OIRT 2026 .7 quania
N A AN L bl 17" Quantitative InfraRed Thermography Conference

Cure monitoring of fibre reinforced composites using infrared imaging and data
assimilation

by Gernot Mayr*, Guenther Mayr* and Gerald Zauner*

* Research Group of Thermography & NDT, University of Applied Sciences Upper Austria, School of
Engineering, Wels, Austria

Abstract

A passive monitoring system using infrared imaging and thermal measurements was developed to predict the
degree of cure in fiber-reinforced polymer composites. Using an Ensemble Kalman Filter approach finite element
simulations and thermal measurements are combined to estimate the degree of cure in-situ. It was tested on carbon-fibre-
reinforced-plastic (CFRP) samples in an industrial oven and the results are comparable to a dielectric sensor. The system
can be extended to complex parts and allows the addition of more thermal sensors or the incorporation of other curing
sensors.

1. Introduction

Production of fiber-reinforced polymer (FRP) composites using thermosetting polymers necessitates heating of
these parts in industrial autoclaves. In-situ monitoring this process can reduce the environmental impact, as it allows the
optimisation of the process and the efficient utilisation of resources. Thermosetting polymers are used in various industries
either in pure form or as a matrix material in composite materials. For instance, thermosetting polymers in form of resins
are used as coatings for components or for the impregnation of fibre bundles or woven fabric. Resins are viscous to soft
substances containing prepolymers or monomers with reactive groups. By increasing the energy in the resin, for example,
by increasing the resin temperature or by stimulation with light, chemical reactions are triggered. These reactions transform
the resin into a solid state. This irreversible polymerisation process, known as curing, turns the prepolymers into an
infusible, insoluble polymer network[1]. The reaction of thermosets is modelled with reaction equations, which are in
general autonomous ordinary differential equations of the form

d
2O =fT®.5®) @

with & as the degree of cure (DoC) and a nonlinear, temperature- and DoC-dependent function f. Usually f incorporates
the Arrhenius equation, i.e. with increasing temperature T the rate of reaction increases as well. Once the parameters of
Eq. (1) are determined experimentally, it allows the estimation of the DoC with different temperature profiles (see Fig. 1).
FRP-composites using thermosetting polymers are often cured in large industrial autoclaves with an inhomogeneous
temperature distribution inside the autoclave. Especially for thick composites, a estimation of the DoC based on an a-priori
temperature is not representative for the actual DoC. When a certain DoC must be reached to ensure the part quality, a
significant safety margins with respect to the curing time is necessary. Therefore, the more accurate the real temperature
inside the part is known, the better the DoC estimation based on Eq. (1) will be.
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Fig. 1. Example of a thermosetting polymer reaction at different isothermal curing temperatures
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Fig. 2. Principles of the EnKF: cyclic prediction and correction (left graphic) and the propagation of the ensemble in
discrete time steps (right graphic, modified from [2])

With data assimilation (DA) methodologies, large and non-linear dynamic models can be combined with
observations [3]. The goal is to enhance the accuracy of the model by modifying the state or the parameters of the model.
In this work the Ensemble Kalman Filter (EnKF) method developed by Evensen [4] is adapted. The principle idea is shown
in Fig. 2. Unlike the classic Kalman Filter (KF), which uses the entire state distribution explicitly as a covariance matrix to
describe the model errors, the EnKF is a sequential Monte Carlo method that uses an ensemble of states to approximate
the distribution of the state [5, 6]. This makes the EnKF feasible for large state vectors and allows the parallelisation of the
prediction step [7]. The ensemble is corrected when new observations become available. While non-linear models can be
used for the prediction and to transform observations to state variables, the correction step is still based on a linear state
space model like the classic KF [8]. The EnKF has been utilised to estimate the internal temperature and the thermal
conductivity distribution during the curing of a carbon-fibre-reinforced polymer (CFRP) [9]. Using an EnKF, the thermal
conductivity of cast iron and the heat transfer coefficient between melt and alloy of this material was estimated [10].

Thermography has a wide range of applications in the field of active and passive imaging. In the context of DoC
prediction however, it has been considered only in numerical studies, e.g. for the estimation of the generated curing heat
of CFRP [11]. There, the heat transfer coefficients of convection and heating were estimated as well.

In the presented work, an approach to simultaneously estimate the internal temperature and the DoC of CFRP
parts using an EnKF is presented. The developed system combines infrared camera images with thermocouple data and
a thermochemical model.

