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Abstract

The reliable simulation of Sheet Molding Compound (SMC) compression molding

requires an accurate description of its rheology. Two aspects are particularly critical: non-

Newtonian viscosity and wall-slip behaviour. These factors, combined with anisotropic

fiber orientation within the polymer, make a complex flow process. Classical rheological

methods, such as plate-plate or capillary rheometry, fail to capture this complexity,

while modern in-situ rheometers, though more representative, demand elaborate and

costly experimental setups. To identify this complex structure with a simpler approach

this thesis presents a data-driven parameter identification framework for SMC rheology.

The method uses Bayesian Optimization (BO) with Gaussian Process (GP) surrogate

modeling, combined with Autodesk Moldflow through a python script to automate

the optimization. Experimental force-time curves serve as the reference data, enabling

direct calibration of a modified Cross viscosity model and wall slip model under process

conditions. The optimization loop was first validated on a reduced two-parameter slip

model before being extended to the complete parameter set, including viscosity and

slip. The results demonstrate that the framework converges towards parameter sets

that minimize the error between simulations and experiments. Overall, the proposed

framework provides a scalable methodology for data-driven rheology identification in

composite processing, bridging the gap between industrial experiments and process

simulations.
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1 Introdcution

SMCs offers an attractive combination of high speci�c stiffness and strength, design

�exibility, and suitability for high-volume production, making it a competitive alter-

native to metals and thermoplastics in semi-structural applications. The demand for

lightweight, high-performance components in sectors such as automotive, aerospace,

and industrial manufacturing led to interest in these products [1, 2]. On the other hand,

�ow behaviour of SMC during compression molding is highly complex, governed by

non-Newtonian, shear thinning viscosity, wall-slip effects, �be-matrix interaction, and

curing kinetics [3–5]. Accurate prediction of this behaviour in numerical simulations is

essential for �ber orientation, defects and achieving the desired part performance.

Simulation tools such as Autodesk Mold�ow are widely used to model mold �lling

processes, but the accuracy is directly dependent on the quality of the input rheological

parameters. Conventionally, these parameters are obtained from laboratory-scale tests

such as squeeze-�ow rheometry or shear-compression rheometry [6, 7]. However, these

methods often fail to capture the real in-mold behaviour of SMC since they do not repli-

cate the temperature gradients, surface lubrication effects and large scale �ber strictires

present in actual manufacturing. This limitation has encourged the development of

in-situ methods, where rheology is directly observed from industrial press trials rather

then conventional rheometers [8, 9]. These in-line methods need complex rheology tools

and sensors in order to predict the parameteres accurately. Identi�ying these parameters

in simpler but likewise accurate way would be a great bene�t. The objective of this work

is to develop and validate a data-driven parameter identi�cation framework for SMC

compression molding. The methodology integrates, Autodesk Mold�ow simulations

and BO. The framework uses force–time and displacement–time curves from multiple

press trial con�gurations as reference data, automates Mold�ow simulations through

Python scripting and employs a GP surrogate model to iteratively re�ne parameter sets.

The modi�ed Cross viscosity model and Mold�ow's slip velocity model are calibrated
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1 Introdcution

simultaneously to minimize the global deviation between simulations and experiments.

This approach is designed to produce parameter sets that are valid across different

charge shapes, mold coverages, and press speed pro�les.

2



2 State of Research

2.1 SMC Production
Manufacturing of SMC sheets is a continuous process that uses �bers of 25–50 mm

length and a thermosetting matrix. A polymeric foil coated with a resin mixture is laid

on a conveyor belt. Carbon or glass �ber bundles are chopped at a cutting unit and

distributed onto the resin-coated foil. Another resin-coated foil is then placed on top

of the �bers, forming a sandwich structure. This structure is compressed by a series of

rollers, after which the sheets are allowed to mature for a certain period of time (from

hours to days). During transportation, the sheets are stored at low temperatures.

At the compounding stage, the viscosity of the sheets is kept low to ensure proper

impregnation of the �bers. The resin mixture contains �llers, thickeners, and hardeners

that increase viscosity later, making the sheets easier to handle [1, 10]. Classical SMC

typically uses Unsaturated Polyester (UP) resin diluted with styrene; �llers (often

CaCO3) improve cost/performance; low-pro�le additives (e.g., thermoplastics) control

shrinkage; zinc stearate provides mold release; peroxides act as initiators; and alkaline

earth oxides/hydroxides (e.g., MgO/Mg(OH) 2) act as thickeners. Epoxy-based Carbon

Fiber-Sheet Molding Compound ( CF-SMC) variants replace UP/styrene with epoxy

matrices and latent hardeners to achieve higher structural performance and paint-shop

compatibility [11]. Modern SMC lines integrate in-line metrology to control paste areal

weight, �ber areal weight, �ber distribution, and sheet thickness [12].

