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 A B S T R A C T

Accurate assessment of composite structures depends on how experimental measurements are used to calibrate 
and validate numerical models. While nominal finite element models generally assume idealized conditions, 
actual manufactured components and test setups introduce notable uncertainties and require a tailored 
numerical representation. This paper presents a measurement-centric calibration framework that transforms 
a nominal finite element model into a specimen-specific Digital Twin using only standard test signals. The 
scalable methodology leverages nonlinear least squares optimization which is first demonstrated and verified 
on an analytical beam example, allowing for detailed investigation of convergence behavior as well as the im-
provements by parameter transformation and by Jacobian recalculation. Emphasis is placed on the linearization 
of model parameters prior to optimization and the role of measurement availability. This process significantly 
enhances calibration stability and accuracy. The method is then applied to a physical compression test of a 
stiffened CFRP panel at a subcomponent scale. Numerical studies are conducted to evaluate the sensitivity 
of the calibration process to parameter selection and validation metrics. Finally, a calibrated Digital Twin is 
created using experimental strain data and validated through the DIC-measured deflection field, demonstrating 
the model’s ability to more accurately replicate the mechanical response of an individual composite panel.
. Introduction

Efficient testing of a composite structure should extract as much 
nformation as possible while minimizing the effort required for prepa-
ation, testing, and evaluation. These capabilities allow the reduc-
ion of cost and time throughout the development process — both of 
hich are crucial for maintaining competitiveness in industries that 
ely on lightweight composite structures, such as the manufacturing of 
erospace structures. The qualification and certification procedures for 
ircraft structures still rely heavily on large-scale structural tests [1], 
ven though modeling and simulation are becoming increasingly im-
ortant for these tasks as outlined by Vetrano et al. [2]. To gain 
eeper insights into the mechanical behavior of a complex composite 
tructure, a test-accompanying simulation is considered state-of-the-art. 
his often involves building a virtual test rig that embeds a detailed 
omputational model of the physical specimen [3] and a numerical 
epresentation of the test setup. Typically, such numerical simulations 
ely on a nominal model representing the composite structure and the 
est rig as-designed.

∗ Corresponding author.
E-mail address: raffael.bogenfeld@dlr.de (R. Bogenfeld).

To improve the accuracy of such test-accompanying simulations, 
the nominal model can be replaced by a Digital Twin, which digitally 
represents an actual physical specimen in a test rig. While the term 
‘‘Digital Twin’’ first appeared in a NASA paper by Shafto et al. [4], 
Grieves formalized the development of the original Digital Twin idea 
in 2014 [5]. According to Grieves himself, the general Digital Twin 
concept dates back to 2002 [6], arising from an idea for product life 
cycle management. Nowadays, a Digital Twin is seen as a means of 
gaining competitive advantage, as summarized by Singh et al. [7], who 
outline the need for more efficient testing procedures. For example, 
in the aerospace industry, the Digital Twin technology is already well 
established, as Xiong and Wang explain in a comprehensive review 
article about Digital Twin applications for aviation [8]. Nonetheless, 
these authors conclude that the Digital Twin is mostly applied to 
manufacturing and maintenance in order to keep a digital copy updated 
throughout the structural life cycle.

Grieves [5] originally defined a Digital Twin as a ‘‘virtual repre-
sentation of a physical product’’. When we apply this concept over a 
ttps://doi.org/10.1016/j.measurement.2026.121329
eceived 13 January 2026; Received in revised form 13 March 2026; Accepted 27 
vailable online 8 April 2026 
263-2241/© 2026 The Authors. Published by Elsevier Ltd. This is an open access ar
March 2026

ticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/measurement
https://www.elsevier.com/locate/measurement
https://orcid.org/0000-0003-3883-269X
https://orcid.org/0009-0009-5777-2822
https://orcid.org/0000-0002-9553-5731
https://orcid.org/0009-0003-6073-2756
mailto:raffael.bogenfeld@dlr.de
https://doi.org/10.1016/j.measurement.2026.121329
https://doi.org/10.1016/j.measurement.2026.121329
http://creativecommons.org/licenses/by/4.0/


R. Bogenfeld et al. Measurement 276 (2026) 121329 
Nomenclature

Index variables
𝑐 compression
𝑖 measurement data index
𝑗 calibration parameter index
𝑘 iteration loop index
𝑚 total calibration parameters
𝑛 total measured variables
𝑟𝑒𝑓 reference case as calibration target
𝑡 tension

Material parameters
𝜈12 Poisson’s ratio
𝜌 Mass density
𝐸11 Fiber direction modulus of a UD ply
𝐸22 Transverse direction modulus of a UD ply
𝐺12 Shear modulus of a UD ply
𝐼 Second moment of area
𝐾𝑟𝑜𝑡 Rotational stiffness
Symbols

𝛽 Calibration parameter
𝛿𝑖𝑗 Kronecker delta
𝛤 (𝑥) Model in the physical domain
𝜅 beam curvature
𝐉 Jacobian matrix for nonlinear LSQ
𝐖 Weight matrix for weighted LSQ
𝐹 (𝑥) Linearized model derived from 𝐹 (𝑥)
𝑦̃𝑣 Output data obtained from the linearized model
𝜀 Strain
𝐹 Transverse beam load
𝐹 (𝑥) Model in the virtual domain
𝐼# Geometrical imperfection by eigenmode #
𝑀 Bending moment
𝑁 Normal beam load
𝑠#𝐸 Stiffness scaling factor for stiffener #
𝑠#𝑦 Lateral position for stiffener #
𝑇 time period
𝑢 beam elongation
𝑤 Beam deflection
𝑦𝑟𝑒𝑓 Reference output data for calibration
𝑦𝑣 Output data obtained from the model

product’s life cycle, the virtual representation must be continuously 
updated to mirror any physical changes the product undergoes during 
its service life. In a typical workflow with a structural Digital Twin, 
as outlined by Jones et al. [9], the Digital Twin is created concur-
rently with the manufacturing of the physical structure and is updated 
throughout the structure’s operational life. This process can even in-
corporate real-time data, aligning with the Digital Twin definition 
provided by Singh et al. [7]. Nevertheless, such updates usually rely 
on particular measurements (e.g., geometric dimensions). As a result, 
residual uncertainties may remain unquantified — for instance, those 
arising from the test configuration and measurement procedures. In 
contrast, we present a methodology that leverages in-situ experimental 
data to directly calibrate the Digital Twin, thereby capturing and com-
pensating for these additional testing-induced uncertainties. Moreover, 
2 
the structural assessment and the detection of damage by means of a 
Digital Twin are explored for various applications [10–12].

The authors of this paper introduce a Digital Twin framework 
specifically tailored to structural testing, in which a finite element (FE) 
model serves as the virtual counterpart to a physical test specimen 
(Fig.  1), following Bogenfeld’s analogy of dual ‘‘spaces’’ [13]. We 
transform a nominal structural analysis model – our virtual space – into 
a fully calibrated Digital Twin by updating a defined set of parameters 
using data from the physical space. This interpretation of virtual space 
reflects Li et al.’s view of a Digital Twin as a specialized simulation 
method [14]. Our goal is to substantially improve the predictive accu-
racy of simulations conducted alongside physical tests.  The proposed 
calibration strategy explicitly exploits the sensitivity of the measured 
signals to regression parameters, thereby linking measurement quality 
directly to model identifiability.

After theoretically deriving the calibration method as a nonlinear 
least squares optimization, we demonstrate the approach on a sub-
structural composite panel test. Here, stiffness properties, geometric 
imperfections, and boundary-condition definitions, identified as the pri-
mary sources of uncertainty, are all treated as adjustable model param-
eters. To our knowledge, this is the first application of the Digital Twin 
concept in structural composite testing that leverages only standard 
experimental test signals for calibration. Unlike conventional work-
flows, which rely, for example on geometric measurements for a Digital 
Twin, our method also permits retrospective calibration of specimens 
already tested, which broadens the practical utility of Digital Twin in 
experimental structural investigations. Digital Twin realizations based 
on dense full-field measurements or detailed geometric re-scans can be 
effective, but they are instrumentation-intensive and rarely available 
in routine panel testing. To keep the instrumentation effort low, the 
present approach uses only standard test signals, supports post-test 
updating, and explicitly identifies boundary-condition stiffness, making 
Digital Twin calibration feasible for everyday structural investigations.

