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Abstract

Selecting right positions for composite-integrated sensors for monitoring cure during manufacturing and loads
during product use presents challenges for engineering design. Since an optimal sensor placement (OSP)
methodology for both phases is not emphasised enough in literature, a new methodology is proposed. This
methodology is based on a Genetic Algorithm and strain gauges, temperature sensors and interdigitated
electrode sensors for cure monitoring and physics-informed neural network-based load detection.
Additionally, it includes sensor node positions optimization in a sensor network.

Keywords: design methods, data-driven design, optimal sensor placement, wireless sensor networks,
artificial intelligence (Al)

1. Introduction

Integrating sensors into structural components can enhance the digitalisation to load carrying structures,
resulting in smarter products. From a product development point of view, these integrated sensors enable
a robust data acquisition for the product generation development (Welzbacher et al., 2023). Those
sensor-integrated structural components for product generation development could be described as
"gentelligent” components in context of technical inheritance, where new product generations are
optimized for the loads during the use phase of data from previous product generations (Lachmayer et
al., 2014; Lachmayer et al., 2016). Especially composite materials, which are often used in the aircraft
industry, and their layup are well suited for the integration of sensors into the material itself like it is
shown in Klein and Middendorf (2016) and Damm et al. (2020). On the other side, the use of composite
structural components brings different challenges with it. For example, the manufacturing of those
composite parts requires a high amount of energy and time. Furthermore, it directly defines the
mechanical characteristics (Mirzaei et al., 2021; Hasselbruch et al., 2015). The assembly of composite
parts can also be difficult due to available joining technologies and requirements regarding a stress-free
assembly. This leads to the need for a holistic view on the manufacturing, assembly, and use of
composite components. For example, during the manufacturing process, structure integrated sensors
have the potential to monitor the curing process in an autoclave by sensor measurements. This cure
monitoring allows to reduce residual stresses in the part (Prussak et al., 2019; Wiedemann et al., 2022).
In assembly, the sensor measurements could be used to adjust the process in order to achieve minimal
stresses in the assembled product. Besides, the sensors are applicable for the detection of damages
(application in structural health monitoring, SHM) besides of the data acquisition for the product
generation development (Teimouri et al., 2016; Bergmayr et al., 2023) during the product use-phase.

DESIGN METHODS AND TOOLS 673

https://doi.org/10.1017/pds.2024.70 Published online by Cambridge University Press


https://doi.org/10.1017/pds.2024.70

Furthermore, the sensors are useable to monitor external loads on the corresponding part (Altun et al.,
2020; Esposito et al., 2021). Besides, instead of monitoring external loads, the deformation of a part
could be reconstructed with different shape sensing techniques (Gherlone et al., 2018). However,
choosing the right sensors for the measurement task and placing them in the right position is a
challenging task, since the choice cannot be changed after the integration. Therefore, the optimal sensor
placement (OSP) has to be considered methodically to ensure a reliable data acquisition process (Meyer
zu Westerhausen et al., 2023).

In literature, different OSP methodologies are presented, but few publications address more than one
product lifecycle phase, e. g., the product creation with manufacturing and assembly, or product use in
a holistic approach. Therefore, in this paper a methodology is proposed with focus on the OSP for cure
monitoring in manufacturing as well as the monitoring of external loads during assembly and product
use on the example of an aircraft wing box. The validation of the methodology is another work and will
be the aim of a future paper. For the load monitoring, a physics-informed neural network (PINN)-based
approach is used for a near real-time load detection, which could not be reached with numerical methods,
e. g. simulations using the finite elements method (FEM) (Hoffer et al., 2021). To fulfil this, the paper
is structured as follows. In Section 2, an overview on related works in the field of OSP for load detection,
Wireless Sensor Network (WSN) configuration and cure monitoring is given. In Section 3, a comparison
of the works presented in Section 2 is shown, underlining the research gap for this paper. Next, the
methodology of this paper is proposed and described in Section 4. Finally, Section 5 concludes this
paper and gives an outlook on future research.

