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ABSTRACT 

Producing long-glass fiber reinforced thermoplastics via injection molding results in undesirable part 
warpage. In these materials warpage is dominated by the orientation of the fibers. In an effort to predict and 
prevent warpage before real parts are produced, injection molding simulations are being used. These 
simulations enable to predict material and process characteristics during the injection molding process. 
However, accurately quantifying complex phenomena by mathematical modeling in injection molding 
simulations to predict warpage via fiber orientation supposition remains difficult.  

In this work, a framework is developed that captures the mathematical models and parameters of influence 
on the fiber orientation. Subsequently, this framework is tested and optimized to determine the most 
important parameters, optimal settings and corresponding physical behavior to enhance warpage 
predictions via improved fiber orientation supposition and how the most important parameters influence 
the fiber orientation. The results show that from the 61 parameters involved, 3 are the most important to 
enhance fiber orientation predictions. These parameters influence the fiber orientation by 
(CONFIDENTIAL), by (CONFIDENTIAL), and by (CONFIDENTIAL) respectively. Additionally, results 
show that the optimal settings and corresponding physical behavior are responsible for >80% improvement 
in fiber orientation prediction accuracy. The physical fiber orientation, rheological, specific volume, and 
thermal behavior shows: predicted Young moduli that show close resemblance to the measured Young 
moduli; more accurate shear thinning viscosity behavior; specific volumetric change at different pressures 
and temperatures that resembles the specific volumetric change of a material at high cooling rates which is 
highly accurate at injection molding cooling rates; and slightly decreasing specific heat at decreasing 
temperature and the presence of a single crystallization peak. Validation of these findings on a complex 
auto part show a remarkable increase in warpage prediction accuracy. 
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NOMENCLATURE 

Greek symbols   

Symbol Description Unit 

∝ Thermal expansion coefficient 1/K 

∝ Relative crystallinity - 

β Empirical parameter - 

β1 Empirical parameter - 

�̇� Shear rate 1/s 

�̇�ij Rate of deformation tensor - 

𝛿ij Identity matrix - 

휀 Strain - 

𝜂 Shear viscosity Pa • s 

𝜂0 Zero shear viscosity Pa • s 

𝜂a Viscosity amorphous phase Pa • s 

к Fiber orientation tensor scaling factor - 

𝜆 Eigenvalue of second-order orientation tensor - 

𝜆N Nucleation relaxation time s 

𝜎c
x Corrected residual in mold stress in the x principal direction Pa 

𝜎p
x Predicted residual in mold stress in the x principal direction Pa 

𝜏 Frozen-in anisotropic stress Pa 

𝜏∗ 
The critical shear stress at the transition from the Newtonian 
plateau to the shear thinning regime. 
 

Pa 

𝜓(𝒑) Probability density distribution function over orientation space - 

𝜔ij Vorticity tensor - 

   

Roman symbols   

Symbol Description Unit 

𝑎𝑖𝑗 Second-order fiber orientation tensor - 

𝑎ijkl Fourth-order orientation tensor - 

𝑎N Nuclei in the quiescent state thermal fit parameter 1/m3 • K 
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A Empirical geometrical effect parameter - 

𝐴1 Zero-shear viscosity temperature dependence coefficient - 

𝐴2 Zero-shear viscosity temperature dependence coefficient K 

𝐴2
~ Data fitted coefficient K 

bFENE 
Non-linear parameter that describes a polymer molecule as a 

finitely extensible spring 
- 

𝑏N Nuclei in the quiescent state thermal fit parameter 1/m3 

𝑏1m Melt state volume-temperature line intercept at zero pressure m3/kg 

𝑏1s Solid state volume-temperature line intercept at zero pressure m3/kg 

𝑏2m 
Melt state volumetric thermal expansion coefficient at zero 

pressure. 
m3/kg • K 

𝑏2s 
Solid state volumetric thermal expansion coefficient at zero 

pressure. 
m3/kg • K 

𝑏3m Pressure sensitivity of intercept above the Transition Temperature Pa 

𝑏3s 
Pressure sensitivity of intercept below the Transition 

Temperature 
Pa 

𝑏4m Pressure sensitivity of slope above the Transition Temperature 1/K 

𝑏4s Pressure sensitivity of slope below the Transition Temperature 1/K 

𝑏5 Transition Temperature at zero pressure K 

𝑏6 
Pressure dependence of the Transition Temperature and 

equilibrium melting temperature 
K/Pa 

𝑏7 Curvature radius below the Transition temperature m3/kg 

𝑏8 Curvature radius below the Transition temperature 1/K 

𝑏9 
Pressure dependence of the curvature radius below the Transition 

Temperature 
1/Pa 

𝐵 Pressure sensitivity material Pa 

𝑐ij Anisotropic rotary diffusion tensor - 

𝑐N Defines the effect of the presence of fibers on crystallization - 

𝐶 Two-domain Tait PVT model constant - 

𝐶0 Crystallization kinetics constant 1/J2 • s 

𝐶1 Flow induced free energy fit coefficient - 

𝐶i The fiber interaction coefficient - 

Cpcef Defines the effect of crystallinity on specific heat properties - 
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𝐶𝑝𝑥 Specific heat value at specified temperature J/kg • C 

D Fiber diameter m 

𝐷1 
Zero shear viscosity at the glass transition temperature and 

atmospheric pressure. 
Pa • s 

𝐷2 Glass transition temperature at atmospheric pressure. K 

𝐷3 Glass transition temperature pressure dependence coefficient K/Pa 

𝐷z Thickness moment of interaction coefficient - 

E Young’s modulus Pa 

∆𝐹f Change in flow induced free energy J/m3 

∆𝐹q Change in quiescent condition free energy J/m3 

𝑔L Defines the shape of the formed crystals arising from shear flow - 

𝐺 Crystal growth rate m/s 

𝐺0 Reference crystal growth rate m/s 

𝐺L2 Defines the effect of flow-induced shrinkage anisotropy - 

∆𝐻0 Latent heat of crystallization J/mole 

𝑘B Boltzmann constant J/K 

𝐾g Energy barrier to form a critical nucleus K2 

L Fiber length m 

𝐿ijkl Fourth-order orientation tensor - 

𝑀ijmn Fourth-order orientation tensor - 

𝑛 Power law index in the high shear regime - 

N Number of activated nuclei 1/m3 

𝑁0 Number of activated nuclei in quiescent condition 1/m3 

𝑁f Number of activated nuclei induced by flow 1/m3 

p Pressure Pa 

p Unit vector - 

q Flow induced free energy fit parameter - 

𝑞indx Defines the enhanced nucleation induced by shear flow - 

R Gas constant J/mole • K 

𝑇 Temperature K 

𝑇g Glass transition temperature K 

𝑇∞ Viscous flow motion stop temperature K 

𝑇eql Reference equilibrium melting temperature K 
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𝑇m
0  Specific equilibrium melting temperature K 

𝑇rlx Relaxation time at reference temperature s 

𝑇t Transition temperature K 

𝑈∗ Activation energy J/mole 

𝑣 Specific volume m³/kg 

𝑣0 Specific volume at zero pressure m³/kg 

𝑣t Specific volume at phase transition m³/kg 

𝑋inf The ultimate amount of crystallinity the material can achieve - 
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Chapter 1  

INTRODUCTION 

There is increasing awareness of the devastating effects of climate change resulting from excessive CO2 
emissions. Large portions of the emissions originate from the automotive transportation industry. A possible 
approach to combat these emissions is by vehicle weight reduction by means of using lighter materials 
resulting in an increased fuel efficiency. Although seemingly trivial, the problem is complicated by 
additional aesthetical, financial and safety aspects, which should conjointly remain optimal. The use of 
lighter materials to achieve weight reduction is especially important in large parts like door modules, 
bumper beams, and seat structures [21]. Due to the size of these parts, it is key that the above described 
criteria are fulfilled. In fulfillment of these criteria, long-glass fiber reinforced thermoplastics can be used. 
Long-glass fiber reinforced thermoplastics–as indicated by the name–are materials that have discontinuous 
glass fibers with a length of 1 to 10 mm incorporated into a thermoplastic matrix [59]. In contrast to their 
short-glass counterparts with a fiber length of smaller than 1mm, long-glass fiber reinforced thermoplastics 
have improved mechanical properties like stiffness, strength and impact resistance [63]. These kind of 
reinforced thermoplastics belong to a series of materials called fiber reinforced plastics, which are materials 
where fibers are incorporated into a plastic matrix. This series can be divided into four categories according 
to the length and orientation of the fibers [24]: unidirectional, bi-directional, discontinuous and woven as 
illustrated in Figure 1.1 below. In the (a) unidirectional, (b) bi-directional and (d) woven reinforced plastic, 
a continuous fiber length is used and the fibers are oriented in the same direction, perpendicularly in two 
directions, or woven in to specified directions respectively. In (c) a discontinuous reinforced plastic, the 
fiber length is, as discussed above, <1mm for short-glass reinforced plastics and between 1 and 10 mm for 
long-glass fiber reinforced plastics where the fibers are discontinuously oriented. The plastic can either be 
a thermoplastic or thermoset. 

 
Figure 1.1: The four categories of fiber reinforced plastics [24] 

https://www.google.nl/url?sa=i&url=https%3A%2F%2Fwww.researchgate.net%2Ffigure%2FVarious-types-of-fiber-reinforced-composite-lamina_fig1_308721666&psig=AOvVaw0hZa5l51GVMwFpgJ6AruoE&ust=1587728576079000&source=images&cd=vfe&ved=0CAIQjRxqFwoTCMD50P3G_ugCFQAAAAAdAAAAABBH
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An example of a long-glass fiber reinforced thermoplastic that can be used to fulfill the criteria of the 
vehicle weight reduction problem is SABIC’s STAMAX™ 30YM240 [43], a discontinuous long-glass fiber 
reinforced polypropylene. However, addition of glass fibers to a thermoplastic matrix like polypropylene 
results in undesirable part warpage. Warpage is a distortion of the shape of the created part where the shape 
of the part does not match the intended shape [60]. In long-glass fiber reinforced materials, warpage is 
caused by the anisotropic shrinkage characteristics of fibers versus matrix during cooling of the material; 
the fibers exhibit no shrinkage, while the matrix shrinks. Warpage, as illustrated in Figure 1.2 below [61], 
is detrimental for part performance and creates the need for physical prototyping and excessive trial and 
error methodologies before the production phase can be initiated. 

 

Figure 1.2: An example of part warpage [61]; left is the intended shape and right is the shape distortion due to warpage. 

In an effort to predict warpage and in turn, reduce these expensive trial and error methodologies, injection 
molding simulations are used. Injection molding is a process for manufacturing parts like the ones described 
above by injecting molten material into a mold with the desired shape of the part, where the material 
subsequently cools and solidifies according to the configuration of the mold [22]. Injection molding 
simulations predict material and process characteristics during the injection molding process. This way, the 
behavior of the material can be studied and alterations in process conditions can be made to tune the material 
properties. However, injection molding simulations of long-glass fiber reinforced thermoplastics to predict 
these characteristics remains an area of recurring difficulty [23]. The difficulties lie in the inability to 
accurately quantify complex phenomena like fiber orientation and specific volumetric change during 
processing by mathematical modeling. Often, these complex phenomena are approximated by models or 
measured under trivial conditions and subsequently fitted to injection molding conditions. While this yields 
reasonable results, simplification of material and process characteristics can lead to discrepancies between 
the measured and predicted values. Consequently, a detailed look is necessary to identify, test and optimize 
the parameters involved.  

As warpage in long-glass fiber reinforced thermoplastics is dominated by fiber orientation, the fiber 
orientation is warranted as an appropriate measure for warpage. Therefore, this research focusses on 
developing an array of optimal settings in the injection molding software (Autodesk Moldflow Insight [62]) 
that will enhance the predictability of the fiber orientation. Additionally, these settings will be investigated 
to verify whether the optimized behavior is physically sound. 

The main question that arises when examining these facets is: “What are the most important parameters, 
optimal settings and corresponding physical behavior to enhance warpage predictions via improved fiber 
orientation supposition and how do the most important parameters influence the fiber orientation?” 

The ultimate goal is to enable initiation of the production phase without prior use of physical prototypes by 
improved warpage prediction of long-glass fiber reinforced thermoplastics in injection molding simulations 
and in turn, avoidance of excessive trial and error methodologies.  
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Chapter 2  

THEORETICAL APPROACHES 

2.1 Prediction of warpage 
To enable prediction of warpage by means of modeling the fiber orientation, software packages like 
Autodesk Moldflow Insight [62] and Moldex3D [64] can be utilized. These software packages simulate the 
injection molding process by applying complex models and incorporating material characteristics. The 
simulation process consists of several stages in which the thermo-rheological behavior–and subsequent, 
fiber orientation–is modeled, and shrinkage and warpage are calculated with the use of the modeled 
behavior of preceding stages.   