The novelty of this work lies in a measurement-driven calibration 
framework that generate a specimen-specific Digital Twin directly from 
standard signals obtained in a structural test. The approach exploits 
measurement sensitivity information through a Jacobian-based method 
and therefore explicitly links measurement quality to parameter iden-
tifiability. In contrast to conventional model updating approaches that 
primarily focus on numerical optimization, the proposed method em-
phasizes measurement-related aspects such as sensor relevance and 
measurement uncertainty. By integrating these aspects into the calibra-
tion process, the framework advances measurement-driven structural 
analysis and improves the reliability of simulation-based structural test 
evaluation. 

2. Digital twin framework and calibration method

2.1. Requirements and definitions

The Digital Twin concept as illustrated in Fig.  1, relies on cali-
brating a virtual representation of a physical specimen leveraging data 
transferred from the physical domain into the virtual domain. The real 
model in the physical space represented by 𝛤 (𝑥) acts as a reference 
whose results are denoted as 𝛤 (𝑥) → 𝑦𝑟𝑒𝑓𝑖  where 𝑖 ∈ [1..𝑛] stands for a 
total of 𝑛 measurement quantities. The independent variable 𝑥 defines 
the state in both, the physical space and the virtual space. In our case 
𝑥 is typically a loading condition with one or more load amplitudes.

In the virtual space, a model corresponding to 𝛤  has to be available. 
This virtual model 𝐹 (𝑥) must provide the output quantities 𝐹 (𝑥) → 𝑦𝑣𝑖
corresponding to those obtained in the physical space for a similar 
condition 𝑥. The preexistence of such a model is a requirement for the 
process established in this paper. In addition, the model must feature 
adjustable calibration parameters, denoted as 𝛽𝑗 enabling the necessary 
model refinements. The Digital Twin shall be realized through a cali-
bration procedure, during which an optimal set of parameters 𝛽𝑡𝑤𝑖𝑛 is 
𝑗
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Fig. 1. Virtual space and physical space for the calibration of an Digital Twin analysis model for a structural test.
identified to best align the virtual model outputs 𝑦𝑣𝑖  with the defined 
physical measurements 𝑦𝑟𝑒𝑓𝑖 .

Consequently, the calibration has to reduce the deviations 𝛥𝑖, de-
fined according to Eq.  (1) as the difference between measured physical 
test data and the corresponding analysis data in the virtual space. This 
calibration shall achieve the Digital Twin to more accurately reflect 
the unique characteristics of the individual structure in the physical 
domain. 
𝛥𝑖 = 𝑦𝑣𝑖 − 𝑦𝑟𝑒𝑓𝑖 (1)

The measurement data and the calibration parameters have the 
following properties:

1. The measurement data 𝑦𝑖 which is to be matched between the 
physical and the virtual space. With a total number of 𝑛 mea-
sured variables, 𝑖 ∈ [1..𝑛]. Each individual value 𝑦𝑖 must be a 
scalar quantity. A measurement value can be any quantity that 
is recorded during a structural test. Typically, this would be 
either strain, displacement, or force (if not part of the set of 
independent variables 𝑥).

2. Calibration parameters 𝛽𝑗 naturally exist only in the virtual space. 
With a total of 𝑚 parameters is 𝑗 ∈ [1..𝑚]. Each individual 
parameter 𝛽𝑗 has to be a scalar variable. Examples for such 
variables would be material parameters, geometric quantities, 
imperfections, or the stiffness at the model boundaries. Theo-
retically, any quantity that can be expressed as a scalar variable 
would be a suitable adjustment parameter.

2.2. Least squares approach

The objective of parameter optimization is to bring the analysis 
model 𝐹 (𝑥), into the best possible agreement with the measured re-
sponse of the physical model 𝛤 (𝑥). The model agreement is measured 
through the result value mismatch 𝛥𝑖 calculated through Equation (1). 
The difference 𝛥𝑖 is zero if, at the considered measurement points, the 
descriptive model 𝐹 (𝑥) no longer exhibits any discrepancies compared 
to the physical model 𝛤 (𝑥).

To achieve the smallest possible deviations 𝜟, the regression pa-
rameters 𝛽𝑗 are defined in the model 𝐹 (𝑥), enabling various model 
adjustments where known uncertainties exist. Since the parameter set 𝜷
is modified multiple times throughout the optimization procedure, mul-
tiple generations of regression parameters are created, denoted with the 
superscript 𝑘. Each generation of these regression parameters entails a 
new generation of result parameters, in accordance with Eq.  (2):
𝐹
(

𝑥, 𝜷𝑘) = 𝒚𝑘 (2)
3 
The parameter estimation method of least squares (LSQ) [15], which 
shall be employed in the optimization, is based on minimizing the 
squared deviations between the values computed by the model 𝑦𝑣 and 
the known observation values 𝑦𝑟𝑒𝑓 , as shown in Eq.  (3). 

min ||
|

|𝐹 (𝑥, 𝜷) − 𝛤 (𝑥)|||
|

2
= min ||

|

|𝑦𝑣 − 𝑦𝑟𝑒𝑓 |
|

|

|

2
(3)

For the case of an arbitrary function 𝐹𝑙𝑖𝑛𝑒𝑎𝑟(𝑥, 𝜷) depending linearly 
on all parameters in 𝜷, the equation can be expressed in the form of a 
matrix operation, as shown in (4). The solution of the LSQ problem is 
expressed explicitly via matrix operations, as shown in Eq.  (5). 

𝐹𝑙𝑖𝑛𝑒𝑎𝑟(𝑥, 𝜷) = 𝐴 𝜷 (4)

𝜷̂ =
(

𝑨𝑇𝑨
)−1𝑨𝑇 (𝒚 − 𝑔(𝑥, 𝜷)

)

. (5)

This equation finds the optimal regression parameters 𝜷̂ in order to 
minimize the deviations between the function 𝐹𝑙𝑖𝑛𝑒𝑎𝑟 and the measure-
ments 𝒚. A single estimation yields the optimal solution of this linear 
problem. If the measurements 𝒚 are in the codomain of 𝐹𝑙𝑖𝑛𝑒𝑎𝑟(𝑥), it is 
even possible to obtain the exact values 𝜷∗ such that 𝐹𝑙𝑖𝑛𝑒𝑎𝑟

(

𝑥, 𝜷∗) = 𝒚.
However, structures with a linear force–displacement response are 

unlikely to behave linearly with respect to the required adjustment 
parameters. Since the LSQ according to (5) is a linear method, directly 
substituting an arbitrary 𝐹 (𝑥, 𝜷) is only possible if 𝐹  is linear with 
respect to its parameters 𝛽𝑗 . A possible linearity of 𝐹  with respect to 𝑥 is 
irrelevant here! If 𝐹  depends nonlinearly on one or more 𝛽𝑗 , a previous 
linearization of the function is necessary in order to perform the LSQ 
optimization. This linearization requires making use of the nonlinear 
LSQ method [16] solving Equation (3) iteratively.

2.3. Nonlinear least squares

In order to apply the LSQ estimation method to a nonlinear problem, 
one must linearize the objective function which is achieved by a first-
order Taylor series expansion [17] at the base point 𝛽0, according 
to Eq.  (6). This first-order Taylor approximation results in the linearized 
function as 𝐹 (𝑥, 𝜷) = 𝑦̃𝑣. 

𝐹 0(𝑥, 𝛽) = 𝐹
(

𝑥, 𝛽0
)

+ 𝜕𝐹
𝜕𝛽

|

|

|

|𝜷0
(𝛽 − 𝛽0) (6)

Eq.  (6) is linear with respect to the regression parameters 𝜷, or more 
precisely, with respect to the parameter difference 𝛥𝛽 = (𝛽 − 𝛽0). The 
matrix 𝑱  resulting from the derivative 𝜕𝑭∕𝜕𝜷 contains the gradients of 
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each result value 𝑦𝑖 = 𝐹𝑖(𝑥, 𝜷) with respect to each parameter 𝛽𝑗 at the 
initial base point 𝛽0, as shown in Eq.  (6). 

