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Abstract

Full-field data from Digital Image Correlation (DIC) provides rich information for finite element
analysis (FEA) validation. However, there are several inherent inconsistencies between FEA and DIC
data that must be rectified before meaningful, quantitative comparisons can be made, including: strain
formulations, coordinate systems, data locations, strain calculation algorithms, spatial resolutions, and
data filtering. In this paper, we investigate two full-field validation approaches: (1) the direct interpolation
approach, which addresses the first three inconsistencies by interpolating the quantity of interest from one
mesh to the other; and (2) the proposed DIC-leveling approach, which addresses all six inconsistencies
simultaneously by processing the FEA data through a stereo-DIC simulator to “level” the FEA data
to the DIC data in a regularization sense. Synthetic “experimental” DIC data was generated based
on a reference FEA of an exemplar test specimen. The direct interpolation approach was applied,
and significant strain errors were computed, even though there was no model form error, because the
filtering effect of the DIC engine was neglected. In contrast, the leveling approach provided accurate
validation results, with no strain error when no model form error was present. Next, model form error was
purposefully introduced via a mismatch of boundary conditions. With the direct interpolation approach,
the mismatch in boundary conditions was completely obfuscated, while with the leveling approach, it
was clearly observed. Finally, the “experimental” DIC data was purposefully misaligned slightly from
the FEA data. Both validation techniques suffered from the misalignment, thus motivating continued
efforts to develop a robust alignment process. In summary, direct interpolation is insufficient, and the
proposed leveling approach is required to ensure that the FEA and the DIC data have the same spatial
resolution and data filtering. Only after the FEA data has been “leveled” to the DIC data can meaningful,
quantitative error maps be computed.

Keywords: Verification and Validation (V&V); Finite-Element Analysis (FEA); Digital Image Correlation
(DIC); DIC-Leveling Approach

1 Introduction

Verification and validation (V&V) of finite-element analyses (FEA) is critical to building credibility and
confidence in model predictions for engineering design analysis. Specifically, verification is the process of
proving that the implemented model is accurately solving the governing equations for the model and that
the code driving the model is correctly implemented. Validation is the process of demonstrating that the
model is a valid representation of the physical system that is being simulated and can accurately predict the
quantities of interest in the system. Generally verification focuses on verifying the code written to solve the
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model and investigating the numerical sensitivities of the model (e.g. discretization errors, numerical solver
options, etc.); while validation focuses on determining and quantifying the influence of model physics and
inputs to the model [1].

In this article, we focus on one critical step to validation for solid mechanics FEA: comparing predictions
from FEA to experimental data. Historically, experimental data for validation studies was limited to either
global data (e.g. resultant applied force) or point data (e.g. strain gauges and thermocouples). Such
data, however, misses important details about local deformation. The resultant applied force, for instance,
could agree between the model and the experiment, but the model could fail to capture strain localization
accurately. This issue points towards the problem of model uniqueness, where several models or the same
model with different sets of parameters could provide the same global force, which is integrative information,
yet differ significantly by other metrics, such as local strain fields or evolution of internal state variables.
Additionally, the location of strain gauges and thermocouples are determined based on expected deformation,
but there is no guarantee that the maximum strain or temperature will occur in those locations. Alternatively,
photoelasticity provides full-field validation information [2–4], but requires either a coating applied to the
specimen or a 3D model constructed of a photoelastic material that is not representative of the actual
material.

The maturation of techniques for measuring full-field deformation of test pieces, such as Digital Image
Correlation (DIC) [5] or the grid method [6], have opened the door for richer experimental data for validation
studies. In this work, we focus on DIC data, but many of the discussion points and conclusions apply
also to data from the grid method. Qualitative comparisons of field data between FE simulations and
experimental DIC deformation data are simple and can provide valuable information to the design engineer
in the beginning stages of model development. Features such as location of strain localization and failure
can be readily observed with the field data, and the approximate location of these features can be compared
qualitatively to the FE predictions.

The real power of full-field experimental data, though, rests in quantitative comparisons, which allow the
design engineer to assess the quality of the FE model more precisely and reduce conservative margins. One
approach is to decompose the field data using a set of basis functions, and then compare the amplitudes of the
basis functions between the FE model and the experimental data [7–11]. An advantage of this method is that
the potentially-overwhelming amount of full-field data generated by DIC and FEA can be reduced to a more
manageable format. Additionally, by using only a finite number of basis functions, the decomposition serves
to filter high spatial frequency noise from the low spatial frequency signal of interest. However, determining
the number of basis functions to use is somewhat arbitrary, and significant discrepancies between the DIC
data and the FEA data in regions of high strain gradients could potentially be filtered along with the high-
frequency noise. Another shortcoming lies in the fact that the FE model and the DIC measurements will
have different spatial cut-off frequencies. Indeed, the number of finite elements can be increased at will
while the number of DIC data points is limited by the fixed camera spatial resolution. Therefore, differences
between FE and DIC data arising from differences in spatial convergence in areas of large gradients can be
falsely attributed to model errors. Finally, at a time when engineers have now embraced data-rich design
owing to the spectacular progress in computational capabilities, it is somewhat against this trend to seek to
reduce the experimental data richness down to a few indicators as in [7–9].

In this work, we focus on an alternative approach in which full-field error maps of quantities-of-interest,
such as strain, are computed. Before FEA and DIC data can be directly subtracted, however, there are
several inconsistencies that must be addressed, including different: coordinate systems, data locations, strain
formulation and calculation methods, spatial resolutions, and data filtering. A so-called direct interpolation
approach, whereby the FEA and experimental data point clouds are aligned via several interpolation steps,
can resolve some of these issues, but will generally fail with respect to the latter two inconsistencies, as will
be shown further on.