Injection molding simulations can be classified into two categories: 2-Dimensional (2D) and 3-Dimensional 
(3D) simulations. 2D simulations compose the part to be injection molded from numerous small planar 
elements and apply the models in two dimensions. The thickness of the planar elements are then numerically 
added to still achieve a 3D prediction. Following this logic, 3D simulations compose the part from 
numerous small tetrahedral elements which are also added in the thickness direction and apply the models 
in three dimensions. Consequently, the amount of elements present in a 3D simulation is substantially 
larger. A recent study [26] showed that, because of the increased amount of elements, the simulation 
computation times for 3D simulations are not viable for complex large parts. Therefore, in this work, 2D 
simulations are used. 

The first stage is the modeling of the thermo-rheological behavior of the material, which includes the shear 
viscosity, crystallization morphology, thermal properties and the Pressure Volume Temperature (PVT) 
model. The next stage are the fiber orientation models, in which the thermo-rheological data is utilized to 
model the fiber orientation. The final stage is the shrinkage and warpage calculation where the specific 
volumetric change resulting from the PVT model is used to quantify shrinkage, which is then combined 
with Young’s modulus–which includes the modeled fiber orientation–by means of micromechanical 
modeling to compute the final warpage. Finally, to increase accuracy, the predicted data can be fitted to 
experimental data via Corrected Residual In-Mold Stresses (CRIMS). 

2.2 Thermo-rheology 
The thermo-rheology stage accounts for the flow- and thermal properties of the material during the injection 
molding simulation. As fiber orientation is influenced by flow- and thermal characteristics, accurate 
modeling of these phenomena is required to improve prediction accuracy. 
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2.2.1 Cross-WLF model 
The viscosity of a material is an important characteristic as it is defined as the resistance of a material to a 
change in shape [67] and therefor accounts predominantly for the flow rate of the material. Most 
thermoplastic materials display the so called shear thinning behavior: the decrease in viscosity due to an 
increase in shear rate. This is caused by the alignment of polymer chains in the shear direction which 
reduces the resistance the material has to the applied shear and thus resulting in a viscosity decrease [68]. 
Additionally, the viscosity is influenced by temperature and pressure effects: a decrease in viscosity at 
increasing temperature and decreasing pressure. This is caused by the polymer chains being able to move 
more freely at increasing temperatures or decreasing pressures resulting in the material’s resistance to 
change in shape–and thus, viscosity–being decreased [31]. In order to accurately predict the viscosity of 
thermoplastic materials, the Cross-WLF model derived by Cross [25] is employed. The Cross-WLF model 
correlates the shear viscosity to temperature, pressure and shear rate. Additionally, the model incorporates 
the transition to the shear thinning regime observed in injection molding by means of implementing the 
critical shear stress 𝜏∗ at the transition from the Newtonian plateau to the shear thinning regime [37]. 
According to the Cross-WLF model, the shear viscosity 𝜂 depends on the shear rate �̇� as follows:  

 𝜂 =  
𝜂0

1 + (
𝜂0�̇�
𝜏∗ )

1−𝑛 (2.1) 
 

 

where 𝑛 is the power law index in the high shear regime which characterizes the amount of shear thinning 
displayed by the material [48] and 𝜂0 is the zero shear viscosity at a specified temperature which is 
defined as the shear viscosity of the material at an infinitely low shear rate [65]. The zero shear viscosity 
𝜂0 is described as: 

 
𝜂0 =  𝐷1exp [−

𝐴1(𝑇 − 𝑇g)

𝐴2 + (𝑇 − 𝑇g)
]  

 

(2.2) 
 

in which 𝐷1 represents the zero shear viscosity at the glass transition temperature 𝑇g and at atmospheric 
pressure [28]. With the use of temperature T and data fitted coefficients 𝐴1 and 𝐴2, which characterize the 
temperature dependence of the zero-shear viscosity [49,27], 𝜂0 is composed at a specified temperature 
above 𝑇g. Where the pressure dependence of 𝑇g and 𝐴2 and thus 𝜂0 is taken into account by including the 
glass transition temperature at atmospheric pressure 𝐷2 [49] and a data fitted coefficient 𝐴2

~ that defines the 
thermal dependence of the zero shear viscosity at atmospheric pressure respectively, in combination with a 
data fitted glass transition pressure dependence coefficient 𝐷3 [37] and the applied pressure p in the 
following way: 
 

𝐴2 =  𝐴2
~ + 𝐷3𝑝 (2.3) 

 

 
𝑇g =  𝐷2 + 𝐷3𝑝 (2.4) 

 

The Cross-WLF model is based on experimentally measured shear viscosity data of shear thinning 
materials. The model, as described, incorporates data fitted coefficients and curve fitting to estimate the 
individual variables and ensure an optimal fit to the experimental data. An example of experimental shear 
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thinning viscosity data of ethylene propylene rubber (EPR) and polypropylene (PP) to which this model is 
fitted, is observed in Figure 2.1 below [12]. The dots are experimental viscosity data and the curve is the 
experimental viscosity data and the curve is the viscosity modeled by the Cross-WLF model. 

 
Figure 2.1: Experimental and Cross-WLF modeled viscosity data of EPR and PP [12] 

2.2.2 Crystallization Morphology 
Recently, Moldflow implemented Crystallization Morphology into the software package enabling the 
modeling of the crystallization behavior of semi-crystalline thermoplastic materials during injection 
molding. Crystallization phenomena alter the flow and fiber orientation of the material due to crystal 
nucleation, growth and subsequent flow of dispersed solid crystal particles. Additionally, crystallization 
changes the solidification process of the material in the mold. Nucleation can start when the temperature of 
the material is below the crystallization temperature. Below that temperature, the polymer chains start 
organizing into a highly ordered configuration [32] where the long polymer chains are folded into repeating 
segments of polymer adjacent to one another with roughly the same length and separated by the folds as 
displayed in Figure 2.2 [69] below.  

 

Figure 2.2: The folding of long polymer chains into a highly ordered configuration [69] 
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Once this reaches a specified volume, the folded configuration is thermodynamically more favorable than 
the random configuration and this is classified as a critical crystal nucleus. Subsequently, this nucleus can 
start to grow by adding additional folded polymer chain segments [32]. This growth is affected by the 
temperature of the material. More specifically, by the amount the amount of supercooling [32]; how far the 
temperature of the material is below the equilibrium melting temperature but without the material 
solidifying [70]. The equilibrium melting temperature is defined as the melting temperature of a perfect 
polymer crystal of infinite molecular weight [19]. The higher the degree of supercooling, the faster the 
crystal will grow because below the equilibrium melting temperature an ordered crystal configuration is 
thermodynamically more favorable. 

To account for the nucleation and growth, crystallization kinetics are modeled as stated below [38]. The 
crystal growth rate 𝐺 can be calculated by the modified Hoffman-Lauritzen equation [1], shown below 
(2.5). This equation relates 𝐺 to the reference crystal growth rate 𝐺0, the energy barrier to form a critical 
nucleus 𝐾g [1], the supercooling temperature (𝑇m

0 − 𝑇), the activation energy of adding polymer segments 
𝑈∗ [33], the gas constant 𝑅, equilibrium melting temperature at a specified pressure 𝑇m

0 , the temperature 
where viscous flow motion ceases 𝑇∞ [33], and temperature T. It is assumed that the growth rate is 
exclusively dependant on temperature. 

 
𝐺 = 𝐺0exp [−

𝑈∗

𝑅(𝑇 − 𝑇∞)
] exp [−

𝐾g(𝑇m
0 + 𝑇)

2𝑇2(𝑇m
0 − 𝑇)

] 

 

(2.5) 
 

where:  

 𝑇∞ = 𝑇g − 30 (2.6) 
 

And 
 𝑇m

0 = 𝑇eql + 𝑏6𝑝 (2.7) 
 

in which 𝑇eql is the equilibrium melting temperature at zero pressure, 𝑏6 is the pressure dependence of the 
equilibrium melting temperature and p is the pressure. 

The crystal nucleation process of the amount of formed activated nuclei 𝑁 can be described as a function 
of the number of activated nuclei in quiescent–no shear–condition 𝑁0 and the number of activated nuclei 
induced by flow 𝑁f: 

 𝑁 = 𝑁0 + 𝑁f 
 

(2.8) 
 

because activated nuclei can form in the quiescent state, but additional activated nuclei are only formed 
during flow. It is assumed that the number of activated nuclei in the quiescent state is exclusively related 
to the supercooling temperature as follows: 

 ln𝑁0 = 𝑎N(𝑇m
0 − 𝑇) + 𝑏N 

 
(2.9) 

 
where 𝑎N and 𝑏N are nuclei in the quiescent state thermal fit parameters which describe the thermal 
dependence of 𝑁0. 
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Additionally, during shearing flow, flow induced crystallization can occur. Flow induced crystallization, as 
the name states, is the enhanced nucleation and growth of polymer crystals resulting from shearing flow. 
This phenomenon will have a pronounced effect on the number, shape and growth rate of crystals and can 
be best described by the formation of elongated crystals in the flow direction as illustrated in Figure 2.4 
and, as confirmed by Zheng and Kennedy, an accelerated increase in relative crystallinity shown in Figure 
2.3. 

 

 

 

 

 

 

 

Figure 2.3: The influence of shear rate on 
relative crystallinity [2] 
 

Figure 2.4: Crystal morphology [3] with  
(a) �̇� = 10s-1, t = 600s and (b) �̇� = 100s-1, t = 200s 

To account for flow induced crystallization in the simulation process, the excess free energy and flow 
induced orientation 𝑓(∆𝐹f, 𝑇) are correlated to the crystallization kinetics where the number of flow induced 
nuclei 𝑁f is determined by solving the differential equation [38] in which 𝜆N is the nucleation relaxation 
time: 

 
�̇�f +

1

𝜆N
𝑁f = 𝑓(∆𝐹f, 𝑇) 

 

(2.10) 
 

where 𝑓(∆𝐹f, 𝑇) is dependent on the change in flow induced free energy ∆𝐹f, the change in quiescent 
condition free energy ∆𝐹q, a flow induced free energy fit parameter q, the Boltzmann constant 𝑘B, an 
energetic constant 𝐶0, and the previously described 𝑈∗, 𝐾g, 𝑇m

0 , 𝑇∞, 𝑅, T. 

𝑓(∆𝐹f, 𝑇) = 𝐶0𝑘B𝑇 exp (−
𝑈∗

𝑅(𝑇 − 𝑇∞)
) {(∆𝐹q + (∆𝐹f)

𝑞)exp (−
Ф(𝑇)𝐾g

2𝑇2[(1 + 𝜃(∆𝐹f)
𝑞)𝑇m

0 − 𝑇]
)

− ∆𝐹qexp (−
Ф(𝑇)𝐾g

2𝑇2(𝑇m
0 − 𝑇)

)} 

 

 
(2.11) 
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in which:  

 Ф(𝑇) = 𝐶1(𝑇 + 𝑇m
0 ) 

 
(2.12) 

 
where 𝐶1 defines the nucleation rate during flow and is used to fit the flow induced free energy in the 
crystallization model [53]. And 

 
𝜃 =

𝑇m
0

∆𝐻0𝑇
 

 

(2.13) 
 

where ∆𝐻0 is the latent heat of crystallization. 
 
Next, to account for the increased viscosity as a result of the crystallization process, an enhancement factor 
𝜂

𝜂𝑎
 for the relative crystallinity ∝ < A is implemented [2] as seen in (2.14) below. Here 𝜂𝑎 is the viscosity 

of the amorphous phase, A is an empirical geometrical effect parameter which is defined as 0.68 or 0.44 for 
smooth spherical and rough compact crystallites respectively [2], β and β1 are both empirical parameters. 

 
𝜂

𝜂a
= 1 +

(
∝
𝐴)

𝛽1

(1 −
∝
𝐴

)
𝛽

 

 

(2.14) 
 

Finally, Moldflow uses additional material properties in the crystallization modeling to constitute equation 
(2.11). However, these material properties are intertwined in other complex mathematical models. Due to 
the complexity of these mathematical models and the inclusion of a substantial amount of physics that is 
out of scope for this project, these models are not described here. However, if detailed insight into these 
mathematical models is desired, Appendix C can be consulted in which excerpts of the Moldflow patent 
are listed. The additional material parameters and corresponding material properties which they define, are 
described [53] in the following table. 

Table 2.1: Additional material properties used by Moldflow in the crystallization modeling. 

Symbol Property 

bFENE Non-linear parameter that describes a polymer 
molecule as a finitely extensible spring [16]. 

𝑇rlx The time needed at a reference temperature for a 
material to relax after elongation. 

