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Abstract

The production of one-piece composite hollow profiles with undercuts presents significant
challenges to conventional mold concepts. Mandrels made of thermoplastic shape-memory
polymers could facilitate demolding and reduce tooling costs. To design molds in a
commercial environment, it is critical to determine their behavior using off-the-shelf Finite
Element Analysis (FEA) software Ansys 2024R1. This study presents a shape-memory test
procedure for coupon test specimens under tensile load. Furthermore, the test is used to
validate a simulation using a generalized Maxwell model, a linear viscoelastic material
model implemented in off-the-shelf commercial FEA software Ansys 2024R1. The material
investigated is amorphous PET. The simulation shows good results in comparison with the
thermo-mechanical shape-memory test. The results are then transferred to blow-molded
bottle-shaped mandrels, e.g., for the manufacturing of Type V pressure vessels. Test results
are compared with the simulation results and deviations are discussed. In conclusion,
the straightforward “from material to solution” approach presented allows us to model
and simulate the shape-memory behavior of linear viscoelastic polymers with off-the-shelf
commercial FEA software.

Keywords: shape-memory polymer (SMP); time—temperature superposition (TTS); viscoelastic
model; parameter identification; mandrel; finite element analysis (FEA)

1. Introduction

Fiber-reinforced polymer (FRP) composites are widely used in aerospace because
of their fatigue resistance and excellent tailorable material properties. FRP makes up
approximately 50% of the structural mass in modern commercial aircraft such as the
Airbus A350 and Boeing 787, and constitutes more than 90% in General Aviation and UAV
structures. Demand for FRP parts is expected to rise with hydrogen powered vehicles,
where pressure vessel production is a key growth area. Meeting this demand requires
highly automated manufacturing processes, but the production of complex hollow profiles
with smooth inner surfaces and undercuts (e.g., struts, air intakes, Type V pressure vessels)
remains difficult for conventional tooling methods.

Suitable automated manufacturing methods include filament or towpreg winding,
automated fiber placement (AFP), and braiding. Reusable mandrels that are rigid at room
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temperature during preforming and become demoldable after curing require either a shape
change or a material property shift. Shape-memory polymers (SMPs) that exhibit a temper-
ature triggered shape-memory effect offer this capability. SMP mandrels could enable the
manufacturing of one piece, Type V pressure vessels or s-shaped air intakes without the
need for soluble or meltable mandrels with dirt-associated demolding processes. However,
research on thermoplastic SMPs for tooling is scarce, and no studies have addressed the
shape-memory effect in blow molded cores [1].

1.1. Constitutive Models of SMP

Three established methods for constitutive models can be found in the literature:
(1) rheological models, (2) phase transition models, and (3) unit cell-based multi-branch
models. Additionally, new model-building methods have emerged that replace fitting
parameters with physics-based parameters, combine different SMP models, or incorporate
multiple algorithms and functions [2]. Rheological models for SMP are phenomenological
viscoelastic and viscoelastic—plastic models. These models consist of three main elements
that represent the behavior of polymer chains at the macroscopic level: (1) elastic springs,
(2) viscous dashpots and (3) slip elements. Diani et al. [3] made significant advances by
using a generalized Maxwell or Maxwell-Wiechert model (GMM), which recognizes that
relaxation occurs over a distribution of times rather than at a single time, as well as the
Williams-Landel-Ferry (WLF) equation to describe the relationship between relaxation
time and temperature.

1.2. Implementation in FEA Software

Since rheological models are relatively easy to solve, the GMM and the WLF equation,
along with Simo’s finite strain extension of the generalized Maxwell model, are available
in commercial finite element analysis (FEA) software, such as ABAQUS 2024 and AN-
SYS 2023R2 [4]. This facilitates the integration of viscoelastic shape-memory behavior in
simulations [5].

1.3. Aim of This Work

This work aims to provide an easy-to-follow guideline to cost-effective and time-
efficient implementation of the linear viscoelastic shape-memory effect of thermoplastic
polymers in commercial FEA programs using fully open-source and transparent methods.
The aim of the proposed methods is not to be as accurate as possible in predicting the
shape-recovery process but to offer an as-good-as-necessary approach to the prediction
of shape fixity and shape recovery rate for engineering applications as shape-memory
mandrel design.

2. Materials & Methods

The necessary material parameters for implementing shape-memory behavior in
standard FEA software can be obtained using the methods described in this chapter. The
overall workflow for parameter identification used in this work is shown in Figure 1 and
was elaborated in our previous work [6]. Table 1 lists the thermoanalytical equipment used
for parameter identification.
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Figure 1. Schematic representation of the parameter identification workflow.
Table 1. Methods and equipment used for thermoanalysis.
Method Equipment Parameters
HAAKE™ MiniJet Pro Cylinder: 250 °C
Specimen preparation (Thermo Fisher Scientific Mold: 30 °C
Inc., Waltham, MA, USA) Pressure: 300 bar
DSC 2 TOPEM
DSC (Mettler Toledo Inc., 25°C...290°C; 10 K/min
Columbus, OH, USA)
MCR 702

73°C...94°C;0.1Hz...

