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Injection molded short fiber reinforced components reveal a sound light weight potential with moderate costs and thus are widely used in many demanding engineering applications. The accurate determination of the fiber orientation (FO) is essential for predicting the overall mechanical behavior of discontinuous (short or long, with varying aspect ratio) fiber reinforced composites. The simulation of the FO requires a proper modeling of the hydrodynamics, the closure transformation of the FO tensor and optionally the application of specific correction functions. The determination of parameters for the fiber orientation models commonly used in injection molding simulations is a challenging task because they cannot be determined directly in experiments. Hence, a novel way is shown in our paper to derive these parameters faster, more efficiently and accurately by the usage of an automated metamodel optimization. For this, injection molding simulations were performed iteratively by an optimization program until a minimal deviation error of the simulated parameters was reached. The optimization was performed based on proper computed tomography FO data of selected regions of interest. The new approach was tested for a rotationally symmetric Venturi tube geometry made from short glass fiber reinforced polyamide (PA-GF). The fiber orientation distribution models chosen were the iARD-RPR equation with 3 parameters and the novel anisotropic IISO equation with 5 parameters. It was shown that the optimization method is feasible for the calibration of fiber orientation models. Furthermore, the IISO equation with its 2 additional parameters allowed a more accurate prediction of the fiber orientation distribution, especially of the core layer of the injection molded part.
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1 INTRODUCTION
Due to their anisotropy, injection molded short fiber-reinforced plastics (SFRPs) show a complex mechanical behavior. The accurate determination of the fiber orientation (FO) is essential for predicting the overall mechanical behavior of discontinuous (short or long, with varying aspect ratio) fiber reinforced composites.
To cope with the problem of the complexity of the fiber orientation and the loading conditions of SFRP materials and corresponding components a complexity map was generated and is shown in Figure 1. The complexity of the geometry and fiber orientation as well as the complexity of the relevant loading conditions are the axes of the diagram.
[image: Figure 1]FIGURE 1 | Complexity map for injection molded short fiber reinforced specimens and composites.
To gain more insight into our overall methodology for SFRP components, the laboratory specimens and model as well as real industrial components were designed, produced and used in our investigations. To improve the perceptiveness these are positioned in this diagram where three main regimes can be identified.
• Low complexity: laboratory specimens, UD-specimens
• Medium complexity: components designed for supporting simulation efforts (bone, Venturi tube, Doka box, A-K part)
• High complexity: transmission cross member, gear
The integrative simulation methodology was successfully applied in the past for prediction the mechanical behavior of injection molded SFRP components (Adam and Assaker, 2014; Doghri et al., 2021). This methodology consists of the simulation of the injection molding process to predict the fiber orientation and fiber length distribution, the micromechanical modelling of the microstructure using proper material model for the matrix and also for the fiber/matrix interface and the structural simulation of the macroscopic component behavior.
The injection molding simulation requires a model which properly predicts the fiber orientation. These models consist typically of equations which use a hydrodynamic description of the flow field, a closure approximation of the fourth-order FO tensor, specific correction functions and parameters which vary from material to material.
The verification of the FO of the part at the end of the filling stage of the simulation necessitates FO measurement on produced parts via proper microscopic analysis or by computed tomography images. The latter is widely used in many scientific and engineering investigations and recently became a quasi-standardized tool for the verification (Salaberger et al., 2011; Quintana et al., 2020). Due to the existing previously verified results, the Venturi tube was selected for further analysis in this paper. The previous work using the 3-parameter iARD-RPR equation and a factorial design of experiment was performed and published by (Quintana et al., 2020).
With its thin wall thickness, rotational symmetry and circumferential gate, the Venturi tube inhibits a characteristic fiber orientation distribution which is mainly in flow and circumferential direction. It is especially suitable as its change in diameter and thickness leads to a diverse flow field which helps to determine the parameters for general applications. The CAD geometry and a selected sample of an injection molded Venturi tube along with gate system are shown in Figure 2.
[image: Figure 2]FIGURE 2 | The Venturi tube with gate as CAD model (A) and after production (B).
The Venturi tube specimen was designed to represent a specific biaxial initial stress state. We are going perform axial (tension/compression) and torsion tests under both monotonic and cyclic test conditions. To apply micromechanical models for the proper characterization of the mechanical behavior the Venture tube the accurate determination of the fiber orientation is essential. Hence, with reference to our previous paper, the objectives of this paper are.
