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Abstract

The bonding of a honeycomb core to the thermoset prepreg facesheets by co-curing them allows one to
manufacture composite sandwich structures in a single operation. However, the process is strongly dependent on
the prescribed autoclave cure cycle. A previously developed physics-based simulation can predict the bond
quality as a function of the process parameters. The disadvantage of physics-based simulations is the high
computational effort needed to identify the optimal cure cycle to fabricate sandwich structures with desired bond-
line properties. Theory guided machine learning (TGML) methods have demonstrated their capabilities to reduce
the computational effort for different applications. In this work, three TGML models are trained on a data set
produced from physics-based simulations to predict the co-cure process of honeycomb sandwich structures. The
accuracy of the TGML models were compared to select the best performing predictive tool. In addition to
reduction of computational time by orders of magnitude, we demonstrate how the TGML tools can also quantify
the contribution of each process parameter on the properties of the fabricated part. The most accurate model was
implemented in an optimization routine to tune the input process parameters to obtain the desired properties such
as the bond-line porosity and facesheet consolidation level. This methodology could be extended to any process
simulation of composites manufacturing processes.
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1 | INTRODUCTION

manufacturing process, first, the prepreg facesheets are con-
solidated. This is followed by using an adhesive film to bond

Honeycomb sandwich structures are light and stiff mate-
rials that provide high mechanical performance for aero-
space and automotive applications.**! They are fabricated
by two skins (facesheets), consisting of thermoset pre-
impregnated fabrics, or prepreg, bonded to a honeycomb
core (Figure 1). Different methods have been used to
bond the skins to the core. In the secondary bonding

the consolidated facesheets to the honeycomb core in a sep-
arate operation. Thus, the process occurs in several steps,
which prolong the manufacturing cycle and moreover,
introduce difficulties in fitting the consolidated facesheet to
the more complex, curved, geometries. The co-cure process
involves simultaneous (i) consolidation of facesheets;
(if) bonding process by a film adhesive and (iii) concurrent
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FIGURE 1 Honeycomb composite sandwich structures

curing of all materials. In this case, the fabrication is
achieved in a single operation. Also, the geometrical mis-
match between the skins and the core is no longer a hurdle
due to the higher flexibility of the uncured facesheets.*’

Autoclave processing is one of the most common
manufacturing methods adopted to fabricate honeycomb
sandwich composites, either by the secondary bonding or
the co-cure process. In the latter case, the uncured pre-
preg sheets and the adhesive are placed on one or both
sides of the honeycomb core and sealed under a vacuum
bag subjected to a prescribed temperature and pressure
cycle to co-cure the prepregs and the adhesive bonding
the prepregs to the core. The co-cure process cycle in the
autoclave is described by setting the pressure and temper-
ature in the autoclave and the pressure in the vacuum
bag over time. Two configurations are used for the co-
cure process (i) equilibrated or (ii) closed core. In the first
case, the prepreg facesheets are co-cured on one side of
the core, while, on the other side, the core is connected
to a precured perforated tool. Therefore, during the pro-
cess, the core pressure equals the pressure inside the vac-
uum bag. However, in the closed core configuration, the
honeycomb core is simultaneously bonded to the skins
on both sides.

The quality of the sandwich structures is highly influ-
enced by the quality of the bonding between the skins
and the honeycomb core. During the co-cure, the interac-
tions between the polymer resin and the adhesive resin
may lead to an unacceptable amount of porosity in the
bond-line, if the autoclave process parameters are not set
properly.[*”) The typical strategy for the design of the
autoclave cure cycle is to adopt process parameters sug-
gested by the materials supplier, although this approach
is not optimal and requires multiple trials. This is
because of the dominant coupled physical phenomena
occurring during the co-cure process such as the bond-
line fillet formation, prepreg facesheet consolidation and
core pressure dynamics may result in an excessive pres-
ence of porosity within the bond-line weakening the
bond between the facesheet and the core.*! In a co-
cured honeycomb sandwich structure, the bond-line is

composed by the adhesive polymer and the resin that
bleeds out of the prepreg skins due to consolidation and
the applied pressure gradient. Thus, the cure cycle must
be properly tuned to (i) avoid large number of voids
within the bond-line, and (ii) to guarantee the desired
level of consolidation.