2. Methods
2.1. Implementation of the Ensemble Kalman Filter

The EnKF iteration scheme was implemented according to [8]. The state vector x; at the time step k is
corresponding to N nodes of the FEM model which also includes the nodes for the surface of the bagging. In addition, the
state is augmented by tool and air temperatures and the degree of cure ¢ for I internal nodes belonging to the part:

. T
xp = [TE.TR.TY Tot 1297 ¢b..&l..&l] . 2
The measurement vector is
~ ~ ~ ~ ~ T
Vi = [T0 TS LTS Tt 1297 ®)
and contains the camera raw data T, interpolated to S surface nodes as well as the tool and air temperatures. The

prediction step is the simulation of M independent ensemble members xk+1|k(i) from step k to k + 1 resulting in a prediction
ensemble

Xieraje = {Xerr e )} = g(X) + V. 4)
g represents the thermal simulation with the initial conditions Xy, which denotes the ensemble from the previous
correction step. V. is an ensemble of M independent process noise realizations {vk(i)}iw=1 with zero mean and covariance
Q. The predicted measurements ensemble is

~yM

Vg1 = {yk+1|k(l)}i=1 = h(Xys1)x) + Ex. (5)
Here the function h describes the relation between the state and the observed variables. In our case a background
correction is implemented that corrects the thermal image data. Ej, is a matrix with artificial zero-mean measurement noise

realizations {ek(i)}?i1 with covariance R. The Kalman Gain K, is a weighting matrix for the error between predictions and
observations and is
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It can be calculated using the ensembles of deviations
> 1
Xeee = Xicoape (I = 31y 17) @
= 1
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where I; is the identity matrix of size i and I7 = [1 .. 1]is an i-dimensional vector. The subscripts V and W are the total
sizes of the state and observation vectors. The update equation is
Xierijerr = Xirpe + KieDielly — YVierapre) 9

which is identified with X, for the next iteration. The prediction steps for each member are computed in parallel and the

correction step is carried out as soon as all simulations are finished. Itis assumed that computing the DoC for each member
. . — 1 — 1 i

will not increase the accuracy. Therefore, the mean state vectors x;, = ‘—,Xk“c I, and X, = ;Xk+1|k+1 I, as well as & as

initial conditions are used for computing &£, ;.
2.2. Dynamic Prediction Model

For the prediction step the finite element analysis (FEA) is used to compute the thermal behavior during curing.
The model, as outlined in Fig. 3, consists of the part to be cured, the bagging and the tool and is therefore a simplification
of the real thermal problem. For the anisotropic CFRP domain the heat conduction equation is

a 2 a 2 a 2 a a
e 2T() ~ (kxx aT(t)) -2 (kyy 2 T(t)) -2 (kzz 2 T(t)) = prVaH, 2(t,%,9,2) (10)

and includes a volumetric heat source term for the exothermal reaction, which is proportional to the rate of reaction %E.

pr is the resin density, Vy is the volumetric fraction of the resin matrix (40%) and H,. is the total heat of reaction of the resin.
¢y, p and k are the specific heat capacity, density and thermal conductivities of the composite. Furthermore, only the
surface breather is modeled instead of all layers the vaccum bagging actually consists of. This is reasonable as the
influence of release films, vacuum bag etc. are negligible compared to the breather material. It is a porous polyamide (PA)
foam and modelled with effective material properties containing 1 wt.% air. Relevant model parameters can be found in
Table 1. As a simplification, the material parameters are kept constant. Values of the cured material were used under the
assumption that the estimation of the thermal distribution in later stages of the curing will be more accurate. The
environment around the sample (air and oven) is considered by convective and radiating boundary conditions only. The
temperature solution is obtained using Quadratic Lagrange shape functions for the discretization.
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Fig. 3. Cross section of the dynamic model

Table 1. Relevant material parameters for the dynamic model

Parameter Unit CFRP Aluminium PA foam
In-plane thermal conductivity W/(m K) 1.28 238 0.026
Out-of-plane thermal conductivity ~ W/(m K) 0.64 238 0.026
Density kg/m3 1600 2700 77.7
Specific heat capacity JI(kg-K) 1200 900 709.6
Thickness mm 2 5 1

For the computation of the degree of cure based on the thermal history, the parameters of the kinetic equation
must be identified. The material was characterized in accordance to [12] using dynamic scanning calorimetry (DSC), i.e.
Eq. (1) is adapted to a model with two independent kinetic equations:

L&) = Ay exp (- 22) & ()™ (1 - &)™ (12)
L&) = Ayexp (—22) £,(6)™ (1 - £,(0))™ (12)
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Based on several independent isothermal heating & dynamic heating experiments the identified material properties were
estimated (see Table 2). The prepreg material is plain weave CFRP with epoxy matrix (CYCOM® 970). The recommended
cure cycle is two hours at 177°C and is suitable for autoclave processing. Eq. (11)-(13)(12) are solved only for the CFRP
material domain of the model. The solution is obtained using Linear Lagrange shape functions for the discretization.