• Improved prediction of the FO using IISO model for anistropic viscosity with 5 parameters
• Introduction of the optimization procedure for determining the fiber orientation model parameters mentioned above
• Comparison of the IISO results with the results of the previous paper by (Quintana et al., 2020) which were generated with the simpler iARD-RPR model
To establish a solid background for the first objective of the paper a short overview about the evolution/development of the FO models will be provided. Then, this paper introduces in the second part a practical application of a novel optimization methodology to determine the parameters necessary for the fiber orientation by using an optimal experiment design which is executed automatically and iteratively by a self-developed software tool. The fiber orientation of specimen was determined and verified at 3 locations (see Figure 3).
• the curvature near to the gate
• in the minimum cross-section in the center
• in the curvature far from the gateInjection molding simulations with several parameter values were then performed until the difference between experimental measurement or simulation output was small enough or a predefined number of iterations was reached. Finally, the new results are compared with the results of the previous paper using the same injection molding model with and without parameter optimization and using the novel anisotropic viscosity model with optimization.
[image: Figure 3]FIGURE 3 | Flow directions and location of regions of interest (RoI) for fiber orientation evaluation.
2 THEORY
2.1 Short overview of the existing predictive fiber orientation models
The filling of an injection molding cavity is a highly transient flow process. Hence, a representation of the change of the fiber orientation tensor over time is necessary to numerically predict the fiber orientation of the finished part. This is done with its material derivative, which is denoted as [image: image]. Several models were developed with increasing complexity over the last decades (Tucker, 2022). To improve the accuracy and efficiency of calculations, Advani and Tucker proposed the second-order fiber orientation tensor A as a way to represent a large population of fibers with ψ as the probability density function and p as the fiber orientation unit vector (Advani and Tucker, 1987).
[image: image]
Jeffery pioneered with a hydrodynamics model for the motion of rigid elliptical rods immersed in dilute Newtonian solutions Jeffery (1922). This model can be reformulated for the change of the fiber orientation tensor [image: image] Tucker (2022):
[image: image]
It is dependent on the vorticity tensor W, the rate of deformation tensor D (which describe the flow field) and the shape factor ξ:
[image: image]
which can be derived with the aspect ratio of the particles ar. For a cylindrical fiber the aspect ratio is defined as the ratio of its length over its diameter.
The fourth order tensor A4 which is defined as
[image: image]
cannot be calculated directly and has to be approximated with orthogonal closure methods.
Jeffrey’s hydrodynamics model does not consider fiber-fiber interactions, which become relevant for highly-filled polymer solutions.
The Isotropic Rotary Diffusion Model (IRD) was developed by Folgar and Tucker (1984) and can be formulated as:
[image: image]
where I is the identity matrix, the scalar [image: image] (which represents the magnitude of the deformation tensor D) and introduces the “interactional parameter” CI (Advani and Tucker, 1987). The standard Folgar-Tucker model can then be denoted as:
[image: image]
Tseng et al. (2016) further improved the Folgar-Tucker models by introducing the Improved Anisotropic Rotary Diffusion (iARD) model in combination with a Retarding Principal Rate (RPR). The iARD model expands the Rotary Diffusion term from the Folgar-Tucker model with an anisotropic steric barrier (SB) term to consider fiber-matrix interactions:
[image: image]
Adding a term with Retarding Principal Rate (RPR), the complete iARD-RPR model with three parameters is defined as:
[image: image]
Up to this point all fiber orientation models are dependent on the flow field, but not vice versa. In the works of Tseng et al. (2017b); Favaloro et al. (2018), the Informed Isotropic (IISO) viscosity ηIISO is introduced as:
[image: image]
[image: image]
Recently, (Tseng and Favaloro et al., 2019) developed the revised IISO equation which describes the coupling of flow field and fiber orientation.
[image: image]
[image: image]
[image: image]
with ηs as the shear viscosity calculated from the flow field, RT as the dimensionless Trouton ratio parameter (which is dependent on the shear rate [image: image], the initial Trouton ratio parameter [image: image] and the critical strain rate [image: image]) and the stretching kernel Ks (which is calculated from the rate of deformation tensor D representing the flow field and the fourth-order fiber orientation tensor A4). As a result, the IISO model has 5 scalar parameters: 3 parameters are the same as in the iARD-RPR model and additionally two coupling parameters, [image: image] and [image: image]. During simulation, the IISO viscosity is determined from the flow field and the fiber orientation. Then, the iteration continues until converged.
