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Abstract

Both monolithic and sandwich composites are highly susceptible to impact loading. Despite o
their inherent strength-to-weight ratio benets, this vulnerability constitutes a major concern
related to structural integrity. Although structures designedwith ail-saeprinciples canwithstand
in theory partial system ailure, the early detection o in-service damage is useul or
supplementing regular inspections. The development and validation o a time-eicient predictive
method or the localization and quantication o damage to composites can bring numerous
benets, such as rapid post-damage strength estimation. In the current study, a deterministic
digital twin-based algorithm or the damage localization and quantication o a composite
sandwich panel subjected to sot body impact is developed. The eectiveness and robustness o
the developed algorithm are highlighted, whilst the time-eiciency o the algorithm is achieved
using a kriging surrogatemodel.

1.  Introduction

The constant requirement o the aerospace industry to enhance structural eiciency has driven
to the usage o high- perormance composite materials, either monolithic or sandwich. However,
aerospace composite structures are prone to damage due to high-velocity impact events such as
bird strike, hail impact, etc. These impact events can result in extensive damage, including
structure peroration, which will eventually degrade its post-impact residual strength. Thereore,
early damage detection in composite structures is imperative to avoid catastrophic ailure. The
development and validation o a time-eicient predictive method or the localization and
quantication odamage to composites canbring numerous benets, such as rapid post-damage
strength estimation; however, the detection and estimation o composites damage using digital
twin (DT) technology is a brand-new technique that has not been widely used in the aerospace
industry yet. A ew attempts to integrate the digital twin concept into the aerospace and space
industry are shown below. Tuegel et al. [1] presented a conceptual model using a digital twin to
predict the aircrat's structural lie prediction and to assure the structural integrity in fight
conditions. Later, in 2012, Glaessgen and Stargel [2] proposed a digital twin paradigm or the
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prediction o the health and the remaining lie o uture NASA and U.S air orce vehicles. Despite
all o that, the digital twin technology is not mature enough or use in the aerospace industry and
more development is required in several sectors such as data transmission, collection and
processing, communication-interaction technology, modeling-simulation technology and
sensing-measurement technology. The modeling technology is the main research ocus o this
study. Nevertheless, important conclusions can be extracted rom the data recording device
(interrogator) and the FBG sensing technology. In the current study, a deterministic digital twin-
based algorithm or the damage localization and quantication (named Damage Evaluation
Algorithm-DEA) o a composite sandwich panel subjected to sot body impact is developed. Its
operation's principle is based on comparing the strain histories recorded by FBG sensors with the
numerically calculated ones. More specically, high-delity (HF) and low-delity (LF) nite
element (FE) models are employed as digital replicas o actual structure; rstly, the low-delity
model is used as a computationally eicient tool or the identication o impact loading
conditions and damage localization based on strainmeasurements recorded by the FBG sensors,
and aterwards, the high-delitymodel is employed or damage quantication considering known
the position and load-time prole. In addition, a surrogate model-based (SBO) technique is
utilized as an alternative way to speed up the impact location identication process. For a better
comprehension o the general idea, a schematic o the digital-twin-assisted damage diagnosis
concept including the unction o developed models is shown in Figure 1.

Figure 1: A schematic o the digital-twin-assisted damage diagnosis concept

2.  Modelling Tools

2.1  Database

This section briefy describes the physical-based FE models with dierent delity levels
developed or a specic curved sandwich panel in a previous authors’ investigation [3]. It should
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be mentioned that the creation and validation o these modeling tools constitute a preparatory
and prerequisite step or the development o the DEA algorithm. In this study, the examined
sandwich panel is 500mm in length, 470mm in width and about 26mm in thickness. In essence,
it is a slightly curved rectangular panel with a radius o 400 mm, whilst it is assumed that it
consists o two symmetric quasi-isotropic lay-up ([(45/0/-45/90)2]s) CFRP aces with 2.88 mm
thickness and a 20mm thick polymer oam layer.

In the high-delity model case, ply-based (stacked-solid) method with 3D solid elements was
adopted or the laminated skins. This technique can predict the separation o laminated plies on
the grounds that each lamina is explicitly modelled. For delamination initiation and propagation
modelling, a racture-based contact algorithm is utilized at each lamina interace since it
eliminates thedrawbackso cohesive elements. In the caseo oamcoremodeling, the three one-
integration point solid elements in through the thickness direction are considered adequate or
capturing the bending and shear stiness o the panel. For the intralaminar damage, a
modication o the Hashin criterion is applied.