Numerical simulations with physics-based tools have
been developed in the composite manufacturing field to
predict the effect of the process parameters on the final part
in order to optimize the fabrication method.">'*?! Niknafs
Kermani et al. developed the physics-based model that
accounts for the bond-line fillet formation, prepreg face-
sheet consolidation and void dynamics during the co-cure
process and have implemented in a software tool SAND-
WICH to simulate the co-cure of honeycomb sandwich
structures with a specified autoclave cure cycle. The simula-
tion inputs in addition to material rheology are the pressure
and temperature in the autoclave and the vacuum pressure
as a function of time. The simulation predicts the fiber vol-
ume fraction and resin pressure profile across the thickness
of the facesheet, the adhesive fillet shape, the core pressure,
the bond-line porosity, and volume of resin bled out of the
prepreg during the equilibrated co-cure.!”! Zebrine et al.l**!
performed validation experiments to assess the consistency
of the predictions by SANDWICH. They fabricated three
specimens by equilibrated co-cure with different processing
conditions in terms of autoclave and vacuum pressures, and
number of layers of prepreg. The manufactured samples
were characterized to evaluate the porosity content and the
fillet shape. Simulations by SANDWICH with the same con-
ditions were performed to compare the results. The experi-
ments confirmed that the tool SANDWICH correctly
captures the trends of the response for the adhesive fillet
shape and the bond-line porosity in response to the changes
to the cure cycle parameters. Niknafs et allt4 integrated an
optimization routine to the software to find the optimal
autoclave process parameters to fabricate a honeycomb
sandwich composite with minimum content of porosity in
the bond-line and maximum consolidation level of the
skins. The multiobjective optimization routine consisted of
one cost function in which the simulation outcomes were
embedded. The optimal parameters were identified by per-
forming several physics-based simulations by SANDWICH,
to minimize the cost function. The typical time necessary to
complete one physics-based simulation by SANDWICH is
an average of 380 .15 Thus, identifying the optimal cure
cycle is limited, as the number of runs to ensure the opti-
mum result is of the order of thousands and with the
physics-based computational cost, the necessary time would
take months on a traditional PC.

In the last decade, machine learning (ML) methods
became a viable tool to extract useful information from
large amounts of data. It is more common to substitute
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science-based approaches, relying on numerical methods
such as finite element (FE) or finite differences
(FD) simulations to solve the governing physical laws,
with data-driven modeling techniques. Several studies
explored the use of ML methods for processing of com-
posite materials."® Ozkan et all'”! predicted the
mechanical properties of nanocellulose films by
ML. They demonstrated how ML tools help in identifying
combinations of the components to tailor the nanocellu-
lose composites to achieve higher performances. ML
methods are also used to predict the temperature differ-
ences and the degree of cure during compression molding
of thermosetting prepregs. Hou et al.'®! trained several
ML algorithms on a data set produced by FE simulations
of the process in order to provide a tool with low compu-
tational cost for the prediction of the effect of several pro-
cess parameters on the outcome of the compression
molding process. The accuracy of the predictions by their
ML tools was affected by the availability of limited
data set.

Two strategies can be adopted to create a ML tool to
predict the desired outputs of a manufacturing process
(i) conducting a large enough set of experiments so the
ML algorithms can capture the possible correlations
between inputs and outputs; or (ii) using physics-based
models implemented in simulations to generate a data
set to train the ML models. In such cases, the ML algo-
rithm is informed of the process physics through the
experienced phenomena recorded in the data set. The
first strategy is clearly not viable, since composites mate-
rial and their manufacturing process are expensive and
time consuming. Therefore, new studies involving the
second strategy investigate the application of theory-
guided ML (TGML) tools for the composite materials pro-
cessing.“gl TGML tools have been developed to calibrate
a continuum damage FE model to predict the intra-
laminar progressive damage for quasi-isotropic composite
laminates.*!

In this paper, we present TGML models to predict the
co-cure process of honeycomb sandwich structures. Sev-
eral TGML algorithms are trained on a data set produced
from physics-based simulations of the co-cure process to
perform regressions, and their performances are com-
pared. The best regressor is selected to predict the simula-
tion results of the co-cure process. The data set consists
of 5056 points. The simulations are performed with the
model developed by Niknafs Kermani et al.®! and are
considered as the actual data for the training, testing, and
validation of the TGML models. Twelve process parame-
ters are defined to uniquely characterize the selected cure
cycles and are used as features for the TGML regressors.
This is followed by integrating the models with an
optimization routine to obtain the optimal process

parameters. In this study, the predicted output for a spe-
cific cure cycle is represented by the maximum fiber vol-
ume fraction and minimum bond-line porosity developed
during the cure. The multi-objective optimization process
identifies the process parameters that result in co-cured
honeycomb sandwich structures with minimum bond-
line porosity and highest consolidation level with highest
possible pressure that can be applied to the part without
crushing the core. Unlike previous studies that evaluated
limited number of cure cycles in the optimization process
due to the computational limitations, 1000 cure cycles
are evaluated in order of minutes using the TGML
method.