𝑋inf 
The ultimate amount of crystallinity the material 

can achieve 

𝑞indx Defines the enhanced nucleation induced by shear 
flow 

𝑔L Defines the shape of the formed crystals arising 
from shear flow 

𝐺L2 Defines the effect of flow-induced shrinkage 
anisotropy 

Cpcef Defines the effect of crystallinity on specific heat 
properties 

𝑐N Defines the effect of the presence of fibers on 
crystallization 
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2.2.3 Thermal properties 
Thermal properties of the material are included by incorporating experimental specific heat (𝐶𝑝) data. In 
this work, the specific heat at ten temperature points is used. This data is then utilized to estimate the 
materials behavior during heating and cooling in the simulation process. Additionally, the data is used to 
determine the Transition Temperature (𝑇t) of the material; a non-physical parameter used to model the 
viscosity alteration in the phase transition between the solid and liquid phase. The transition temperature 
corresponds to the glass-transition temperature 𝑇g for amorphous materials and to the crystallization 
temperature 𝑇c for semi-crystalline polymers. It is defined as the temperature below which the velocity of 
the melt is set to zero, flow thus completely ceases and the material is described as immobile [4]. To 
determine the Transition Temperature for semi-crystalline polymers [4], one should extrapolate two lines 
fitted to the 𝑇c peak and specific heat trace. The temperature at the intersection is defined as the Transition 
Temperature, as shown in Figure 2.5 

 

Figure 2.5: Example of the determination of the Transition Temperature from experimental specific heat data. 

The importance of the Transition Temperature lies in its effect on the prediction of the position where 
solidified layers of materials form: frozen layers. As soon as the temperature drops below the Transition 
Temperature and the velocity is set to zero, a frozen layer is formed at that position. This layer has a 
pronounced effect on the distribution and decay of pressure and in turn, on the residual stresses, which are 
of great importance when calculating warpage [4]. This will be discussed in further detail in section 2.4 
Shrinkage and warpage calculation.  
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2.2.4 Two-Domain Tait PVT model 
Cooling of semi-crystalline thermoplastic materials induces a volumetric change. More specifically, the 
specific volume of the material decreases as the temperature is lowered. This is caused by the thermal 
effects of the polymer chains; at decreasing temperature, the polymer molecules move slower and are 
spaced less far apart thus decreasing the specific volume [66]. At the phase transition from liquid to solid, 
the specific volume decreases rapidly. This is caused by the polymer chains organizing into the crystal 
conformation which is a highly ordered state where the polymer chains occupy a given volume unit much 
more efficiently [15]. Pressure also affects the specific volume. Namely, an increase in pressure leads to a 
decrease in specific volume as the polymer molecules are pushed closer together by the exerted pressure 
[29]. Figure 2.6 below [15] shows experimentally measured data of the specific volumetric change of an 
isotactic polypropylene (iPP) at different pressures as a function of temperature. 

 

Figure 2.6: Experimentally measured data of the specific volumetric change of an iPP at different pressures [15]. 

As a specific volume decrease corresponds to shrinkage of the material, precise modeling of this behavior 
is a prerequisite to accurate warpage prediction. This principle will be discussed and utilized in 2.4.1 
Specific volumetric change. A way to model the specific volume 𝑣(𝑇, 𝑝) at different temperatures and 
pressures is by applying the Two-Domain Tait Pressure Volume Temperature (PVT) model [41] which 
relates it to the specific volume at zero pressure 𝑣0(𝑇), the specific volume at phase transition 𝑣t(𝑇, 𝑝), the 
pressure sensitivity of the material 𝐵(𝑇), a constant 𝐶 with value 0.0894, and pressure p: 

 
𝑣(𝑇, 𝑝) = 𝑣0(𝑇) [1 − 𝐶ln (1 +

𝑝

𝐵(𝑇)
)] + 𝑣t(𝑇, 𝑝) 

 
 

(2.15) 
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where in the upper temperature region 
(𝑇 > 𝑇t): 

 

 and in the lower temperature region 
(𝑇 < 𝑇t): 

 

 

𝑣0 = 𝑏1m + 𝑏2m(𝑇 − 𝑏5) 
 (2.16) 𝑣0 = 𝑏1s + 𝑏2s(𝑇 − 𝑏5) 

 (2.17) 

𝐵(𝑇) = 𝑏3m𝑒[−𝑏4m(𝑇−𝑏5)] 
 

(2.18) 𝐵(𝑇) = 𝑏3s𝑒[−𝑏4s(𝑇−𝑏5)] 
 

(2.19) 

𝑣t(𝑇, 𝑝) = 0 (2.20) 
 𝑣t(𝑇, 𝑝) = 𝑏7𝑒[(𝑏8(𝑇−𝑏5))−(𝑏9𝑝)]. (2.21) 

 

In both regions, the pressure dependence of 𝑇t is defined as: 

 𝑇t(𝑝) = 𝑏5 + 𝑏6𝑝. 
 

(2.22) 
 

The coefficients of this model have the following meaning [30]: 

Table 2.2: Coefficients and definition two-domain Tait PVT model as implemented in the Autodesk Moldflow Software. 

Coefficient Definition 

𝑏1m Melt state 𝑣-T line intercept at zero pressure 

𝑏1s Solid state 𝑣-T line intercept at zero pressure 

𝑏2m Melt state volumetric thermal expansion coefficient (the slope of the melt 
state 𝑣-T line) at zero pressure [52]. 

𝑏2s Solid state volumetric thermal expansion coefficient (the slope of the 
solid state 𝑣-T line) at zero pressure [52]. 

𝑏3m Pressure sensitivity of intercept above 𝑇t 

𝑏3s Pressure sensitivity of intercept below 𝑇t 

𝑏4m Pressure sensitivity of slope above 𝑇t 

𝑏4s Pressure sensitivity of slope below 𝑇t 

𝑏5 𝑇t at zero pressure [41] 

𝑏6 Pressure dependence of 𝑇t 

𝑏7 Curvature radius below 𝑇t 

𝑏8 Curvature radius below 𝑇t 

𝑏9 Pressure dependence of the curvature radius below 𝑇t 

and are determined by fitting to experimental data like the data in Figure 2.6. An example of how the 
modeled specific volume curves of the two-domain Tait PVT model look, is shown in Figure 2.7 below 
[15]. 
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Figure 2.7: Example of how the modeled specific volume of the two-domain Tait PVT model at different pressures looks for iPP 
[15]. 

The specific volume data in Figure 2.6 and the modeled specific volume curves in Figure 2.7 are accurate 
at low heating/cooling rates (i.e 0.17 K s-1). However, it is known that the data displayed in Figure 2.6 is 
not valid for the high cooling rates found in injection molding (e.g. at least 80 K s-1 in thin wall injection 
molding [51]) because the specific volume is cooling rate dependent [15].  Though, measuring the specific 
volume at these cooling rates and pressures is not yet possible. Therefore, for these high cooling rates, so 
called fast cool PVT curves have been calculated [15] that show how the specific volume as function of 
temperature at high cooling rates should look. The corresponding calculated fast cool PVT curves of the 
curves in Figure 2.7 at a cooling rate of 80 K s-1, are observed in Figure 2.8 below [15]. 
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Figure 2.8: Calculated fast cool PVT curves at different pressures at a cooling rate of 80 K s-1 [15]. 

These curves provide a more accurate representation of the specific volumetric change of the material at 
high cooling rates. Injection molding involves the use of high pressures and rapid cooling rates emphasizing 
the importance of the correct measuring and modeling of the specific volume. 
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2.3 Theoretical fiber orientation models 
The modeling of the fiber orientation is performed by incorporating previously determined thermo-
rheological data in to fiber orientation models. Modeling the fiber behavior of composite materials during 
processing is exceptionally complicated. This is because the fibers in the composite are incorporated into a 
matrix where they may be considered as particles suspended in a viscous medium [39]. In this state, the 
particles experience mutual hydrodynamic and mechanical interactions. To further complicate this matter, 
the fiber orientation is affected by process conditions like filling speed, the fiber aspect ratio–which in turn 
is affected by processing–and concentration, which results in complex layered fiber structures. An example 
from an injection disk is shown in Figure 2.9. 

 

Figure 2.9: Example of a layered fiber structure from an injection molded disk [5] 

The layered fiber structure seen above consists of four distinct layers with different fiber orientations [5]: 

Layers A: These layers are defined as the outer skin layers and are located closest to the mold wall in which 
the fiber orientation is isotropic. 

Layers B: These layers are referred to as the inner skin layers and are adjacent to the outer skin layer. The 
fibers are oriented along the flow direction due to high shear rate exerted on the layer. 

Layers C: These layers are the shell layers, in which the orientation is isotropic. These layers are interjacent 
layers between the oriented layers. 

Layer D: This is the core layer and the shell layers surround it. The fibers in the core layer are oriented 
perpendicular to the flow direction. 

Nonetheless, to enable prediction of this behavior and thus the fiber orientation, fiber orientation models 
are employed. There is a wide variety of fiber orientation models but for this work the models will be 
limited to Autodesk Moldflow 2D models. 
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2.3.1 Jeffery Model 
The initial model, derived by Jeffery, forms the basis for all fiber orientation models and accounts for the 
hydrodynamic interactions between a single fiber and the fluid. The Jeffery hydrodynamic model accounts 
for two fundamental fiber orientation components [6]: 

 In shearing flow, fibers align along the shearing direction  
 In stretching flow, fibers align along the stretching direction 

The model assumes that the particle is a single rigid ellipsoidal particle moving in a Newtonian fluid where 
the unit vector p along the axis direction of the particle can serve as fiber orientation [7] as illustrated in 
Figure 2.10 

 

Figure 2.10: Jeffery’s single rigid ellipsoidal particle with unit vector p along the axis direction [7] 

Subsequently, to account for a large population of fibers while still assuming that the fibers do not interact 
with one another, the second-order fiber orientation tensor 𝑎𝑖𝑗 is defined as [8]: 

 
𝑎𝑖𝑗 = ∮ 𝜓(𝒑)𝒑𝒑𝑑𝒑 

 

(2.23) 
 

Additionally, it is assumed that there is a linear velocity field far away from the particle, that the buoyancy 
and inertia are negligible and that no external force or torque is exerted on the particle [6]. This implies that 
the particle moves with the fluid via shearing or stretching flow and rotates via rigid body rotations 
according to Jeffery’s equation [6]. Following this logic, the change in the fiber orientation tensor results 
from interactions with the vorticity tensor 1

2
𝜔ij, which represents the rigid body rotations and the rate of 

deformation tensor 1
2

�̇�ij, which represents the shearing and stretching flows [9]. This results in the following 
equation: 

 𝐷𝑎ij

𝐷t
= −

1

2
(𝜔ik𝑎kj − 𝑎ik𝜔kj) +

1

2
𝜆(�̇�ik𝑎kj + 𝑎ik�̇�kj − 2𝑎ijkl�̇�kl

) 

 

(2.24) 
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Where −
1

2
(𝜔ik𝑎kj − 𝑎ik𝜔kj) is the rigid body rotation contribution to the fiber orientation, and 

1

2
𝜆(�̇�ik𝑎kj + 𝑎ik�̇�kj − 2𝑎ijkl�̇�kl

) the shearing and stretching flows contribution [40]. 

2.3.2 Folgar-Tucker and Moldflow model 
Although the Jeffery model leads to reasonable predictions, it contains some over-simplifications; in reality 
fibers never align as well as predicted by Jeffery’s model [9]. Reason is that Jeffery’s model assumes single 
particles without mutual interactions. To account for the interaction between fibers, an additional, isotropic 
rotary diffusion, interaction term 2𝐶i�̇�(𝛿ij − 3𝑎ij) was added to the Jeffery model resulting in the Folgar-
Tucker model [6] seen in (2.25) below. Where 𝐶i is defined as the fiber interaction coefficient which 
characterizes the fiber-fiber interactions [6] and 𝛿ij is the identity matrix. 

 𝐷𝑎ij

𝐷t
= −

1

2
(𝜔ik𝑎kj − 𝑎ik𝜔kj) +

1

2
𝜆(�̇�ik𝑎kj + 𝑎ik�̇�kj − 2𝑎ijkl�̇�kl

) + 2𝐶i�̇�(𝛿ij − 3𝑎ij) 

 

(2.25) 
 

This results in the model allowing to describe the fiber orientation deviation from Jeffery’s orientation due 
to fiber-fiber interactions, and the many small random changes which add up to the diffusive motion [6]. 
The model reduces to the original Jeffery’s model when fiber interaction coefficient is chosen to be 0 (𝐶i =

0). 

The fiber orientation model within Autodesk Moldflow called “Moldflow model” is based on the above 
described Folgar-Tucker model and is shown in equation (2.26) below [40]. The Moldflow model adds a 
thickness moment of interaction coefficient 0 ≤ 𝐷z ≤ 1 to the interaction term, which characterizes the 
randomizing effects (rotations of fibers) in the thickness direction due to fiber interactions [46]. This 
enables the model to be utilized as 2D model with 0 ≤ 𝐷z < 1  or reduce to the 3D Folgar-Tucker model 
with 𝐷z = 1. 