DMA (Anton Paar Group AG, 10 Hy

Graz, Austria)

2.1. Polymers

In our previous work we identified PET as a favorable material for mandrel produc-
tion [7]. In this work LUMEX A is used as the material, supplied as an extruded film with
0.5 mm thickness.

2.2. Thermoanalytical Measurements

The PET samples are scanned using a Mettler DSC 2 TOPEM (Mettler Toledo Inc.,
Columbus, OH, USA) from 25 °C to 290 °C at 10 K/min. Two heating cycles and one
cooling cycle are recorded. Dynamic mechanical analysis (DMA) is used to determine the
temperature and frequency dependent complex shear and elastic moduli, according to
Rodriguez Agudo et al. [8]. An Anton Paar MCR 702 rheometer (Anton Paar Group AG,
Graz, Austria) equipped with a linear drive and a solid rectangular fixture (SRF) is used.
Frequency sweeps from 0.1 Hz to 10 Hz are performed at discrete temperature steps from
73 °Cto 94 °C in 3 °C increments.

2.3. Material Parameter Identification

First, a master curve is constructed, applying the time-temperature superposition
(TTS) principle. Therefore, the optimization algorithm published by Lennon et al. is applied,
using the mastercurves 0.2.3 Python package provide by the beforementioned authors [9,10].
To interpolate between experimental acquired data at the discrete temperature steps, the
Williams-Landel-Ferry (WLF) shift function is used. This requires fitting the function to
the shift factors obtained from the master curve construction. Fitting the parameters is done
by a Python 3.12 script using the suggested values by Williams et al. as start points [11].
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Next, the complex modulus Prony series, a representation of the elements in the GMM, is
fitted to the master curve data.

2.4. Shape-Memory Testing
2.4.1. Shape-Memory Coupon Test

A shape-memory test is performed to verify the simulation model. PET coupons are
mounted in the Anton Paar MCR 702 rheometer equipped with a linear drive. The coupons
are stretched to 2% strain at 90 °C. Then, the specimen is cooled to 65 °C and the clamping
force is released. Subsequently, the specimen is heated to 95 °C and the recovery process is
tracked. The test follows the setup previously published by us [6].

2.4.2. Shape-Memory Mandrel Test

To validate the 3D geometry transferred simulation results, a blow molded specimen
are necessary. These specimens are stretch blow molded using the laboratory size stretch
blow molding machine of the Institute for Plastics Processing in Industry and Craft at
RWTH Aachen University. PET preforms of 2 mm wall thickness and 100 m length by
HUSKY Technologies are used. Comparability with the LUMEX A from coupon testing is
ensured through DSC and DMA measurements. The preforms are stretched at 95 °C to be
in line with the coupon shape-memory test. After forming, the bottle-shaped specimens
are heated in an oven to 120 °C and volume is measured after recovery. This test procedure
was already demonstrated in our previous work [12].

3. Results
3.1. Results of Thermo-Mechanical Testing

The DSC results are shown in Table 2. The results of the frequency sweeps at discrete
temperature steps of the PET coupon are shown in Figure 2.

Table 2. Summarized results of the DSC.

Measurand PET
Tg 82.79 °C
Tm 248.16 °C
T 165.12 °C
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Figure 2. Raw data of storage and loss modulus over temperature.

https://doi.org/10.3390/engproc2026133069


https://doi.org/10.3390/engproc2026133069

Eng. Proc. 2026, 133, 69

50f9

3.2. Parameter Identification and Implementation in FEA Software

The identification of the WLF parameters and Prony series parameters is done as
described in Section 2.3 using the Python scripts made publicly available by us [13]. The
fitted WLF parameters are C1 = 9.815, C2 = 33.283 at the reference temperature Tyf = 82 °C.
The fitted Prony curve is shown in Figure 3. The fit matches the measured data well.
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Figure 3. Master curves of the storage modulus (upper plot) and loss modulus (lower plot).

3.3. FEA Implementation of the Shape-Memory Test

To validate the extracted parameters, a coupon tensile test is carried out following the
methods described in our previous work [6]. The simulation shows good correlation with
the shape-memory coupon test carried out with 2% strain. The measured shape fixity ratio
is 93.6%. The simulation predicts 98.9%. The measured shape recovery ratio is 92.6%, while
94.3% are predicted by simulation. The shape recovery ratio error is 1.7%. To transfer these
results to 3D geometries, the Stretch Blow Molding process is simulated in ANSYS 2024R1
Polyflow. This blow molding simulation is used to obtain the thickness distributions and
the extension or stretch components for the final geometry with respect to the preform. A
python script is written to read corresponding stress values from a biaxial stress—strain
curve. The biaxial tension test data was taken from Teng et al. [14]. In the Transient
Structural module, the data is imported as an initial stress load. The final geometry of the
bottle is imported as a shell for the shape recovery simulation. A cylindrical coordinate
system is introduced on the geometry. This allows for the import of stress components
directly, instead of converting the components to the cartesian coordinates. The stress
tensor at each node from the Polyflow mesh is mapped to the structural. To include the
effect of thickness variation along the geometry of the bottle on the shape recovery, the
thickness outputs from Polyflow are also mapped to the structural shell midsurface. The
mapped data is validated using the validation feature and no significant errors or deviations
are observed.