To address all these issues simultaneously, we present a holistic method that invokes a stereo-DIC sim-
ulator [12, 13]. The simulator uses the FE mesh and FE displacements from the surface of the model to
synthetically deform an image of a DIC speckle pattern. We call this process FEA-based synthetic image
deformation, or F-SID, and it is an extension of a 2D-DIC simulator previously implemented by Lava et
al. to investigate the influence of user-defined parameters on DIC results [14]. The synthetically deformed
images can then be processed through the DIC software using the same settings as for the experimental DIC
images. In this way, the FEA data is “leveled” to the DIC data, by ensuring that both sets of data have the
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same filtering, spatial resolution, and strain calculation method. We call this process “DIC-leveling”, and
the resultant data is referred to as “DIC-leveled FEA” data. Moreover, both DIC and FEA are through this
procedure subjected to the same calibration and triangulation process, directly expressing both data clouds
within the same coordinate frame and yielding coincident data point locations. Hereby, additional interpo-
lation steps can be omitted. Finally, since this approach involves a true DIC speckle pattern, many possible
error sources related to the pattern itself are naturally incorporated into the leveled FEA data. As such,
some image artifacts related to the pattern (e.g. aliasing, pattern defects) can be more easily disentangled
from true model issues.1

Similar to our approach, a stereo-DIC simulator has also been included in the validation loop when
comparing FEA data to global stereo-DIC data [15, 16]. One disadvantage of global-DIC, though, is that a
converged FE mesh may be too small to be used for global-DIC (for example, a refined mesh around a strain
concentrator). Additionally, strain computation and extraction to nodal locations depend on the element
type (e.g. shell versus solid), which may not be the same for both DIC measurements and FEA. Therefore,
for a meaningful comparison between experimental and FE results, the same type of leveling approach as
presented here would be needed. This is beyond the scope of the current work. Since the majority of
commercial DIC packages use local shape functions, it was decided to focus on local DIC here to maximize
the impact of the work.

This article compares the direct interpolation approach with the DIC-leveling approach using synthetic
“experimental” data generated from FEA. By using synthetic data with a known reference solution, the ac-
curacy of the validation procedures is evaluated independently of any unknown model form error that could
be present in actual experimental data. The paper is organized as follows. First, an overview of three differ-
ent field comparison procedures is presented, for direct interpolation, the DIC-leveling approach, and field
decomposition. Second, the method used to synthetically deform images according to FEA displacements
(F-SID) is summarized. Third, the exemplar case is presented, including the methods used to generate the
FEA and the synthetic “experimental” DIC data. Finally, full-field validation results are discussed in depth
for both the direct interpolation and the DIC-leveling approach, and effects of processing parameters, model
form error, and mesh alignment are all investigated. Overall, the methods described here facilitate quanti-
tative comparisons of field data, namely strain, between FE predictions and validation DIC measurements.
Details of these methods are critical for accurate validation results.

2 Field Comparison Procedures

Given two sets of full-field data, one from an FE analysis and one from an experiment (e.g. digial image
correlation data), the goal of these field comparison procedures is to produce quantitative, full-field error
maps for validation of the FE model. In this section, we present a synopsis of three different methods for
computing the error maps. The quantity of interest could be any field data, such as displacements, velocities,
accelerations, strains, strain rates, etc., but we focus on strain for demonstration purposes.

2.1 Method 1: Direct Interpolation + Direct Subtraction

Generally, quantitative comparisons between two 3D point clouds (e.g. FEA and experimental DIC results
on the surface of a specimen) require three important pre-processing steps to rectify major inconsistencies
between the two sets of data:

Strain formulations: Ensuring that the FEA data and the experimental DIC data have the same formula-
tion is trivial, as both analyses have the ability to compute the strain according to a desired formulation
(e.g. Green-Lagrange, Hencky). However, the default strain formulation is typically not the same for
each software. Therefore, it is critical that the FE analyst and the experimentalist communicate and
compare the same strain metric.

Coordinate systems: The default coordinate system for stereo-DIC data is typically related to the stereo-
system calibration parameters, and inherently is completely unrelated to the coordinate system used

1Other artifacts that may be present in the experimental images (e.g. saturated pixels coming from specular reflections) are
not currently taken into account explicitly, but are folded into the strain noise floor.
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in the FEA. A coordinate transformation is required to align the experimental DIC coordinate system
to that of the FEA or vice versa. This can be accomplished by registering one set of data to the second
set of data using common fiducials in each data set.

Data locations: The locations of data points in the DIC data is completely unrelated to the FEA mesh.
Data can be transferred from the DIC nodes to the FEA mesh or vice versa through interpolation. For
instance, the shape functions employed in a FEA can be used to interpolate nodal or elemental data
from the nodes or Gauss points to any arbitrary point within the element. Alternatively, a polynomial
could be fit around a local region and evaluated at any arbitrary point within the region. Both methods,
however, might introduce additional approximation error sources in bringing one map to the other.

Once the two sets of data use the same strain formulation, are in the same coordinate system and
are evaluated on the same mesh or at the same spatial locations, the quantities-of-interest can be directly
subtracted at each point in the data sets, producing full-field error maps. However, the primary aim of this
paper is to illustrate that this type of direct interpolation fails to rectify other important inconsistencies
between DIC and FEA data, namely different strain calculation methods, spatial resolutions, and data
filtering. This is highlighted in Sec. 2.2.

2.2 Method 2: DIC-Leveling Approach + Direct Subtraction

In addition to the strain formulation, coordinate system and mesh, there are several other key inconsistencies
between FEA and DIC data that we argue should also be rectified before computing full-field error maps:

Strain calculation algorithms: FEA uses shape functions of elements while DIC typically uses a poly-
nomial fit to a local region of data. These different strain calculation algorithms can lead to different
strain values, even if the underlying strain field is nominally the same.

Spatial resolutions: The spatial resolution of FEA depends on the mesh size, order of the shape function,
etc., and is adjustable at will, limited only by computing power. In contrast, the spatial resolution
for DIC depends on the pattern feature size, camera and lens resolution, step size, subset size, strain
window, etc., and is often physically limited by camera and lens hardware and the ability to create an
appropriately sized pattern.

Data filtering: DIC processing is a type of low-pass filter that may underestimate sharp displacement
and/or strain gradients and that filters high spatial-frequency noise. Ignoring this filtering effect can
lead to incorrect strain errors when comparing DIC data to FEA, as will be shown in this article.

