miA UNIVERSITY OF
AUGSBURG

Fast Prediction of the
Injection Molding Process
Using Machine Learning

Data-Driven Product Engineering and Design
Institute of Materials Resource Management

Prof. Dr.-Ing. Nils Meyer
October 12026




O1Introduction

Motivation

/- Full conventional simulation

= Established
= Robust

= Accurate

—> Validate design, mold, and process.

-

~ Fast surrogate model

= Should trade some
accuracy for speed

= Should generalize

\_ - Approximation for early stages

/— Potential use

» Accelerate initial design concepts
» Holistic optimization of the entire process chain

l

— Design — Process — Performance —

Iterative optimization
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O1Introduction

Objective

Inputs Model Predicted outputs
= Geometry = Fill pattern

= Boundary conditions = Fiber orientation
= [nitial conditions .

Q “Some Al magic”

' ]\ Y J \ '
- Should accept any —> Should predict ~100 x - Should have an
geometry faster than simulation error <10%
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Potential Machine Learning
Approaches
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02 Potential Machine Learning Approaches

Direct regression

Learn direct relations between processing parameters and
outcomes via trainable regression models. Mol temperatre

Melt temperature .

Tnput layer Hidden layer | Hidden layer 2 Outpat layer

Cooling time

Injection time

Regression trees
Support vector machines
Gaussian processes
Neural Networks

Holding time

Holding pressure

— Advantages
» Simple to build

> Fast to evaluate

\
Vector of ~ Disadvantages
Vector of predicted > D . ¢ for bhysi
process oUtpUts oes not account for physics
properties

L » Does not generalize to arbitrary geometries
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02 Potential Machine Learning Approaches

Point clouds

Represent a domain with a set of points with features at
each point and train a mapping from point clouds to

volumetric functions. Predicted fill time distribution

© —_
S =25
O LS @
c -
PointNet S 58¢8
PCNN
GBRT
— Advantages
» Powerful generalization
» Easyto obtain from nodes of meshes
\_
Point cloud Approximation of ~— Disadvantages
representation of vqumetrlp » Considers only local information
geometry output functions
L » Does not account for linkage of points
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02 Potential Machine Learning Approaches

Rasterized domains

Represent domain with voxels and employ Convolutional _ e
. . . nvoluti r
Neural Networks to learn fields directly. Alternatively, use Predicted fllime distribution  Projection of features

projection to pixels and subsequent reprojection. @ to 2d maps

Predicted deflection distribution Low-res prediction

Upscaling of
7 — — F
- 3d 2d prediction |
= reprojection map -

Convolutional

Neural
Network
— Advantages
» Wellunderstood and effective for images
» Powerful generalization
\_
Rasterized (voxel Rasterized (voxel ~ Disadvantages
or plxel.) or plxel-) » Does notaccount for physics
representation of representation of
geometry outputs L » Requires massive amount of training data
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02 Potential Machine Learning Approaches

Graphs

Graph Neural Networks learn message passing rules to
update the state of a graph.

Graph
N eura | (a) Prediction (b) Ground truth
Network

— Advantages

» Good generalization potential
» Graphis easy to obtain from meshes
\_
Representation Updated graph ~— Disadvantages
of geometry and state » Information passing limited by network depth
state as graph
L » Roll-out inference slow
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02 Potential Machine Learning Approaches

Physics Informed Machine Learning

Physics Informed Neural Networks, Deep Operator Nets,

etc. are trained to minimize the residual of physical RO AR et / = A
equations and data points. _ ¥ LB _TC i
§
. &
Physics Informed Neural \ 4
N etWO rk [ oerect | r}u;srscr )|

— Advantages

\.

» Very little data needed
S S » Include known physical equations

Vector of ~ Disadvantages
Vei’For og(lo:hatlon, predicted > Limited generalization
ime & other outputs
parameters L » Training times can be quite significant
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Fast surrogate base model
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03 Fast surrogate base model

Modelling pipeline

Inputs Predicted outputs
[
*= Meshed geometry = = Fill pattern
S . :
* [njection points c = Volumetric shrinkage
= Flow rate atinlets % * Freezetime
05,‘ = Fiber orientation
‘ @
/> _(%
— | c
» ‘ ®
I_

Distance to walls 10.5 0.3 0.7 7.8
Distance to gates - (32 ) — [0 — [05) — 312
Neighborhood relation 0.9 0.9 0.1 0.8