CF-SMCextends SMC into structural, crash-relevant applications. Recent studies com-

pare epoxy- vs. vinyl-ester-based CF-SMC, investigate low/zero-�ow preforms to better

control �ber orientation, and integrate virtual process chains to improve prediction of

defects and orientation [13].
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Figure 2.1: Visual representation of sheet production [14].

To manufacture parts from SMC material, compression molding is used. Sheets are

cut to the required part shape and placed into a mold, with mold coverage typically

ranging from 25% to 100%. The pre-heated mold is closed upon the sheets, allowing

them to �ll the cavity. The mold closes with a prede�ned velocity pro�le, after which

the press switches to force control once the target force is reached. The part remains in

the mold until it is partially cured and is then released [15].

Figure 2.2: Scheme of the SMC molding [16].

2.2 SMC Flow Process
The �ow behaviour of SMC during compression molding is a complex phenomenon

in�uenced by rheology, microstructure, curing, and interactions between the charge

and mold surfaces. Since the �ow duration is short (typically 5–15 s), curing is often

neglected in �ow modeling [5]. The following subsections review the understand-

ing of �ow mechanics, the development of simulation methods, and experimental

characterization techniques.

4



2 State of Research

2.2.1 Flow Mechanics
Barone and Caulk investigated the �ow behaviour of thin SMC layers and observed that,

although strong resistance to transverse shearing was expected due to �ber interlocking,

considerably less resistance to extensional �ow occurred because of the short �ber

lengths [17]. Silva-Nieto et al. later developed a simpli�ed �ow model that assumed

Newtonian behaviour, negligible �ber reorientation, no wall slip, and a thin stagnant

layer at the mold surface, with the material �owing in layers [18].

In contrast, Lee et al. emphasized the non-Newtonian, shear-thinning, and viscoelastic

nature of SMC. They described the shear viscosity using the Carreau model (Eq. 2.1):

� � � 1

� 0 � � 1
=

�
1 + ( � _
 )2

� (n� 1)=2
(2.1)

where � 0 is the zero-shear viscosity, � 1 the viscosity at in�nite shear rate, � a time

constant, and n the power-law index. This formulation allowed experimental data to be

reduced to a single master curve. Their work also revealed the phenomenon of thermal

lubrication(Fig. 2.3), in which the hot mold surface induces a low-viscosity layer that

lubricates the bulk, enabling easier �ow of the surface layers [3].

Building on this, Barone and Caulk performed experiments with black-and-white charge

layers to directly visualize �ow kinematics 2.4. They showed that SMC charges deform

primarily by uniform extension within layers, with slip occurring at the mold surface

(Fig. 2.4) [4]. Lee and Tucker con�rmed the existence of the thin, lubricating surface

layer, which facilitated planar elongational deformation of the bulk charge [19].

Later, Odenberger et al. visualized �ow fronts during compression molding with

high-resolution monitoring and identi�ed three distinct phases:

• Squish: complex �ow where air can be entrapped and SMC near mold sur-

faces moves faster than the bulk.

• Flow: a stable plug-�ow regime.

• Boiling: bubble formation in low-pressure zones, likely due to styrene evapo-

ration.

Their work (Fig. 2.5) supported earlier observations by Barone and Caulk and high-

lighted that plug �ow provides a better description of SMC behavior than generalized

Hele-Shaw models that exclude slip at mold surfaces [4, 20–22].
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2 State of Research

Figure 2.3: Effect of heat transfer on �ow pattern [3].

2.2.2 Simulation Methods
The development of �ow simulation models began with Tucker and Folgar, who applied

the Hele-Shaw model to compression mold �lling of thin parts [21, 23]. Their approach

assumed isothermal Newtonian �ow and no slip at mold walls, providing a simpli�ed

framework solved using the �nite element method. Although limited, this work laid

the foundation for more advanced approaches.

Barone and Osswald later proposed a boundary element method to address anisotropy

and observed kinematics [24]. By treating SMC as a membrane-like sheet undergoing

uniform extension with slip at the mold surface, their method represented a signi�cant

departure from lubrication-based theories. Around the same time, Osswald and Tucker

developed a �nite element–control volume hybrid scheme to simulate mold �lling. This

method divided the domain into control volumes, enabling the handling of complex

geometries while maintaining global mass balance. Flow fronts were approximated but

could be re�ned through post-processing (Fig. 2.6) [25].
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Figure 2.4: Investigation of �ow mechanism with contrast-colored charge layers [4].