All of the above models assume that the fiber concentration does not change during the filling phase and is uniform in the finished part. Furthermore, the effects of fiber breakage are usually neglected in injection molding simulations and the shape factor used in fiber orientation models (Eq. 3) is not sensitive to changes in fiber length for the high aspect ratios of the fibers used in SFRPs.
To the best knowledge of the authors, there exist no feasible measurement methods to measure any fiber orientation parameters directly from experiments with the exception for the interaction parameter CI. Some empirical relationships were estimated for the fiber aspect ratio, fiber volume fraction and the shear rate Nguyen Thi et al. (2014); Phan-Thien et al. (2002).
Non-etheless, in the past, the fiber orientation model parameters were either chosen based on experience or determined via trial-and-error and/or optimization. The iARD-RPR model was successfully applied using these methods, for example, in Foss et al. (2014); Gao et al. (2022); Reitinger et al. (2020); Caton-Rose et al. (2012); Tseng et al. (2017a, 2018) and the IISO model in Huang and Lai (2020).
2.2 Parameter estimation with metamodels
Numerical simulations can be viewed abstractedly as black boxes where certain parameters are put into, which are then - with a range of complex calculations performed inside - transformed into an output response. A metamodel is an abstraction of such a simulation trying to replicate its input-output behavior with a simpler analytical description. The advantage of a metamodel lies in the increased calculation speed and mathematical practicability. A useful way to calibrate a model, which describes a material’s property, is to build such a metamodel with a set of input-output relations derived from numerical simulation. With the help of optimization algorithms, the metamodel is refined until the simulation output is close to experimental measurement values. This requires however a careful selection of the reference ranges of interest (RoI) in the specimens and the proper experimental determination of the FO. For latter the procedures of Fachhochschule Wels, Austria (Kastner et al., 2012; Salaberger, 2019; Stelzer et al., 2022) were applied.
The combination of these two procedures allows for the determined of optimal material model parameters for the injection molded simulations.
The optimization cycles can be performed in specialized programs such as LS-Opt (Livermore Software Technology Corporation, 2019). They are usually structured as followed.
• First, a Design of Experiment (DoE) is defined, where certain combinations of parameter values (called points or design variables) are chosen to build the metamodel. The parameters are sampled using a D-optimal design.
• Then, these parameter combinations are used as input for a solver, e.g. a simulation program. After the simulations have finished, the program uses the output to build a metamodel consisting of response surfaces. The domain of the design space is narrowed around the optimal solution, a new set of input points determined and the cycle starts again.
• The optimization problem is solved when the target is reached, i.e. the deviation between simulation output and empirical measurements is minimized.
3 MATERIALS AND METHODS
3.1 Experiment
The Venturi tube parts were injection molded at Leartiker in Markina-Xemein in Spain with the settings from Table 1. The material Akulon K224 HG8 is a heat-stabilized polyamide filled with 40 percent by weight short glass fibers which is manufactured by DSM Engineering Materials.
TABLE 1 | Processing conditions of the Venturi tube.
[image: Table 1]Three samples of size 5 mm × 5 mm were cut from regions R1, R2 and R3 of a produced tube (see Figure 3). The fiber orientation distributions of the samples were measured with the micro-CT xray technique using a GE Phönix X-ray Nanotom 180 NF. The effective measurement volumes were 4 mm × 4 mm x 2.5 mm for regions R1 and R3 and 4 mm × 4 mm x 1 mm for region R2. A more detailed description of the procedure can be found in Quintana et al. (2020); Emerson et al. (2017); Salaberger (2019).
3.2 Simulation
The injection molding simulation was created and performed in Moldex3D Studio 2022 (developed by CoreTech System Co., Ltd., ChuPei City, Taiwan). Therefore the processing parameters were set according to Table 1. A material card of the used polyamide (containing viscosity, heat capacity, etc.) was available in the internal material database and its models were added to the supplementary material of this publication.