 𝐷𝑎ij

𝐷t
= −

1

2
(𝜔ik𝑎kj − 𝑎ik𝜔kj) +

1

2
𝜆(�̇�ik𝑎kj + 𝑎ik�̇�kj − 2𝑎ijkl�̇�kl

)

+ 2𝐶i�̇�[𝛿ij − (2 + 𝐷z)𝑎ij] 
 

 
(2.26) 

 

 

2.3.3 RSC model 
Experimental validation of the Folgar-Tucker model showed that the actual rate of fiber alignment is much 
slower than predicted [8]. Therefore, a new model was developed adding a scaling factor к, which reduces 
the development speed of the fiber orientation tensor. This model is called the Reduced Strain Closure 
(RSC) model in which 𝐿ijkl, 𝑀ijmn, and 𝑎mnkl are fourth-order orientation tensors. 

 𝐷𝑎ij

𝐷t
= −

1

2
(𝜔ik𝑎kj − 𝑎ik𝜔kj)

+
1

2
𝜆(�̇�ik𝑎kj + 𝑎ik�̇�kj − 2[𝑎ijkl�̇�kl

+ (1 − 𝜅)(𝐿ijkl − 𝑀ijmn𝑎mnkl)]�̇�kl)

+ 2𝜅𝐶i�̇�(𝛿ij − 3𝑎ij) 
 

(2.27) 
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Where к typically ranges between 0 and 1, resulting in a reduction of the development speed of the fiber 
orientation tensor, unless к = 1. This reduces the RSC model to the original Folgar-Tucker model. 

2.3.4 ARD-RSC model 
Validation of the RSC model with experiments on (short) fiber filled materials showed a big improvement 
and quite accurate fiber orientation predictions. However, the accuracy was limited to short fibers. When a 
long fiber material was selected, the fiber orientation prediction was off. This discrepancy is expected to be 
caused by additional entanglement interactions and an increased moment of inertia due to the increased 
fiber length. To account for these additional effects, Phelps and Tucker [8] replaced the previously 
mentioned isotropic rotary diffusion term in the Folgar-Tucker model with an Anisotropic Rotary Diffusion 
(ARD) tensor term, resulting in the ARD model: 

 𝐷𝑎ij

𝐷t
= −

1

2
(𝜔ik𝑎kj − 𝑎ik𝜔kj) +

1

2
𝜆(�̇�ik𝑎kj + 𝑎ik�̇�kj − 2𝑎ijkl�̇�kl

)

+ �̇�[2𝑐ij − 2𝑐kk𝑎𝑖𝑗 − 5(𝑐ik𝑎kj + 𝑎ik𝑐kj) + 10𝑐kl𝑎ijkl] 
 

(2.28) 
 

Where the anisotropic rotary diffusion tensor 𝑐ij is assumed to be a quadratic function of 𝑎ij and �̇�ij: 

 
𝑐ij = 𝑏1𝛿ij + 𝑏2𝑎ij + 𝑏3𝑎ik𝑎kj + 𝑏4

�̇�ij

�̇�
+ 𝑏5

�̇�ik�̇�kj

�̇�2
 

 

(2.29) 
 

In which 𝑏1 to 𝑏5 are user defined fit parameters and are determined by fitting to experimental stead-state 
fiber orientation [34]. If parameters 𝑏2 to 𝑏5 are set to 0, the model is reduced to the Folgar-Tucker model 
[8].  

Lastly, the ARD model is coupled to the RSC model to retrieve the ARD-RSC model, which overcomes 
the limitations of the RSC model with respect to the fiber length [9]. 

 𝐷𝑎ij

𝐷t
= −

1

2
(𝜔ik𝑎kj − 𝑎ik𝜔kj)

+
1

2
𝜆 [�̇�ik𝑎kj + 𝑎ik�̇�kj − 2�̇�kl (𝑎ijkl + (1 − 𝜅)(𝐿ijkl − 𝑀ijmn𝑎mnkl))]

+ �̇� [2(𝑐ij − (1 − 𝜅)𝑐kl𝑀ijkl) − 2k𝑐kk𝑎ij
− 5(𝑐ik𝑎kj + 𝑎ik𝑐kj)

+ 10𝑐kl
(𝑎ijkl + (1 − 𝜅)(𝐿ijkl − 𝑀ijmn𝑎mnkl))] 

 

(2.30) 
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2.4 Shrinkage and warpage calculation 
For the final stage of the calculations, the fiber orientation and the shrinkage are taken to calculate the in 
mold residual stresses by means of micromechanical modeling. The shrinkage per element is derived from 
the Pressure Volume Temperature (PVT) model. The stress distribution of these stresses results in the final 
part warpage. Lastly, further warpage prediction accuracy can be achieved with the use of Corrected 
Residual In-Mold Stress (CRIMS). 

2.4.1 Specific volumetric change 
As briefly discussed in 2.2.4 Two-Domain Tait PVT model; a decrease in specific volume due to a cooling 
material corresponds to macroscopically observed shrinkage. To accurately quantify shrinkage, the Two-
Domain Tait PVT model is applied to two predefined states [42].   

The first, initial state, is defined as the state where addition of mass to the cavity has ceased. Once mass 
addition to the cavity has ceased, the material starts to cool and shrink. This results in a volumetric change 
of the individual elements comprising the simulation. Once the volumetric alterations of the elements stop, 
shrinkage has ended. Thus, the last, final state, is defined as the state where the specific volume of all 
individual elements in the simulation have stopped changing. The shrinkage of the material is then 
determined by computing the specific volumetric change between the final and initial state [42]. 

2.4.2 Micromechanics 
Shrinkage is partially inhibited and internal stresses build up inside the material due to the confined and 
pressurized nature of the material in the mold of the injection molding machine while the material cools. 
These stresses are defined as residual in-mold stresses. When ejected from the mold, the material is no 
longer in confinement and the release of these stresses consequently results in out of plane movement of 
the material, which corresponds to warpage of the material. The correct modeling of these stresses is thus 
of great importance in determining the predicted warpage behavior. The exact implementation of the 
warpage prediction is not well documented in literature due to its proprietary nature. Instead, a general 
description is provided based on Autodesk’s own reference [72]. Micromechanics are used to determine 
the residual stresses per computed element in the simulation. This is done by defining the shrinkage of the 
material obtained from the previous section as the engineering strain 휀, which is a function of the thermal 
expansion coefficient ∝, fiber aspect ratio 𝐿

𝐷
 and the temperature difference ∆𝑇: 

휀 =  𝑓 (∝ (
𝐿

𝐷
) , ∆𝑇)  

(2.31) 

 

And multiplying the above described strain by the Young’s modulus 𝐸–which contains the modeled fiber 
orientation–resulting in the predicted residual stress 𝜎p: 

 𝜎p = 𝐸휀 (2.32) 
 

The predicted residual stress experienced per simulated element significantly varies. After release of the 
material from the mold, this difference in stress per element leads to differential displacement of the 
material. On a macroscopic scale, the difference in element displacements corresponds to warpage.  



 

  
Optimizing warpage predictions of long-glass fiber reinforced thermoplastics   19  

Classification: Internal Use 

2.4.3 CRIMS 
Shrinkage prediction is depending on several assumptions resulting in discrepancies between the shrinkage 
prediction and actual part shrinkage. As the shrinkage is directly related to the stresses and therefore the 
resulting warpage, it is paramount to accurately predict the shrinkage. In an attempt to correct for this, 
Autodesk Moldflow has introduced the Corrected Residual In Mold Stress (CRIMS) parameters [10]. The 
parameters are destined to fit predicted residual stresses to experimental residual stress data. For fiber-
reinforced materials, the corrected stresses in the first principal direction and difference between the first 
and second principle direction are defined as follows [10]: 

 𝜎c
1 = 𝑏1𝜎p

1 + 𝑏2𝜏 + 𝑏3 

 
(2.33) 

 𝜎c
2−1 = 𝑏4𝜎p

2−1 + 𝑏5𝜏 + 𝑏6 
 

(2.34) 

Where 𝑏𝑖 are the CRIMS parameters to be fitted, and 𝜏 is the frozen-in anisotropic stress determined by 
performing two separate simulations; one with uncorrected residual stresses (𝜎c

𝑥 = 𝜎p
𝑥) and one with 

“dummy” CRIMS (b1=1, b2=1, b3=0, b4=1, b5=0, b6=0) and subtracting the first from the latter in the first 
principle direction. The 𝑏𝑖 parameters are then determined by fitting the parameters to a set of different 
process settings in order to achieve the least possible error between the corrected stress and the actual stress 
measured for all process settings. 

2.5 Numerical implementation 
Ideally, the physics of an injection molding process should be described by a chain of mathematical models 
as described above. However, the ability of each model to accurately capture the corresponding physics 
involved, differs. For example, the effect of fiber orientation is used in the residual stress calculation, but 
not in the modeling of the viscosity. By consequence, sometimes a single physical quantity is numerically 
modeled by multiple variables in the models used to achieve more accurate predictions. An example of this 
is the aspect ratio, which is modeled by three distinct variables: Aspect ratio, Aspect ratio_s, and Aspect 
ratio_f. 

2.6 Implications for this research 
Based on above literature, the determination of fiber orientation, shrinkage and warpage is regarded far 
from trivial. It is a complex process which involves numerous models and requires a thorough 
understanding of underlying parameters, highlighting the importance of this research. 

Furthermore, it was explained that fiber orientation is influenced by the thermo-rheological behavior and 
subsequently modeled using the fiber orientation models. Because this research focusses on enhanced 
warpage prediction via improved fiber orientation supposition, these aspects are of great importance.  

Improving the prediction of fiber orientation and in turn, warpage, opens up possibilities for further 
optimization in automotive part production processes. Additionally, the reviewed literature provides a 
holistic overview of the injection molding simulation process and underlying theories enabling rapid 
identification of included models and parameters. 
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Chapter 3  

MATERIALS AND METHODOLOGY 

This chapter gives a detailed overview of the materials, software, and the optimization methodology used 
in this work. 

3.1 Material and software 
The material used in this work is SABIC’s STAMAX™ 30YM240 resin, which is a 30wt% long-glass fiber 
reinforced polypropylene homopolymer. The glass fibers in this material are coated by a Silan coating to 
prevent early fiber breakage by micro cracks and chemically coupled to the polypropylene matrix to ensure 
an optimal adhesion. A schematic illustration of the material in pellet form, before processing, can be seen 
in the figure below. After processing the fiber length reduces to roughly 4 – 6 mm [59]. 

 

Figure 3.1: STAMAX™ 30YM240 Long-glass fiber reinforced polypropylene pellet 

The material has the following properties [43]: 

Table 3.1: STAMAX™ 30YM240 material properties [43]. 

Property 
 

Value Unit 

Density 1120 kg/m3 

Glass fiber content 30 wt% 

Melting range 155-170 ºC 

Tensile modulus injection molded bar at 23 ºC via ISO 527/1A 6600 MPa 

Flexural modulus injection molded bar at 23 ºC via ISO 178 6400 MPa 

The simulation software used in this work is Autodesk Moldflow Insight 2017. Furthermore, LS-OPT and 
EasiRun (proprietary SABIC software) were used to perform the parameter study. 
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3.2 Optimization methodology 
The optimization process to determine the optimal settings for improved warpage prediction by means of 
fiber orientation supposition as developed in this thesis is described below. The process consists of a 
parameter preselection followed by an initial optimization and sensitivity study, physical relation, final 
optimization and finally, validation of the findings on a part. 

Due to the unfeasibility of using a measurement procedure which determines the fiber orientation of all 
individual fibers, the fiber orientation prediction accuracy was modeled by comparing predicted Young 
moduli to measured Young moduli. This concept finds its justification in the enormous contribution of the 
fiber orientation to the Young’s modulus. The principle works as follows; the same plaque is injection 
molded in both the simulation and experimentally. An illustration of the plaque can be seen in the following 
figure: 

  

Figure 3.2: Injection molded plaque with three directional tensile bars; red = E0, yellow = E90, and blue = E45 and the injection 
point; green dot. 

From both these plaques, three tensile bars are extracted, each in a different direction: the zero direction, 
which represents the flow direction, the ninety direction, which is perpendicular to the flow direction, and 
the 45 direction, which fits in between. Each tensile bar consequently has a distinct Young’s modulus: E0, 
E90 and E45 respectively. The Young moduli in each individual direction obtained from the simulated 
injection molded plaque (Ex,predicted) are subsequently divided by the corresponding Young moduli of the 
experimental injection molded plaque (Ex,measured). Where x represents the direction of the tensile bar (0, 45 
and 90). The 𝑅𝑎𝑡𝑖𝑜 𝐸x is then defined as: 

 

 
 
 

 

(3.1) 

Inserting each tensile bar direction results in three different Ratios: 𝑅𝑎𝑡𝑖𝑜 𝐸0, 𝑅𝑎𝑡𝑖𝑜 𝐸45 and 𝑅𝑎𝑡𝑖𝑜 𝐸90. 
The above described ratios are thus the percentage error on the simulation compared to the measurement 
and thus define the prediction accuracy of the fiber orientation in each direction. More specifically, they 
describe how well the simulation predicts the fiber orientation with respect to the measured fiber orientation 

𝑅𝑎𝑡𝑖𝑜 𝐸x =  (|[
𝐸x,predicted

𝐸x,measured
⁄ ] − 1|) ∗ 100 

Prediction error 
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in the specified direction. The closer the ratio is to zero, the higher the prediction accuracy. Where the 
prediction error is the fractional error on the simulation compared to the measurement.  