With increasing computational power, more advanced techniques emerged. In the late

2010s, Görthofer et al. implemented Coupled Eulerian–Lagrangian ( CEL) simulations

in Abaqus to capture 3D mold �lling, pressure build-up, and �ber orientation evolution.

These simulations provided input for structural analyses as part of a Virtual Process

Chain [26]. Alnersson et al. reviewed the state of numerical methods, highlighting

dif�culties in predicting �ow and pressure evolution in high-�ber-content SMC, and

emphasizing the role of anisotropic viscosity [27].

Commercial tools such as Autodesk Mold�ow and Moldex3D, while widely applied,

were originally developed for injection molding and had limited validation for reac-

tive compression molding at the time of publication [28]. To overcome limitations of

continuum-based models, Meyer et al. introduced the Direct Bundle Simulation (DBS)

approach, which explicitly represents �ber bundles as truss-like segments coupled with

the �uid. This two-way coupling allows �ow, �ber motion, and orientation to emerge

naturally from the simulation physics (Fig. 2.7) [29, 30].

2.2.3 Characterization
Accurate modeling of SMC �ow requires reliable material parameters. Kostikos et al.

investigated the �ow behaviour of the SMCs using parallel circular plates at various

temperatures (Fig. ??[31].
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Figure 2.5: Flow front progression during compression molding [20].

Early investigations therefore relied on squeeze �ow rheometers, in which parallel

circular plates compress the sample (Fig. 2.9). Material parameters can be derived

from press force and displacement measurements using generalized Hele-Shaw models

[22]. However, since these models neglect wall slip, errors in the determined material

properties may result [3].

Subsequent studies showed that representative rheological data can only be obtained

when the sample dimensions are large compared to �ber length. In particular, homoge-

neous strain �elds within SMC are achieved only for specimens exceeding 100 mm in

size; smaller samples yield inaccurate results [6, 7]. This motivated the development of

custom press rheometers.

Le Corre et al. introduced a shear–compression rheometer (Fig. 2.10), which allowed

characterization of samples with varying �ber fractions, temperatures, and strain rates

[6]. Lubricated mold surfaces were used to simulate slip conditions. The results

indicated that SMC paste behaves as a power-law �uid, but with pronounced anisotropy:

shear viscosity was less sensitive to �ber fraction than compressive viscosity.

Another approach is the plain strain rheometer (Fig. 2.11), which reduces �ow to a

quasi-one-dimensional condition. Dumont et al. used this method to compare mechan-

ical loadings and concluded that the power-law exponent of the material remained

consistent across compression and plain-strain modes [7]. However, these tools are

8
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Figure 2.6: Actual and effective �ow front during compression molding [25].

Figure 2.7: Visual representation of bundle–bundle and bundle–matrix interactions in the DBS approach
[30].

not suf�cient for SMC, since their �ow conditions differ signi�cantly from in-mold

compression �ow.

Guiraud et al. later developed an instrumented compression rheometer with advanced

capabilities [8]. The device, mounted on a 20 kN press, used two polished plates (200

mm radius) to form a 10 mm cavity. It incorporated heating and cooling systems for

precise thermal control, as well as �ve piezoelectric stress sensors distributed radially

across the lower plate. This setup enabled simultaneous measurement of intrinsic

rheology, compressibility, and friction forces at the mold–composite interface.

More recently, Hohberg addressed limitations of plain-strain devices, which typically

require multiple tests with different charge positions (Fig. 2.12). By embedding pressure

9
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Figure 2.8: Squeeze �ow die [31].

sensors directly into the lower mold half, his system continuously measured local

pressures during molding. Combined with internal press data (force and displacement),

this allowed more robust rheological characterization from a single experiment [32].

Together with visualization techniques, such as high-resolution �ow-front monitor-

ing (Fig. 2.13) [27], these rheological tools have established that SMC exhibits non-

Newtonian, anisotropic, and slip-dependent behaviour. They provide essential input

for validating and re�ning �ow models.
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Figure 2.9: Squeeze �ow rheometer [3].

Figure 2.10: Shear–compression rheometer [6].
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Figure 2.11: Plain strain rheometer [7].

Figure 2.12: Plain strain rheometer with embedded pressure sensors [32].