The mesh of the runner consisted of tetrahedral elements while tube was meshed with a Boundary Layer Mesh (BLM) which is a mixture of prismatic and tetrahedral elements (see Figure 4). This creates a multilayered mesh which provides a resolution high enough to cover all significant changes in fiber orientation in through-thickness direction.
[image: Figure 4]FIGURE 4 | Detail of the meshed Venturi tube geometry (blue: runner, yellow: part).
This type of mesh is generated by the program by first creating a triangular surface mesh and then generating a defined number of boundary layers of prismatic elements in thickness direction. The remaining space along the midplane is filled with tetrahedral elements. Thus, a mesh with a total of 10 layers with hexahedral elements and a center layer with tetrahedral elements was created (see Table 2). The high number of nodes across the thickness was deemed as necessary to take the substantial variation of the fiber orientation into account.
TABLE 2 | Mesh properties.
[image: Table 2]A Python script interacting with the Moldex3D API (Application Program Interface)—which allows to start simulation runs with defined fiber orientation parameters remotely–was written (Figure 5). This script acts as a bridge between the optimization program LS-Opt and the simulation program Moldex3D. It passes the fiber parameters of the optimization cycle to the simulation run and extracts the results after the simulation has finished.
[image: Figure 5]FIGURE 5 | Tasks of the intermediate Python program.
First, constraints (i.e., min and max. boundaries) for all fiber orientation parameters are defined and thus create the initial design space (Table 3). A D-optimal design is generated consisting of a prescribed number of parameter sets called sampling points or design variables. Injection molding simulations are then performed consecutively in Moldex3D, with one parameter set after the other inserted into the respective fiber orientation model. After that, the results of the simulations are approximated with a first-order polynomial metamodel consisting of linear response surfaces.
TABLE 3 | Initial design space of fiber orientation parameters.
[image: Table 3]An optimal set of fiber orientation model parameters is then determined with a suitable hybrid optimization algorithm - ASA (Adaptive Simulated Annealing, global) combined with LFOP (Leap Frog Optimization, gradient-based)—with the objective of minimizing the mean error between the simulation and the CT measurements. If convergence or the max. number of iterations is not reached, the size of the design space is narrowed via the Strategy Sequential with Domain Reduction method (SRSM) and a new iteration commenced with a new D-optimal design.
This optimization approach was used similarly in several other publications for material model calibrations and other applications Camberg et al. (2021); Raffler (2016); Banerjee et al. (2022); Cheng et al. (2019); Passarello (2018). An overview of the complete cycle to determine the optimal fiber orientation parameters can be seen in Figure 6. Thorough explanation of all algorithms can be found in the LS-Opt manual Livermore Software Technology Corporation (2019).
[image: Figure 6]FIGURE 6 | Graphical representation of the simulation methodology including the optimization cycle.
The complete optimization cycle consisted of 6 iterations with 6 runs each, which totals in 36 simulation runs. Using the resulting and final metamodel an optimal set of parameters was determined.
When choosing the appropriate regions and their weightings which constitute the optimization objective, the intended application of the Venturi tube was considered. During torsional testings the central region R2 bears most of the load. Hence, optimizations were performed on the central region R2 for the 5 and 3 parameter model to purposefully represent the orienting behavior of the fibers subjected to the flowing conditions occurring in this area (thin-walled and high flowing speed). If the fiber orientation model with its optimized parameters predicts the fiber orientation of the cut-out specimen R2 correctly, we can expect the fiber orientation around this area (the neck of the Venturi tube) in the simulation is also sufficiently accurate. Hence, the geometry (with the extracted fiber orientation) can then be used to perform structural simulations of the torsional tests.
However, it is assumed that the fiber orientation model actually describes an inherent material property which is valid regardless of geometry and processing conditions. For this reason, an additional optimization cycle with 50% weight on R2 and 25% each on the outer regions R1 and R3 (see Figure 3) was performed. This approach also takes the converging and diverging flow sections of the part into account and represents the flowing conditions during injection molding more universally.
For each of the above cases an averaged fiber orientation tensor was calculated with the final optimum. To ensure a reasonable comparison, an additional simulation with the parameters from Quintana et al. (2020) was performed with the new BLM mesh.