2. Related works to OSP for shape sensing and manufacturing
monitoring of composite parts

In literature, different methodologies for OSP are found. For example in Ostachowicz et al. (2019),
the optimization of sensor placement for SHM is reviewed. The authors classified OSP literature in
this area into "SHM techniques", "optimization algorithms" and "application demands". Regarding
the optimization algorithms, especially biology-based algorithms appear very often in literature
(Ostachowicz et al., 2019). Furthermore, the authors derived from their analysis a general framework
for OSP problems based on the following eight steps: (1) Define application demands, (2) choice of
sensor types, (3) define operational parameters, (4) determine cost function, (5) choice of optimization
algorithm, (6) define inputs, (7) optimal Sensor placement and (8) deployment. This framework is not
specific for SHM and could be applied on various kinds of OSP problems. For example, in the first
step, application demands specific for WSNs could be defined (e. g. a specific maximal energy
consumption) as well as for the sensors itself. These demands on the other hand influence the choice
of sensors in the next step. For the focus of this paper, especially the steps 4 to 7 (“determine cost
function" to "optimal sensor placement") are of interest, since the design methodology begins after
the sensors and operational parameters are chosen regarding manufacturing and loads. Furthermore,
step 8 "deployment" requires practical activities, so the proposed methodology ends after the optimal
sensor placement. Therefore, the following presented works are mainly focussed on these steps in the
OSP framework.

In the field of shape sensing using the inverse FEM (iFEM) method of Tessler and Spangler (2005), a
genetic algorithm (GA) as biology-based optimization algorithm for the problem of OSP is used by
Esposito and Gherlone (2020) and Ghasemzadeh and Kefal (2022). The cost function in these works is
the error between the reconstructed displacements from discrete, simulated strain measurements and the
FEM reference solution at different points of their models. So, the goal of the optimization algorithm is
to minimize this error and choose the configuration as optimal, which has the least deviation to the
reference solution. Special about the work of Esposito et al. (2021) is the application of the iFEM
method to identify loads applied on the structure. In comparison to other shape sensing techniques, such
as Ko's displacement theory (Ko et al., 2007), the iFEM method necessitates a greater number of sensors.
For example, in the study by Esposito and Gherlone (2020), the OSP for shape sensing on a composite
wing box required 324 for the application of iFEM. In contrast, in this study a number of 28 strain
gauges is required for the application of Ko's displacement theory (Esposito and Gherlone, 2020).
Besides, PINNs, which were introduced by Raissi et al. (2019), have piqued interest
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as they may provide another solution to this challenge. This is because a relatively small number of
sensors is required and the PINN's applicability for shape sensing is less dependent on the training data
then for conventional artificial neural networks (Qiu et al., 2023). Finding optimal sensor positions for
shape or load reconstruction tasks with a PINN is addressed by Zhu et al. (2023) on the example of
pressure sensors for reconstruction of the pressure profile on a wind energy application. The OSP
problem for pressure identification with a PINN is also focussed by Ye et al. (2022) on the example of
a pipeline system. However, all these also do not consider the optimization with respect to the
manufacturing process or the in the use-phase configuration of a whole WSN.

Taking a wider look at the topic of SHM itself, further OSP methodologies could be observed. For
example, (Bhuiyan et al., 2014) proposed a three-phase sensor placement methodology for damage
detection in SHM. In the first two steps, a whole WSN is created and divided into subnetworks with
high-end and low-end sensor nodes. The classification is performed on the basis of availability of
resources (e. g. battery lifetime and communication abilities). In the third phase, redundant nodes are
placed to enhance the networks' reliability. The optimization is constrained regarding connectivity,
transmission load and data delivery in the network and the placement quality is measured by use of
Fishers Information Matrix. The approach of Thiene et al. (2016) has a similar look on the optimization
problem and is also more focussed on connectivity and coverage issues of sensor networks for damage
detection. Both methodologies have in common that they are mainly network reliability and data
transmission focussed as well as damage detection focussed.