𝐽 0
𝑖,𝑗 =

𝜕𝐹𝑖
𝜕𝛽𝑗

|

|

|

|

|𝜷0
(7)

The gradient matrix 𝑱  [16], also called the Taylor matrix or sensi-
tivity matrix, is the Jacobian 𝑱 0

𝑛×𝑚 of the nonlinear objective function 
𝐹 , and it contains, column by column, the gradients of all 𝑛 measured 
values for each of the 𝑚 regression parameters.

To compute these gradients for a case where 𝐹  is a numerical 
simulation model, the partial derivatives 𝜕𝐹

𝜕𝛽  cannot be analytically 
obtained. The Jacobian in Eq.  (7) therefore has to be expressed as a 
difference quotient given in Eq.  (8). 

𝐽 0
𝑖,𝑗 =

𝐹
0+𝛥𝛽𝑗
𝑖 − 𝐹 0

𝑖

(𝛽0𝑗 + 𝛥𝛽𝑗 ) − 𝛽0𝑗

|

|

|

|

|

|𝛽0

=
𝐹

0+𝛥𝛽𝑗
𝑖 − 𝐹 0

𝑖
𝛥𝛽𝑗

|

|

|

|

|

|𝛽0

(8)

Leveraging the linear gradients, the approximation function 𝐹  in
Eq.  (6) allows us to proceed with the linear LSQ algorithm. The corre-
sponding optimization condition is given by Eq.  (9) which is solvable 
analogously to (5). 

min ||
|

|𝐹 (𝑥, 𝜷) − 𝑦𝑟𝑒𝑓 |
|

|

|

2
(9)

To express the linearized function 𝐹 (𝑥, 𝜷) as a single matrix oper-
ation, we replace the regression parameters 𝜷 with 𝛥𝛽 = (𝜷 − 𝜷0). We 
also rewrite the function as 𝐹 (𝑥, 𝜷) = 𝐹

(

𝑥, 𝜷0) + 𝐽 0 𝛥𝜷, leading to the 
optimization problem given by Eq.  (10)

min ||
|

𝑱 0 𝛥𝜷 −
(

𝑦𝑟𝑒𝑓 − 𝐹
(

𝑥, 𝜷0))|
|

|

2
(10)

Since the initial values 𝐹 (

𝑥, 𝛽0
) are known, one obtains the solution 

of the linearized LSQ problem in Eqs. (11) and (12), where the latter 
provides an updated data set 𝛽1. This data set is not the final solution, 
since the nonlinear target function 𝐹 (𝑥) does not allow obtaining a 
best-fit solution in one step. 

𝛥𝛽 =
(

𝑱 0𝑇 𝑱 0)−1 𝑱 0𝑇 (𝑦 − 𝐹
(

𝑥, 𝜷0)), (11)

𝜷0 + 𝛥𝜷̂ ⋅ 𝜉 = 𝜷1. (12)

Hence, the nonlinear LSQ optimization has to be established as 
an iterative process as shown in Fig.  2. After the calculation of an 
improved set of parameters, a new set of result values 𝑦1𝑣 is obtained 
from the accordingly updated model 𝐹 (𝑥, 𝛽1). A fully correct iteration 
would require to recalculate a new Jacobian 𝑱 1, (cf. the path ‘‘iterated 
Jacobian’’ in Fig.  2) as the gradients also depend on the regression 
parameters themselves. However, as the calculation of the Jacobian 
is the most computationally expensive step, for large models it is 
computationally more efficient to iterate using the initial Jacobian 𝑱 0. 
That way, the new values differences 𝑦𝑟𝑒𝑓 −𝐹 (𝑥, 𝛽1) are calculated, from 
which the next iteration loop can begin. The iteration can be termi-
nated based on several cut-off criteria, such as achieving a predefined 
tolerance in the result values, a threshold value for the changes in the 
regression parameters or a fixed number of allowed iterations 𝑘𝑒𝑛𝑑 . The 
model 𝐹 (𝑥, 𝛽𝑘) of the final iteration is considered the Digital Twin that 
is obtained through this process.

The slowness parameter 𝜉 limits the allowable 𝛥𝛽 in one iteration in 
order to prevent overshooting for nonlinear response. While its upper 
limit is 1, its ideal value depends on the number of iterations, typically 
around 0.5. If an increasing sum of squared residuals is observed during 
the optimization, the parameter 𝜉 is reduced for both the current and 
the iteration cycles.
4 
2.3.1. Computational effort
The total computational effort of the calibration process in Fig.  2 

depends on the numerical run time of the analysis model 𝑇𝑚  as the 
optimization loop includes one numerical analysis with the updated 
parameter set in each iteration. In addition, the calculation of the 
Jacobian according to Eq.  (8) requires one perturbed analysis for each 
regression parameter 𝛽𝑗 . One perturbed simulation 𝐹 0+𝛥𝛽𝑗  provides all 
𝑛 result values to calculate the column 𝑗 of the Jacobian through the 
finite-difference method (Eq. (8)). If the Jacobian matrix is recomputed 
at each iteration, the total required time 𝑇total is dominated by the 
product of 𝑇𝑚, the number of parameters 𝑚, and the total iterations 
𝑘end, as given by Eq.  (13).

By using the initial Jacobian matrix 𝐽 0 throughout all iterations, the 
most expensive step is removed from the iteration loop, significantly 
reducing computational effort. According to Eq.  (14), the reduced 
computation time 𝑇total−𝐽0  becomes the multiple of 𝑇𝑚 and the sum of 
the number of parameters 𝑚 and the number of iterations 𝑘𝑒𝑛𝑑 . 
𝑇𝑡𝑜𝑡𝑎𝑙 = 𝑇𝑚 ⋅

(

1 + (𝑚 + 1) ⋅ 𝑘𝑒𝑛𝑑
)

(13)

𝑇𝑡𝑜𝑡𝑎𝑙−𝐽0 = 𝑇𝑚 ⋅
(

1 + 𝑚 + 𝑘𝑒𝑛𝑑
)

(14)

2.4. Parameter preparation

Even the nonlinear LSQ estimation is able to determine an exact 
solution, if the target function is linear and the reference result values 
𝑦𝑟𝑒𝑓  are in the function 𝐹 ’s codomain. For a nonlinear problem, the 
linear Taylor approximation facilitates quickly finding an optimal so-
lution, as long as the original nonlinear function 𝐹  does not deviate 
too far from its local linear approximation and that the gradients 
given by the Jacobian do not change too severely. This advantage 
can be enhanced through an a priori parameter transformation. Each 
calibration parameter can be converted into a quantity affecting the 
result in a linear way.

For example, in the one-dimensional Hooke’s Law given in Eq.  (15), 
where 𝑁1 is a force and 𝐴 is the cross sectional area calculated from 
a thickness ℎ and a width 𝑏, we can treat the Young’s Modulus 𝐸 an 
uncertain parameter which we want to improve through a regression 
based on a strain measurement. While the strain 𝜀 is nonlinear with 
respect to 𝐸, it is linear with respect to the inverse 1

𝐸 . Therefore, 
using 1

𝐸  as the calibration parameter is more suitable for the LSQ 
method. Similar parameter transformations can be found for other 
typical parameters in structural equations. For a bending problem of 
a rectangular beam (width 𝑏 and thickness ℎ, cf. Section 4.1) loaded 
with a moment 𝑀1, the measurable strain 𝜀 would be proportional to 
1
ℎ3
. In this case, using 1

ℎ3
 as a calibration parameter is more appropriate 

than using the thickness ℎ directly. 

𝜀 =
𝑁1
𝐸𝐴

=
𝑁1
𝐸𝑏ℎ

(15)

𝜀 =
𝑀1
𝐸𝐼

=
12 ⋅𝑀1

𝐸𝑏ℎ3
(16)

Both these Eqs. (15) and (16) allow us to deduce generalized find-
ings regarding the linearization of stiffness and geometric parameters. 
In particular, the influence of any stiffness quantity can be linearized 
via inversion, provided the measured values are strains or displace-
ments. However, the effect of the thickness ℎ appears as a first-order 
term in Eq.  (15) but as a third-order term in Eq.  (16), so a perfect 
linearization for ℎ is not achievable for a combined load case.