We propose a second approach to quantitative comparisons of full-field data (e.g. strain), which addresses
the issues of different strain calculation methods, spatial resolutions, and data filtering that are embedded in
the direct interpolation approach. The key to this DIC-leveling approach is to process the FE data through
the same DIC machinery as the experimental data, so that the FEA data is “leveled” to the DIC data
from a regularization perspective. This is achieved by using the FEA-based synthetic image deformation
(F-SID) procedure that is described in Sec. 3 to produce synthetically-deformed DIC images based on the
nodal displacements from the FE model. These synthetically-deformed images are then processed using the
same DIC software and DIC user-defined parameters as were used for the experimental data. The leveling
approach is outlined in the flow chart in Fig. 1. The complete process is fully implemented in the FE
Deformation Module (to synthetically deform the images) and the FE Validation Module (to processes the
synthetically deformed images and compute strain error maps) in MatchID.

This leveling process serves to apply the same filtering to both the FE displacements and the DIC
displacements (through the DIC-simulator), to ensure that the same definition of strain was used for both
sets of data, and to address the issue of differing spatial resolution since the spatial derivatives were computed
over the same length scale in each set of data. Moreover, identical regions of interest and initial subset
locations are imposed on both the experimental and synthetic reference image, hereby naturally answering
the data locations question avoiding additional interpolation steps. With the differences in data processing
between the two sets of data rectified, the quantitative validation has improved accuracy compared to the
direct interpolation method, as discussed in Sec. 5.
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Finite Element Analysis Experimental DIC Images
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Estimate errors of
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Figure 1: Flow chart demonstrating the main steps in the DIC-leveling approach to compute
full-field error validation maps.

One could argue that the generation of full-field error maps through the synthetic image deformation
procedure might be computationally expensive. The implemented algorithms in MatchID, however, are
highly parallelized and optimized. As a reference, with a 2.2 Ghz QuadCore with 8 GB DDR2, the following
computation times have been observed: for a 5 MPx image (2592 × 1944 px) with a mesh density of
4 × 4 pixels (and accordingly approximately 30k elements), one pair of stereo images takes approximately
2.7 secs. The numerical deformation does not exponentially scale with the image dimensions, nor with the
mesh density. Accordingly, this is very minor in view of the large computational times sometimes involved
in running the FE simulation itself.

2.3 Method 3: Field Decomposition

A third approach to comparing field data is to decompose the data into different mode shapes with associated
amplitudes by projecting the data onto a set of basis functions [7–11]. While this approach is not explored in
depth in the current article, we present a brief discussion on it. Like the direct interpolation method (Sec. 2.1),
the quantity of interest (e.g. strain) is computed independently in the FEA and in the experimental DIC data,
and each set of field data is fitted to the basis functions separately. Thus, the decomposition technique, in its
most straight-forward application, suffers from the same discrepancies regarding different strain calculation
algorithms and spatial resolutions. Examples of false positives and false negatives generated from this
approach were exhibited in [17]. Earlier works [7–9] used Zernike, Tchebichef, or Krawtchouk polynomials,
restricting the region-of-interest to be rectangular or circular, a strong limitation of the technique. More
recently, Alpert wavelets have been applied for the decomposition [10, 11], which allows the method to be
generalized to any arbitrary geometry. As with the DIC-leveling approach (Sec. 2.2), the synthetic image
deformation technique (Sec. 3) could be used to level the FEA field data to the experimental DIC data first.
Then, the two sets of field data, which now have the same spatial resolution, can be decomposed onto the
basis functions. By including the DIC-simulator in the loop, a more fair comparison is obtained. A thorough
investigation of the effect of the DIC-simulator on the field decomposition process is reserved for a future
study.
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3 FEA-Based Synthetic Image Deformation (F-SID)

An integral concept to the DIC-leveling approach for comparison of field data is the generation of synthetically
deformed speckle images for DIC, based on FEA nodal information, which we call F-SID. The image defor-
mation procedure is detailed in [18], while the extension to stereo-DIC is reported in [12]. The stereo-DIC
simulator has been implemented in the FE Deformation module of the commercial software MatchID. F-SID
is a subset of other synthetic image deformation techniques based on, for example, analytical expressions
[19, 20].

Here, we briefly repeat the basic underlying principles, which are shown in Fig. 2. First, a finite-element
simulation is performed yielding a mesh with corresponding nodal locations in the reference (unloaded)
configuration. This mesh is then aligned with and imposed onto an image of a DIC pattern captured by the
left stereo DIC camera (annotated camera 0). Various deformed configurations generated by the FEA solver
generate then nodal displacements that can be invoked to retrieve grey values at non-integer pixel locations:
(x+ u, y + v), with (u, v) determined from the shape functions of the element the pixel belongs to. Next, a
set of intrinsic and extrinsic camera parameters — as derived in a true experiment — project the FEA nodal
locations from the camera 0 sensor plane to the sensor plane of camera 1, yielding grey values at non-integer
pixel locations (x + u + q, y + v + r), with (q, r) the additional projection displacements. For both camera
0 and camera 1, eventual lens distortions can be taken into account, additionally displacing the grey level
locations according to the underlying distortion model.

Figure 2: Illustration of the procedure used to synthetically deform images of a DIC pattern
according to FEA displacement data.

The actual numerical images with grey values at integer pixel locations are then constructed based on
these non-integer pixel location maps. To that purpose, finite element mapping functions based on Lagrange
polynomials are adopted. As such, this image deformation methodology only involves one interpolation
step [12]. Moreover, since this is a reverse mapping scheme, the Lagrangian nature of DIC is naturally
guaranteed [21]. Additionally, the deformation process can be adopted with a high-resolution image followed
by a subsampling procedure, as illustrated in [18]. Accordingly, possible bias errors related to this image
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deformation process are reduced to a maximal extent. In the end, the error introduced to the underlying
FEA data through the synthetic image deformation process is typically less than 0.005 pixel [18], which is
well below the typical noise floor of ca. 0.01 pixel of a well-controlled DIC measurement in the laboratory.
Given these considerations, the synthetically-deformed images encode nearly exactly the underlying FEA.
These images may serve a variety of purposes, such as exploring the effects of user-defined parameters in
the DIC software [14], optimizing the choice of DIC parameters for material identification [18, 22–24], or
designing new test configurations [25]. Here, we focus on using F-SID as one step of the DIC-leveling process
for FEA validation studies.