Besides the applications of OSP in the field of shape sensing and load and damage detection, there were
no publications found addressing the OSP topic directly related to the curing of fibre reinforced plastics
in an autoclave during the manufacturing process. It could be observed that in each publication with
suitable content, the OSP was performed with focus on the use of the sensors for SHM purposes. For
example in Ruzek et al. (2017), Fiber Bragg Gratings (FBGs) were integrated into the structure for
monitoring the compressive behaviour of a composite component with respect to the cure of the
component, but without measuring it and without addressing the sensor placement for this purpose.
Hudson et al. (2019) on the other side focus on the use of piezoelectric sensors and FBGs for cure
monitoring, but also didn't focus on OSP for this task. In Kyriazis et al. (2022), different cure monitoring
techniques (a kinetic curing model supplied with thermal data, an integrated interdigitated electrodes
sensor, a structure-borne acoustic measurement system, a refractive index measurement technique, and
a strain gauge) are analysed regarding their limits and compatibilities. The results show, that a
combination of strain gauges and interdigitated electrode sensors could yield good information of the
curing reaction. However, even this specific publication on the topic of cure monitoring does not
consider, where sensors should be placed optimally.

3. Comparison of related works

In Table 1, the different presented works are compared to one another regarding their applications for
OSP and WSN optimization for the product creation and the product use phase for cure monitoring in
manufacturing as well as load detection and identification. For comparison, the Harvey-balls analysis
isused. There are many different approaches and methodologies in literature, which are more focussed
on the monitoring and reconstruction of loads, shapes and damages. Just a few publications are
focussed on the cure monitoring process. Furthermore, these publications are mainly addressed on
how to monitor and are not taking a look on the optimization of sensor positions for this task. This
shows that most of OSP methodologies are mainly focussed on the use-phase of composite parts.
Besides, the optimization of the positions of many sensors is considered in different publications, but
the configuration of a whole WSN is not. On the other hand, publications that focus on optimizing the
network configuration do not always cater to the use of WSNs themselves, such as for cure monitoring
or shape sensing. Notably, the optimization of WSN configurations often involves heuristics rather
than optimization algorithms. When optimization algorithms are employed, the use of biology-based
algorithms is commonplace, as observed in Bhondekar et al. (2009). A comparison of related works
highlights the need for a methodological approach that takes into account the OSP and its linkage to
a complete WSN.
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Table 1. Comparison of the presented works regarding their focusses and use
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4. Proposal for a methodological approach for OSP

Picking up the need to define a methodology for OSP for product creation and product use, a first
approach will be presented in the following. For presenting this approach, we follow the steps of the
framework defined by Ostachowicz et al. (2019).

Regarding the application demands of the sensors, the product creation and product use are focussed.
Furthermore, the sensors should be applied for cure monitoring and load detection and identification.
Therefore, the integration of the sensors into the composite layup should be achieved. Concerning cure
monitoring, the results of Kyriazis et al. (2022) show that integrated interdigitated electrodes sensors
(IDS) and strain gauges (SG) are well suited for the use in cure monitoring. Besides, the use of thermo
elements as temperature sensors (TS) is a good enhancement to yield a whole picture of the curing
process. For the purpose of load detection and identification, the results presented in Section 2 have
shown that most publications rely on strain gauges for the application in shape sensing. It is worth
mentioning, that FBGs could be used as well instead of SG. However, since SG will already be
integrated into the part, there is no need to integrate another kind of sensor which would result in a
higher weight of the part. To allow a robust data acquisition, the SG are selected as full bridges to have
a better temperature compensation during measurement. Regarding the third step in the OSP framework,
the operational parameters have to be defined. Therefore, the component considered has to be chosen
first. In case of this paper, a part of a scaled airplane wing box is considered. It should be manufactured
from a prepreg material of carbon fibre reinforced plastics (CFRP) with dimensions of
120 x 50 x 2,000 mm. In our case, the sensors should operate from the inside of the CFRP layup during
manufacturing, assembly and use. Furthermore, they should operate during the curing process in the
autoclave for temperatures up to 180 °C. During assembly and use, the sensors have to operate in a wide
temperature range (e. g. from 60 °C in direct sunlight on the ground and -60 °C at travel altitude) and
have to work for high deformations of the composite parts. Last, the sensors should be connected to a
WSN after manufacturing of the component which should enable the online load detection and
identification with use of a PINN. The choice of a PINN is made due to the recent advantages in this
research area and the little computational effort for shape sensing applications in comparison to
numerical methods (Qiu et al., 2023; Xu et al., 2023; Hoffer et al., 2021).