12



2 State of Research

Figure 2.13: Flow front captured by high-resolution cameras [27].
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2.3 Bayesian Optmization
The increasing availability of computational power and data-driven approaches has

also had an impact on natural sciences. Machine Learning (ML ) methods in particular

are becoming feasible for linking processing conditions, structure, and properties of

materials. Instead of relying solely on experimentation or high-�delity simulations, ML

provides surrogate models that can interpolate across large parameter spaces, thereby

accelerating characterization. Recent studies have emphasized howML enables design,

synthesis, and prediction of material properties in domains ranging from energy storage

to structural alloys [33]. One of the main challenges in applying ML to materials

problems is the scarcity of experimental data, since laboratory measurements and

simulations are often expensive and time-consuming. While deep learning methods

usually require large datasets, probabilistic approaches such as GP are particularly well

suited for small-data regimes. GP not only provides predictions but also quanti�es

the uncertainty of those predictions, which can then be exploited in active learning.

Sourroubille et al. demonstrated this by combining GP with rheological experiments

to characterize the thermogelation of methylcellulose, showing that the number of

experimental runs required could be signi�cantly reduced [34].

BO builds directly on this principle. By combining a surrogate model such as a GP with

an acquisition function, BO systematically proposes new experiments or simulations

that balance exploration of unknown parameter regions with exploitation of promising

candidates. Ziatdinov et al. utilized BO to accelerate scanning probe microscopy, where

the algorithm adaptively guided the measurement process in real-time, signi�cantly

reducing the data acquisition burden [35]. In another study, BO was employed to

optimize material compositions for high-entropy alloys [36]. Moosavi et al. used GP to

predict the heat capacity of nanoporous materials such as zeolites and metal-organic

frameworks, achieving high accuracy with Density Functional Theory ( DFT) training

data and revealing local atomic contributions to thermal properties [37].

BO is a method based on Bayes' Theorem, �rst published in 1763 by Thomas Bayes,

which allows one to update beliefs about the objective function based on prior knowl-

edge and new observations [38]. Bayes' Theorem is expressed as

p(f j D ) =
p(D j f ) � p(f )

p(D)
; (2.2)

where:

14
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• p(f j D ) is the posterior distribution of the function given the observed data D,

• p(D j f ) is the likelihood, representing the probability of observing the data given

the function f ,

• p(f ) is the prior belief about the function f before observing any data,

• p(D) is the marginal likelihood or evidence.

BO is an ef�cient method for �nding the global optimum for black-box functions,

especially suitable when evaluations are costly and noisy [39]. BO uses probabilistic

modeling with a decision theory, making informed choices on where to sample next.

Thus, optimizing performance with fewer evaluations [40]. It is a probabilistic approach

to optimize objective functions that are longer (expensive) to evaluate. Typically, it

works best for problems with dimensions lower than 20 [41]. This method focuses on

solving the problem

maxy(x)

where y is the expensive objective function to evaluate.

BO revolves around two primary components:

• Surrogate Model : A GPmodel is used to approximate the objective function. A GP

provides a probabilistic framework that offers both a prediction and an uncertainty

estimate for any input point. The model outputs a predictive distribution for new

points, offering an expected value and a quanti�able measure of uncertainty,

guiding the optimization process effectively [42].

• Acquisition Function : Determines the next sampling point by balancing explo-

ration of uncertain areas and exploitation of known promising regions. Common

acquisition functions include Expected Improvement ( EI), Probability of Improve-

ment (PI), and Upper Con�dince Bound (UCB) [39].

EI is one of the most used acquisition functions in BO. It measures the expected increase

in the objective function value compared to the current best observation. Mathemat-

ically, for a fully sequential (evaluating one point at a time, q=1) and single outcome

(optimizing a single objective, M=1) setting, EI is described as:

EIy � (x) = Ef (x)

�
[f (x) � y� ]+

�
= � (x)h

�
� (x) � y�

� (x)

�
(2.3)

where y� is the best function value observed so far, � (x) and � (x) are the mean and

standard deviation of the GP posterior prediction at point x, respectively. Figure 2.14

shows the �rst step of a Bayesian Optimization process. The unknown objective function

15
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(orange) evaluated at points (black) and con�dence interval (light blue) computed. Here,

a probabilistic model of our objective function has been built and with the acquisition

function, it has been decided where to sample next. Figure 2.14 shows the acquisition

function evaluation for the GP model. Points where previous observations were located

valued lowest and with balancing exploration and exploitation it chooses where to

sample next, which has the highest value [43]. In Figure 2.16, one can see the updated

GP model and the best observed value so far.

Figure 2.14: Plot of the GP model with ground truth and con�dence interval [43].

Figure 2.15: Plot of the acquisition function with exploration and exploiting areas [43].