4 RESULTS
A qualitative representation of the fiber orientation distribution in flow direction (pointing from the entrance to the end) of the Venturi tube can be seen in Figure 7. The greater degree of orientation in the neck of the tube is clearly visible (orange color).
[image: Figure 7]FIGURE 7 | Fiber orientation distribution in X-direction (in-flow) at end of filling.
The optimized model parameters are listed for the three model variations (5 parameter IISO model and 3 parameter iARD-RPR model) in Table 4 for the selected RoI’s. Figures 8, 9, 10 show the fiber orientation distributions for these cases. While the distributions match quite well for the center region R2, larger deviations can be seen for the outer regions R1 and R3. Furthermore the simulation results indicate that the difference of FO in flowing direction between the shell/skin layer and core layer is much better represented by using the automatically optimized parameters.
TABLE 4 | Optimal parameters after the Venturi tube optimization.
[image: Table 4][image: Figure 8]FIGURE 8 | Fiber orientation distributions using the IISO-model with 5 parameters optimized for R2 (center) X: CT measurements, lines: simulation results, fiber orientation directions: black: xx (in-flow), red: yy (across flow), teal: zz (through-thickness).
[image: Figure 9]FIGURE 9 | Fiber orientation distributions using the iARD-model with 3 parameters optimized for R2 (center) X: CT measurements, lines: simulation results, fiber orientation directions: black: xx (in-flow), red: yy (across flow), teal: zz (through-thickness).
[image: Figure 10]FIGURE 10 | Fiber orientation distributions using the IISO-model with 5 parameters with optimization weighted by region (25% R1, 50% R2, 25% R3) X: CT measurements, lines: simulation results, fiber orientation directions: black: xx (in-flow), red: yy (across flow), teal: zz (through-thickness).
Figure 11 shows the fiber orientation distribution using the iARD-RPR model with 3 parameters which were determined via a factorial design by Quintana et al. (2020).
[image: Figure 11]FIGURE 11 | Fiber orientation distributions using the iARD-RPR-model with 3 parameters derived by Quintana et al. (2020) X: CT measurements, lines: simulation results, fiber orientation directions: black: xx (in-flow), red: yy (across flow), teal: zz (through-thickness).
The exact fiber orientation distribution values for all measurements and simulations can be found in Table 5. The quantitative comparison of the CT measurements with the various simulation results is shown in Table 6.
TABLE 5 | Fiber orientation values after the Venturi tube optimization.
[image: Table 5]TABLE 6 | Deviations between fiber orientation tensors of CT measurements and injection molding simulations.
[image: Table 6]Ultimately, the accuracy of the fiber orientation distribution can significantly be improved by using the anisotropic IISO model with 2 additional parameters in comparison to the iARD-RPR model and the derivation of these parameters via iterative optimization. The focus on solely one region for optimizing is at the expense on the accuracy of the other regions. The case with optimization weights by region led to a more balanced result.
5 SUMMARY AND CONCLUSION
A novel method to derive the optimal fiber orientation parameters for a short fiber rein-forced polymer was developed and implemented. It calibrates the respective material model by performing injection molding simulations with varying sets of parameters automatically until the difference to micro-CT FO measurements in 3 RoI’s is minimized. The fiber orientation parameters of a polyamide filled with short glass fibers were then determined by applying this method on an existing injection molded part. This part - the Venturi tube - was chosen for its diverse flowing conditions which made the resulting fiber orientation parameters universally applicable. The final simulation results show good agreement with the CT measurements with increased accuracy in regions which higher weights in the optimizations. In comparison, with the manual fiber orientation parameter determination performed previously by Quintana et al. (2020) similar or even better results could be achieved. Furthermore, the simulations using the IISO equation with its additional parameters proved to represent the FO distribution more accurately, especially in the core layer of the part. Thus, structural simulations may also benefit from these findings because the local mechanical properties - which are strongly influenced by the anisotropy of the material—can be better assessed with prior FO predictions using the IISO model with optimized parameters.
Possible improvements may be achieved by increasing the resolution of the CT measurements and the evaluation of scatter by performing measurements on multiple specimens. Consequently, the methodology developed can and will be used for further materials, specimens and component geometries (e.g., Figure 1). Furthermore, the problem could be assessed with a probabilistic predictive framework using Bayesian inference to yield the maximum of useful information derived from a limited number of CT measurements and simulations.
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