Additionally, a 𝑅𝑎𝑡𝑖𝑜 𝐸x/y is defined as the ratio of two predicted Young moduli divided in two different 
directions over the corresponding measured Young moduli divided in two different directions; the x and y-
direction and is described as follows: 

 

 
 
 

 

(3.2) 

Where x/y are chosen as: 90/0, 45/0 and 45/90 resulting in the corresponding Ratios: 
𝑅𝑎𝑡𝑖𝑜 𝐸90/0, 𝑅𝑎𝑡𝑖𝑜 𝐸45/0 and 𝑅𝑎𝑡𝑖𝑜 𝐸45/90. These ratios describe the prediction accuracy of the fiber 
orientation distribution in two directions.  

Thus, every simulation composes six Ratios which represent the fiber orientation prediction accuracy. If 
the above described Ratios equal zero, the predicted Young moduli equal the measured Young moduli and 
consequently, the predicted fiber orientation equals the measured fiber orientation resulting in a flawless 
prediction.  

Lastly, because every simulation composes six Ratios, it is useful to define an average error per simulation 
which includes a factor 1

6
 to account for this: 

 

 
(3.3) 

Where it is described as the average percentage error on the simulation, composed of the sum of the absolute 
prediction errors found in the Ratios. The average error enables effortless comparison of the fiber 
orientation prediction accuracy of different simulations. As indicated by the definition, a lower average 
error corresponds to an increased fiber orientation prediction accuracy. The average error was used in this 
work as a measure to determine which settings result in the best fiber orientation prediction. 

3.2.1 Parameter preselection 
As there is an extensive amount of parameters in the software, the first step in the optimization process was 
to preselect relevant parameters. This enabled filtering out irrelevant parameters that do not influence the 
fiber orientation, allowing an early stage focus convergence. The preselection criterion here was parameters 
that are expected to be of influence on the fiber orientation thus proving their relevance in this work. These 
selected parameters then formed the basis of the following steps in the optimization process. This resulted 
in 61 selected parameters which are listed in the following tables with the models in which they are present:  

𝑅𝑎𝑡𝑖𝑜 𝐸x/y =  ([

𝐸x,predicted

𝐸y,predicted
𝐸x,measured

𝐸y,measured

⁄ ] − 1) ∗ 100 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑒𝑟𝑟𝑜𝑟 = (
1

6
∑|𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟|) ∗ 100 

Prediction error 
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 Table 3.2: Fiber orientation models parameters 

 

 

  

 
Fiber orientation models 

Model Moldflow model, specified Ci and Dz 

Parameters 

FO1 
FO2 
FO3 
FO4 
FO5 



 

  
Optimizing warpage predictions of long-glass fiber reinforced thermoplastics   24  

Classification: Internal Use 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Table 3.3: Crystallization morphology parameters 

 Crystallization morphology 

Model Moldflow crystallization model 

Parameters 

CM1 
CM2 
CM3 

CM4 

CM5 

CM6 

CM7 
CM8 
CM9 

CM10 
CM11 
CM12 
CM13 
CM14 
CM15 
CM16 
CM17 
CM18 
CM19 

Table 3.5: PVT properties parameters 
 

 PVT properties 

Model Two-domain Tait model 

Parameters 

PVT1 

PVT2 

PVT3 

PVT4 

PVT5 

PVT6 

PVT7 

PVT8 

PVT9 

PVT10 

PVT11 

PVT12 

PVT13 

Table 3.6: Thermal properties parameters 

 Thermal properties 

Model - 

Parameters 

𝐶𝑝1 
𝐶𝑝2 
𝐶𝑝3 

𝐶𝑝4 

𝐶𝑝5 

𝐶𝑝6 

𝐶𝑝7 
𝐶𝑝8 
𝐶𝑝9 
𝐶𝑝10 

Table 3.4: Rheological properties parameters 

 Rheological properties 

Model Cross-WLF model - 

Parameters 

RP1 RP8 

RP2  

RP3  

RP4  

RP5  

RP6  

RP7  
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3.2.2 Parameter study 
The next step in the optimization process is the parameter study. The parameter study is comprised of two 
parts executed consecutively; the initial optimization and the sensitivity study. The initial optimization is a 
numerical optimization which is done to determine the settings for the preselected parameters that minimize 
the average error as much as initially possible. These settings are referred to as initial optimal settings. 
Additionally in this part, it is determined how accurate the correlation is between the preselected parameters 
and the Ratios. The sensitivity study is then used to determine which of the preselected parameters in the 
initial optimal settings were sensitive. To set a base for the simulations, reference settings were defined for 
the preselected parameters and the corresponding reference average error at these settings was determined. 
These setting were characterized by Autodesk Moldflow labs and SABIC and can be found in Appendix A. 
The reference average error then served as a benchmark for determining the average error reduction 
achieved by the initial optimal settings.  

As the number of preselected parameters in this study is very large, conducting the parameter study on all 
preselected parameters at once is not feasible using the computer hardware used [71]. Instead, a piecewise 
group by group approach outlined in Figure 3.3 below has been used. The parameters were grouped 
according to the tables in 3.2.1 Parameter preselection. Subsequently, the initial optimization and sensitivity 
study were conducted group by group in the following sequence: Fiber orientation models, Crystallization 
morphology, Rheological properties, PVT properties and lastly, Thermal properties.  

The initial optimal settings found per group were implemented before the following group was tested. This 
way, a decrease in average error was ensured, the average error reduction per group could be determined 
and the number of simulations needed to conduct the parameter study was greatly reduced. The schematic 
overview of the parameter study piecewise group by group approach, where A to J serve as examples of 
the determined sensitive parameters, is observed in the aforementioned Figure 3.3 below. 

 
Figure 3.3: Parameter study with piecewise approach to reduce computational effort. A to J are examples of the determined 

sensitive parameters.  
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3.2.2.1 Initial optimization 
The initial optimization was conducted with the use of a Design of Experiments (DoE). A DoE is a 
fundamental approach to determine the relation between the preselected parameters and the Ratios [44]. In 
this work, a first order polynomial DoE metamodel was used. This metamodel composes linear surfaces of 
the Ratios as a function of the preselected parameters. With the use of the setup of the DoE and the 
determined relation, the settings for the preselected parameters that result in the most optimal Ratios and 
thus lowest average error were determined.  

First, to setup the DoE, a range for the preselected parameters was determined in which the parameters were 
variable. If–in the determination of the range–parameters remained unchanged, these values were chosen 
as the set point for those parameters. The determination and resulting ranges and set points of the preselected 
parameters are found in Appendix B. Next, the remaining preselected parameters were set to be variable 
within their determined range. Subsequently, a specified amount of data points in this range were selected 
from which the Ratios at each data point were determined. In this work, 10 data points per used parameter 
were selected. The data points were selected with the means of a space filling point selection, which 
determines where the data points have to be taken in the range to find optimal values for the Ratios. 
Thereafter for every Ratio as predefined in 3.2 Optimization methodology, the metamodel fit a linear 
surface to the corresponding Ratios, determined from each data point. From these surfaces, the optimal 
value (value closest to zero) of every Ratio and the corresponding settings for the remaining preselected 
parameters to achieve this value could be determined. As certain parameter values may lead to an optimum 
in one Ratio but in a far from optimal value in another Ratio, it was necessary to determine the settings that 
lead to a value closest to the optimal value for every Ratio. These settings are defined as the initial optimal 
settings. 

The initial optimal settings for the preselected parameters were determined by finding the lowest computed 
average error and then determining what settings were used to compose this average error. These settings 
correspond to the values being closest to the optimal value of each of the six Ratios. 

For the above mentioned parameters that remained unchanged, the accuracy of the correlation between the 
preselected parameters and Ratios, which is defined as the strength of the above determined relation, could 
not be determined as they remained fixed.  

To determine how accurate the correlation is between the remaining preselected parameters and the Ratios, 
the coefficient of determination 0 ≤ 𝑅2 ≤ 1 was used. R2 is a statistical quantity that defines how close the 
Ratios, determined from the data points, are to the fitted surfaces [45]. Where R2 = 1 means a 100% accurate 
correlation and R2 = 0 means no correlation at all. This thus means how accurately the preselected 
parameters can predict the Ratios. 

 

3.2.2.2 Sensitivity study 
The sensitivity study was done by first examining whether the initial optimal settings contained parameters 
that remained unchanged (i.e. fixed) in the determination of the initial optimization range as described 
above. If this was the case, these parameters were classified as non-sensitive. Next, the sensitivity of the 
remaining preselected parameters in the initial optimal settings was tested by conducting a variance-based 
sensitivity analysis: the Sobol method [11]. In short, this method determines a parameter’s ability to 
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influence the Ratios. From the results of this method, the sensitive parameters were determined.  
Determination of the sensitive parameters with the use of the Sobol method is explained with the following 
scheme: 

 

Figure 3.4 Sensitivity study for determining the sensitive parameters using the Sobol method 

The Sobol limit is defined as the minimum percentage of influence one wishes to have on the Ratios. In 
this work, the Sobol limit is defined as 95%. Once the Sobol limit is defined, the method determines the 
influence, in percentage, each individual parameter has on the Ratios. The individual parameter influences 
are summed up, descending by size, until the Sobol limit is reached. Lastly, sensitive parameters are then 
defined as the parameters which significantly contribute to the Sobol limit of three or more Ratios, or 
parameters that have an influence larger than 25% on at least one Ratio. In doing so, non-sensitive 
parameters are filtered out and only the sensitive parameters remain.  
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3.2.3 Physical relation 
The result of the initial numerical optimization can lead to physical infeasible behavior. To assess physical 
feasibility of the initial optimal settings, the modeled behavior of each group was examined and compared 
to experimentally measured, physical data. If no severe discrepancies or abnormalities were visible, the 
behavior was classified as physical and these initial optimal settings were maintained. If severe 
discrepancies or abnormalities were found, the behavior was classified as non-physical. Consequently, these 
initial optimal settings and average error reduction caused by the settings in this group, were not maintained 
but were changed back to the–physical–reference settings where the reference settings were then taken as 
the initial optimal settings. This way, it was ensured that the behavior of initial optimal settings resembles 
physics. 

It was also investigated how the sensitive parameters found could be better determined, based on their 
individual relation with physics, than the way they were determined currently in the reference settings to 
obtain a more accurate value than the value found. The way the parameters were determined in the reference 
settings can be found in Appendix A. Subsequently, the limitations of the method found, were examined. 
If there were no limitations and hence, a better method and data are currently available, the parameter would 
be determined using this method in the final optimization and that value would be classified as the final 
optimal setting instead of the initial optimal setting, provided that it improved the average error. If there 
were limitations, the parameter would–in the final optimization–be better determined than the initial 
optimal setting via a final numerical optimization. 
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3.2.4 Final optimization 
To further reduce the average error and thus increase the fiber orientation prediction accuracy, a final 
optimization was conducted. As mentioned in section 3.2.3, the sensitive parameters which could be better 
determined via an improved method, were determined as such and the initial optimal settings were set to 
the values found in order to achieve the final optimal settings for those parameters. The final numerical 
optimization of the parameters that could not be better determined via an improved method due to 
limitations, was done in the same way as the initial numerical optimization as described in 3.2.2.1 Initial 
optimization. Reasoning behind this final numerical optimization is to take mutual influences of sensitive 
parameters of different groups into account which – due to the piecewise group by group testing sequence 
in the parameter study – were not taken into account. The range in which the sensitive parameters in the 
final numerical optimization were optimized was chosen as follows. First, 10% of the original range was 
calculated. Subsequently, the lower and upper boundary of the range were defined as the value of the initial 
optimal setting ± 10 % of the original range respectively where, if the lower boundary became negative, it 
was set as zero. Due to this narrow range around the previously determined physically sound initial optimal 
settings, physically sound behavior was maintained in the final optimal settings. Additionally, instead of 
the 10 data points per parameter used in the initial numerical optimization, 30 data points per parameter 
were used in the final numerical optimization.  

For completeness, it was also determined which of the sensitive parameters that were involved in the final 
numerical optimization, was the most sensitive when compared to one another. The method used is the 
Sobol method as previously described. Furthermore it was determined how the most sensitive parameters 
influence the fiber orientation. 

3.3 Part validation 
Finally, the optimal settings for fiber orientation and thus warpage prediction were validated on a complex 
part: a rear left hand door module produced on a commercial car. To validate, the actual measured warpage 
(out of plane displacement) in the Y-direction was compared to the predicted warpage resulting from the 
reference settings and the predicted warpage resulting from the optimal settings in the same direction. This 
way, identification of a potentially improved prediction accuracy was achieved, where an increase in 
prediction accuracy is classified as a decrease in discrepancies between the measured and predicted 
warpage. The comparison was conducted with the use of four distinct locations in the part to ensure an 
accurate comparison.   
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Chapter 4  

RESULTS AND DISCUSSION 

4.1 Parameter study and Physical relation 
4.1.1 Fiber orientation models 
The initial optimal settings and the accuracy of the correlation between the preselected parameters and 
Ratios (R2) of the fiber orientation models group found are found in Table 4.1.  