4 Studied Case

The test specimen investigated to demonstrate the different field comparison procedures was a cover plate
of a pressure vessel, shown in Fig. 3. The cover plate had a diameter of 100 mm, thickness of 1 mm, with a
central tube connector of 10 mm diameter. It was clamped via bolt connections along the plate circumference
and pressurized on the back side to 10 MPa. Both the bolts and the central tube connection resulted in local
strain concentrations.

Figure 3: Geometry and loading of the pressure vessel cover.

Three sets of data were generated for this test specimen: (1) computational simulation data directly from
FEA, which is used for the direct interpolation approach, (2) DIC-leveled FEA data, which is the original
FEA data leveled to the experimental DIC data through a DIC simulator, used for the leveling approach
and (3) synthetic “experimental” DIC data, based on the FEA, but treated as though it came from an
actual experiment in the laboratory. By creating synthetic “experimental” data, with a known reference
solution from the underlying FEA, different aspects of the validation process can be objectively evaluated,
independent of unknown model form error that may occur with actual experimental data. Fig. 4 presents
an overview of the steps used to generate the three sets of data, and details on the methods are described
below.

The commercial software Abaqus was used to simulate the deformations of this component in 3D. S4R
elements were adopted with hourglass control. The elements had approximate dimensions of 0.2 × 0.2 mm,
resulting in converged displacements at the nodal locations and strain fields at the Gauss points. The
benchmark model parameters assumed for isotropic linear hardening are presented in Table 1. This FEA is
the input for all three sets of data, as shown at the top of the flowchart in Fig. 4.

In step 1, the nodal locations (X,Y,Z) and the nodal displacements (U,V,W) from the FEA were exported
from Abaqus. Note that in typical validation studies using the direct interpolation approach to compare full-
field strain data, the strains computed in FEA at the Gauss points of the elements would also be exported
from the FEA software. However, instead of using the strains computed in Abaqus, we recomputed the
strains from the displacements, as described in step 7.

In step 2, the FEA mesh was imposed onto an image of a DIC pattern corresponding to Camera 0, or the
left camera, as shown in Fig. 5. This reference speckle pattern was numerically created with image resolution
of 1624 × 1234 pixels. The reference speckle pattern had a minimum speckle sampling of 3 pixels, to ensure
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FEA

1.  Export nodal locations (X,Y,Z) and nodal displacements 

(U,V,W).

2.  Impose FEA mesh onto an image of a DIC pattern 

corresponding to Camera 0.

7.  Compute strains using a 

3x3 kernel.

➢ VSG size of 3 pixels

➢ Noise-free strains

7.  Compute strains using MatchID software.

➢ Variable VSG size determined by DIC parameters

6.  Add white Gaussian 

noise to the images.

5.  Numerically deform images of Camera 0 and Camera 1 

according to FEA displacements and stereo-camera 

calibration using the FE Deformation tool in MatchID.

4.  Project mesh and interpolated displacements onto the 

image of the DIC pattern corresponding to Camera 1 using 

the stereo-camera calibration parameters.

Pure FEA Data

DIC-Leveled 

FEA Data
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“Experimental” DIC Data
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3.  Interpolate the nodal locations and displacements using 

FEA shape functions and evaluate at every (x,y) pixel 

location in Camera 0.

Figure 4: Overview of the steps used to generate FEA strain data, DIC-leveled FEA strain
data, and synthetic “experimental” DIC strain data.
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Table 1: Benchmark FE model parameters for the studied case.

Parameter Value
Young’s modulus 210 GPa

Poisson’s ratio 0.3
Yield stress 500 MPa

Hardening modulus 3 GPa
Loading pressure 10 MPa

that the speckles were not aliased [26]. In typical validation studies, the FEA mesh would be aligned on
the actual experimental DIC images of the test specimen, opposed to a numerically-generated image. This
registration step would be accomplished through the use of fiducials present in both sets of data, or based
on aligning the sample geometry represented in each set of data, and correct alignment of the FEA mesh
with the experimental DIC images would be crucial at this point in the process. However, for the present
study, we guarantee perfect alignment as described later. Therefore, at this point, the FEA mesh is simply
centered on the DIC image.

Figure 5: FEA mesh imposed onto a DIC pattern image.

In step 3, the FEA shape functions are used to interpolate the nodal locations (X,Y,Z) and the nodal
displacements (U,V,W) onto every pixel location (x,y) of the Camera 0 image. Similar to step 1, for typical
validation studies using the direct interpolation approach, the strains, rather than the displacements, would
be interpolated onto the pixel locations. However, in the current study using synthetic data, we only need
to interpolate the displacements as we will recompute the FEA strains. These first three steps are common
to the FEA data, the DIC-leveled FEA data, and the synthetic “experimental” DIC data.

In step 4, for the DIC-leveled FEA data and the synthetic “experimental” DIC data, the FEA mesh and
interpolated displacements were projected from the Camera 0 image to the Camera 1 image using stereo-
camera calibration parameters from a representative, standard stereo-DIC setup with a 50 mm focal-length
lens. These parameters are summarized in Table 2, where cx and cy are the calibrated coordinates of the
center of the camera detector, fx and fy are the calibrated focal length of the lens along two directions, fs is
the skewing factor of the sensor array, κ1 is the first-order lens distortion parameter, θ, φ, and ψ represent
the angle of the two cameras with respect to each other about three axes, and Tx, Ty, and Tz represent the
distance between the two cameras in three directions.

Table 2: Calibration parameters for the stereo-vision system for the studied.

Intrinsic Camera 0 Camera 1 Extrinsic

cx (pixels) 812 812 θ (o) 0
cy (pixels) 617 617 φ (o) 20
fx (pixels) 12000 12000 ψ (o) 0
fy (pixels) 12000 12000 Tx (mm) -552.71
fs (pixels) 0 0 Ty (mm) 0
κ1 -0.4 -0.5 Tz (mm) -53.33

9



In step 5, the reference speckle image, calibration parameters, and the nodal displacements from the FEA
were all input into the FE Deformation module in the commercial software MatchID, which implements the
synthetic image deformation procedure. The module synthetically deformed the reference image according
to the FEA data, yielding images for both stereo cameras and for each load step in the FEA.