2.5. Calibration strategy and reference variable

In structural testing, Digital Twin calibration seeks to minimize 
the discrepancy between experimental observations and numerical pre-
dictions. Two basic strategies are available. The first is a point-based
calibration performed at a single, representative load level; the second 
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Fig. 2. Process of the iterative calibration through the weighted least squares algorithm.
is a curve-based approach that exploits the entire load–displacement 
history. Although the latter may furnish additional information, it also 
amplifies the influence of unmodeled nonlinearities and measurement 
noise at low load levels.

A curve-based calibration is beneficial to identify parameters that 
govern strongly nonlinear behavior. For example, progressive damage, 
plasticity, or buckling phenomena. In such cases, the full load history 
improves parameter separation. A point-based calibration may even be 
insufficient could lead to a nonphysical parameter update.

In the present study, however, the calibrated parameters primarily 
influence stiffness and boundary conditions within a load range free of 
global buckling or structural degradation. The selected calibration point 
lies in a stable response regime. Including the entire load history would 
therefore provide limited additional identifiability while increasing 
sensitivity to measurement noise and settlement effects.

Nonetheless, the proposed framework is not restricted to single-
point calibration and can be extended to multi-point or curve-based 
objectives when nonlinear parameter identification is required. 

The independent variable used to define the calibration point must 
be selected with care. Displacement readings are often affected by 
compliance in the load path, so matching the model to a prescribed 
displacement can introduce systematic error. We therefore choose the 
externally applied load – expressed in terms of axial force and, where 
applicable, bending moment – as the reference quantity. When the 
numerical model reproduces the measured forces and moments at the 
chosen load level, the physical and virtual boundary conditions can be 
regarded as equivalent, providing a robust foundation for subsequent 
parameter identification.

It should be noted that the calibration does not assume prior knowl-
edge of the true specimen parameters. Instead, the optimization starts 
from 𝛽0, a nominal parameter set, typically derived from design values, 
geometric measurements, or engineering assumption if no nominal data 
5 
is obtainable. The Jacobian matrix 𝑱  is evaluated at this initial config-
uration 𝛽0. For efficiency reasons, 𝑱  may be kept constant throughout 
the iterative optimization.

The validity of this approximation depends on the magnitude of the 
parameter updates and on the degree of nonlinearity in the response 
of 𝐹  with respect to the updated regression parameters. If stronger 
nonlinear effects are expected or if the optimization does not converge, 
the Jacobian can be recomputed iteratively without modifying the 
underlying framework.

The proposed strategy is not restricted to the present panel applica-
tion. It is generally applicable to parameterized FE models, provided 
that the selected measurements exhibit sufficient sensitivity to the 
chosen calibration parameters.

2.6. Weighted LSQ accounting for sensitivity

Depending on the problem definition, not all measurements are 
equally sensitive to the calibration parameters. Some measurement 
values may be only weakly affected by the parameter adjustments 
because their deviation is caused by unknown mismatches between the 
model and the real specimens. These unknown aspects might be not 
captured by the chosen regression parameters. The calibration method 
has to ensure that the optimization does not excessively manipulate the 
regression parameters in order to match such parameters. This would 
be overfitting.

This can be achieved through a weighted least squares (WLSQ) ap-
proach [18], where the weights in the diagonal matrix 𝐖 are calculated 
as the norm of the rows from the Jacobian matrix ‖𝑱 0

𝑖,∶‖2. The weighted 
LSQ approach leads to a modification of Eq.  (11) into Eq.  (17) where 
𝐖 is defined by Eq.  (18) with 𝛿𝑖𝑗 denoting the Kronecker delta. The 
weight term in the LSQ estimation has no noticeable influence to the 
computational effort. 
𝛥𝛽 =

(

𝑱 0𝑇 𝑾 𝑱 0)−1 𝑱 0𝑇𝑾
(

𝑦 − 𝐹
(

𝑥, 𝛽0
))

(17)
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Table 1
Nominal material data for Hexcel M91 unidirec-
tional prepreg with a IM7 fiber reinforcement 
according to the data sheet [19] and Dienel 2019 
[20].
 Parameter Value  
 𝐸11𝑡 165GPa  
 𝐸11𝑐 150GPa  
 𝐸22𝑡 8.5GPa  
 𝐸22𝑐 8.6GPa  
 𝐺12 5.5GPa  
 𝜈12 0.3  
 𝑡𝑝𝑙𝑦 0.184mm  
 𝜌 1570 kg∕m3 

𝑾 𝑖𝑗 = 𝛿𝑖𝑗‖𝑱 0
𝑖,∶‖2, 1 ≤ 𝑖, 𝑗 ≤ 𝑛 (18)

3. Experimental setup and test scenario

3.1. Stiffened composite compression panel

A stiffened composite panel featuring four longitudinal stiffeners 
was experimentally tested under uniaxial compression loading.

The test article depicted in Fig.  3(a) is a curved CFRP panel stiffened 
by four T-stiffeners. The skin has a curvature radius of 2075mm, an 
arc length of 800mm, and a total height of 653mm. Two stiffeners are 
placed directly at the panel edges, where the end of the stiffener foot 
aligns with the panel edge. The stiffeners partition the panel such that 
the arc distance between neighboring stiffeners is 185mm, except for 
the central bay between stiffeners 2 and 3, which is twice as wide 
370mm.

The strain measurement locations for the compression test are 
shown in the technical sketch in Fig.  3(b). Back-to-back strain gauges 
are applied to the panel at each measurement location.

The skin 4mm laminate has a symmetric stacking sequence [453, 0,
−453, 90,−45, 0, 45]𝑠, constructed from Hexcel M91 [19] unidirectional 
prepreg with IM7 fiber reinforcement (ply thickness 𝑡ply = 0.184mm). 
This configuration is similar to the laminate configuration of the 
coupon tests investigated by Dienel [20] and by Bogenfeld et al. [21]. 
Nominal material data is given in Table  1.

Each T-stiffener has a web height of 32mm and a foot width of 28mm
to both sides. The stiffener foot uses the 7-ply layup [45, 0,−45, 90,−45,
0, 45] and the stiffener web uses a symmetrical 21-ply layup with 
a 0 degree center ply [45, 0,−45, 90,−45, 0, 45, 45, 0,−45, 0]𝑠. All plies 
are taken from the same M91/IM7 system as for the skin. This con-
figuration yields a representative curved, stiffened panel with well-
defined geometry and stacking sequences for subsequent calibration 
and validation.

3.2. Experimental setup and procedure

The panel was tested in the buckling test machine of the Institute 
of Lightweight Systems of the German Aerospace Center, which is 
described by Wilckens et al. [22] and Degenhardt et al. [23]. The 
hydraulic machine, with an axial compression load capacity of 1000 kN, 
is suitable for quasi-static or cyclic testing of panel and cylinder speci-
mens. Fig.  4(a) shows the panel mounted inside the test machine. The 
fixation of the panel ends in the machine is realized through resin 
blocks embedding each panel end over a height of 60mm. These resin 
blocks enable load introduction and constrain rotation of the panel 
ends. The free length of the panel is defined as the remaining height 
between the resin blocks and measures 533mm.

In a displacement-controlled test with a constant loading rate of 
0.15mmmin−1, axial compression load was applied up to 271 kN, which 
6 
corresponded to a crosshead displacement of 0.77mm and a nominal 
strain level of 1444 μ𝜀.

Test data were recorded from the test machine (axial force mea-
sured by the integrated load cell of the test frame and crosshead 
displacement), optical measurements using the stereo camera system 
(ARAMIS [24]) on both skin surfaces, and 40 quarter bridge-strain 
gauges arranged in a back-to-back configuration on the skin and the 
stiffeners. Two displacement transducers on both ends of the panel 
were used to measure the axial shortening over the panel’s total length. 
Displacement, strain, and force signals were recorded at a sampling rate 
of 5Hz. DIC data from the ARAMIS was recorded with a sampling rate 
of 0.2Hz. 

3.3. FE simulation model

An FE surface model as shown in Fig.  5 was constructed using 
four-node linear shell elements (S4R) for both the skin and the stiff-
eners. The element edge length was approximately 8mm, resulting in 
approximately 66 elements over the free test length in axial direction. 