After these steps are considered, the OSP framework requires the definition of a cost function, the choice
of an optimization algorithm, the definition of inputs, the optimal sensor placement and last the
deployment. Since the following proposal of an OSP methodology is only for cure monitoring and
PINN-based load detection and identification, it will be presented only for these purposes. Furthermore,
the deployment-step is not considered yet.
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The methodology in this paper could be divided into a procedure of three main steps, following each
other linearly: (1) Calculate the maximum number of sensors, (2) find optimal sensor positions and
(3) conceive a sensor network architecture. These steps will be explained in the following in more detail.

4.1. Calculation of the maximum number of sensors

The process of finding the maximum number of sensors is shown in Figure 1. It begins by loading the
FE-models of the part, like in this example the CFRP wing box. For this task, three FE-models are
needed. The first model results from the analysis of the manufacturing process with the change of
temperature, degree of cure, and the strains due to residual stresses. Besides, a conventional, structural
analysis is performed to get the second model with the resulting strains during assembly. Last, the third
model is a structural analysis of a load case during the use-phase. The second and the third FE-model
are based on the results of the first model, since the residual stresses and strains are exported and mapped
to them before starting the simulations.

_____________ Input of FEM
simulation data
v

Finding potential
| measurement regions |

lines from the wing root to the tip for
each sensor type (SG, IDS and TS)

XA { Generate two parallel measurement

Do the measurement lines Yes
share common regions?

=~ FEM reference No

solution

=]

.S

2 _ ¥ 1

A é Calculated | _ __ | Calculate bending and Calculate DoC and the

é z solution distortion temperature distribution

2 1 1

= >y Error smaller No Adjust settings for the
than limit? region analysis

Yes

Maximum number of sensors

1SG,max V1S, max and " IDS max

Figure 1. Process of finding the maximum number of sensors required for the measurement
task of cure and load monitoring

For each of the FE-models, a region analysis is performed. In this analysis, the models are used to
identify potential measurement regions. For example, areas with elements close to one another with
similar strains will form a measurement region, where a sensor could be placed. This procedure allows
to identify areas, where sensors would measure very similar values and where therefore only one sensor
will be needed with a measurement without redundancy. For the distinction of values from each element,
a tolerance has to be defined, which is equal to the measurement tolerance of the chosen sensor. The
region analysis makes it possible to find out how many sensors would be needed at maximum.
Therefore, it will be performed on the first FE-model to identify measurement regions for TS and IDS
to monitor the temperature and degree of cure. The second and third FE-model are used to identify
potential measurement regions for SG regarding the strains during assembly and use.

After the regions are built, two parallel sensor lines are generated. This idea is based on the shape sensing
performed based on Ko's displacement theory by Valoriani et al. (2022), where two parallel lines of SGs
are used to reconstruct the displacement of a wing according to beam bending. The use of two lines is
chosen because it allows to calculate the distortion between the two lines as well as the displacement of
each. These calculations are then used to estimate the shear force, bending moment, and torque for
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detecting and identifying applied loads and their application areas, like in Richards and Ko (2010).
Besides the load detection and identification, the measurement lines should yield the distribution of cure
and temperature relevant measurements along the wing box.