In step 6, for the synthetic “experimental” DIC data, grey level noise was added to the images to make the
simulation more realistic. A simplified camera noise model, namely white (homoscedastic) Gaussian noise
with a standard deviation of 0.5% of the camera dynamic range, was used, which is typical for a high-quality
CCD sensor. The heteroscedastic noise profile of the camera to be used for DIC measurements could be
evaluated experimentally, but this level of fidelity was not necessary for the present work. Note that this
camera noise was only added to the synthetic “experimental” DIC images; for the DIC-leveled FEA data,
no noise was added.

Table 3: Stereo-DIC settings used for the synthetic “experimental” DIC data and the DIC-
leveled FEA data.

Field-of-View 100 mm2

Image Scale 8 px/mm

DIC Software MatchID
Image Pre-Filtering Gaussian, 5 px kernel
Subset Size 21 pixels
Step Size 3 pixels
Correlation Criterion Zero-normalized sum of square differences (ZNSSD)
Interpolant Bicubic spline
Subset Shape Function Affine
Strain Shape Function Polynomial bilinear
Strain Convention Log. Euler-Almansi

Finally, in step 7, the strains were computed for all three sets of data. For the DIC-leveled FEA data
and the synthetic “experimental” DIC data, the DIC images were processed and strains were computed in
MatchID with the settings shown in Table 3. For the pure FEA data, there are two possible methods for
computing strains. In the first method, the strains computed natively in Abaqus are reported at the Gauss
points of the elements. To compare the pure FEA data to the DIC-leveled FEA data and “experimental” data,
it is imperative that strains are reported at coincident (X,Y, Z) locations for all three sets of data. Therefore,
the pure FEA strains must be transferred from the Gauss points to pixel locations where the DIC-leveled
FEA data and “experimental” DIC data are reported, using a polynomial or spline interpolation kernel. A
second approach to calculating the pure FEA strains, which also guarantees that the strains are reported
at the same (X,Y, Z) locations for all three sets of data, is to use a two-dimensional central difference
interpolation of the pure FEA displacements that were previously interpolated to pixel locations in step 3.
Both methodologies yield a marginal amount of smoothing, of comparable magnitude, on the final strain
results. In this work, we adopted the latter technique, which results in the FEA strains being calculated over
a 3 × 3 pixel2 area, and reported at pixel locations in the image. Even though these strains were computed
outside of Abaqus, they are used as a direct proxy for the pure FEA strains.

At the end of this process, three sets of full-field strain data were generated: (1) pure FEA strains, which
were noise-free, and had a virtual strain gauge (VSG) size of 3 pixels; (2) DIC-leveled FEA strains, which
were also nearly noise free,2 but which had a VSG size determined by the DIC processing parameters; and
(3) synthetic “experimental” DIC strains, with typical camera noise included, and which also had a VSG
size determined by the DIC processing parameters. Here, we define the VSG size to be equal to the area of
the image that is used to calculate the strain at a single location. For the synthetic “experimental” strains
and the DIC-leveled FEA strains, the VSG size is given by Eqn. 1, where LV SG is the size of the VSG in
pixels, Lstep is the step size in pixels, Lsubset is the subset size in pixels, and Lwindow is the strain window
in data points [26, 27].

2The DIC-leveled FEA strains do contain some noise due to interpolation in the F-SID process and imperfections in the
matching process in the DIC engine [18]. However, camera noise is a dominant source of noise in experimental DIC measure-
ments, and thus the DIC-leveled FEA strains are considered nearly noise-free compared to the “experimental” DIC strains.
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LV SG = (Lwindow − 1)Lstep + Lsubset (1)

All sets of strain data were evaluated at pixel locations in the reference Camera 0 image: the pure FEA
strains were evaluated at every pixel, and the DIC-leveled FEA strains and the “experimental” DIC strains
were evaluated at a downsampled number of pixels based on the step size. Additionally, the exact same
mesh alignment was used for all sets of strains in step 2. These two considerations result in a natural and
inherent alignment of the three sets of data. This exact alignment is critical for the current study, to ensure
that misalignment issues do not obfuscate the comparison of the direct interpolation approach and the DIC-
leveling approach. We stress that the process described here to ensure alignment is typically not applicable
to real experimental data. Effects on the validation results caused by misalignment are discussed in Sec. 5.4.

For the direct interpolation comparison method (Sec. 2.1), the strain error maps were computed directly
by subtracting the pure FEA strains from the “experimental” DIC strains. For the DIC-leveling approach
(Sec. 2.2), the strain error maps were computed by subtracting the DIC-leveled FEA strains from the
“experimental” DIC strains.

5 Results and Discussion

Using the FEA data and the synthetic “experimental” data, we performed validation studies using either
the direct interpolation method (Sec. 2.1) or the DIC-leveling approach (Sec. 2.2). Here, we present the
results and discuss the merits and drawbacks of each approach. For demonstration purposes, the comparison
is performed on the first principal strain as the quantity of interest, since strain captures details of the
material behavior for this particular example. However, the comparison process is general for any field
quantity-of-interest, such as displacements, velocities, accelerations, strains or strain rates.

5.1 Strain Resolution and Noise Floor

Both the DIC-leveled FEA images and the synthetic “experimental” DIC images were processed using three
different virtual strain gauge (VSG) sizes. As mentioned previously, the DIC-leveled FEA data is considered
to be noise free, since no camera noise was added to the synthetic images. The strain resolution of the
“experimental” DIC data was evaluated from the correlation of two static images, each containing its own
independent copy of white noise, and is presented in Table 4. As expected, the resolution decreases (improves)
with increasing VSG size, as the larger VSGs filter out more of the random noise.

In all the results presented in the following sections, both the absolute strain error as well as the strain
error normalized by the “experimental” strain resolution (Table 4) are shown. The normalized strain error
maps were thresholded, so that all errors greater than 4.2 times the “experimental” strain resolution are
colored red to indicate a meaningful error and thus negative validation; all errors smaller than 4.2 times
the “experimental” strain resolution are colored as a multiple of the strain resolution and represent non-
significant error and positive validation. The threshold value of 4.2 is selected in view of the number of data
points (≈ 40k), hereby guaranteeing a 99.9% confidence margin.