2 | DEVELOPMENT OF THE
DATA SET

2.1 | Materials and process

The prepreg facesheets selected for this study are Hexcel
8225, and the adhesive is Henkel Loctite EA 9658 AERO.
The software SANDWICH is used to simulate the co-cure
process for the honeycomb sandwich structures in the
equilibrated configuration.!”) The physical parameters
used to generate the data points for adhesive thickness,
number of prepreg layers, and honeycomb core cell size
are in agreement with the validation experiments per-
formed by Zebrine et al.'**!

2.2 | Data set structure

The data set for this study is generated by simulating dif-
ferent cure cycles as the input for the physic-based simu-
lation, SANDWICH. The cure cycles are designed with
two temperature ramps and two temperature dwells and
characterized by six parameters to describe the tempera-
ture profile and six parameters to describe the pressure
profiles in the autoclave and in the vacuum bag.[g] As
shown in Figure 2, the temperature cycle is defined by
the two heat rates (x;, x4), the two ramp durations (x,, xs)
and the two dwell durations (xs, xs). The vacuum cycle is
described by the vacuum pressure (x;), the time of appli-
cation of vacuum (xg) and the duration of the vacuum
dwell (x9), and similar parameters are defined for the
autoclave pressure profile. For this study, the pressures
are assumed to change only once during the cure.

To generate the data set, 5056 different combinations
of the 12 inputs parameters are designed to reasonably
cover several possible physical scenarios in the co-cure
process and offer to the TGML regressors a comprehen-
sive description of the phenomena involved in the
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FIGURE 2
the co-cure process

TABLE 1
training of the machine learning algorithms

x1 [°C/min] X, [min]
Temperature cycle 2 45
3 30

TABLE 2 Pressure values selected to generate the input for the
simulation, SANDWICH and the data set for the training of the
machine learning algorithms

Vacuum 0.01P, 0.1P.4n 0.5P41m Py
pressure x; [Pa]
AUtOClave Patm 2Patm 3Patm 4Patm

pressure x;o [Pa]

co-curing process. A large number of data points guaran-
tees the validity of the predictions and the robustness of
the regressors, but the generation of the data is limited by
the computational effort required by the machine.
Indeed, the 5056 simulations were performed in
about 500 h.

Three temperature cycles with different heating ramps
and different hold durations are combined with five differ-
ent autoclave and vacuum pressures. Five different start
times and duration of the pressure cycles are also consid-
ered. To generate the various input cure cycles, permuta-
tions of the 12 parameters are used by fixing one
temperature cycle and one of the vacuum or autoclave cycle
parameters. The considered temperature cycles and vacuum
and autoclave pressures are listed in Tables 1 and 2.

Selection of the parameters to describe the temperature and pressure cycles in the autoclave and in the vacuum bag during

Parameters of the temperature cycle selected to generate the input for the simulation SANDWICH and the data set for the

x3 [min] x4 [°C/min] x5 [min] X6 [min]
60 2 33.5 120

100
60 3 22.5 120

As shown in Table 1, the two cure cycles with heat-
ing ramps of 2°C/min are designed to test the influence
of the temperature dwell on the outputs of the co-cure.
The third cycle is designed with higher heating rates
(%1, x4) and different values for heating ramp duration
(2, Xs).

Four pressure values are used, for both the vacuum
bag and the autoclave, to generate the input cycles.
The remaining input parameters, that is, vacuum and
autoclave applied times (xg, x;1) and durations (xg, X;,),
are designed separately for the different temperature
cycles by considering the prepreg and adhesive gel
times.

The outputs of the simulations for the data set are the
porosity of adhesive (pap) and bled resin (¢@pr), effective
porosity of the bond-line (¢grg), and maximum fiber vol-
ume fraction (FVF). Thus, the data set consists of data
points characterized by 12 inputs and four outputs. The
arrangement of the input and output parameters in the
data set is presented in Figure 3.