For the first sensor line, two requirements have to be fulfilled: The line has to reach from root to tip of
the wing box and has to include a maximum number of measurement regions along its path. These
requirements are chosen to generate a measurement line with a maximum number of sensors due to the
high number of regions and to acquire data along the whole part. This allows to choose the optimal
positions along the line from a high number of possibilities. After the first line, a second line is
generated, which has to be parallel to the first one and has to reach from the root to the tip of the wing
box and should share no common region with the first line. If this is not the case, the process of line
generation is repeated. In case the two lines are generated correctly, results are calculated by assuming
a sensor in the middle of each region section along the corresponding line. In Figure 1, for example, the
bending deflection is calculated on the basis of strains as well as the corresponding bending force by the
use of a PINN. The PINN is used in this optimization since it should be applied in the real-world load
detection and identification as well. Therefore, the sensor positions should be optimized by considering
how well it works for the simulation results. The calculated results are then compared to the FEM
reference solution. For this comparison, the user has to define a limit for the error between the solutions,
which can vary from one application to another. If the error limit is not exceeded, the found sensor
positions in the regions along the two lines are used as maximum number of sensors needed for the
measuring task for the minimization of sensor numbers and their OSP in the second step of the
methodology. In case the error limit is exceeded, the settings for the region analysis have to be adjusted
to find more regions for a higher number of sensors and therefore a higher accuracy between the
reference and calculated results.

4.2. Optimization of the sensor placement

The second step of the OSP methodology is directly focussed on the optimization of the arrangement
and quantity of the sensors and is shown in Figure 2. In the beginning, the solution with a maximum
of sensors is used as reference solution, since none of the solutions should exceed this number of

Sensors.

Beginning population with
ng/2, nyy/2 and n;,g/2 sensors.

points as well as the deviation to from measurements and the deviation
the reference solution. from the reference solution.
|

1

1

1

1

1 v v

: Calculate loads and application Calculate the DoC and temperature
1

1

1

1

Individuals for ng strain Number of iterations No Selection, crossover and mutation in
gauges higher than n,,,, ,,? population and generate following
Indivi- | Region Region Yes generation.
duum ! m Choose sensor positions with minimal
1 1 1 deviation to the reference solution.

Optimal sensor positions for
" O [ 1 IDS, TS and SG

0: No sensor included
1: Sensor in region

Figure 2. Process of finding the optimal number and position of sensors for the measuring task
of cure and load monitoring

After the maximal number of sensors is defined as a first constrain for the optimization, the sensor
positions in the middle of each region on the measurement line are used for the sensor placement in
the optimization. This is results in a geometrical constraint for the OSP. For the optimization process,
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a GA is used for a multi-objective optimization with the goal to minimize the number of sensors
Nsensors Used and to minimize the error to the reference solutions, in our case the root mean square
percentage error (%ERMS) from the FE simulation reference solution (see Equation 1). For this
purpose, the NSGA-II optimization algorithm is suitable due to its performance in terms of finding a
diverse set of Pareto-optimal solutions and converging near the true Pareto-optimal set (Deb et al.,
2002).

f1 = min(%ERMS) and fZ = min(nSensors) (1)

From the values of the maximum number of sensors from the first step, a population of individuals is
generated for the GA, like it is shown in Figure 2. Therefore, ng.,sors fOr €ach measurement
(temperature, cure and strain) is reduced to half and the sensors are placed along the lines randomly. If
a sensor is included or not is shown with a zero or one exemplarily by the table in Figure 2
on the example of the number of strain gauges.

Each of the sensor configurations depicts an individuum of the population in the GA. Therefore, for
each individuum, the temperature and degree of cure distribution is calculated as well as the loads and
their application points by use of the PINN. Afterwards, the results are checked for each individuum at
discrete points i of the model. If the maximum number of iterations nyiy,; 1¢. Of the GA is not exceeded,
the %ERMS is calculated according to Equation 2. In this equation, k is the number of points, for which
the reconstructed or identified quantity g (g = F for load detection, g = DoC for identifying the degree
of cure and g =T for identifying the temperature) is calculated. Therefore, g is calculated at each

reconstruction point i and is compared to the reference solution at this point giref and the global
maximum of the corresponding quantity gf,fgx
ref\ 2
%ERMS = 100 - \/i §=1<9;—:§2x ) )