Table 4: Strain resolution for different virtual strain gauge (VSG) sizes for the synthetic
“experimental” DIC data.

VSG Size Strain Resolution
27 px (3.3 mm) 376 µm/m
51 px (6.4 mm) 107 µm/m
93 px (11.6 mm) 32 µm/m

5.2 Direct Interpolation versus the DIC Leveling Approach

Fig. 6 presents the pure FEA major principal strain and the “experimental” DIC major principle strain
computed using the three different VSG sizes. Additionally, the strain error maps were computed via direct
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interpolation plus direct subtraction (Sec. 2.1). Recall that the synthetic “experimental” data encoded the
exact FEA displacements. Therefore, one expects that this trivial validation study would show a positive
validation (i.e. zero strain error), since there is no model error. Instead, we observe misleading negative
validation results, which suggest that the “experimental” data does not agree with the FEA. Specifically,
large strain errors occur near all the bolt holes where the strain gradients are large. These false errors are
caused by the “experimental” DIC strains having lower spatial resolution than the FEA strains, leading to
an underestimation of the peak strain in the “experimental” DIC data compared to the true strain values in
the FEA data.

Figure 6: False negative validation results when the synthetic “experimental” DIC data is
compared to the pure FEA results using direct interpolation, without taking into account the
different spatial resolutions of the two sets of data and the low-pass filter effect of the DIC
machinery.

Moreover, the validation results are dependent on the VSG size used in the DIC processing. Interestingly,
the DIC parameters that provided the most correct validation (VSG size of 27 px), also resulted in the largest
levels of random error or the highest resolution (Table 4). The temptation is often to produce smooth results,
so that the experimental data “looks like” the FE data. However, in the case presented here, the systematic
error dramatically increases when the “experimental” data is over-smoothed. The presence of this systematic
error is often ignored, as it cannot be easily approached without modeling. It is a case of type 2 error as per
the GUM [28].

Fig. 7 presents the DIC-leveled FEA strain (from the FE data processed through the DIC engine) and

12



the “experimental” DIC strain. Additionally, the strain error maps are shown, where the strain error was
computed using the leveling approach plus direct subtraction described in Sec. 2.2. From the contours of
the strain fields, we observe that both the DIC-leveled FEA strain and the “experimental” strain fields have
the same filtering applied as the VSG size increases. Despite this change in filtering, the validation maps
all show predominant agreement between the “experimental” data and the DIC-leveled FEA data.3 Thus,
the FE model is correctly validated. This result is in direct opposition to the false negative validation result
shown in Fig. 6, when the direct interpolation strain comparison method was used.

Figure 7: Accurate validation results, that are insensitive to the VSG and other DIC machinery
filtering, when the FEA data is processed through the DIC machinery, and the synthetic
“experimental” DIC data is compared to the DIC-leveled FEA data.

3The small areas of the sample that contain errors higher than 4.2 times the strain resolution (colored red in the thresholded
strain error contours in Fig. 7) indicate that a more realistic estimation of the noise threshold needs to be established. That is,
the strain resolution computed from two static images represents a lower bound of the actual noise floor, since it probes only
effects of random camera noise and neglects effects of bias errors. In the current work with synthetic “experimental” images,
the main bias error that is neglected is interpolation bias from the subset interpolant. In actual experimental images, other
biases may exist, such as uncorrected lens distortions, heat waves, and equipment vibrations, to name a few. To evaluate the
strain resolution more profoundly and accurately, one can rigidly translate and rotate the specimen within the field-of-view and
depth-of-field of the two cameras, and compute the mean and standard deviation of the strains calculated from these rigid-
body-motions. A full determination of the exact noise floor, however, is a cumbersome and intense uncertainty quantification
process that is beyond the scope of this work and is subject to further research (see for example [29]).
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These results highlight the fundamental issue with directly comparing FEA strains and DIC strains.
Namely, the DIC engine acts as a low-pass filter, reducing strains in localized regions of high strain gradients.
If this filtering is not accounted for in the FEA strain data, an apparent model error is found during the
validation studies, even when no model error is present. This result could lead an analyst to incorrectly
conclude there is an issue with the FEA. However, when the leveling approach is used, the same filtering
is applied to both the experimental and the FEA data, and no false errors are computed. This allows an
analyst to draw correct conclusions regarding the validity of the FEA.

5.3 Effect of Model Form Error

In general, the main goal of performing a validation study is to elucidate if there is any model form error in
the FEA. There are several sources of potential model form error, including inaccurate material model form,
inaccurate material model parameter values, incorrect boundary conditions, low-fidelity model geometry, and
non-converged FE mesh size, to name a few. Here, we examine the effects of model form error on the full-field
strain maps by introducing a boundary condition mismatch between the FEA and the “experimental” data.
This represents an all-too-common situation, in which idealized boundary conditions are applied to a finite-
element model, but in reality, experimental boundary conditions in the laboratory are not ideal. Even a
small mismatch in boundary conditions can dominate the full-field error maps generated during a validation
study. To demonstrate this concept, we recreated the synthetic “experimental” DIC data, this time allowing
one of the bolts to move 0.1 mm instead of constraining it fully in the base FEA. This process mimics
experimental conditions when one bolt is not fully torqued. We then compare these “experimental” results
with the loose bolt to the FE results with ideal boundary conditions (i.e. with all bolts fully constrained).

Fig. 8 shows the absolute and thresholded strain error maps, computed with either the direct interpolation
approach or the DIC-leveling approach. Three different VSG sizes were used for the “experimental” and
DIC-leveled FEA data. When the direct interpolation approach is used, the strain error maps are nearly
axisymmetric, in both the absolute and thresholded maps. There is no obvious effect of one bolt having
incorrect boundary conditions in the “experimental” data. Instead, the error maps are dominated simply
by neglecting the filtering effect of the DIC machinery, and the error maps are nearly identical to those
presented in Fig. 6, which had correct boundary conditions. Thus, if the direct interpolation approach is
used, the error maps would not be useful in helping the analyst to determine the cause of the discrepancy
between the model and the experiment.