The data points are then fed to the machine learning
models for training and validation to generate the predic-
tions. A schematic of the data generation and processing
is presented in Figure 4.
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3 | MACHINE LEARNING MODELS
FOR THE REGRESSION

To predict the four outputs, three different TGML algo-
rithms are trained on the generated data set (Figure 4).
These models include decision tree (DT), random forest
(RF), and extremely randomized trees (ERT). Four differ-
ent regressors are trained by each of the three supervised
ML models to predict each output. A total of 12 TGML
regressors, four for each ML method, are generated and
10-fold cross validation is performed to evaluate them.
The performances of the three ML models for each out-
put are compared by evaluating the average root mean
squared error (RMSE) of the 10-fold cross validation.
Then, the four regressors for the four outputs of each ML
model that allow the predictions of each of the outputs
with the highest accuracy are selected to be integrated in
the optimization routine. Figure 5 shows a schematic of
the generation of the TGML regressors for the four
outputs.

3.1 | Decision tree

Decision tree (DT) is a supervised learning method
widely used for data regression. A DT consists of

Theory-Guided ML Predictions
for the Optimization of Co-cure
Process of Honeycomb
Sandwich Structures

_

decision nodes and leaves. The DT algorithms grows a
connected branch between the decision nodes and it is
arrested at the leaves. To grow the branch, the feature
space is partitioned in cells and the branches of the DT
are grown by decisions made by the features on how to
split the data based on the value that the nodes can
assume. The split criteria to grow a DT are learned by
the model from statistical measurements of features in
the training data.[*!!

In this study, four DT regressors are generated for
the four outputs. We set the squared error as a function
to measure the quality of splits, and all the other
parameters are the default parameters of the “Decision-
TreeRegressor” function in the SciKit Learn Python 3.0
library. The algorithm is also set to select the best split
at each node and all of the models are trained with the
same parameters.

3.2 | Decision tree based ensemble
methods: Random Forest

Ensemble methods in machine learning use several
base learners to construct a regressor that gene-
rates the final decision based on a voting mecha-
nism. The results of the base models are aggregated



Accepted Manuscript
Version of record at: https://doi.org/10.1002/pc.26829

Random Forest
Model

Decision Tree
Model

Extremely Randomized
Trees Model

FIGURE 5
the training of the 12 theory

Schematic of

guided machine learning
regressors. Three ML models are
selected and trained on the four
outputs separately. Therefore,

‘ Adhesive Porosity l | Prepreg Porosity |

’ Effective Porosity ‘

for each output three TGML
regressors are generated and

Max. Fiber Volume
Fraction

N

.

compared by 10-fold cross-
validation

.

‘ 12 TGML regressors

to make more accurate predictions. DT are ty-
pically used as weak learner. For this study, two
ensemble methods are implemented to develop the
regressors.

Random forest (RF) is a tree-based ensemble
method, which consists of a large number of DTs cre-
ating a forest in an ensemble. Each DT uses a random
subset of the available features and a random sample
set of the data set to build the model. The predictions
of each of the trees in the forest are then averaged by
arithmetic mean to perform the regression.!??!

In this work, four RF regressors are developed, each
of them built with the same parameters. The built-in
function “RandomForestRegressor” of the library Scikit
Learn in Python 3.0 is used to generate the four models.
The algorithm is set to include 500 DT in the forest. The
mean squared error is used as a function to evaluate the
quality of a split.

3.3 | Decision tree based ensemble
methods: Extremely randomized trees

Extremely randomized trees (ERT) is an ensemble
method similar to RF. Several DTs as part of an ensemble
are trained on the whole data set and the splitting point
of features at each node is randomly selected.!?*! For our
study, we generated four ERT regressors, one for each of
the outputs, each with 100 DT as part of the forest. We
implemented the models with the built-in function
“ExtraTreeRegressor” of the Scikit Learn library in
Python 3.0. The mean squared error was used as a func-
tion to evaluate the quality of the splits.

3.4 | Ten-fold cross validation and RMSE

Cross-validation is a technique used to evaluate the perfor-
mances of a ML algorithm. In this study, 10-fold cross-

validation is adopted. The data set is split in 10 folds, where
10% of the data is randomly selected to be assigned in the
test fold and the remaining data is split in the nine training
folds. After the training, the models are validated on the test
fold. The process is iterated 10 times to capture a robust per-
formance error and at each step the accuracy of the model
is evaluated by means of percent RMSE:

where x; and x;* represent, respectively, the actual output
value in the data set and the predicted value by the ML
model, over the N data points. At the end of the proce-
dure, the RMSEs of the 10 iterations are averaged and the
mean value and standard deviation are computed. The
process is performed for the 12 regressors that are gener-
ated for the outputs, in four groups of three regressors
each relative to one output, in order to compare the per-
formances of the TGML models.