If %ERMS is less than the defined limit, a new population is generated from the individuals with the
best results. From this crossover of the parents' genes, which are the positions of the sensors, a new
offspring generation is created. Furthermore, mutation occurs during this process by adding and
dismissing sensors randomly inside the offsprings (Ghasemzadeh and Kefal, 2022). Besides, in the new
generation, the number of sensors is reduced to half of the number of the parent-generation. This is
performed only for the types of sensors whose %ERMS in the calculation was smaller than the limit.
Otherwise, if %ERMS exceeds the defined limit, a new generation is created from the individuals with
best results and the number of sensors is increased by half of the number of the old generation. Therefore,
the number of sensors is minimized with respect to the accuracy of the calculated solution. This process
is repeated until the limit of iterations npipyi¢ 1¢. is reached. This number could be defined by the user and
be for example around 50 iterations, since (Ghasemzadeh and Kefal, 2022) showed a convergence of
the cost function in the optimization to a minimum around this value. Then, the optimization algorithm
stops and the configuration with the minimal deviation to the reference solution is chosen as the optimal
solution for the positions.

4.3. Conception of a WSN architecture

After finding the optimal number and position of sensors for the monitoring of the autoclave process
and the loads in assembly and use, the position of the sensor nodes has to be defined for building a
sensor network. The process for finding optimal node positions is shown in Figure 3 and requires a
definition of a permitted number of sensors nodes by the engineer. The optimization of the node
positions is based on the Iterative Relocation heuristic for optimizing the position of warehouses
regarding customer demands in the field of production management (Thonemann, 2015). This heuristic
is chosen since the computational effort is very low in comparison to an optimization algorithm and is
well suited to minimize distances between a clustering node as "warehouse” and the sensors as
""customers".
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Figure 3. Optimal configuration process for a sensor network on the basis of optimizing sensor
node positions by SNR-weight for each sensor

At first, a random solution is created for the x- and y-coordinates of the nodes. Afterwards, the sensors
are clustered to the node by finding the node with the minimal Euclidian distance to the corresponding
sensor. Since the goal of the optimization of node positions is to minimize the overall distance to the
sensors to reduce cable lengths and negative influences on the signal quality, the distance between
sensors and corresponding nodes has to be minimized. Therefore, the requirement in Equation 3 is used
for each sensor. In this equation, the distance Z(x,y) of a sensor node to all the sensors should be
minimized. Therefore, the distance between each sensors coordinate x; and y; to the corresponding
nodes coordinate xy,qe ; aNd X4 ; IS Calculated and weighted with each sensors weight w;.

rglliyn[Z(x, = rgcl'iyn[ZiWiuxi — Xnode,i| T Vi = Ynodeil)] 3)

In the presented approach, the SNR of each sensor is used for weighting. Therefore, sensors with better
SNR are weighted less than such with bad SNR. This reduces the distance to sensors with an already poor
signal quality, so that further influences on them are minimized. From this approach, new node coordinates
are derived. This process is repeated as long as the node coordinates change. If the resulting coordinates
remain unchanged, the node positions are considered as optimal for the found sensor positions.

5. Conclusion and future work

Structure integrated sensors in composite parts can fulfil different functions during the product life, like
the monitoring of an autoclave-based manufacturing process (cure monitoring) or load detection and
identification during assembly and product use. To ensure reliable data acquisition in these tasks, it is
crucial to have optimal sensor placement (OSP) during product development. Since in literature there is
a gap in addressing OSP for both, the cure monitoring and the load detection and identification with the
same sensors, a new methodology for this purpose is proposed in this paper. This methodology consists
of three steps, involving the minimization of sensor quantity, finding optimal sensor positions and
determining optimal positions of sensor nodes to minimize cable length and optimize the overall signal-
to-noise-ratio (SNR). As an use case for the methodology development, a CFRP wing box is used.

In future work, the proposed methodology has to validated on the basis of FEM simulations and tests
with a real CFRP wing box. To do so, a first characterization of the resins cure properties to derive a
FE-cure-model, yielding the degree of cure, the temperature distribution and residual stresses is needed.
Afterwards, an assembly process should be simulated with parameter variations as well as an exemplary
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load-case in the use-phase. On this data, a PINN could be trained for load detection and identification
based on strain measurements. To take measurement uncertainties due to changing measurement
properties after the manufacturing process into account, a variation of the SNR should be performed. In
the end, the methodology has to be validated on a real demonstrator, based on data gathered before from
tests on simple specimens, like for example CFRP plates with thickness variations.
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