In contrast, when the DIC-leveling approach is used, the absolute strain error near the loose bolt (marked
by the arrow) is higher than the error in the rest of the specimen, and this holds for all three VSG sizes.
Similarly, the thresholded strain error also shows the most error near the loose bolt. These results clearly
indicate that there is a localized discrepancy between the model and the “experiment”. This type of infor-
mation is useful for the analyst to understand the cause of the discrepancy in an effort to improve the FE
model.

One interesting note is that the thresholded error maps from the DIC-leveling approach here are no
longer independent of the VSG size as they were in Fig. 7, which had correct boundary conditions. Instead,
the larger the VSG, the more contaminating the effect of the loose bolt; the smaller the VSG, the more
isolated the effect. Indeed, a small VSG will treat possible error sources more locally, whereas a larger
VSG will result in a more global effect. Additionally, this dependency is related to the fact that we are
thresholding the error maps based on the “experimental” strain resolution or noise floor (see Table 4). In
the case of the synthetic “experimental” data used here, the noise floor is driven primarily by image noise; in
actual DIC measurements in the laboratory, the noise floor could additionally include effects of vibrations,
lighting fluctuations, heterogeneous index of refraction changes, to name a few. If there is a large bias
error caused by something not accounted for in the noise floor, then thresholding by the noise floor will
not give identical results for all VSGs. While we have demonstrated this result in the case of a bias error
caused by incorrect boundary conditions, we believe a similar result would be obtained with any model form
error, such as assuming an isotropic model when the material is actually anisotropic, or neglecting rate- or
temperature-effects when the material is actually rate- or temperature-dependent. Despite the dependence
of the thresholded error map on the VSG, the error maps still clearly indicate a localized error around the
loose bolt, in contrast to the error maps obtained with the direct interpolation method.
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Figure 8: Effect of incorrect experimental boundary conditions on full-field strain error maps,
computed with either the direct interpolation approach or the leveling approach, for three
different VSG sizes. The arrows mark the bolt in the top-left that was not fully constrained.

5.4 Effect of Misalignment

In the generation of the synthetic data used in the current study, great care was taken to ensure that the pure
FEA data, the DIC-leveled FEA data, and the synthetic “experimental” DIC data were all perfectly aligned,
as described in Sec. 4. With actual experimental data, however, such exact alignment cannot be guaranteed.
Therefore, we explore here the effect of misalignment on the strain error maps. For demonstration purposes,
the pure FEA and the DIC-leveled FEA data were translated by 3 px to the right and 3 px down with
respect to the “experimental” data, for a total misalignment of 4.2 px radially at a 45o angle. Given an
image scale of approximately 8 px/mm (Table 3), this misalignment corresponds to 0.52 mm, less than 1% of
the diameter of the pressure vessel cover. This level of precision is reasonable for actual experimental data.

Fig. 9 presents the absolute and thresholded strain error maps for both the direct interpolation approach
and the DIC-leveling approach when FEA and “experimental” data are misaligned. A VSG of 27 px was
used for both the “experimental” and the DIC-leveled FEA data. Even such a small misalignment has
surprisingly large effects on the strain error maps. Most noticeably, there is little difference between the
direct interpolation and the leveling approaches, when the data is misaligned. For both approaches, the
absolute strain error is in excess of 2% near the holes, and approximately 22–24% of the specimen area
has error above 4.2 times the strain resolution. Thus we see that while the leveling approach is able to
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disentangle relevant strain errors due to model form error (e.g. incorrect boundary conditions) from false
errors due to different filtering, it is not immune to false errors due to misalignment.

Figure 9: Strain error maps when the FEA data is misaligned with the “experimental” data.
A VSG of 27 px was used for both the “experimental” and the leveled FE-DIC data.

Quantifying the magnitude of the strain errors caused by misalignment is difficult to do in a general way,
but it is a combination of the spatial resolution of the DIC measurements and the spatial resolution of the
strain features of interest. That is, misalignment has the largest effects in regions where there are sharp
strain gradients in the specimen, such as near the holes in this example, while exact alignment is less critical
if the strain gradients are small, such as in the interior of the specimen in this example. Knowing this, if
evaluating sharp strain gradients were the main objective of a validation study, the experimental setup could
be tuned to optimize the spatial resolution of the DIC measurements, by selecting a smaller field-of-view
focused only on the region of the sample of high gradients. This magnification would reduce the strain
gradient in terms of strain per pixel, making the validation studies less sensitive to misalignment errors of
a few pixels magnitude. The increased magnification would also improve the spatial resolution of the DIC
measurements, reducing the leveling effect of the DIC engine; a disadvantage, though, is the reduced field of
view.

A second approach to improving alignment would be to first use DIC to measure the shape of the physical
specimen. Then, one could create the FE geometry based on the DIC shape measurements. This process
would inherently guarantee alignment between the FEA and the DIC data. Moreover, it would account
for geometric imperfections in the as-built specimen, eliminating one possible source of model form error.
However, disadvantages include the requirement to measure the entire specimen geometry (opposed to a
select region-of-interest of the specimen), and the added complexity of the simulation workflow. In general,
we believe that alignment between the FEA data and the experimental DIC data remains one of the key
issues when generating full-field error maps for validation, and warrants further study to develop robust and
precise methods of alignment.

6 Conclusions

This paper presents a thorough investigation of two different methods used to compute full-field error maps
between experimental DIC data and FEA data, the so-called direct interpolation approach and the DIC-
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leveling approach. While the two full-field validation approaches can be applied to any quantity-of-interest,
we focused here on strain for demonstration purposes. With the direct interpolation approach, the strain
is computed independently in either the FEA or the DIC software, on two independent grids or meshes.
The data is then transferred from one mesh to the other using an interpolation scheme, and error maps
are generated by subtracting the data on a point-by-point basis. While this method serves to place the
two sets of data in the same coordinate system and on the same mesh, it fails to rectify several other
important inconsistencies between the two sets of data, including different strain calculation algorithms,
spatial resolutions and data filtering. To address these issues, we propose the DIC-leveling approach, in
which the FEA data is processed through a DIC simulator, thereby leveling the FEA data to the DIC data
in a regularization sense, and ensuring that both sets of data employ the same strain calculation algorithm
and have the same spatial resolution and filtering.