Table 4.1: initial optimal settings and the accuracy of the correlation between the preselected parameters and Ratios of the fiber 
orientation models group 

 
Compared to the reference simulation, the found initial optimal settings of this group reduced the average 
error from 12.09% to 6.19% which corresponds to a substantial 48.80% decrease. The huge decrease in 
average error displays–as indicated by the name–the importance of the fiber orientation models group in 
predicting the fiber orientation. When looking at the accuracy of the correlation between the preselected 
parameters and Ratios, the parameters are less accurate at predicting the Ratio E45/90 (R2 = 0.26) and Ratio 
E45 (R2 = 0.30). This may imply that, certain physical aspects needed to predict these Ratios are not 
(thoroughly) taken into account in this model and that, even though a large average error decrease was 
observed with this fiber orientation model and the parameters therein, there is still room for improvement 
in prediction accuracy. 

Then for the sensitivity study; as there were no parameters in the initial optimal settings that remained fixed 
in the determination of the range, none were classified as non-sensitive based on that criterion. 
Subsequently, the results for the Sobol sensitivity analysis of the parameters in the initial optimal settings 
are displayed in Figure 4.1 below. On the X-axis the Ratios are stated and on the Y-axis the individual 
parameter influences on these Ratios are displayed. The sensitive parameters are displayed in color while 
the non-sensitive parameters are bundled together and displayed in grey. 

   Correlation accuracy preselected parameters and Ratios 
(R2) 

Model Parameters Initial optimal 
settings 

Ratio 
E90/0 

Ratio 
E45/0 

Ratio 
E45/90 

Ratio 
E0 

Ratio 
E90 

Ratio 
E45 

Moldflow 
model with 
specified Ci 

and Dz 

FO1 

CONFIDENTIAL 0.72 0.78 0.26 0.54 0.73 0.30 
FO2 
FO3 
FO4 
FO5 
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Figure 4.1: The Sobol sensitivity analysis of the parameters in the initial optimal settings of the fiber orientation models group. 

As can be clearly seen from the figure above; FO1 and FO2 have the most influence on the Ratios and are 
therefore selected as being sensitive parameters. For example; in Ratio E90/0, FO1 is able to influence this 
Ratio for 67% and FO2 for 29%. Thus combined, these two parameters alone are able to influence the Ratio 
E90/0 for 96%. For the other Ratios, a similar influence of FO1 and FO2 of at least 90 to 95% is observed. 
The average error decrease observed by the initial optimal settings is thus particularly caused by more 
accurate modeling of FO1 and FO2.  

To then determine whether the behavior of the initial optimal settings of the fiber orientation model group 
was physical, the measured and predicted, initial optimal Young moduli in all three directions were 
compared. The results are seen in figure below. 

 
Figure 4.2: Comparison of the measured and predicted, optimal Young moduli 

To classify this behavior as physical, no severe discrepancies or abnormalities (i.e a perfect prediction in 
two directions and a 50% over/under prediction in the third direction) should be visible between the 
measured and predicted, optimal Young moduli. From the figure it can be seen that this is the case, which 
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indicates that the predicted behavior is physical. Thus, the initial optimal settings found for this group are 
maintained. 

Finally it was investigated how the sensitive parameters FO1 and FO2 could be better determined than the 
way they were determined in the reference settings to obtain a more accurate value than the value found. 
To more accurately determine these parameters, one can (CONFIDENTIAL). Limitations of this however, 
is data unavailability for this thesis. For this reason, these parameters will be better determined than the 
initial optimal settings via a final numerical optimization.  



 

  
Optimizing warpage predictions of long-glass fiber reinforced thermoplastics   33  

Classification: Internal Use 

4.1.2 Crystallization Morphology 
For the Crystallization Morphology group, the initial optimal settings and the correlation accuracy R2 
between the preselected parameters and Ratios are seen in Table 4.2 below. 

Table 4.2: initial optimal settings and the accuracy of the correlation between the preselected parameters and Ratios of the 
crystallization morphology group 

   Correlation accuracy preselected parameters and 
Ratios (R2) 

Model Parameters Initial optimal 
settings 

Ratio 
E90/0 

Ratio 
E45/0 

Ratio 
E45/90 

Ratio 
E0 

Ratio 
E90 

Ratio 
E45 

Moldflow 
crystallization 

model 

CM1 

CONFIDENTIAL 0.51 0.34 0.027 0.51 0.49 0.072 

CM2 
CM3 
CM4 
CM5 
CM6 
CM7 
CM8 
CM9 

CM10 
CM11 
CM12 
CM13 
CM14 
CM15 
CM16 
CM17 
CM18 
CM19 

 
The initial optimal settings found for this group resulted in an average error decrease from 6.19% to 5.22% 
which corresponds to a 15.67% decrease. Although these settings provided a reduction of the average error, 
the reduction is substantially less than the decrease observed in the fiber orientation models group. 
However, this does not imply that crystallization hardly affects fiber orientation. When examining the 
correlation accuracies, it is seen that this crystallization model and its parameters do not correlate well with 
the Ratios. This is especially visible at Ratio E45/90 and Ratio E45. This can imply that either the 
crystallization model is not accurate at modeling the crystallization behavior and therefore the fiber 
orientation, or that crystallization simply is not so important for the prediction. Most likely, if an improved 
crystallization model, though none are available as of yet, was used, a greater reduction in average error 
was observed due to the better Ratio prediction. 

For the sensitivity study of the crystallization morphology group, no parameters in the initial optimal 
settings remained fixed in the determination of the range. Therefore, none were classified as non-sensitive 
based on that criterion. Subsequently, the results for the Sobol sensitivity analysis of the parameters in the 
initial optimal settings are displayed in Figure 4.3 below. The Ratios and parameters are displayed in the 
same way as described in 4.1.1 Fiber orientation models with the sensitive parameters displayed in color 
and the non-sensitive parameters bundled together and displayed in grey. Caution should be taken when 
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analyzing the individual parameter influences on Ratio E45/90 and Ratio E45 because, due to the extremely 
limited accuracy between the parameters and these Ratios, the parameter influences were not significant. 

 
Figure 4.3: The Sobol sensitivity analysis of the parameters in the initial optimal settings of the crystallization morphology group. 

Displayed in the figure above, the sensitive parameters of the crystallization morphology group are: CM8, 
CM1, CM2, CM6, CM10, and CM14. These parameters are thus able to influence the Ratios at least 90 to 
95% and are thus, to a large extent, responsible for the observed average error reduction. Other parameters 
like CM11 are non-sensitive. This makes sense as CM11 of the material used lies outside (i.e is dramatically 
lower) of the temperature regime in which flow, crystallization and thus fiber orientation occur and 
therefore its ability to influence the Ratios is extremely limited. 

Due to the measurement of the transient crystallization morphology being a not readily applied technique 
and the crystallization model being cross linked with other models, it was not feasible to compose and 
examine the (flow-induced) crystallization behavior resulting from the initial optimal settings. Hence, it 
was not possible to determine whether the behavior of the initial optimal settings was physical. However, 
for the sake of optimization and because the parameter ranges were based on physical values, the behavior 
is assumed to be physical thus maintaining the found settings and average error reduction. 

To then determine how these sensitive parameters can be better determined than the reference settings to 
obtain a more accurate value than the value found, the following was found. For CM1 and CM2, these 
parameters were not yet determined in the reference settings and therefore defined as zero. Thus, to more 
accurately determine these parameters, (CONFIDENTIAL). Due to the unavailability of this data for the 
material used, measurement of these parameters is not possible. Therefore, these parameters will be better 
determined than the initial optimal settings via a final numerical optimization. 

For CM10, Moldflow does not disclose additional specifics of this parameter and as a result, very little 
additional insights are gatherable. Therefore, it is not possible to find how this can be determined more 
accurately on the basis of its relation to physics. Consequently, this parameter will also be better determined 
than the initial optimal setting via a final numerical optimization. 
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CM6 was not yet determined in the reference settings and therefore defined as zero. To more accurately 
determine this parameter, (CONFIDENTIAL). There are no limitations to this method and therefore CM6 
will be determined in the final optimization from literature data. 

Lastly, CM8 and CM14 were not yet determined in the reference settings. To more accurately determine 
CM8, (CONFIDENTIAL). To determine CM14 more accurately, (CONFIDENTIAL). Because these 
measurements are extremely specific, data availability was the limiting factor. Therefore, the final 
numerical optimization will be used to better determine these parameters than the initial optimal settings. 
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4.1.3 Rheological properties 
Following the Crystallization Morphology group, the Rheological properties group was tested. The initial 
optimal settings and the accuracy of the correlation between the preselected parameters and Ratios (R2) are 
displayed in the table below. 

Table 4.3: initial optimal settings and the accuracy of the correlation between the preselected parameters and Ratios of the 
rheological properties group 

   Correlation accuracy preselected parameters and Ratios 
(R2) 

Model Parameters Initial optimal 
settings 

Ratio 
E90/0 

Ratio 
E45/0 

Ratio 
E45/90 

Ratio 
E0 

Ratio 
E90 

Ratio 
E45 

Cross-WLF 
model 

RP1 

CONFIDENTIAL 0.99 0.98 0.96 0.99 0.98 0.90 

RP2 
RP3 
RP4 
RP5 
RP6 
RP7 

- RP8 
 
The initial optimal settings of the rheological properties group displayed above decreased the average error 
further from 5.22% to 4.46%. This is another 14.56% decrease. This is less than expected as fiber orientation 
is highly influenced by flow characteristics and the cross-WLF model and RP8 play a big part in modeling 
the viscosity of the flow. An explanation for the limited decrease in average error can be found when 
analysing the accuracy of the correlation between the parameters and Ratios. A very high accuracy is 
observed for every Ratio and therefore the parameters were most likely already very accurate at modeling 
the viscosity and thus fiber orientation and consequently already close to an optimum in the reference 
settings. As a result, there is only little room for improvement and thus only a rather small average error 
decrease is achieved. Another possible explanation for the limited impact on the average error reduction 
might be that, although the correlation accuracy is high and the Ratios can be well predicted with these 
parameters, the absolute change in Ratios induced by the parameters might be only slight. 

The sensitivity study results for the rheological properties group are as follows. None were classified as 
non-sensitive based on the fixed range criterion. The results of the Sobol sensitivity analysis for the 
parameters in the initial optimal settings of this group are displayed in a similar manner as the previous 
Sobol analyses and observed in the following figure.  
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Figure 4.4: The Sobol sensitivity analysis for the parameters in the initial optimal settings of the rheological properties group 

Seen from the figure above, the sensitive parameters of the rheological properties group are RP1, RP2, RP6, 
RP3, and RP4. These parameters exhibit the largest ability to influence the Ratios and are thus most 
important in reducing the average error. What is also observed is that parameter RP1 influences every Ratio 
to a large extend (i.e at least 53%) and is therefore able to exert a substantial amount of influence on the 
viscosity and thus Ratios.  

To determine whether the behavior of the initial optimal settings of the rheological properties group was 
physical, the viscosity curves resulting from the initial optimal settings were examined. The results can be 
seen below. 

 
Figure 4.5: The viscosity curves resulting from the initial optimal settings in the rheological properties group. 

To classify this behavior as physical, similar behavior as experimental, physical data must be observed. 
When this curve is compared to experimental polypropylene data found in 2.2.1 Cross-WLF model, very 
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similar trends are observed. First, at low shear rates, the viscosity is roughly constant resembling the 
Newtonian plateau. Next, at increasing shear rates, the characteristic shear thinning is observed; an increase 
in shear rate leads to a decrease in viscosity. Last, at very high shear rates, the slope of the shear thinning 
behavior becomes constant. All the observed trends match the experimental behavior and therefore this 
behavior is classified as physical. Consequently, the initial optimal settings found for the rheological 
properties group are maintained. 

Finally, it was determined how the sensitive parameters found could be better determined than the reference 
settings to obtain a more accurate value than the value found. The relation to physics for the sensitive 
parameters RP1, RP2, RP6, RP3, and RP4 are (CONFIDENTIAL). Based on this physical relation, it is 
found that these parameters can be best determined by (CONFIDENTIAL). Limitations of these procedures 
however, are no experimental data is available as Moldflow does not release this data and no method is 
currently available to do so. Additionally, because RP4 is (CONFIDENTIAL), it can also be more 
accurately determined by (CONFIDENTIAL). For this thesis however, it will not be applied because of the 
unavailability of these measurements. For these reasons, these parameters will be further optimized via a 
final numerical optimization. 
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4.1.4 PVT properties 
After the rheological properties, the PVT properties were tested. The initial optimal settings and the 
accuracy of the correlation between the preselected parameters and Ratios (R2) of the PVT properties group 
found are found in Table 4.4 below.  

