075 0.100
Displacement (mm)

0

10

20

30

40

50

Fo
rc

e 
(k

N
)

e = 0.02
e = 0.03
e = 0.04

(c) Influence of the support positions.

0.000 0.025 0.050 0.075 0.100
Displacement (mm)

0

10

20

30

40

Fo
rc

e 
(k

N
)

Test 1
Test 2
Test 3
Test 4

(d) Taguchi test cases.

Fig. B1: Evolution of the force-displacement curve for different joint thicknesses (a),
block lengths (b), and support positions (c). Force-displacement curves for Taguchi
test cases (d).
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Appendix C Parametric analysis for FEMU
application

Table C1 shows the coefficient values required for each numerical simulation to per-
form a sensitivity analysis for the FEMU application. Starting with an initial set of
parameters {p0} (Test 0), additional simulations are conducted by increasing each
parameter value by 1% to determine its impact.

Table C1: Set of parameters for virtual test campaign

Parameter Ej νj σt,j atra,j qp,j cf,j
Unit Pa / Pa kJ−1 ·m3 / /
Value 22× 109 0.19 8.4× 105 4× 10−3 6.5 2.89
Test 0 1 1 1 1 1 1
Test 1 1.01 1 1 1 1 1
Test 2 1 1.01 1 1 1 1
Test 3 1 1 1.01 1 1 1
Test 4 1 1 1 1.01 1 1
Test 5 1 1 1 1 1.01 1
Test 6 1 1 1 1 1 1.01

For each simulation, the obtained force-displacement curve is compared to the
reference curve (Test 0). The results are displayed in Figure C2.
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Fig. C2: Comparison between the reference force-displacement curve and the curve
where the mentioned parameter has increased by 1%.
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Appendix D DIC application

The parameters of the M-DIC calculation are summarised in Table D2.

Table D2: DIC parameters for the virtual
shear test

Parameter M-DIC Configuration
DIC software Correli 3.0 [50]
Image filtering None
Element sizes 20 mm
Shape functions Linear (T3 elements)
Matching criterion Sum of squared differences
Interpolant Spline

The generation of noisy virtual images enables the quantification of measure-
ment uncertainties across different camera configurations. The results are presented
in Figure D3. Notably, the M-DIC configuration leads to a reduction in uncertainties
within the region where camera 4 provides a zoomed view.
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Fig. D3: Standard displacement uncertainty fields (in µm) associated with various
camera configurations. The dashed rectangle indicates the region of interest of Camera
4.
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López, Experimental analysis of masonry infilled frames using digital image
correlation. Materials and Structures 47(5), 873–884 (2014). https://doi.org/10.
1617/s11527-014-0330-6

36

https://doi.org/10.1016/j.autcon.2021.103606
https://doi.org/10.1016/j.autcon.2021.103606
https://doi.org/10.1016/j.conbuildmat.2020.120571
https://doi.org/10.1016/j.conbuildmat.2020.120571
https://doi.org/10.1016/j.conbuildmat.2020.119313
https://doi.org/10.1016/j.conbuildmat.2022.128356
https://doi.org/10.1016/j.conbuildmat.2020.118368
https://doi.org/10.1016/j.conbuildmat.2020.118368
https://doi.org/10.1016/j.conbuildmat.2023.132997
https://doi.org/10.1016/j.conbuildmat.2023.132997
https://doi.org/10.1617/s11527-014-0330-6
https://doi.org/10.1617/s11527-014-0330-6


[12] R. Ghorbani, F. Matta, M.A. Sutton, Full-field deformation measurement and
crack mapping on confined masonry walls using digital image correlation.
Experimental Mechanics 55, 227–243 (2015)

[13] V.F. Sciuti, R. Vargas, N. Guerrero, M.E. Marante, F. Hild, Digital image cor-
relation analyses of masonry infilled frame: Uncertainty-based mesh refinement
and damage quantification. Mathematics and Mechanics of Solids (2023)

[14] C. Allen, M.J. Masia, A.W. Page, M.C. Griffith, H. Derakhshan, N. Mojsilovic,
Experimental testing of unreinforced masonry walls with openings subject to cyclic
in-plane shear, in Proc., 16th Int. Brick & Block Masonry Conf. (IBMAC) (CRC
Press, 2016)

[15] P.A. Korswagen, M. Longo, E. Meulman, J.G. Rots, Crack initiation and propa-
gation in unreinforced masonry specimens subjected to repeated in-plane loading
during light damage. Bulletin of Earthquake Engineering 17, 4651–4687 (2019)

[16] European Committee for Standardization, En 1052-3: 2002; methods of test for
masonry—part 3: Determination of initial shear strength. Brussels, Belgium
(2002)

[17] S. Petry, K. Beyer, Cyclic test data of six unreinforced masonry walls with
different boundary conditions. Earthquake Spectra 31(4), 2459–2484 (2015)

[18] D. Raffard, P. Ienny, J.P. Henry, Displacement and strain fields at a stone/mortar
interface by digital image processing. Journal of Testing and Evaluation 29(2),
115–122 (2001)

[19] M.H. Shih, S.H. Tung, J.C. Kuo, W.P. Sung, The application of a digital image
correlation method for crack observation, in 8th International Conference on
Computational Structures Technology (CST 2006) (Civil-Comp Press, 2006)
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