The temporal step width for the thermal as well as for the kinetic model is 1 min. That is, an ahead prediction of
1 min is performed. Afterwards, the node temperature and DoC values are extracted from the model and used as the state
prediction in the EnKF. As soon as the correction step is finished, the new state is used as an initial condition for the next
time step in the FEA model. For each member a model instance is kept in the computer memory, allowing to compute
predictions of the ensemble members in parallel, i.e. xj.41,® and yj41® in Eq. (4)—(5). Once every instance is finished
with the computation, the correction step, Eq. (6)—(9), is carried out. The state x;, contains 929 node temperatures and 478
node DoC values and depends on the finite element mesh that is created (here tetrahedral elements were used). All the
simplifications described above result in a model error. This uncertainty can be controlled by the matrix V. in the prediction
step of the EnKF. The number of ensemble members is limited to 20 in order to keep the computation time shorter than
the temporal step width.

Table 2. Estimated parameters for the cure model

Parameter Unit Reaction 1 Reaction 2
A; 1/s 1.080e7 9.130e7
m; 1 0.308 0.625
n; 1 1.700 0.980
Eqi J/mol 82.48e3 93.31e3
T 1 0.83 0.17
AHg; J/kg 499.00e3 99.50e3
2.3. Experimental setup

An overview of the setup is depicted in Fig. 4 and a pictureFig. 5. The thermal radiation emitted by the sample is
acquired with an infrared camera, which can be used to measure the surface temperature of the sample. In the context of
DA, each camera pixel represents a sensor which provides thermal data in regular time intervals. The microbolometer
camera Optris PI640i (field of view 60°x45°, resolution 640 x 480 px, NETD 40 mK, max. framerate 60 Hz) is used. To
keep the camera within its allowed operational conditions it is placed inside of a water-cooled housing. The optical window
is transparent for radiation in the long-wave range where also the detector of the camera has its highest sensitivity (8 — 14

pm).
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Fig. 4. Principle overview of the experimental setup (left) and a picture of the setup in the indstrial oven (right)

Neglecting thermal radiation from the air and assuming a homogenous wall temperature, the thermal radiation
collected by the camera can be approximated with a combination of the actual surface temperature and the ambient

temperature:
R R
fe(Ts, Tamp) = e ——p——+ (1 —¢)

exp (Ts) +F exp (Taizb) +F .

Since the camera is calibrated providing absolute temperature data and an optical window is in the optical path, the function
f:(Ts, Tamp) includes apparent parameters. These parameters were estimated using several independent experiments
where thermocouples were used to measure the ambient temperature and the surface temperature over a temperature
range of 20 °C — 185 °C (results see Table 3). Eq. (14) can be directly integrated in the EnKF, i.e. in Eq. (5) the

(14)
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measurement function is h = [f.(T$, T¢™) ... fo(T$, TE™) ... fo(T§, TE™P)  TfoO! T,?mb]T. The camera image is linear
interpolated to match the measurement data with the node coordinates on the surface of the simulation model.

Table 3. Estimated parameters for the correction function Eq. (14)
Parameter Unit R2=0.99

€ 1 0.808
R °C 11.370
B °C 9.233
F 1 0.989

To validate the EnKF results, a dielectric sensor is used which can be seen in Fig. 5. The principles of this method
can be found in [13]. In this sensor a small single layer CFRP sample is cured in a heating chamber under the same
thermal conditions as the real part. For this, the temperature inside the chamber is controlled by measuring the temperature
with a thermocouple which is placed inside the part in the oven. The reference sensor measures the DC-resistance of the
sample which is related to the ion viscosity of the resin. This physical property is highly temperature dependent, thus the
compensation function [14]

C0‘0+C1‘0T—10g(R)

€0,0—4 €0,00+(€1,0—4 €1,00)T+(A—1) log(R)

fref = (15)

is used, which normalizes the raw DC-resistance values R using the current temperature T of the material. The parameters
¢ and A were fitted in advance.

Heating and
measurement chamber

Thermocouple
fed into the oven

Fig. 5. External reference sensor
3. Results

For the verification of the developed approach, 12 experiments with different nominal process parameters were
conducted (see Table 4). Naturally the actual temperature evolution in the oven lags the nominal temperature profile and
depends on the controller.