A recent study from Ament et al. highlighted issues in numerically optimizing EI,

notably due to vanishing gradients [44]. The LogEI family of acquisition functions rep-

16
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Figure 2.16: GP Model with updated information [43].

resents an advancement in addressing the numerical instabilities inherent in traditional

EI. Its design principles, centered on log-transformation (numerically stable implemen-

tation of log(h(z))) and approximations, effectively overcome the vanishing gradient

problems. The logarithmic transformation ensures that the values and gradients do

not vanish numerically, facilitating a more effective gradient-based optimization. This

development is especially useful in high-dimensional spaces, constrained optimization

problems, and problems with a large number of evaluations, where traditional EI can

struggle [44]. The LogEI acquisition function is de�ned as:

LogEIy (x) = log h
�

� (x) � y
� (x)

�
+ log ( � (x)) (2.4)

The rheological characterization of SMCs is essential for the �ow prediction and process

parameters of parts. As stated in the literature, although there is a small amount of �ow

time, there is a complex �ow process, which is paramount for the quality of the end

product. Simulation of the mold �lling process requires calibration of these parameters,

which dictates the mechanisms at work. Existing experimental techniques such as

in-situ rheometers include complex setups and quali�ed personnel to predict those

parameters. This work aims to introduce a data-driven method that utilizes a machine

learning algorithm to inversely characterize the rheological parameters. Compared to

predecessors, this method requires simple test rigs but also an intricate data treatment

and simulation process. This trade-off is encouraging in the ever-improving digital

world with more powerful and ef�cient computing resources becoming available.

17
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In this chapter, the methodological framework employed for the data-driven parameter

identi�cation of SMC compression molding is outlined. The method combines software

simulations with Bayesian optimization to identify viscosity and wall slip parameters

that minimize the error between simulated and experimental press force and press

displacement against time curves. The method employs a closed-loop framework, in

which a Bayesian optimization algorithm proposes candidate parameters, which are

evaluated via simulations in Autodesk Mold�ow and compared to reference press

data obtained at DLR-ZLP. The optimization objective is de�ned as Mean Squared

Error (MSE) between the experimental and simulated curves. The process consists of

the following stages:

• Experimental press trials to obtain reference force, displacement–time data.

• De�nition of rheological models and parameter bounds for viscosity and

wall slip.

• Setup and execution of Mold�ow compression molding simulations.

• Post-processing of simulation outputs to extract press force–time curves.

• Computation of the objective function (MSE).

• Bayesian optimization loop to iteratively propose improved parameter sets.

3.1 Experimental Data Acquisition
The reference data were obtained from compression molding trials conducted on a

Wickert WKP 4400S hydraulic press (Figure 3.1). A 305×305 mm mold was used for all

press trials. Trials were performed under four different charge con�gurations and three

different closing speeds, as shown in Figure 3.2.

18
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Figure 3.1: Wickert WKP 4400S industrial hydraulic press.

The mold was lubricated with Loctite 700-NC release agent before each press process.

The mold temperature was kept at 135 � C for all samples. The press was operated in

speed control mode until the target force limit of 1400 kN was reached. Upon reaching

this limit, the press automatically switched to force control mode, maintaining the target

force until the end of the process. All trials were performed using Polynt-SMCarbon ®

90 CF60-3K, a sheet molding compound based on epoxy resin and reinforced with 60%

wt. carbon �ber content (3K �ber tow, 25 mm length). The charges consisted of four

layers, all cut by hand from the material roll. These initial charges were weighed on a

scale for thickness and spillage calculations. For each con�guration k, an experimental

master curve F exp
k (t) was obtained from press sensor data, post-processed, and stored

as CSV �le.

19
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Figure 3.2: Press con�gurations with varying speeds and mold coverages.

3.2 Rheological Models
As mentioned in the second chapter, in order to understand the rheology of the SMCs,

the �ow process must be analyzed. This �ow process is in�uenced both by the viscosity

of the material and the wall-slip parameters, since slip conditions are present. Autodesk

Mold�ow allows both parameters to be simulated with its built-in and user-de�ned

functions.

3.2.1 Viscosity Model
In this work, the viscosity of the SMC material is de�ned using a modi�ed Cross model

that accounts for curing degree, temperature, and shear rate. The viscosity is given by

� (�; T; _
 ) =
� 0(T)

1 +
�

� 0 (T ) _

� �

� 1� n

�
� g

� g � �

� c1+ c2 �

: (3.1)

In this model, the viscosity depends on the curing degree � , the processing temperature

T, and the applied shear rate _
 . The critical stress level at the transition to shear thinning

is represented by � � , while n is the power-law index controlling the rate of viscosity

decrease with increasing shear rate. The effect of curing is governed by the constants

c1 and c2, which describe the rate of viscosity increase as curing progresses. Since no
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