Regarding the LF model, it targets to reduce the high computational time o the HF one, keeping
the modeling accuracy to an acceptable level. It is well known that the most representative the
model is, the most time-consuming it is. Thereore, the relegation o the accuracy o damage
modeling is applied using layered solid elements or skin modeling. The 8-node layered solid
elements in LS-DYNA use one integration point per layer or computational eiciency capturing
eiciently the bending stiness and the through the thickness stresses like a 3D solid element.
The second modication in relation to the HF model is that no cohesive elements are
implemented into the CFRP aces to capture interlaminar damage. Thus, the running time was
signicantly reduced (98%). In parallel, the impulse-equivalent loading technique was
implemented tomitigate computational time urther. In essence, a time-variable, distributed and
impulse-equivalent load is used or the representation o bird impact orce. The equivalent load
is applied on a rectangular area whose edge length is equal to the projectile’s diameter (50mm).
Regarding the loading shape, it is observed that it looks like a symmetrical bell or 45o oblique
sot-body impact; thereore, it is simplied as a tri-linear loading curve. The gure 2 shows the
model with the explicit SPH model o the sot projectile and the model with the equivalent load.
Detailed discussion about the modeling approach, the computational time and the validation
process omodelling tools using experimental impact tests is given in [3].

Figure 2: Model including SPH sot projectile (a), and Impulse-equivalent model (b)

In previous authors’ study [3], it has been concluded that the high-delity model can suiciently
approximate the experimental strain histories recorded by the FBGsensors,with the experimental
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delamination area accurately predicted. On the other hand, the LF model can rapidly predict the
global vibrational response o sandwich panel, whereas the urther transormation o the LF
model based on applying an impulse- equivalent loading instead o SPH model o the sot
projectile reduced the total computational timeby 68%. In current research, all employedmodels
were set using simplied equivalent loading due to a) the necessity or time eiciency and b) the
parametrization o tri-linear loading curve in terms o loading rate, the magnitude, the unloading
rate, and the impact duration.

3.  Description of DEA algorithm

The MATLAB-developed DEA algorithm consists o six (6) steps, which are in parallel with the
current study's targets and are executed in series. In therst step, the algorithm roughly estimates
the position o the applied load by providing an initial arbitrary pair o values or load magnitude
and impact duration. In essence, the LFmodel runs or dierent load positions and the algorithm
evaluates the strain-timehistories at the twomeasuring points. The target here is theminimization
o root-mean-square error (RMSE) between the experimental values and the numerical ones,
whereas the used searching algorithm o the 1st step is based on a user-dened logic scanning
35 points on the panel’s surace. The output o 1st step is the rough estimation o load location
and also constitutes the input o 2nd step. In the 2nd step, a ne searching procedure o load
location ollowsand is based on thePattern-searchmethod [4]. Theposition o load is determined
with an accuracy equal to the element size (i.e. 5mm in the current research). Thismethod or the
impact location denitionwill bementioned as the double-stepmethod in the ollowing sections.
When the location o loading has been dened, the 3rd step o the algorithm is activated or the
calculation o the loading rate changing the slope o the loading curve at each run. The optimum
value o the loading rate is dened using the derivative-ree Nelder-Mead Simplex optimization
method [5] and the target experimental strain-time histories. Aterwards, the 4th step deals with
the denition o loading magnitude, whereas the 5th step calculates the total impact duration
using again, the Nelder-Mead Simplex method. All the above steps are executed using only the LF
modeling tool. Finally, the 6th step is a single running o the HF model knowing the location and
the time-variance o the applied load. The necessary inputs or running the algorithm are the FBG
sensors data and an initial pair o values or the load magnitude and impact duration. The fow
chart o the DEA algorithm is illustrated in gure 3.