3.4. Shape-Memory Simulation Results

Figure 4a illustrates the thickness distribution obtained from the blow molding simu-
lation. The stress tensor components at each node are mapped onto the structural mesh
elements using the Triangulation weighting method. The equivalent von Mises stress
contour after mapping is shown in Figure 4b. The base region shows the highest stress
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values with local maxima reaching approximately 60—65 MPa. This correlates to the high
thinning as observed in the thickness distribution. Stress vectors in the axial and tangential
direction are also observed to be larger at the base region of the bottle. This corresponds
to the high axial and tangential stretch values in this region. On the walls of the bottle,
moderate stress values in the range of 20-35 MPa are observed. Overall, the mapped stress
field correlates well with the thickness distributions and extension components. Regions
with high stretch values correspond to elevated stresses, while areas with low stretch values
correspond to low stresses. This correlation validates the stress mapping procedure, mean-
ing that the obtained initial stress field can be a good starting point for stress relaxation

and creep simulations.
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Figure 4. (a) Thickness distribution from the Polyflow blow-molding simulation; (b) equivalent von
Mises stress after mapping in Mechanical.

An initial investigation into post-forming shape recovery was conducted using an
implicit transient structural analysis. However, the implicit solver proved unable to re-
produce the expected recovery behavior. When the stresses obtained from the forming
simulation were mapped onto the structural mesh, their magnitudes decreased sharply
during the first equilibrium iterations. The solver, in an attempt to equilibrate the imported
stress field, caused the stress field to artificially concentrate at the bottom region of the
bottle. Although these redistributed stresses subsequently decayed in accordance with
the prescribed viscoelastic relaxation time constants, the global deformation of the bottle
remained essentially unchanged. An attempt was made to import the strain field instead,
but the solver was unable to converge under such large strain magnitudes. Since only a
single step initial strain field application is permitted, it was not possible to incrementally
ramp the strains for solution stability.

4. Discussion and Conclusions

The described methods for modeling the shape-memory behavior of thermoplastic
polymers showed good correlation with the results of coupon tensile tests within the linear
viscoelastic range of the material. However, these results have already been discussed for
PAG6 in our previous work [6]. For PET, the same limitations and errors are applicable. This
work proved the transferability of the previous results to other thermoplastics polymers
such as PET. While shape fixity and recovery ratio as well as recovery time can be simulated
using the simple GMM with good correlation to the test results, the actual path of recovery
shows some deviation. Since our research is focused on deformable mandrels, this deviation
is neglectable for our use-case, but could limit the method with regard to other applications.
Transferring these results to 3D blow molded geometries has challenges in terms of solving
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the imported stresses and deformations in a transient simulation. The observations indicate
that accurate shape-recovery predictions require preservation of the complete internal state
variables generated during the forming process. These variables are not preserved through
a stress mapping within a conventional implicit formulation in ANSYS 2024R1. Therefore,
using an explicit solver could overcome the limitations encountered in this study.

5. Outlook

A new step forward in this research has been initiated, focusing on physics-informed
neural networks (PINNs) and data-driven material models as surrogate constitutive laws
for PET above its glass transition temperature. Building on the calibrated GMM with WLF
shifting and its implementation in commercial FE software Ansys 2024R1, the next objective
is to replace the closed-form viscoelastic relation by a neural network that follows the same
interface as a convectional user material subroutine. The proposed route for developing
the surrogate constitutive model is summarized in Figure 5.

..........................................................................

« UMAT/VUMAT for ABAQUS
« ANSYS APDL

Data Collection Data Preprocessing Exploratory Data Model Development Subroutine Script Model Implementation Pecformance Analysis Final Surrogate Model
: Analysis Development Comparsion

New Designs for Validation

Figure 5. Process flowchart for surrogate constitutive model development.

Following the multiaxial PET characterization strategy reported by Teng et al. [14], the
training data have been collected in the lab as experimentally measured stress—strain-time
curves at various prescribed strain levels, strain rates and temperatures above the glass
transition. The network will receive temperature, time increment, strain increment and
current stress state as inputs and return the corresponding stress increment, so that it
can be embedded seamlessly into a finite element framework, as illustrated in Figure 6.
Inspired by the thermodynamics-based PINN formulation of Rezaei et al. [15], the PET
constitutive equations and dissipation constraints will be embedded as physics residuals
in the loss function. In this way, the resulting PET surrogate model is expected to reduce
computational cost in parametric studies and design loops while maintaining, or even
improving, predictive accuracy.

Physics Laws

Automatic
Differentiation
(AD)

Governing Equations

Figure 6. Proposed PINN-based surrogate constitutive modeling framework for PET.
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