Each T-stiffener was represented by two distinct shell surfaces (foot 
and web). The stiffener foot was tied to the skin, and the web was 
tied to the foot, using tie constraints to enforce compatibility across 
the interfaces. Composite laminate sections were assigned to the skin, 
stiffener foot, and stiffener web to reproduce the stacking sequences 
specified above.  The material behavior was assumed to be linear elastic 
and orthotropic, with stiffness properties defined according to Table 
1. Geometric nonlinearity was activated to account for second-order 
deformation effects. A degradation model or failure criterion was not 
implemented, as the investigated load range did not involve global 
buckling or damage initiation/propagation.

The boundary conditions follow the general description of the panel 
test configuration provided by Wilckens et al. [22]. Transverse displace-
ments at both panel ends were constrained, while axial compression 
was applied at the lower boundary. According to Wilckens, the ro-
tational boundary conditions around the panel edge axes are often 
idealized as fully clamped in comparable panel tests. However, a sen-
sitivity analysis conducted in the present study showed that neither a 
purely clamped nor a simply supported representation reproduces the 
panel response adequately.

Fig.  4(b) illustrates the influence of the idealized boundary con-
ditions on the predicted strain on both sides at the upper panel end. 
Neither a clamped nor a simply supported configuration reproduces 
the experimental strains. Therefore, the rotational boundary condition 
was modeled using an elastic rotational spring with stiffness 𝐾𝑟𝑜𝑡 to 
represent the compliance of the resin embedding at the panel ends. 

Global buckling eigenmodes depicted in Fig.  5 were obtained from a 
linear perturbation analysis in a buckling eigenvalue analysis step, from 
which the first three eigenmodes were extracted. The eigenmodes show 
buckling pattern featuring two or three buckles with major out-of-plane 
displacements in the central bay of the panel. A behavior that is caused 
by the increased width of the central bay compared to the two outer 
bays.

The compression load was then applied in a subsequent *STATIC
step. The displacements obtained from the buckling analysis were 
introduced as initial geometric imperfections via the *IMPERFECTION
keyword by seeding each buckling eigenmode with a small prescribed 
amplitude. This technique is known as the eigenmode-affine method 
and adopted by many researchers [25–27]. Its suitability to predict 
deformation under compression load is well acknowledged.

The resin end blocks were not modeled. Instead, the FE model 
represents only the free length of the panel, 533mm in the 𝑧-direction, 
omitting the embedded length. Boundary and loading conditions were 
applied at the reduced panel ends representing the transitions to the 
resin blocks, thereby eliminating rigid-body motions and providing 
the resultant axial compression while avoiding the unknown stiffness 
contribution from the resin embedding.
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(a) 

  
(b) 

 

Fig. 3.  (a) Manufactured 4-stringer CFRP panel specimen for the compression test (b) Technical sketch of the panel showing dimensions and strain gauge 
positions.
 
(a) 

  
(b) 

 

Fig. 4. (a) Experimental setup for the panel compression test. (b) Strain response at the measurement point 1 in the test compared to simulations with simply 
supported and clamped boundary conditions.
3.4. Model uncertainties and calibration parameters

There are different sources of uncertainty relevant to calibrating 
the Digital Twin that represents the actual test specimen. Regarding 
the test procedure, the boundary conditions in the test machine are a 
notable source. The resin embedding at the panel end imposes elastic 
boundary conditions between fully clamped and simply supported. Its 
effective stiffness toward rotational deformation is unknown and can be 
estimated to achieve an accurate representation.  An initial rotational 
stiffness of 100 kNmm rad−1 was defined, representing an engineering 
estimate of the boundary stiffness which was based on preliminary 
simulations.
7 
With regard to the specimen itself, geometrical uncertainties can 
significantly affect the structural response. The eigenmode-affine sim-
ulation approach that parameterizes the geometric imperfections as a 
linear combination of the buckling eigenmodes does not necessarily 
reproduce the specimen’s real geometric shape. Hence, the eigenmode-
affine imperfection can be calibrated through the scaling factors 𝐼1, 𝐼2, 
and 𝐼3 for each mode.

Furthermore, the material properties exhibited uncertainties, espe-
cially the longitudinal modulus 𝐸11, due to a 10% discrepancy between 
compression and tension moduli shown in Table  1. In addition, the 
shear modulus 𝐺12 must be considered carefully, since the actual shear 
response of a composite is highly nonlinear, as demonstrated by typical 
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Fig. 5. FE model showing the normalized 𝑥-direction displacements of the first three buckling eigenmodes.
Fig. 6. Cantilever beam of the length 𝑙 loaded with a lateral force 𝐹1, a 
moment 𝑀1, and a normal force 𝑁1.

Iosipescu tests [28,29]. As shown by Fedulov, the secant modulus 
significantly decreases already below 1% of shear strain [30].

To investigate the sensitivity of the model and the structure of 
the Jacobian matrix, some additional parameters were considered: the 
transverse direction modulus 𝐸22, Poisson’s ratio 𝜈12, the laminate 
thickness 𝑡, as well as the stiffness scaling factors (𝑆1𝐸 - 𝑆4𝐸) and lateral 
positions (𝑆1𝑦 - 𝑆4𝑦) of the four stiffeners.

The selection of calibration parameters was based on an evalu-
ation of the sensitivities obtained from the panel Jacobian matrix. 
Parameters exhibiting low sensitivity across all measurement locations 
were excluded from the set of regression parameters for the calibration 
against experimental data, as their influence on the measured strain 
field is limited. Including such parameters would reduce parameter 
identifiability and could potentially lead to unstable updates and a 
diverging optimization. 

4. Results and discussion

The results verify the calibration process and demonstrate the per-
formance and robustness of the proposed algorithm for the stiffened 
composite panel. First, an analytical beam is considered as a reference 
for verification. Afterward, the calibration behavior is assessed for 
synthetic reference data of the stiffened panel, examining convergence 
and the effect of different parametric deviations. Finally, the Digital 
Twin is calibrated for an experimental reference in order to create an 
FE model representing the test specimen as good as possible.

4.1. Verification with an analytical beam example

The verification of the calibration algorithm requires a test case to 
study the procedure’s behavior including the influence of its features 
like the parameter linearization and the iteratively updated Jacobian 
matrix. Experimental test cases are mostly too complex and contain too 
many uncertainties not captured by the calibration parameters.

To subject the calibration procedure to an elementary test, we 
consider an analytical cantilever beam model as shown in Fig.  6. The 
beam is subjected to a lateral force 𝐹1, a moment 𝑀1, and a normal 
force 𝑁1. The beam problem has a closed-form solution. This allows 
verification of the implementation and its suitability for optimizing the 
calibration parameters.
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The beam deflection 𝑤 and the axial elongation 𝑢 under a lateral 
force 𝐹1, a moment 𝑀1, and a normal force 𝑁1 are given by Eqs. (19) 
and (20). The curvature 𝜅 defined in Eq.  (21) follows directly from the 
deflection. From this curvature and elongation, the axial strain 𝜀𝑥𝑥 in 
the beam is calculated via Equation (23) as a function of the coordinates 
𝑥 and 𝑧. 

𝑤 (𝑥) = 𝐹
6𝐸𝐼

(

3𝑙𝑥2 − 𝑥3
)

+ 𝑀
2𝐸𝐼

𝑥2 (19)

𝑢 (𝑥) =
𝑁1
𝐸ℎ𝑏

𝑥 (20)

𝜅 (𝑥) =
𝐹1
𝐸𝐼

(𝑙 − 𝑥) +
𝑀1
𝐸𝐼

(21)

𝐼 = 𝑏ℎ3

12
(22)

𝜀𝑥𝑥 (𝑥, 𝑧) = −𝜅 (𝑥) 𝑧 +
𝑁1
𝐸ℎ𝑏

(23)

The calibration parameters for the beam are the Young’s modulus 
𝐸 and the beam thickness ℎ. For the test cases with the parameter 
linearization outlined in Section 2.4, we invert 𝐸 and use 𝐸−1 as a 
regression parameter, and modify the thickness ℎ, considered as ℎ−2 in 
the calibration. The calibration uses strain measurements at 10 equally 
spaced locations along the beam length (from 𝑥 = 0 to 𝑥 = 𝑙) on 
both, the upper and the lower beam surfaces with the z-coordinates 
(at 𝑧 = ℎ

2  and 𝑧 = − ℎ
2 , respectively). Fig.  7 depicts the influence of 

this parameter conversion on the Jacobian matrix and the respective 
sensitivities which are more balanced for the linearized parameter 
cases.