In an attempt to make the DEA algorithm more time eicient, a surrogate model [7] was
implemented as an alternative way to estimate the impact position. Consequently, the rst two
steps o the algorithmwere replaced by a surrogatemodel aiming to accurately locate the impact
position in one step. Similar to the ormer rst step, the target is the minimization o RMSE
between the experimental and the numerical strain values, which comes down to an optimization
problem. To solve that optimization problem (minimizing the RMSE), we approximate the
unknownRMSE unctionby training aKriging surrogatemodelwith only a ewpoints o theposition
domain. Kriging is a Gaussian-based interpolation method widely used in surrogate-based
optimization that perorms exceptionally well in the small data region. Among Kriging surrogate
models, ordinary Kriging is highlighted as the most commonly used technique due to better
accuracy compared to other kriging variations [6]. For a detailed description o the Kriging
method, reer to [6]. As the number o training sample points gets higher, so does the model's
accuracy. Since generating more sample points is quite computationally expensive, it would be
wise to add sample points strategically in the position domain where urthermodel improvement
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is expected. Sincewe try to nd thepointwith theminimumRMSE in theposition domain,wehave
to take advantage o the act that we do not need a surrogate model that is accurate everywhere;
themodel only needs to beprecise in the regionwhere the globalminimummight exist. Thiswould
require more than one step through the training process to be possible. To bypass the limitations
o one-shot sampling, we can use sequential sampling techniques. Sequential sampling reers to
building a surrogate model with a gradually enriched training sample as the training progresses.
In this work, using adaptive sequential sampling, new sample points are generated based on
inormation extracted during previous iterations in order to place them in locations where we
might expect to nd the global minimum. Since Kriging is a Gaussian Process, it assigns a normal
distribution to each prediction, meaning that it can automatically get the prediction variance to
indicate the uncertainty o the model throughout the whole position domain. So, by taking into
account both the RMSE value and the normal distribution assigned to every point in the position
domain by the surrogate model we can get a probability or every point to be the actual global
minimum. Hence, a point with a high probability o being the global minimum would be a good
choice as the next sample point. This can be achieved by making use o the expected
improvement unction E [7] as a criterion to choose the next sample point. The point where E
maximizes is the point with the highest probability o being the global minimum, so in our case,
the point o impact. By selecting the maximum E value point as an additional sample point, the
robust exploration o the global minimum and the improvement o the surrogate model can be
accomplished simultaneously. You can nd more inormation regarding adaptive sampling
methods or Kriging in [8]. Figure 4 presents the workfow o the location optimization process.
Apart rom the sequential sampling technique, another critical step to build an eicient surrogate
model or optimization is the initial sampling which lies at the oundation o the training process.
Latin Hypercube Sampling (LHS) method is used in the current study or the initial sampling. LHS
is a statistical method or generating a random sample o parameter values based on a
distribution. LHS is a classical technique or dening the initial data set because it is an eicient
space-llingmethod, particularly or initial data sets including very ew sample points [9]. For this
application, uniorm distribution-based LHSwill be used taking into consideration that we are not
aware o the impact location, and we want to scan the whole position domain. The number o
initial sample points n that we used or the development o the initial surrogate model was
decided ater carrying out a parametric study to nd out themost eicient number n or the initial
sampling. Lastly, it is worth mentioning that the impact position determination accuracy is not
limited to the element size in contrast with the ormer method.

Regarding the assumptions o the proposed methodology, the current ramework is ormulated
or high-velocity sot body impact and is restricted to the 45o oblique impact due to the available
experimental tests; nevertheless, it can easily be modied or a normal impact scenario. The
second assumption is that the area o applied pressure load is constant, assuming that the
projectile size is known, and the load is spatially static during the analysis. Thereore, the eect o
projectile fattening cannot be captured due to the act that it is an inherent limitation o the
modeling method.

As ar as the execution time is concerned, both the numerical models and the DEA algorithm are
highly improved or the minimization o running time. The execution time or a single run o the LF
model is 25 s, whereas or the HF model is 2hr and 19 min using an 12th Gen Intel i7-12700K 3.6
GHz processor and a 64 GB RAM. The total computational time o the DEA algorithm is 3hr-34min
and 3hr-49min with and without the surrogate model, respectively. Regarding the load position
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denition process, the surrogate model is roughly three times aster than the other method.
Furthermore, it is necessary to mention that the DEA algorithm is executed without any user
intervention during the process in both cases.

Figure 3: Flow chart o DEA algorithm

4.  Results and Discussion

4.1  DEA algorithm’s eectiveness

As described above, the execution o the damage evaluation procedure is a stepwise process
starting rom the denition o load position. The distribution o RMSE between numerical and
target strain-time proles on the panel surace or the 1st step is depicted in gure 5. The error
minimizes at the point with coordinates X=265 mm and Y=-50 mm, which shows the location o
the right-back corner o the pressure load, whereas the ne searching routine nds the global
minimum RMSE at the point with X=260 mm and Y=-50 mm, which is extremely close to the
experimental impact point. The denition o load position can also be accomplished in one step
using the surrogate model, as mentioned in the previous section. In this case, the rst and nal
versions o the surrogatemodel produced by the sequential sampling loop are presented in gure
6. The minimum o RMSE is ound at the point with coordinates X=265 mm and Y=-50 mm using
the nal version o the model. The slight dierence in the load position coordinates between the
twomethods is due to the 5mm accuracy limitation o the rst.