0.2 0.2 0.7 0.15

miA UNIVERSITY OF
AUGSBURG Fast Prediction of the Injection Molding Process Using Machine Learning | 01.10.2026



03 Fast surrogate base model

Node encoding

Geodesic distance to walls Dy,

[VDw(x)| = 1

Dyw(x) =0

Geodesic distance to injection gate
IVD;(x)| =1

Di(X) =0

Modified distance to injection gate

|VD;(x)| = 1/Dy (%)
Di(x) =0

GPU-Implementation

X E ()

x € 00,

X E ()

xE@Qi

X E ()

xE@Qi

We use a tetrahedral Fast Iterative Method (tetFIM) for
solving the equations on linear tetrahedral domains.
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03 Fast surrogate base model

Node encoding

We compute a volume weighted spatial moment of the
neighborhood

1
S, = V. Z 4] dij X dij with. V; = Zvj
L IEN Ni

as a metric to encode directionality of the material
distribution. For example:

1 0 0 11 0 0 11 0 0
Srod =[0 0 0| Splate =50 1 Of = Ssphere =3[0 1 0
0 0 0 0 0 0 0 0 1

The efficient neighborhood-search is performed with a
Ball-Tree algorithm.

~— Neighborhood

S: Spatial moment v;: Volume of element j

NV;: Neighborhood of node i

d;;: Normalized direction to element center j

-

Structure_tensor 0
1.7e-01 025 03 035 04 045 05 0.55 6.2e-01
4 | | | .

& _—
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03 Fast surrogate base model

Training data

CAD Model Dataset For Geometric Deep Learning Autodesk Moldflow Simulations

Koch et al., [IEEE CVPR, 2019 Run for each geometry with a random injection gate at the
surface.
| Fill pattern | Freeze time
B Volumetric shrinkage

00000
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03 Fast surrogate base model

Performance on generic sample (not part of training)

~— Ground truth (Fill pattern) ~N ~— Ground truth (Orientation) ~N
Y,
p\
'Y&(
- Y, - y,
WNIA s o
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03 Fast surrogate base model

Performance on generic sample (not part of training)

~— Ground truth (Cooling time) ~ ~— Ground truth (Shrinkage)
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03 Fast surrogate base model

Computational performance

Computational domain

Software Task Full Simulation Approximation
Elements: 694 049 Moldflow Meshing 62 s 62 s
N OdeS: ]27 737 Moldflow PDE Solver 1647 s -
tetFIM Initialization - 12 s
tetFIM D; - 3.3s
Computational resources foge Dy - kge
tetFIM D¢ - 28s
CPU: AMD Threadripper Pro 5995WX SabyiNGuby  Soatal Mosseit ) da
(64 Cores @ 2.7GHz with 4.5GHz Boost) 1700 < 55.7 o

RAM: 512GB (DDR4-3200)
GPU: NVIDIA RTX 4090 (24GB VRAM)

Contents lists available at ScienceDirect

Composites Part A

journal homepage: www.elsevier.com/locate/compositesa

Speed up

Overall: ~ 20x Fast approximation of fiber reinforced injection molding processes using

New gate: ~ 275x eikonal equations and machine learning
Julian Greif*, Philipp Lechner *°, Nils Meyer *°*

miA UNIVERSITY OF
AUGSBURG Fast Prediction of the Injection Molding Process Using Machine Learning | 01.10.2026



Warpage

miA UNIVERSITY OF
AUGSBURG



04 Warapge

Extended approximation model

Inputs Predicted outputs

= Meshed geometry = Fill pattern
* [njection points = Volumetric shrinkage

" Freezetime

= Flow rate atinlets

= Fiberorientation

= Warpage

Ll
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04 Warpage

Extended approximation model

Approximation
Moldflow Reference
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04 Warpage

Results

- Before Retraining
——- After Retraining

10—3 4

Deflection
Relative Warpage Error

0.121

Fiber Orientation
RMSE

0.012 -

g 0.010

Sw

g

B 0.008 -

z

0.006 -
0 20 40 60
Test set geometries
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Moldflow
Approximation before retraining
Approximation after retraining
Original Geometry

. (x2 amplified)

(x3 amplified)
I

(x3 amplified)

23 mm

Contents lists available at ScienceDirect

Composites Part A

SFVIER Jjournal homepage: www.elsevier.com/locate/compositesa

Warpage prediction for fiber reinforced injection molding via geometric
feature learning and differentiable FEM*
Julian Greif @, Nils Meyer *"©
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