The calibration behavior of the beam model is depicted in the 
diagrams of Fig.  8. Two different initial parameter configurations with 
−50% deviation (Guess 1) and 50% deviation (Guess 2) from the refer-
ence values are considered. Each case is calibrated with four different 
algorithm configurations, with and without parameter linearization and 
iterative Jacobian updating. Based on the evolution of the calibration 
parameters, we can examine the convergence of all four configurations 
for each initial guess.

For Guess 1, all configurations converge. For Guess 2, the calibration 
diverges when neither linearization nor Jacobian updating is used, and 
it nearly diverged when the Jacobian is updated but the parameters 
are not linearized. In contrast, activating linearization stabilized the 
problem and significantly improves the convergence rate. Iterative 
Jacobian updating provided an additional benefit but is not sufficient 
on its own without parameter linearization.

Notably, the linearization of the Young’s modulus leads to immedi-
ate convergence to its true value for all configurations plotted in Fig.  8. 
In contrast, the thickness, which cannot be perfectly linearized, requires 
more iterations to find the true value. In practical terms, reasonable 
convergence is typically achieved within about five iterations.



R. Bogenfeld et al. Measurement 276 (2026) 121329 
Fig. 7. Jacobian matrices for both initial parameter configurations without linearization (left two) and with linearization (right two). 
Fig. 8. Calibration of the beam height and the stiffness for an analytical beam model with a true thickness of 4mm and a modulus of 70 000MPa.
4.2. Panel calibration with synthetic references

4.2.1. Jacobian matrix of the panel
According to the definition of the Jacobian matrix in Eq.  (7), it 

consists of the gradients of each measurement with respect to each 
calibration parameter which are replaced by difference quotients in Eq. 
(8). To obtain these differences for the parameterized FE model, per-
turbation jobs have to be created, in which one parameter at a time 
is modified by a predefined perturbation of the regression parameters 
𝛽𝑗 . For the present example, a step of 3% was chosen (small enough 
to remain in the locally linear range, large enough for numerical 
robustness). Based on the resulting changes in all measurement strains 
𝜀𝑖 in the FE model, one column of the Jacobian matrix is obtained by 
one perturbation 𝑗. The accordingly modified Equation (24) defines the 
Jacobian matrix for the compression panel, where the derivative has 
been replaced by a difference quotient and the measurements 𝐹𝑖 are 
expressed as strains 𝜀𝑖.

For the visualization shown in Fig.  9, the matrix is normalized 
as Eq.  (25) shows. Due to the calibration parameter normalization in 
the denominator, the parameters vanish entirely from the equation, 
9 
leaving only the perturbation of 3%. 

𝐽 0
𝑖,𝑗 =

𝜀𝑖 − 𝜀0𝑖
𝛽𝑗 − 𝛽0𝑗

|

|

|

|

|

|𝛽0

(24)

𝐽 0−𝑛𝑜𝑟𝑚
𝑖,𝑗 =

(

𝜀𝑖−𝜀0𝑖
)

∕𝜀0𝑖
(

𝛽𝑗−𝛽0𝑗
)

∕𝛽0𝑗

|

|

|

|

|

|𝛽0

=
𝜀𝑖 − 𝜀0𝑖
3% ⋅ 𝜀0𝑖

(25)

The Jacobian matrix shown in Fig.  9 shows the sensitivity of 30 
longitudinal strain measurements to the 17 calibration parameters 
introduced in Section 3.4. A closer examination of the matrix identifies 
the parameters which are most significant to the calibration result. High 
influence is attributed to the longitudinal modulus 𝐸11, the shear modu-
lus 𝐺12, and the laminate thickness 𝑡. Moderate influence was observed 
for the transverse modulus 𝐸22, the rotational clamping stiffness 𝐾𝑟, 
the imperfections 𝐼1 and 𝐼3, and for the stiffness and the positions of 
all four stiffeners. Negligible influence was found for the Poisson’s ratio 
𝜈12 and the imperfection 𝐼2.

Moreover, the presented Jacobian matrix allows for a direct as-
sessment of the parameter identifiability based on the normalized 
sensitivities. The longitudinal modulus, shear modulus, laminate thick-
ness, and the imperfection amplitudes exhibit the strongest influence 
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Fig. 9. Normalized Jacobian matrix 𝐽 0−𝑛𝑜𝑟𝑚
𝑖,𝑗  (right) and positions of 30 longitudinal strain gauges (left) for the stiffened compression panel.
on the measured strain field. In contrast, parameters such as the trans-
verse ply stiffness 𝐸22, the Poisson’s ratio, and the stiffener-related 
parameters show lower sensitivities in the Jacobian.

Based on these observations, the calibration parameters were se-
lected for the Digital Twin calibration against experimental data. Con-
sequently, parameters with low sensitivity were excluded from the 
experimental calibration, as their inclusion would likely result in non-
physical parameter updates. Still, a synthetic calibration is performed 
for the stiffener parameters, to evaluate the identifiability of geometric 
mismatch or local stiffness degradation. 

Beyond sensitivity magnitude, the structure of the Jacobian matrix 
was also examined with respect to potential parameter correlation. 
Strongly correlated parameters cannot be uniquely identified. For ex-
ample, a column-wise linear correlation of the longitudinal modulus 
𝐸11 and the laminate thickness 𝑡 was observed, immediately indicat-
ing that both parameters cannot be in the same regression set with 
the available strain measurements. In comparable manner, a strong 
correlation between the Poisson’s ratio and the shear modulus was 
observed. The Poisson’s ratio with a low sensitivity is, thus, excluded 
from the regression parameters. Such correlations lead to reduced 
unique identifiability. For the calibration of a meaningful Digital Twin, 
only parameters with distinct and sufficiently independent sensitivity 
patterns were considered, to improve the numerical conditioning of the 
LSQ problem. Nevertheless, identifiability remains load-case dependent 
and is limited by the measurement configuration. If additional load 
cases or measurements were available, the additional parameters could 
become identifiable. 

The method verification and the investigation of its behavior can 
be most reliably performed against a synthetic reference for the cali-
bration. Such a synthetic reference scenario was constructed by inten-
tionally perturbing selected calibration parameters within the nominal 
model defining a set 𝜷𝑟𝑒𝑓 ≠ 𝜷0. This controlled case allows the observa-
tion of the calibration process and the behavior of both measurement 
and calibration data, verifying the effectiveness and reliability of the 
developed calibration procedure.

Furthermore, using a synthetic reference allows investigating dis-
tinct aspects like the role of the initial parameter set 𝜷0, isolated 
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deviation of each individual calibration parameters, or variations of 
‘‘unknown’’ parameters not included in the optimization parameter set 
𝜷.

4.2.2. Baseline calibration (full measurement set)
A reference case with an initial parameter mismatch was defined 

according to the expected uncertainty of the respective calibration 
parameters. The material parameters 𝐸11 and 𝐺12 were perturbed by 
up to 10% which is slightly above a realistic mismatch for the nominal 
values. Larger deviations were assigned to the ‘‘unknown’’ parameters: 
the imperfection amplitudes and to the rotational boundary stiffness. 
The defined reference parameters differ from the nominal model by 
more than a factor of two.

The resulting discrepancies between the nominal and the reference 
strain measurements are approximately ±10% with up to 40% for an 
individual gauge. Two diagrams in Fig.  10 show the evolution of the 
calibration parameters and the strain measurements throughout the 
calibration.

The results indicate that already a single LSQ iteration substantially 
improves the agreement with the reference. An excellent correspon-
dence was achieved after few iterations, which is consistent with the 
convergence observed for the analytical beam example introduced in 
Section 4.1. The final result in the form of absolute strains is plotted 
in Fig.  11. The remaining mismatches are below 1% for all calibration 
parameters and for 28 of the 30 strain measurements.