 
Figure 4: Flow chart o the surrogate model optimization (SBO) process
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Figure 5: RMSE between numerical and target strain-time histories or 1st step o the algorithm

Figure 7 compares the applied load versus timederived byHF/SPHmodel [3]with the time-varying
load calculated rom the DEA algorithm. The HF/SPH model showed in [3], is the high-delity
numerical impact model created using the SPH method or sot projectile representation. In the
caseo theHF/SPHmodel, the orce-timecurve o gure 7 is the applied orce-timeprole derived
rom the contact between the composite panel and sot projectile. Comparing the responses it is
noted that the impulse dierence is only 1.2%. In particular, the impulse orHF/SPHmodel is 24.6
Ns, whereas or the DEA algorithm is equal to 24.3 Ns. In parallel, the loading rate, themagnitude
o the load and the impact duration are in agreement with those o the HF/SPHmodel o [3].

Figure 6: The rst (top) and nal (bottom) versions o the Surrogate model or RMSE prediction
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Figure 7: Comparison o the contact orce-time response derived rom the LF/ SPHmodel [3] and
the calculated one rom the DEA algorithm

Consequently, it is inerred that the DEA algorithm has accurately calculated the impulse-
equivalent load o the impact event. Figure 8 shows the numerical strain-time proles or the two
measuring points, P1_S1 and P1_S3, derived rom the DEA algorithm and the corresponding
experimental ones [3]. From a numerical point o view, each numerical strain-time prole was
calculated rom the output strain data o the corresponding solid element located on the back
side o the target structure. In the case o the P1_S3 point, the numerical prole is identical to the
experimental one in terms o a) the initial slope o the strain curve, b) the maximum strain during
the impact event, c) the rise time at which the maximum strain occurs, d) the decay time and e)
the trend o strain-time prole.

Figure 8: Comparison o experimental and numerical (DEA algorithm) strain- time proles

Looking at the result or the P1_S1 point, it is inerred that the numerical strain-time prole
diverges rom the experimental ones due to the load simplication according to the previous
author’s investigation [3]. However, it is in good agreement rom the trend point o view. The
conclusion here is that a pair omeasuring points is necessary or better convergence o the DEA
algorithm and, thereore more accurate results. Concerning the interlaminar damage, the total
delaminated area by non-destructive evaluation is calculated equal to 16,875mm2, whereas the
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cumulative numerical damage is slightly larger and equal to 19,228 mm2 (Figure 9). This
discrepancy is due to the asymmetric delamination pattern observed in the experimental results.
According to [3], a heterogeneity o the gelatine projectile and an imperection in the target
material might be possible reasons. However, the location and the extent o the actual damage in
both directions have been precisely captured rom the DEA algorithm, as shown in gure 9.

Figure 9: Comparison o total numerical delamination damage (red line) with the experimental
one (black line) (right) andmodel with numerical delamination damage (let).

4.2  DEA algorithm’s robustness

Apart rom the algorithm’s eectiveness, the robustness o the methodology was assessed
regarding the eect o the initial input values o load magnitude and impact duration on the load
position denition. Both methods used were tested this way. More specically, 85 and 150
combinations o load magnitude- impact duration, which were generated by the LHS method,
were studied or the double-step method without surrogate model and the SBO method,
respectively. For the double-step method the infuence o initial values on the load localization is
shown in gure 10, and or the SBO in gure 11. Figure 12 presents the dierent load locations
that resulted rom the aorementioned test and the occurrence probability o these locations or
both methods. For the double-step optimization method the load location is consistent or the
93% o initial sampling, whereas or the SBOmethod, the load location is the same or the 86% o
all examined cases. In particular, or the SBO method, the rest 14% o the load location
predictions are very close to the impact location. Thereore, it is concluded that the DAE
algorithm, in any case, demonstrates a high level o robustness regardless o the method.

Figure 10: Infuence o load magnitude-impact duration combination on the load localization
(Double-step optimization method without surrogate)
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Figure 11. Infuence o load magnitude-impact duration combination on the load localization

(SBOmethod)

Figure 12: Occurance probability o impact position.

5.  Conclusions

In the current study, an eective and highly robust digital-twin- based algorithm or composite
structure damage evaluation was developed. The damage localization and quantication with
high precision is easible using the FBGsensor's strain- timeproles as input andwithout any user
intervention. The time eiciency is increased by implementing a Kriging surrogate model in the
rst two steps o algorithm by 60%. The level o robustness o methodology can be maximized
using multi-point strain data.
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