Table 4. Overview of the nominal process parameters of the conducted experiments

Experiment Heating Isothermal Curing Isothermal Curing
No. Ramp Temperature Time

- K/min °C min

1 4 180 150

2 2,5 180 165

3 2,5 180 165

4 2,5 175 180

5 3 180 150

6 3 180 165

7 3 180 180

8 2,5 180 180

9 3 175 120

10 3 175 150

11 3,25 185 120

12 3 175 165

A short sequence of the DA-process is shown in Fig. 6 for a surface node in the center of the sample. Every mean
prediction (yellow curve) is compensated by the infrared image data (green curve) which results in a new state (blue curve),
which is the ensembles mean. It should be noted that the measurement data y,, is not directly comparable with the state
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data x; due to Eq. (14). The measurement data, if converted to actual temperature data using the inverse of Eq. (14),
would be below the ensembles mean state since it is a combination of prediction and measurement, i.e. a linear shift
between them.
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Fig. 6. Example of the DA process.

The thermal data of one experiment is depicted in the left graph of Fig. 7. Depending on the sensor position the
thermal lags are different. The ambient temperature shows the fastest rise, followed by the tool surface temperature. The
core temperature of the sample (where the reference thermocouple is placed) rises the slowest. The according differences
of each sensor to this reference are shown in the right graph of Fig. 7.
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Fig. 7. Temperature (left) and the thermal lag with respect to the thermocouple of the reference sensor (right).
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Fig. 8. Degree of Cure (left) and according differences of the DoC with respect to the reference sensor data
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The EnKF-based measurement method follows closely the reference sensor. With respect to the estimation of the core
temperature of the part, this indicates the improved accuracy of the IR-based monitoring system compared to the tool
temperature. The solution of Eq. (11)-(13) using these temperature data of Fig. 7 is shown in the left graph of Fig. 8. Using
the tool temperature a significant deviation to the actual DoC of the center of the sample is evident, espescially in early
stages of the curing. Again the EnKF-based approach shows improved results. However deviations to the reference sensor
data are present which is likely due to the difference in the physical properties, which are underlying the reference sensor
and the EnKF-approach. While the former measures the DC-resistance respectively the ion viscosity, the latter is based
on the heat of reaction respectively on the thermo-chemical behaviour. Furthermore, phenomena like resin flow towards
the measuring surface are present at the beginning of the curing process, which causes the reference sensor to exhibit
strong artifacts in these stages.

For each of the conducted experiments mean absolute errors (MAE) to the reference sensor were calculated.
Median values of the MAEs are shown in Table 5 for the temperature estimation and for the DoC estimation.

Table 5. MAE (median values over 12 experiments) to reference point (core of sample)

Temperature / K DoC /%
Tool temperature with OD cure kinetics 2.60 3.43
Infrared measurement with data assimilation 1.35 3.03

4. Discussion

The material behaviour during the curing process and the underlying chemical and physical phenomena provides
important information that enables the efficient curing of reactive resins. In general, monitoring the curing process involves
the analysis of material properties during curing. Besides measuring electrical, optical, mechanical, chemical, or acoustic
properties, the characterisation of the curing process based on thermophysical properties is possible. Although there are
many different techniques for the thermophysical characterisation of the curing process, they can only be applied ex-situ,
i.e. under laboratory conditions, and generally cannot be applied in-situ during an industrial curing cycle. Usually, ex-situ
methods require the destruction of the material and may not sufficiently or only partially replicate the true environmental
conditions. These methods necessitate the capture of the entire thermal cycle to ensure comparability. Typically, a min-
max normalization technique is applied for this purpose.The presented approach has the clear advantage that real thermal
data can be used to estimate the degree of cure in-situ and in real time.

Compared to the reference sensor there are also distinct advantages, since in real applications the thermocouple
of the reference sensor would be placed in close vicinity to the part and not inside. This would lead to a considerable
thermal lag between the actual part temperature and the temperature used for the reference sensor, especially in thick
composites. Furthermore, the exothermal reaction inside the part is not measured when the thermocouple is not inside the
part. This leads to inaccurate thermal data that is used for the sensor and an additional time reserve must be considered
to ensure that the part is also properly cured inside.

While the developed approach allows an improved temperature estimation, the improvement in the DoC
estimation is less significant. However for thicker and complex shaped composites, the accuracy improvement becomes
more significant. The application of the developed approach to complex parts is possible since the dynamic prediction
model can be adapted easily. The presented method could be extended and improved in several ways. For example, a
combined state and parameter estimation, by augmenting the state vector with material and model parameters, could
increase the model accuracy. By extending the model with a dielectric model, the reference sensor can be integrated in
the monitoring system. In general an arbitrary number of sensors (like additional cameras or thermocouples) can be
integrated.
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