4.2.3. Effect of measurement availability (15 strains)
To investigate the effect of the measurement data availability, the 

calibration from Section 4.2.2 was repeated using only 15 strains from 
the outer skin surface of the panel. Fig.  12 shows how this reduction 
impacts the calibration. While the overall convergence became slower it 
is also notable that after the first iteration, distinct parameters became 
worse than in the nominal model (namely 𝐺12). Nevertheless, the final 
result after five iterations featured only minor deviations from the 
reference below 5%. The calibration remains useful, but the accuracy 
is notably worse than the Digital Twin calibrated with the full data set.
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Fig. 10. Normalized calibration results for the compression panel with a synthetic reference simulation. (left: relative deviations of the calibration parameters, 
right: relative deviation of the strain measurements.).
Fig. 11. Strain measurements [ mm
mm

] of the nominal model and the Digital Twin 
compared with the true strain of the synthetic reference simulation.

4.2.4. Perturbations outside the calibration set
Regarding a realistic, experiment-based calibration, a chosen set of 

calibration parameters cannot reflect all uncertainties present in the 
nominal model. To consider a scenario with such remaining uncertainty 
in the synthetic example, we consider an additional synthetic reference 
simulation in which two additional parameters – 𝐸22 and 𝑡 – are 
subjected to notable perturbations but excluded from the regression. 
As a consequence, it is not possible to achieve a perfect agreement 
of the calibration results as Fig.  13 shows. Strain deviations persist in 
the final optimization result and the estimated parameters match less 
accurately. Nevertheless, the calibrated Digital Twin remains a notable 
improvement in comparison to the nominal model.

However, in a real use case, a meaningful calibration requires that 
the location of degradation is known. For instance, for stiffened CFRP 
panels guided wave-based damage detection [31,32] and localization 
can provide the required input to parameterize the stiffness reductions.

4.2.5. Identification of stiffener mismatch and stiffness reduction
The capability of the Digital Twin to detect and localize stiffness 

reductions is a significant feature explored by different researchers [10–
11 
12]. Also the damage detection capability by the presented frame-
work was further explored through targeted investigations, examining 
a synthetic damage scenario. A damage of one or more stiffeners — 
represented by scaling parameters introduced to modify the stiffness 
properties of individual stiffening elements — was studied. Calibration 
results demonstrated that the Digital Twin methodology reliably iden-
tified and quantified stiffness degradation and lateral misalignment in 
specific stiffeners.

Fig.  14 shows the calibration for a model with perturbations in two 
stiffening elements. A synthetic reference with a reduced stiffness in 
stiffener 2 and a 5mm lateral displacement of stiffener 4 is consid-
ered. Both deviations are significant in absolute terms but have only 
a minor effect on the strain measurements, as the sensitivity of the 
measurements to these parameters is low compared to other parameters 
(cf. Jacobian matrix in Fig.  9). Nevertheless, a close match with the 
reference was achieved through the calibration.

4.3. Panel calibration against an experimental reference

Following the verification using the simulated reference, calibration 
against actual experimental data was performed using a set of six re-
gression parameters based on the uncertainties presented in Section 3.4. 
There is no known optimum for the regression parameters. Thus, the 
calibration quality was assessed solely from the evolution of the strain 
measurements presented in Fig.  15.

Notably, the nominal model exhibits larger discrepancies ranging 
between 50% and 200% at four individual gauges and systematic 
discrepancies below 10% at most other gauges. After the calibration, 
both the larger outlier and the minor biases were substantially reduced.
The Digital Twin provided a much closer prediction of the experimental 
reference.

Fig.  16 reports the relative deviations of each measurement confirm-
ing the improvement: even the first iteration (k=1) visibly improved 
the outliers. The Digital Twin (k=5) additionally exhibits a smaller 
error in almost all the strain measurements. The diagram depicting 
the regression parameters in Fig.  16 show the relative evolution of the 
parameters relative to their nominal values.

Furthermore, the evolution of the residual sum of squares in Eq. 
(26) over the LSQ iterations serves as an indicator for the progress 
and the convergence. The true residual is calculated from the quadratic 
deviation of the FE results, the predicted residual is the LSQ objective 
under the local linearization. Due to the model nonlinearity, both 
residuals initially differ. However, it is clearly visible, that the true 
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Fig. 12. Normalized calibration results for the compression panel with a synthetic reference simulation where measurement data is only considered from the 15 
gauges (measurements 1-15) on the skin side (left: relative deviations of the calibration parameters, right: relative deviation of the strain measurements.).
Fig. 13. Calibration results for the compression panel with a synthetic reference simulation. The parameters 𝐸22 and 𝑡 are not part of the calibration procedure 
but exhibit a mismatch between the nominal model and the reference (left: relative deviations of the calibration parameters, right: relative deviation of the strain 
measurements.).
sum of squared residuals reaches values as low as the expected value, 
indicating that the constant Jacobian matrix did not compromise the 
calibration accuracy for this case. 

𝑅𝑘 =
𝑚
∑

𝑖=1
(𝑦𝑟𝑒𝑓𝑖 − 𝐹 (𝑥, 𝜷𝑘)𝑖)2 (26)

Moreover, the evolution of the residual in Fig.  17 reflects the chosen 
update strategy (next to the nonlinear response of the FE model). 
The use of the slowness parameter 𝜉 in Eq.  (12), which intentionally 
reduces the update step to enhance robustness. Selecting 𝜉 = 1 would 
accelerate the convergence and achieve the expected residual through 2 
iterations. Nevertheless, the slowness factor improves stability in cases 
with stronger nonlinearities.

Although full Jacobian recomputation would have been computa-
tionally feasible for the present panel model, the constant Jacobian was 
kept to reflect the intended scalability of the framework toward larger 
structural models, for which individual nonlinear analyses may require 
several hours of computation time.
12 
Additional validation was conducted using digital image correla-
tion (DIC) measurements (ARAMIS) which capture the out-of-plane 
deflection during the compression test. This data was not used in the 
calibration, and thus provides an independent check for the calibration 
accuracy. Fig.  18 compares the out-of-plane deflection of the nominal 
model and the Digital Twin with the ARAMIS measurement from the 
test, showing that the Digital Twin reproduces the measured deflection 
better than the nominal model.

It should be emphasized that the DIC measurements were not used 
during the calibration process. The parameter identification relies ex-
clusively on strain measurements. The comparison of the predicted 
and measured out-of-plane displacements therefore provides an in-
dependent validation of the calibrated model rather than a circular 
calibration metric.

The calibration results shown in Fig.  16 are summarized quan-
titatively in Table  2. The optimization found a solution with large 
updates to the boundary stiffness and imperfections in the order of 
several hundred percent.  It should be noted that the nominal value of 
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Fig. 14. Normalized calibration results for the compression panel with a synthetic reference simulation with a stiffness loss in stiffener 1 and a 5mm lateral 
mismatch of stiffener 4 the reference (left: relative deviations of the calibration parameters, right: relative deviation of the strain measurements.).
Table 2
Calibration results for the compression panel with experimental reference data.
 Parameter Initial (nominal) Final (Digital Twin) 150 kN Final  
 𝐸11 156GPa 167.4GPa 165.1GPa  
 𝐺12 5.50GPa 4.82GPa 4.73GPa  
 𝐾𝑟𝑜𝑡 100 kNmm rad−1 586.5 kNmm rad−1 573.9 kNmm rad−1 
 Mode I amplitude 1 −0.29 −0.12  
 Mode II amplitude 1 −1.20 −1.14  
 Mode III amplitude 1 −0.64 −0.25  
Fig. 15. Strain measurements [ mm
mm

] of the nominal model and the Digital Twin 
compared with the reference strain from a physical test.

both these parameters represent engineering assumptions rather than 
a measured reference. The observed deviation therefore reflects the 
correction of initially uncertain estimates of the boundary-condition 
and the representative imperfection which were based on a limited a 
priori knowledge.

Minor updates between five and ten percent were found in the 
optimized stiffness parameters. Both observations are consistent with 
the expected magnitude of the uncertainties in these parameters.
13 
4.3.1. Discussion of the uncertainties
To complement the point estimates obtained from the calibration, 

the main sources of uncertainty were assessed using pragmatic sensi-
tivity checks summarized in Table  3.