Table 4.4: initial optimal settings and the accuracy of the correlation between the preselected parameters and Ratios of the PVT 
properties group 

   Correlation accuracy preselected parameters and 
Ratios (R2) 

Model Parameters Initial optimal 
settings 

Ratio 
E90/0 

Ratio 
E45/0 

Ratio 
E45/90 

Ratio 
E0 

Ratio 
E90 

Ratio 
E45 

Two-
domain 

Tait model 

PVT2 

CONFIDENTIAL 

0.73 0.30 0.66 0.94 0.93 0.94 

PVT4 
PVT8 
PVT9 
PVT11 
PVT12 
PVT13 
PVT1 

Not applicable 

PVT3 
PVT5 
PVT6 
PVT7 
PVT10 

 
The average error reduced from 4.46% to 2.30% with the initial optimal settings for the PVT properties 
group. This is a 48.43% decrease, which is a substantial reduction. An explanation for this large reduction 
will be given under Figure 4.7, which corresponds to the physical relation. When looking at the accuracy 
of the correlation, it can be seen that parameters PVT2, PVT4, PVT8, PVT9, PVT11, PVT12, and PVT13 
seem to be relatively accurate at predicting the specific volumetric change and thus fiber orientation. Only 
Ratio E45/0 shows a limited accuracy. A possible explanation for this might be that the prediction accuracy 
of Ratio E45/0 is highly dependent on the parameters that were kept constant. The accuracy of these 
parameters; PVT1. PVT3, PVT5, PVT6, PVT7, and PVT10 in the initial optimal settings could not be 
determined as these parameters remained unchanged in the determination of the range. Additionally, these 
parameters are classified as non-sensitive based on this criterion. 

Subsequently, the results for the Sobol sensitivity analysis for the parameters PVT2, PVT4, PVT8, PVT9, 
PVT11, PVT12, and PVT13 in the initial optimal settings that did not remain fixed, are shown in Figure 
4.6 below. Again, the sensitive parameters are colored while the non-sensitive parameters are bundled 
together and displayed in grey. 
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Figure 4.6: The Sobol sensitivity analysis for the non-fixed parameters in the initial optimal settings of the PVT properties group 

Seen in the figure above, parameters PVT9 and PVT4 are the sensitive parameters of the PVT properties 
group. Especially PVT9 has a large influence on the Ratios. However, a similar property was also observed 
in the rheological properties group where it was found that it was non-sensitive. This is most likely because 
Moldflow composes this property by using PVT9 the PVT properties group rather than using the user 
specified quantity in the rheological properties group. Therefore, PVT9 is found as sensitive yet the quantity 
in the rheology properties was not. This is a prime example of a numerical implementation of a parameter 
where one quantity has a different influence on the same process depending on whether it is numerically 
entered in the rheological properties group, or composed using an equation in the PVT properties group 
resulting in different sensitivities. Adding to the argument, when two parameters with very similar physical 
characteristics are each present in different models, differences in their effect on the Ratios are bound to be 
present due to the difference in the way these parameters are incorporated into each model despite their 
similarities. 

Next, to determine whether the behavior of the initial optimal settings of the PVT properties group was 
physical, the resulting PVT curves were examined. The results are as follows. 
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Figure 4.7: The PVT curves resulting from the initial optimal settings in the PVT properties group. 

In order to classify the behavior seen above as physical, similar behavior as physical PVT behavior should 
be found. When comparing this curve to the curves found in 2.2.4 Two-Domain Tait PVT model, it is found 
that similar behavior is indeed present. To start off with, the specific volume decreases as temperature 
decreases and pressure increases. Next, there is a specific volume drop present due to the phase transition 
from solid to liquid. Furthermore, the specific volume drop is shifted to higher temperatures at increasing 
pressure. Last, no severe abnormalities (i.e random peaks in the curves) are present. All the trends found 
match the trends in the physical PVT behavior and for that reason, this behavior is classified as physical 
and the initial optimal settings of this group are maintained. What is also seen from the initial optimal PVT 
curves, is that the behavior strongly resembles the behavior of the fast cool PVT curves observed in 2.2.4 
Two-Domain Tait PVT model. This provides a founded argument as to why the substantial average error 
reduction of 48.43% was achieved with the initial optimal settings of this group: the initial optimal PVT 
curves resemble fast cool PVT curves which are more accurate at determining the specific volumetric 
change of the material at injection molding cooling rates. Compared to the slow cool PVT curves in the 
reference settings, these curves are capable of capturing the behavior in an injection molding process more 
accurately. In slow cool PVT curves, when the material is cooled, the molecules have sufficient time to 
organize into the crystal configuration at higher temperatures resulting in a steep drop in specific volume 
at higher temperatures due to crystallization. However, in injection molding, the material is cooled 
extremely rapid and goes from a high temperature melt state to a low temperature solid state in a matter of 
seconds. During this process, the material is cooled so rapidly that the molecules have insufficient time to 
organize into a crystal at higher temperatures. Though, as the material is cooled to lower temperatures, the 
crystal nucleation and growth rate increase resulting in the material still crystallizing, but at a lower 
temperature. Furthermore, the material crystallizes over a larger temperature range as the organizing 
molecules cannot keep up with the rapidly decreasing temperature. All of this results in a dragged out 
specific volume drop shifted to lower temperatures which is better resembled by the fast cool PVT curves. 
If the material is cooled even more rapidly, crystallization will be inhibited entirely as the molecules have 
no time to organize into the crystal configuration resulting in an amorphous frozen in molecule 
configuration. Additionally, when the initial optimal PVT curves are compared to the theoretically 
composed fast cool PVT curves of the material used found in Appendix B, the same resemblance is found 
strengthening the argument.  
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Finally, it was investigated how the sensitive parameters PVT9 and PVT4 could be better determined than 
the way they were determined in the reference settings to obtain a more accurate value than the value found. 
Parameters PVT9 and PVT4 can be better determined by (CONFIDENTIAL). However, due to technical 
complexity, this method can currently not be developed. PVT9 Can also be more accurately determined by 
(CONFIDENTIAL). However, for this thesis, this is omitted because of the unavailability of these 
measurements. Thus, to better determine PVT9 and PVT4 than the initial optimal settings, a final numerical 
optimization will be used. 
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4.1.5 Thermal properties 
Finally, the thermal properties group was tested. The initial optimal settings and the accuracy of the 
correlation between the preselected parameters and Ratios (R2) of this group found are found in Table 4.5. 

Table 4.5: initial optimal settings and the accuracy of the correlation between the preselected parameters and Ratios of the 
thermal properties group 

   Correlation accuracy preselected parameters and Ratios 
(R2) 

Model Parameters Initial optimal 
settings 

Ratio 
E90/0 

Ratio 
E45/0 

Ratio 
E45/90 

Ratio 
E0 

Ratio 
E90 

Ratio 
E45 

- 

𝐶𝑝1 

CONFIDENTIAL 0.94 0.54 0.83 0.56 0.90 0.57 

𝐶𝑝2 
𝐶𝑝3 
𝐶𝑝4 
𝐶𝑝5 
𝐶𝑝6 
𝐶𝑝7 
𝐶𝑝8 
𝐶𝑝9 
𝐶𝑝10 

 
The initial optimal settings stated above resulted in an average error reduction from 2.30% to 2.05%. This 
is a reduction of 10.85%, which is a rather slight reduction. Reasoning for this may be that specific heat, 
unlike the other groups, does not directly influence fiber orientation but influences it indirectly. Namely, a 
change in specific heat alters the energy required to heat up/cool down the material. This in turn, will 
raise/lower the temperature of the material when applying a specified amount of energy quicker and thus 
alter the viscosity, which is temperature dependent. The viscosity then alters the flow and thus fiber 
orientation. This indirect relation with the fiber orientation might also explain the different observed 
accuracies of the correlation between the preselected parameters and the Ratios. Namely, the relation 
between the specific heat parameters and viscosity might differ per Ratio leading to different correlation 
accuracies between the preselected parameters and the Ratios. 

Then, for the sensitivity study: no parameters in the initial optimal settings remained fixed in the 
determination of the range. So, none were classified as non-sensitive based on that criterion. Successively, 
the results of the Sobol sensitivity analysis of the parameters in the initial optimal settings of the thermal 
properties group are observed in Figure 4.8 below. Yet again, the sensitive parameters are displayed in color 
and the non-sensitive parameters are bundled together and displayed in grey. 
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Figure 4.8: The Sobol sensitivity analysis for the parameters in the initial optimal settings of the thermal properties group 

As can immediately be seen from the figure above, parameters 𝐶𝑝1 and 𝐶𝑝2 are sensitive while the other 
parameters are classified as non-sensitive. 𝐶𝑝1 and 𝐶𝑝2 possess the ability to influence all Ratios for over 
95%. The average error reduction observed is thus vastly caused by these two parameters. When these 
specific heat values are altered, as described below Table 4.5, the temperature and thus viscosity will change 
more rapidly which in turn, influences the fiber orientation to a larger extent. 

To determine whether the behavior of the initial optimal settings of the thermal properties group was 
physical, the specific heat data resulting from the initial optimal settings was examined. The results are 
shown in the graph below. 

 

Figure 4.9: The specific heat data resulting from the initial optimal settings in the thermal properties group. 
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To classify the behavior of the initial optimal specific heat data observed above as physical, similar behavior 
must be observed as the experimental behavior observed in 2.2.3 Thermal properties. When compared, it 
can immediately be seen that the behavior is thoroughly different. Namely, the physical behavior shows, at 
decreasing temperature, a slight decrease in specific heat and the presence of a single peak corresponding 
to the crystallization temperature of the material. The initial optimal specific heat data on the other hand, 
shows the presence of not one, but three peaks. Because this behavior does not resemble the behavior 
observed in the physical counterpart, this is labeled as non-physical behavior. Therefore, the initial optimal 
settings and average error reduction displayed in and under Table 4.5 are not maintained (the average error 
remains 2.30%) and the reference settings–that do display the physical behavior described above–are 
classified as the initial optimal settings of the thermal properties group. For clarification, these settings are: 

Table 4.6: List of Thermal properties parameters set to original reference settings after initial optimization. 

Model - 
Parameters 𝐶𝑝1 𝐶𝑝2 𝐶𝑝3 𝐶𝑝4 𝐶𝑝5 𝐶𝑝6 𝐶𝑝7 𝐶𝑝8 𝐶𝑝9 𝐶𝑝10 

Initial 
optimal 
settings 

Reference settings 

Unit J/kg • C 
 
Lastly, for the thermal properties group, it was also investigated how the sensitive parameters 𝐶𝑝1 and 𝐶𝑝2 
could be better determined than they are currently determined in the reference settings to obtain a more 
accurate value than the value found. Where now, the values of the initial optimal settings match the values 
of the reference settings due to the observed non-physical behavior. To more accurately determine these 
parameters, (CONFIDENTIAL). However, for this thesis, these measurements are not available. For this 
reason, these parameters will be better determined than the initial optimal settings via a final numerical 
optimization.  
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4.2 Final optimization 
The final optimal settings are observed in Table 4.7 below. The sensitive parameters as determined in the 
parameter study, are highlighted and the initial optimal settings were added for the sake of comparison. The 
value for CM6 was determined by the Autodesk Moldflow Laboratory. 

Table 4.7: Complete list of the models and parameters taken into account in the optimization where the previously determined 
sensitive parameters taken into the final optimization are highlighted. 

Group Parameter Initial optimal setting Final optimal setting Unit 
Fiber orientation 

models: 
Moldflow model 

with specified  
𝐶i and 𝐷z 

FO1 

CONFIDENTIAL CONFIDENTIAL 

- 
FO2 - 
FO3 - 
FO4 - 
FO5 - 

Crystallization 
morphology  

CM1 

CONFIDENTIAL CONFIDENTIAL 

- 
CM2 - 
CM3 - 
CM4 - 
CM5 - 
CM6 - 
CM7 - 
CM8 - 
CM9 - 

CM10 - 
CM11 - 
CM12 - 
CM13 - 
CM14 - 
CM15 - 
CM16 - 
CM17 - 
CM18 - 
CM19 - 

Rheological 
properties 

RP1 

CONFIDENTIAL CONFIDENTIAL 

- 
RP2 - 
RP3 - 
RP4 - 
RP5 - 
RP6 - 
RP7 - 
RP8 - 
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Continued list of parameters after optimization: 

PVT properties 

PVT2 

CONFIDENTIAL CONFIDENTIAL 

- 
PVT4 - 
PVT8 - 
PVT9 - 

PVT11 - 
PVT12 - 
PVT13 - 
PVT1 - 
PVT3 - 
PVT5 - 
PVT6 - 
PVT7 - 

PVT10 - 

Thermal 
properties 

𝐶𝑝1 

CONFIDENTIAL CONFIDENTIAL 

J/kg • C 
𝐶𝑝2 J/kg • C 
𝐶𝑝3 J/kg • C 
𝐶𝑝4 J/kg • C 
𝐶𝑝5 J/kg • C 
𝐶𝑝6 J/kg • C 
𝐶𝑝7 J/kg • C 
𝐶𝑝8 J/kg • C 
𝐶𝑝9 J/kg • C 
𝐶𝑝10 J/kg • C 

 
With the final optimal settings displayed above, the average error decreased from 2.30% to 2.03%, which 
corresponds to a final 11.74% decrease. The reference average error, as displayed in Appendix A, was 
12.09%. With the use of the final optimal settings, this error is reduced to 2.03%, which corresponds to an 
83.21% decrease in average error and thus a massive improvement in the fiber orientation prediction 
accuracy. 