To compare and contrast the two approaches systematically, an exemplar test case was chosen, of the
cover plate of a pressure vessel. Bolt holes around the circumference of the cover plate and a connecter at the
center induced stress concentrations, providing interesting features for the validation study. A reference FE
analysis was created of the test specimen in Abaqus, and then a set of synthetically-deformed DIC images
was generated using a stereo-DIC simulator in MatchID. We call the FEA-based synthetic image deformation
process F-SID.

The images generated from F-SID served two purposes in this work. First, white Gaussian noise was
added to the images to mimic image noise from an actual DIC measurement. These images were then treated
as if they came from an actual experiment in the laboratory. Because these synthetic “experimental” images
were derived from the reference FEA, though, they had no model form error. Second, the noise-free images
were processed through a DIC engine to create DIC-leveled FEA data. This DIC-leveled FEA data was a
convolution of the original FEA data and the filtering imposed by the DIC engine. In the end, three sets
of full-field strain data were derived from the reference FEA: (1) Pure FEA strains, computed directly from
the displacements exported from the FEA software; these strains were noise-free and had a virtual strain
gauge (VSG) size of 3 pixels. (2) DIC-leveled FEA strains, computed from the noise-free F-SID images;
these strains were also nearly noise free, but had a VSG size determined by the DIC processing parameters.
(3) Synthetic “experimental” DIC strains, computed from the noisy F-SID images; these strains had noise
typical of experiments, and also had a VSG size determined by the DIC processing parameters.

The two different full-field validation approaches were applied to compute full-field strain error maps, as
the difference between the synthetic “experimental” DIC data and either the pure FEA data (for the direct
interpolation approach) or the DIC-leveled FEA data (for the DIC-leveling approach). The error maps were
created using three different virtual strain gauge sizes, to explore how the trade-off between strain resolution
and spatial resolution affects the error maps and validation results. Given that the synthetic “experimental”
data exactly encoded the original FEA data, the strain error should have been zero. However, with the direct
interpolation approach, significant strain errors were computed, caused by neglecting the filtering effect of
the DIC engine. That is, the “experimental” DIC strains had lower spatial resolution than the pure FEA
strains, and thus the peak amplitudes of the strains near stress concentrations were underestimated, leading
to an apparent disagreement with the FEA. In contrast, with the DIC-leveling approach, the exact same
filtering was applied to both the synthetic “experimental” data as well as the DIC-leveled FEA data. In this
case, no strain error was observed, as expected.

Next, we analyzed the effects of model form error, by specifically imposing a mismatch in boundary
conditions between the FEA and the synthetic “experimental” data. This process mimicked the situation
where one bolt was not fully torqued in the laboratory, but ideal boundary conditions (i.e. all bolts fully
torqued) were applied to the FE model. When the direct interpolation approach was used, the effect of the
loose bolt was completely obfuscated by the apparent errors introduced by neglecting the filtering effect of
the DIC engine. There was no indication in the validation results that there was a mismatch in the boundary
conditions between the “experimental” data and the FE model. In contrast, when the DIC-leveling approach
was used, the strain error was concentrated near the loose bolt, with nearly zero error over the rest of the
specimen. These results clearly and correctly elucidated a localized difference between the “experimental”
and DIC-leveled FEA data, which is a key finding for a validation study.

Finally, we examined the effect of misalignment between the synthetic “experimental” data and the FEA
data, by purposefully shifting the “experimental” data radially 4.2 px, or approximately 0.52 mm (less than
1% of the diameter of the pressure vessel cover), relative to the FEA data. Unfortunately, even such a small
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misalignment had large effects on the strain error maps, particularly in regions where the strain gradients
were high, i.e. near the bolt holes. Neither the direct interpolation nor the DIC-leveling approach was
unable to disentangle relevant strain errors due to model from error from false errors due to misalignment.
Thus, developing a robust and precise method to align experimental data to FEA data remains a significant
challenge and warrants further study.

While these effects were demonstrated here with strain as the quantity-of-interest, similar considerations
attend all DIC quantities-of-interest, such as displacement, velocity, acceleration, strain, strain-rate, etc.
However, the magnitude of the leveling effect depends on the magnitude of the filtering the DIC engine
imposes on each quantity-of-interest. Thus, for instance, one would expect a smaller difference between the
direct interpolation approach and the DIC-leveling approach for displacements compared to strains, since
the spatial resolution of displacements is typically smaller/better (on the order of the subset size) than the
spatial resolution of strains (on the order of several subset sizes). That said, displacements are an integral
quantity from the fundamental kinematic quantity-of-interest in the mechanics of deformable solids—strains.
As such, displacements are poorly sensitive to local variations of deformation and are therefore typically not
suitable to use for validation studies.

In summary, the results presented here highlight the fundamental importance of guaranteeing that the
inconsistencies inherent between FEA and DIC data — namely strain calculation algorithm, spatial reso-
lution, and data filtering — are rectified before full-field error maps are computed. If these issues are not
addressed, apparent strain errors are computed, which may falsely lead an analyst to conclude that there
is an error in the FEA, when in reality the apparent strain errors are caused only by neglecting to account
for the filtering effect of the DIC engine. The leveling approach proposed here — in which the FEA data is
processed through the same DIC engine as the experimental DIC data — addresses these issues by applying
the same filtering to both sets of data, leading to accurate validation results.

Looking forward, while this paper focused on the effect of the DIC-leveling approach on validation studies,
similar concepts could be applied to material model calibrations employing full-field experimental data. For
instance, if finite-element model updating is used, where the cost function is built between the full-field DIC
strains and the FEA strains, neglecting the filtering effect of the DIC engine could bias the calibration results.
Additionally, the concept of the leveling approach developed here for DIC data could also analogously be
applied to data generated from other types of full-field experimental techniques, such as the grid method.
Leveling the FEA data to the experimental data in a regularization sense is critical for any application and
any type of full-field data.
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