Calibration-point selection. The choice of the load level used for the 
calibration point can influence the resulting parameter set. To assess 
the sensitivity of the calibration to this choice, a second calibration 
was performed at a load level of 150 kN in addition to the primary 
calibration at 250 kN. The corresponding results are already reported 
in Table  2. Notably, the stiffness parameters 𝐸11, 𝐺12, and 𝐾𝑟𝑜𝑡 exhibit 
only minor deviations of 1.4%, 2.3%, and 2.0%, respectively. In con-
trast, the amplitudes of the geometric eigenmode imperfections differ 
more strongly between both calibrations, reaching 58%, 5%, and 61%
for the three modes (all percentages refer to the updated parameter 
values).

To further assess the validity of the point-based calibration de-
scribed in Section 2.5, the complete strain histories were evaluated. The 
comparison of the full strain histories demonstrates that the calibrated 
parameter set consistently improves the structural response over the 
entire load range. This additional information allows verification that 
the Digital Twin represents a physically meaningful model update 
rather than merely a local curve fit at the selected calibration point. 
Fig.  19 shows the strain histories for both sides of the skin at all 15 
measurement locations.

The strain curves demonstrate that the parameter update improves 
the strain prediction consistently over the full load range. In particular, 
at locations such as the top and the bottom of the panel (1-i/1-o 
and 23-i/23-o, respectively), the Digital Twin reproduces the observed 
nonlinear strain evolution, whereas the nominal model predicts an 
almost linear response. This indicates that the updated parameter set 
captures the governing stiffness characteristics of the structure rather 
than compensating locally at a single state.
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Fig. 16. Normalized calibration results for the compression panel for a physical test. (left: normalized evolution of the calibration parameters, right: relative 
deviation of the strain measurements.).
Table 3
Primary sources of uncertainty and practical quantification approaches used in this study.
 Uncertainty source Description Quantification in this work  
 Calibration 
load-point selection

A single-point calibration may depend on the selected 
load level, due to nonlinearities or settling effects

(i) Verification against full strain histories; (ii) 
calibration at a second load point and comparison of 
parameter updates.

 

 Measurement set 
selection

Parameter identifiability and the calibrated solution 
vary with the coverage of measurement points

Repeated calibrations using different subsets of the 
full regression set and comparison of residuals and 
parameter updates.

 

 Parameter estimate 
uncertainty

Parameter correlations and measurement noise lead to 
uncertainty in the identified parameter vector under 
the local linearization.

Linearized LSQ covariance estimate based on (𝐉𝑇 𝐉)−1
scaled by the residual variance (reported as parameter 
standard deviations/confidence bounds).

 

Fig. 17. Evolution of the true sum of squares residuals representing the 
mismatch of the analysis model and the predicted residual by each nonlinear 
LSQ optimization cycle.

Nevertheless, a point-based calibration would be insufficient if the 
structural response exhibited a tipping point, such as the onset of dam-
age growth or structural instability. In such cases, a single calibration 
point could lead to a non-physical local optimum, and a curve-based 
14 
or multi-point calibration would be required. For the present panel 
test, however, the consistency of the strain histories confirms the 
applicability of the point-based calibration approach.
Measurement set selection. To evaluate the influence of the measure-
ment set on the calibration result, additional calibrations were per-
formed using different subsets of the available measurements. The 
resulting uncertainty can be assessed by evaluating the prediction 
accuracy at the remaining measurements that were not included in the 
calibration subset.

For five randomly selected subsets consisting of 20 measurements 
each, the deviations of the remaining 10 measurements were compared 
between the nominal model and the calibrated model. For this subset 
size, the resulting variability of the calibrated stiffness parameters 
remained below approximately 9%, indicating a moderate sensitivity 
of the parameter estimates to the specific measurement selection. The 
uncertainty is expected to decrease for a larger measurement set. A 
quantification for the full measurement set is not possible due to 
missing control measurements.
Parameter estimate uncertainty. Although the calibration determines 
the parameter update from a single load point, parameter uncertainty 
caused by measurement noise can be estimated within the linearized 
LSQ framework, as explained by Tarantola [33]. Under the assump-
tion of locally linear behavior and independent measurement noise, 
Tarantola outlines that the covariance of the calibrated parameters can 
be estimated according to Eq.  (27), where 𝜎2 is calculated from the 
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Fig. 18. Out-of-plane displacement [mm] in the nominal model and Digital Twin compared with the ARAMIS measurement from the experiment.
Fig. 19. Strain over axial load for the back-to-back strain gauges at each location on the panel skin (experiment vs. nominal model vs. Digital Twin).
residuals 𝐫𝑇 𝐫
𝑚−𝑛  and 𝐽 is the Jacobian. This estimate represents a local 

approximation around the calibrated parameter set. 
𝐂𝜷 = 𝜎2(𝐉𝑇 𝐉)−1, (27)

In the covariance 𝐂𝜷 , the individual regression parameter variances 
are located on the main diagonal. Since stiffness parameters are re-
gressed in transformed form (𝛽 = 1 ) parameter uncertainties have 
𝐸 𝐸

15 
to be mapped back to the original parameter to enable their physical 
interpretation. However, the relative uncertainty remains invariant 
( 𝜎𝐸𝐸 =

𝜎𝛽𝐸
𝛽𝐸
).

Using the covariance estimate, the relative standard deviations of 
selected calibration parameters were evaluated. For the governing stiff-
ness parameters, the relative uncertainties were found to be 0.0093 for 
𝐸 , 0.126 for 𝐺 , and 3.10 × 10−5 for 𝐾 . These values indicate that 
11 12 𝑟𝑜𝑡
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the longitudinal stiffness 𝐸11 and the rotational boundary stiffness 𝐾𝑟𝑜𝑡
are strongly constrained by the available strain measurements, whereas 
the shear modulus 𝐺12 exhibits a higher uncertainty. In contrast, the 
geometric imperfection amplitudes show substantially larger relative 
uncertainties of 8.66, 3.08, and 7.59 for 𝐼1, 𝐼2, and 𝐼3, respectively. This 
result reflects that parameters associated with low sensitivity exhibit 
an increased variance, and, as a consequence, a reduced identifiability. 
Nonetheless, together with the consistency observed in the full strain 
histories, this analysis supports the robustness and physical plausibility 
of the identified parameter set. 

5. Conclusion

We presented a nonlinear least squares calibration framework tai-
lored to structural testing, in which a nominal FE model is transformed 
into a specimen-specific Digital Twin.

Three feature were found critical to an efficient and robust calibra-
tion: First, parameter transformations (e.g., 1

𝐸11
 instead of 𝐸11) substan-

tially improved the convergence and accuracy of the nonlinear least 
squares method. Second, point-based calibration with the load as the 
independent variable avoided biases from compliance of the test ma-
chine and clamping equipment. Third, Jacobian-based weighting of the 
measurements reduced overfitting to weakly sensitive measurements.

The correctness and convergence properties of the calibration
method were verified on an analytical beam example and a synthetic 
compression panel simulation. This allowed direct observation of pa-
rameter trajectories throughout the iterative calibration where the 
remaining mismatches fell below 1% for all calibration parameters.

Applied to a compression experiment with a stiffened CFRP panel, 
the crucial uncertainties in the material properties, the clamping stiff-
ness, and the eigenmode-based imperfection amplitudes were success-
fully calibrated against strain measurements. Large updates were re-
quired for boundary condition stiffness and imperfection amplitudes 
(order of several hundred percent), whereas material stiffness param-
eters changed by 5% to 10%). An ARAMIS-based validation of the 
calibration result confirmed the better predictive accuracy of the Digital 
Twin.

The robustness of the parameter updates was assessed by evaluating 
the full strain histories, calibration at an alternative load level, and 
analyzing the sensitivity to measurement selection and noise. These 
additional investigations confirm that the identified parameter set rep-
resents a physically consistent improvement of the structural model 
across the entire load range rather than a local fit at the calibration 
point.

The current version of the calibration framework provides a prac-
tical route to more predictive, specimen-specific simulation model — 
the Digital Twin. Future work will extend the framework to multi-
ple load cases, more complex structures (for example larger stiffened 
shells, riveted joints, cut-outs). Furthermore, incorporating optical DIC 
measurement data into the calibration itself could allow replacing 
local strain information or machine signals, possibly enhancing the 
calibration on a larger structural scale and requiring less experiment 
preparation effort.
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