4 | OPTIMIZATION

To construct the optimization routine, we assumed that
the facesheet consolidation level is represented by the
highest fiber volume fraction (FVF) across the facesheets.
Therefore, we built a cost function (Equation 2) for the
optimization as a linear combination of ¢grr and FVF.
The optimization algorithm will proceed to minimize the
cost function with the iterations. Therefore, to guarantee
that FVF is maximized, the term related to it in the cost
function is built with the form 1-FVF. The range of possi-
ble values for the porosity @gpr are between 0 and
1, while the span for the FVF is usually between 0.55 and
0.59. To equalize the sensitivity of the cost function to the
two parameters, the term 1-FVF is normalized with
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VFax and VF,, that are the expected highest or initial
fiber volume fraction, respectively, in the simulation
depending on the selected process parameters (x).

VF —FVF
f ) = W1gpr(x) + W2 (#\,an:) (2)
The weight functions w;, with i = 1, 2 and Y w;=1,
define the sensitivity of the cost function to the two out-
put parameters. The objective function is highly non-
linear and non-convex, as both @gpp,) and FVF(, are
computable by means of non-linear functions (finite dif-
ferences or finite element methods). The optimization
parameters are described by vector (x) as follows:

X = [X1,X2,X3,X4,X5,X6,X7,X8,X9,X10,X11,X12] (3)

where the parameters x; describe the cure cycle as
defined in section 2.

Several inequality constraints are set to guarantee the
appropriate search for the optimal process parameters. In
this study, the total time of the cure cycle is defined by
the temperature cycle. Therefore, the vacuum and auto-
clave applied times (xg and X;;, respectively) are bounded
by the temperature cycle. The vacuum and autoclave
release times (xg + X9 and x;; + X, respectively), are
bounded by the total time for the cure cycle as well.
Moreover, the vacuum and autoclave release times can-
not happen before the vacuum and autoclave applied
times. Such specifications result in the following con-
straints implemented in the optimization code:

f1(x):x8*xz*x37x57x650 (4)
Sap) =X11—X2 —X3 — X5 —X6 <0
f3p=—X<0
fa) =X +Xg —X2 —X3 —X5 —X6 <0
fsp=—x12<0

Fo) =X11+X12 =X —X3 — X5 — X6 <0

The non-linear constraints are set to guarantee that
both polymers of adhesive and prepreg are properly
cured when a trial optimal cycle is generated by the
optimization routine. A check on the degree of cure for
both materials is implemented and the values are com-
pared with the degree of cure when the resin or adhe-
sive gels.

Jr(x) = @ap,Gel —aap <0 (5)

fg(x) =apr,gel —apr <0

where aap and apgr represent the final degrees of cure for
the adhesive and prepreg resin respectively, and aap ge
and apg ge are the degrees of cure when the gelation for
adhesive and prepreg will initiate respectively.''*!

For the optimization, upper and lower bounds for the
process parameters are defined considering that auto-
claves typically operate pressures up to 400 kPa and tem-
peratures up to 180°C for the co-cure of honeycomb
sandwich structures.’®?*! The algorithm for the optimiza-
tion is implemented in MATLAB as the Surrogate Opti-
mization function “surrogateopt.” The function provides
a global search for the optimum value for functions with
high computation costs. The algorithm is arrested after
1000 iterations.

5 | RESULTS AND DISCUSSION

5.1 | Evaluation of the performances
The performances of the models evaluated with 10-fold
cross-validation by RMSE are reported in Table 3.

As shown in Table 3, the average percent errors of
the 12 regressors are very small, confirming the robust-
ness of the regression models across all the outputs.
The DT regressors have the lowest error for the predic-
tions of pap and @pr. The ERT regressors perform the
best to predict the ggrr and the FVF. In Figure 6, the
scatter plots of the predicted values with respect to the
actual values for the outputs are reported for the differ-
ent ML models. The scatter plots confirm the results
presented in Table 3. The 12 TGML regressors are com-
parable in terms of accuracy. In particular for the @grr
and the FVF, it is clear how the ERT algorithms have
superior performances than the other models. Thus,
considering that the cost function for the optimization
is defined in Equation 2, the software SANDWICH is
substituted with the ERT regressors for the prediction
of pgrr and FVF.