When looking at the highlighted sensitive parameters, it can be seen that the only parameter setting that 
changed with respect to the initial optimal settings, is CM6. For the other sensitive parameters, which all 
underwent a final numerical optimization, no improved settings were found and thus these settings did not 
change. Most likely, the optimal value for these parameters was already found and mutual influences 
between the sensitive parameters are limited. Hence, further optimization could not yield improved results. 
The average error decrease is thus solely the result of the better determined value of CM6. Additionally, 
because the final optimal settings (except CM6) did not change with respect to the initial optimal settings, 
the corresponding physical behavior of the initial optimal settings, remains valid for the final optimal 
settings. 

From the sensitive parameters selected to be varied in the final numerical optimization, the following were 
seen to be the most sensitive; 
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Figure 4.10: The Sobol sensitivity analysis for all sensitive parameters in the final optimization. 
 
FO1, FO2, and 𝐶𝑝1. FO1 and FO2 are the most substantial in influencing the Ratios. This confirms the 
importance of the correct modeling of the fibers with the fiber orientation model as discussed in 4.1.1. The 
importance of the specific heat is shown by the fact that 𝐶𝑝1 is also classified as most sensitive, highlighting 
the importance of the correct measurement of the specific heat. FO1 models (CONFIDENTIAL) and thus 
influences the fiber orientation by (CONFIDENTIAL). FO2 influences the fiber orientation by 
(CONFIDENTIAL). 𝐶𝑝1 influences the fiber orientation by (CONFIDENTIAL).  
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4.3 Part validation 
As the final objective is to predict the actual part warpage, mainly driven by the fiber orientation, in this 
section, an automotive part is selected to validate whether the optimal settings resulted in enhanced warpage 
predictions. To enable the validation, the actual measured warpage (out of plane displacement) in the Y-
direction of a commercially available door module was compared to the predicted warpage resulting from 
the reference settings and the predicted warpage resulting from the final optimal settings at four distinct 
locations in the part. The comparison is observed in the figure below. 

 

Figure 4.11: Comparison of the measured and the predicted warpage at the four locations. 

Comparing the warpage predictions of the reference settings at the four locations to the measured warpage, 
it can immediately be seen that, at every location, the warpage is under-predicted. Namely, the actual 
measured warpage is higher than predicted warpage with the use of the reference settings. This is most 
pronounced in location 2 and 4 where the maximum warpage occurs. When comparing the predicted 
warpage using the optimal settings at the four locations in the figure above to the measured warpage, only 
slight discrepancies are found. The highest absolute discrepancy between the measured and the predicted 
warpage using the optimal settings is observed when comparing location 2, where a slight warpage over-
prediction is found. Looking at the other locations, even better predictions are observed with the best 
prediction being at location 4. At location 4, the measured and predicted warpage are almost identical 
corresponding to a near perfect prediction. When comparing the warpage predictions resulting from the 
optimal settings to the reference settings predictions, a greatly increased warpage prediction accuracy can 
be seen in all four locations.  
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Chapter 5  

CONCLUSIONS 

Warpage is detrimental for part performance and creates the need for physical prototyping if it cannot be 
predicted. However, accurately quantifying complex phenomena by mathematical modeling in injection 
molding simulations to predict warpage via fiber orientation supposition is challenging. Therefore, a 
detailed study was performed to identify, test and optimize the parameters involved and verify whether the 
corresponding behavior was physically sound. The main question that was addressed is “What are the most 
important parameters, optimal settings and corresponding physical behavior to enhance warpage 
predictions via improved fiber orientation supposition and how do the most important parameters influence 
the fiber orientation?” 

In conclusion, this work shows that from the 61 parameters involved, the most important parameters to 
enhance predictions are: FO1, FO2, and 𝐶𝑝1. The parameter FO1 influences the fiber orientation by 
(CONFIDENTIAL). The parameter FO2 influences the fiber orientation by (CONFIDENTIAL). Because 
FO1 and FO2 directly influence fiber orientation, these conclusions are not unexpected. The parameter 𝐶𝑝1 
influences the fiber orientation indirectly by (CONFIDENTIAL). FO1 and FO2 can be better determined 
by (CONFIDENTIAL). 𝐶𝑝1 can be better determined with use of (CONFIDENTIAL). 

Furthermore it was shown that the prediction can also be improved by focusing on the 14 parameters: CM8, 
CM1, CM2, CM6, CM10, CM14, RP1, RP2, RP6, RP3, RP4, PVT9, PVT4, and 𝐶𝑝2. 

With the optimized parameter settings, the average error can be reduced by more than 80%. The physical 
behavior of the improved settings, reveal the following characteristics: 

 Predicted Young moduli in three different test directions corresponding to 0, 90, and 45 degrees 
respectively that show close resemblance to the measured Young moduli in these directions.  

 More accurate shear thinning viscosity behavior which represents a decreasing viscosity at 
increasing shear rate.  

 The specific volumetric change of the material at different pressures and temperatures resembling 
the specific volumetric change of a material at high cooling rates which is highly accurate at 
injection molding cooling rates.  

 A slightly decreasing specific heat at decreasing temperature and the presence of a single 
crystallization peak. 

It was not feasible to compose the physical crystallization behavior.  

The error reduction is achieved by optimizing all parameters involved, it would be worthwhile to check if 
focusing solely on the three most important parameters FO1, FO2, and 𝐶𝑝1, would yield a similar 
improvement. Alternatively, it would be interesting to see if adding the 14 parameters to the three most 
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important parameters and focusing on these together, would provide additional improvement over only 
focusing on the three most important parameters. 

With the optimized parameter settings, the warpage prediction of an actual part (door module) has 
significantly improved when compared to the reference settings. This proves that warpage in long-glass 
fiber reinforced thermoplastics is indeed dominated by fiber orientation.  
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Chapter 6  

RECOMMENDATIONS 

In this work, it is shown that warpage predictions have been greatly enhanced. However, as briefly touched 
upon in the conclusions, it is recommended to determine whether only optimizing the three most important 
parameters would yield a similar improvement to the current more than 80% improvement. Alternatively, 
it would be interesting to examine if adding the 14 parameters to the three most important parameters and 
focusing on these together, would provide additional improvement over only focusing on the three most 
important parameters. 

Because of the exponentially large amount of simulations and therefore unfeasible time requirements 
needed, conducting the parameter study in one go was not possible. Therefore, it is recommended that when 
simulation computing times reduce due to an increase in processing power of computers, all parameters are 
numerically optimized together in one go. This will result in the inclusion of mutual effects between all 
parameters and might lead to additional improvements in warpage predictions. It is also recommended to 
investigate the effect of changing the order in which the piecewise group by group approach in the 
parameters study is conducted on the outcome. 

Due to the unavailability of equipment and specific data of the material used, it was not possible to more 
accurately determine the three most important parameters via the proposed methods. Therefore, these were 
optimized via a final numerical optimization. On that basis it is recommended that, if the required equipment 
is available to acquire the specific measurement data, these measurements are carried out. This might also 
lead to further warpage prediction accuracy. 
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APPENDIX A 

REFERENCE SETTINGS 

Reference average error: 12.09% 

Shrinkage model: Uncorrected residual stress (no CRIMS used). 

Table A. 1: Fiber orientation model reference settings 

Model Parameter Reference setting Unit Way of 
determination 

Moldflow model 
with specified Ci 

and Dz 

FO1 

CONFIDENTIAL 

- 

CONFIDENTIAL 
FO2 - 
FO3 - 
FO4 - 
FO5 - 

 

Table A. 2: Crystallization morphology reference settings 

Parameter Reference setting Unit Way of 
determination 

CM1 

CONFIDENTIAL 

- 

Not yet determined 

CM2 - 
CM3 - 
CM4 - 
CM5 - 
CM6 - 
CM7 - 
CM8 - 

CM9 - 
CM10 - 
CM11 - 
CM12 - 
CM13 - 
CM14 - 
CM15 - 
CM16 - 
CM17 - 
CM18 - 
CM19 - 
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Table A. 3: Rheological properties reference settings 

Parameter Reference setting Unit Way of determination 
RP1 

CONFIDENTIAL 

- 

CONFIDENTIAL 

RP2 - 
RP3 - 
RP4 - 
RP5 - 
RP6 - 
RP7 - 
RP8 - 

 

Table A. 4: PVT properties reference settings 

Parameter Reference setting Unit Way of determination 
PVT1 

CONFIDENTIAL 

- 

CONFIDENTIAL 

PVT2 - 
PVT3 - 
PVT4 - 
PVT5 - 
PVT6 - 
PVT7 - 
PVT8 - 
PVT9 - 

PVT10 - 
PVT11 - 
PVT12 - 
PVT13 - 

 

Table A. 5: Thermal properties reference settings 

Parameter Reference setting Unit Way of determination 
𝐶𝑝1 

CONFIDENTIAL 

J/kg • C 

CONFIDENTIAL 

𝐶𝑝2 J/kg • C 
𝐶𝑝3 J/kg • C 
𝐶𝑝4 J/kg • C 
𝐶𝑝5 J/kg • C 
𝐶𝑝6 J/kg • C 
𝐶𝑝7 J/kg • C 
𝐶𝑝8 J/kg • C 
𝐶𝑝9 J/kg • C 
𝐶𝑝10 J/kg • C 
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APPENDIX B 

PARAMETER RANGES 

Fiber orientation models 

Table B. 1: Fiber orientation models parameter ranges 

Parameter Range/set point Unit 
FO1 

CONFIDENTIAL 

- 
FO2 - 
FO3 - 
FO4 - 
FO5 - 

 

The ranges of FO1 and FO2 were determined on the basis of allowed combinations in the Moldflow 
software. The range of FO3, FO4, and FO5 was determined by defining the upper boundary as the upper 
limit of the industry average and the lower boundary as a 20% lower value as the previously determined 
value of the material used.  

Crystallization morphology 

Table B. 2: Crystallization morphology parameter ranges 

Parameter Range Unit 
CM1 

CONFIDENTIAL 

- 
CM2 - 
CM3 - 
CM4 - 
CM5 - 
CM6 - 
CM7 - 
CM8 - 
CM9 - 
CM10 - 
CM11 - 
CM12 - 
CM13 - 
CM14 - 
CM15 - 
CM16 - 
CM17 - 
CM18 - 
CM19 - 
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The range for CM1 and CM2 was determined by taking the values for these parameters determined by 
Moldflow for B364WG, a 30% short glass fiber filled PP from Borealis Europe. The range of CM11 was 
determined by (CONFIDENTIAL). The range of CM6 was determined by (CONFIDENTIAL). The range 
for the remaining parameters was determined by taking the values for these parameters determined by 
(CONFIDENTIAL). 

Rheological properties 

Table B. 3: Rheological properties parameter ranges 

Parameter Range Unit 
RP1 

CONFIDENTIAL 

- 
RP2 - 
RP3 - 
RP4 - 
RP5 - 
RP6 - 
RP7 - 
RP8 - 

 

The ranges were determined by (CONFIDENTIAL). 
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PVT properties 

Table B. 4: PVT properties parameter ranges 

Parameter Range/set point Unit 
PVT1 

CONFIDENTIAL 

- 
PVT2 - 
PVT3 - 
PVT4 - 
PVT5 - 
PVT6 - 
PVT7 - 
PVT8 - 
PVT9 - 

PVT10 - 
PVT11 - 
PVT12 - 
PVT13 - 

 

The range is determined by (CONFIDENTIAL). The values of the parameter that did not change during 
this process were classified as the set points. The slow cool and theoretically composed fast cool PVT of 
the material used (STAMAX 30YM240) is shown in the figures below. 

 
Figure B. 1: STAMAX 30YM240 slow cool PVT curves. 
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Figure B. 2: STAMAX 30YM240 composed fast cool PVT curves.  
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Thermal properties 

Table B. 5: Thermal properties parameter ranges 

Parameter Range Unit 
𝐶𝑝1 

CONFIDENTIAL 

J/kg • C 
𝐶𝑝2 J/kg • C 
𝐶𝑝3 J/kg • C 
𝐶𝑝4 J/kg • C 
𝐶𝑝5 J/kg • C 
𝐶𝑝6 J/kg • C 
𝐶𝑝7 J/kg • C 
𝐶𝑝8 J/kg • C 
𝐶𝑝9 J/kg • C 
𝐶𝑝10 J/kg • C 

 

The range for the thermal properties parameters were determined by (CONFIDENTIAL). 
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APPENDIX C 

CRYSTALLIZATION MODELING PATENT 
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