5.2 | Importance of the inputs

To design a cure cycle for the co-cure process of a sand-
wich structure with the desired properties, it is necessary
to identify the correlation between the process parame-
ters and the physics of the phenomena involved in the
co-curing of prepreg and adhesive. Although the software
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DT average RMSE
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porosity @ ap
1.03E-09 + 8.60E-12
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Prepreg
porosity @pr
0.22 + 3.42E-03
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Percent error in mean RMSE of 10-folds cross-validation using different ML algorithms

Effective
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1.95 + 9.62E-03
1.32 + 1.53E-03
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Max. fiber volume
fraction FVF

0.10 + 1.60E-04
0.08 + 5.72E-05
0.07 + 7.37E-05
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SANDWICH is able to characterize the underlying multi-
physics of the co-curing process and predict the outcome
of a prescribed cure cycle, it is not designed to capture
the influence of each of the inputs on the output parame-
ters. One of the capabilities of ML tools is the recognition
of the contribution of each feature on the outputs. For
this study, in parallel to the development of the TGML
regressors, we implemented the attribute function “fea-
ture_importances” of the built-in regressor “RandomFor-
estRegressor” of the Python 3.0 module sklearn.ensemble
from the library Scikit Learn. The function is able to rank
the input features according to the level of influence on
each output, and thus in each specific physical phenome-
non of the co-curing process.

Figure 7 presents the results of ranking of the input
parameters. For the @ap, the input parameters that have
the highest rank, as shown in the pie chart in Figure 7A,

Predicted max FVF

are related to the vacuum pressure and autoclave temper-
ature cycles. This is in accordance with the knowledge
from the literature: the autoclave pressure has no influ-
ence on the growth or collapse of the voids within the
adhesive, as they are subjected to the pressure within the
core cells. The autoclave temperature is the parameter
affecting the adhesive viscosity and as the core is con-
nected to the vacuum bag in the equilibrated configura-
tion, the growth or shrinkage of voids is dependent on
the vacuum pressure.?>2°!

The pie chart in Figure 7B presents the rank of the
inputs on the output @pr. The first parameter in rank is
the vacuum pressure. Indeed, similarly for the case of
@ap, the growth of voids within the bled prepreg resin is
governed mostly by the vacuum pressure. The RF model
is also able to capture the influence of the autoclave cycle
on gpg as second in rank. In fact, the volume of resin that
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FIGURE 7

bleeds is dependent on the consolidation process, and
thus on the autoclave cycle. The fifth ranked parameter
is one of the parameters of the temperature cycle, to
mark that the bled prepreg resin is also influenced by the
temperature in the autoclave which determines its
viscosity.

For @ggr in the bond-line, as shown in Figure 7C, the
results obtained for ¢ ,p and ¢pr are combined. Indeed, the
bond-line is formed by the adhesive and the bled resin from
the prepreg facesheets. The first parameter in rank is associ-
ated with the temperature cycle, identifying the influence of
the viscosity of both the polymers on the void growth and
collapse. Then, from the second position in rank are the
parameters of the vacuum cycle, and finally fifth in rank is
the autoclave pressure. These results are justified by the fact
that the bled resin in the bond-line is less in volume with
respect to the adhesive.!”!

The rank of the inputs for the FVF are summarized in
Figure 7D. The TGML tool was able to understand that
the consolidation process is dependent most of all on the

Feature ranks: (A) adhesive porosity; (B) prepreg porosity; (C) effective porosity; (D) max. fiber volume fraction

autoclave pressure cycle. Indeed, the three parameters
associated with it are first in rank. Then, the fourth fea-
ture in rank is related to the vacuum pressure cycle, and
it is followed by one of the parameters that characterizes
the temperature cycle. The rank for the FVF is in accor-
dance with the physics of the process. The boundary con-
ditions at the top and bottom of the facesheets during the
consolidation of the sandwich panel are the autoclave
pressure and the vacuum pressure, respectively, in the
equilibrated configuration. Then, the consolidation is
also dependent on the temperature of the process, since
the volume of resin that bleeds from the prepreg depends
on the viscosity of the polymer.**!

5.3 | Optimization

To evaluate the performances of the TGML optimization
for the co-cure process, similar optimization routines as
the test cases presented by Niknafs et al.l'* are designed.



Accepted Manuscript
Version of record at: https://doi.org/10.1002/pc.26829

Three tentative optimizations are constructed: the first to
optimize the autoclave pressure process parameters only,
the second to optimize the vacuum pressure process
parameters only, and the third to optimize both. Two
temperature cycles are specified as shown in Figure 8
and kept fixed for the optimization runs. The tempera-
ture cycles are designed with two different heating ramps
(2 and 3°C/min) with isothermal dwells at the same tem-
peratures (110 and 170°C).

First, the capabilities of the TGML regressors to for-
mulate an optimization strategy able to find a cure cycle
to minimize the bond-line porosity are explored and
tested. The weights of the cost function described in sec-
tion 4 are set as w; = 1 and w, = 0. The resulting cost
function is presented in Equation (6).

fo= Perr(X) (6)

In this case, the optimization is conducted on the vac-
uum parameters (VP, VAP and VD), while the autoclave
parameters are relaxed and listed in Table 4.

Figure 9A shows the results of the optimization,
where the evolution of ¢grr is plotted with regard to the
iterations. The optimal value of the porosity for the case
of heat rate of 2°C/min is 1.21% and for the case of heat

220 i i :
——Heat Rate 2 °C/min
200 1 ——Heat Rate 3 °C/min| |

180 =

Temperature [°C]

0 . . . . . | .
0 30 60 90 120 150 180 210 240

Time (minutes)

FIGURE 8
theory guided machine learning models

Temperature cycles used to optimize with the

TABLE 4 Process parameters for optimizing with objective
function stated in Equation (6)

X10 = 370 kPa X11 = 1 min X1, = 170 min

rate of 3°C/min is 1.89%. The trend of the results is simi-
lar to what Niknafs et al. previously presented.'* The
TGML predictive models responded to the change of
parameters in a similar fashion to the physics-based opti-
mization, identifying the optimal process parameters to
minimize @ggg.

A second test is performed to optimize the consolida-
tion level. In this case, the cost function is built with
weights w; = 0 and w, = 1, as shown in Equation (7).

VF max — FVFy)
VFmaX —VF min

fo= (7)

For this trial, the autoclave pressure process parameters
(AP, AAP, AD) are optimized, and the vacuum process
parameters are kept fixed and are listed in Table 5.

The results of the optimization for FVF are shown in
Figure 9B. The optimal value of the fiber volume fraction
is 58.27% for both temperature cycles. Also in this case,
the FVF evolves in a similar fashion to what Niknafs
et al.l' presented for the physics-based optimization.
The TGML tool performance was comparable to SAND-
WICH to predict the outputs for the optimization routine
and it was able to change the three inputs to maximize
the FVF in a correct way in seconds as compared to
hours and days needed by SANDWICH.

For the final test, both autoclave pressure and vac-
uum pressure process parameters are used as input vector
for the search of the optimal values to simultaneously
minimize the bond-line porosity and maximize the con-
solidation level. Therefore, the optimization is carried out
by varying six parameters. The cost function is modified
as a linear combination of ¢rrr and FVF, with weights
w; = 0.5 and w, = 0.5 (Equation 8).

— : 8
o) > PEFF(x) +2 VFom — VFon (8)

1 1 (VFmax - FVF(x))
Figure 9C presents the evolution of @grr and FVF
w.r.t. the iterations. The results of the optimization with
the TGML tool are again similar to the results of the
physics-based optimization." The minimum ¢ggr, out-
puts shows no porosity with the optimal process parame-
ters after 1000 iterations, for both cure cycles and the
maximum FVF approach 58.56% in both cases as shown
in Figure 9.

Table 6 presents the optimal parameters for obtaining
the minimum effective bond-line porosity (Figure 9A) in
which the optimization parameters define the vacuum
pressure cycle (x7,xgs,X9). The result is in agreement with
the previous study in which, as expected, the minimum
porosity corresponds to the cure cycles with very low vac-
uum pressure to make the majority of voids grow to the
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TABLE 5
function stated in Equation (7)

Process parameters for optimizing with the objective

x; = 1.18 kPa X3 = 1 min X9 = 170 min

extent that they leave the bond-line caused by the escape
phenomena.l'¥

In the second case, optimization of autoclave pressure
cycle calls for applying the highest consolidation pressure
permissible until the prepreg gels to achieve the highest
consolidation level across the facesheet, which results in
the highest fiber volume fraction as shown in Table 7
which is consistent with previous investigations and
observations.

The results in the previous cases show the expected
trends in the optimization process. Finally, the study to
obtain the optimum parameters over the vacuum and
autoclave pressure cycles are listed in Table 8.

The optimum bond-line porosity and fiber volume
fraction in this study shows the benefit of the defined cost
function in this study compared to the previous one.
Unlike the previous study,'**! the cost function here is
sensitive to both bond-line porosity and facesheet consol-
idation level in the simultaneous optimization of these
two outputs over vacuum and autoclave pressure cycles.

The TGML regressors developed with the ERT algo-
rithm for ¢grr and FVF show results in agreement with
the physics-based simulations in all the tests performed,
both for the optimization on three and six parameters.
Therefore, the TGML tool is a suitable substitute for the
physics-based software as a prediction tool in the optimi-
zation routine. The benefits associated with the use of
TGML tools are related to the computational time. One
single iteration of the surrogateopt algorithm with the
predictions by SANDWICH occurs on an average in
386.54 s. This translates into 231,924s to perform
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Heat rate [°C/min] x; [kPa] x3 [min]
wy =1 2 15 80
wy =0 3 15 59

Heat rate [°C/min] x7 [kPa] x3 [min]
w; =0 2 370 73
wy =1 3 370 6

o TABLE 6 Optimal input

Xo [min] ¥; [%] L
parameters to obtain minimum bond-

146 1.2 line porosity

198 1.4

Xy [min] v [%] TABLE 7 Optl‘mal 1nPut
parameters to obtain maximum fiber

184 38.6 volume fraction

258 58.6

TABLE 8 Optimal input parameters to reduce the bond-line porosity and maximize fiber volume fraction
Heat rate [°C/min]  x; [kPa] x3[min] xo [min] x50 [kPa] x5 [min] x5, [min] y; [%] ¥, [%]
w; = 0.5 2 1.5 80 120 370 1 170 0 58.6
w2=05 3 1.2 61 196 370 25 199 1.8 583

600 iterations for the search of the optimal parameters
for each of the three tests.['>! One iteration of the optimi-
zation with TGML regressors lasts on an average for
0.77 s. Therefore, 1000 iterations of the optimization code
were completed within 770 s. The possibility to perform
thousands of iterations in few minutes justifies the use of
TGML regressors for the design of new cure cycles to fab-
ricate honeycomb sandwich structures by the co-cure
process. In fact, this methodology could be used to opti-
mize other process simulations of manufacturing pro-
cesses and reduce the prediction time by orders of
magnitude.

6 | CONCLUSIONS

TGML regressors to predict the characteristics of the
bond-line of honeycomb composite sandwich structures
were developed. Each regressor was trained to establish
the correlation between the cure cycle prescribed in the
autoclave to perform the co-cure with the parameters
related to the final porosity of the bond-line and the pre-
preg facesheets consolidation.

A total of 5056 data points were generated through
physics-based simulations by the software SANDWICH.
The input cure cycles were designed with 12 parameters,
six describing the autoclave temperature cycles in terms
of heating rates, heating ramp durations and isothermal
dwell durations, and six describing the vacuum pressure
and autoclave pressure cycles in terms of pressure values,
applied times and dwell durations. Three outputs were
collected to characterize the bond-line porosity
(i) adhesive porosity; (ii) bled prepreg resin porosity and
(iii) effective porosity, and one output related to the final

consolidation level, which was assumed to be related to
the maximum fiber volume fraction across the facesheets.

The data set was used to train 12 TGML regressors
with three different ML algorithms. Respectively, three
regressors were generated separately for each of the four
outputs, and the best four regressors were then selected
by evaluating the RMSE of the 10-fold cross-validation.

The input features were ranked for each of the outputs
and from the results it is possible to notice how the TGML
tools can identify information related to the physical phe-
nomena involved in the co-cure process of sandwich com-
posites through the regression. The most influencing
parameters for the porosity were identified as the vacuum
pressure and temperature which is consistent what has
been reported. The TGML tools also identified the influence
of the autoclave pressure cycle on the void growth and col-
lapse, due to the fact that the amount of bled resin is deter-
mined during the consolidation process. The most
influencing parameters in the consolidation process were
identified as the autoclave pressure and temperature, results
again in agreement with the literature.

The selected best regressors were used in an optimiza-
tion routine to find the best cure cycle to minimize the
bond-line porosity content and maximize the consolida-
tion of the composite skins. The results of the optimiza-
tion are in complete agreement with the results of
optimizations performed with the physics-based tools.
Therefore, the TGML is a valuable tool for the prediction
of the output of the co-cure of a honeycomb sandwich
composite fabricated under a prescribed curing cycle in
an autoclave. Future applications may extend the com-
prehension of the simulations by constructing the optimi-
zation on a higher number of input parameters, such as
the parameters related to the temperature cycle.
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