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TIME PREDICTION TOOLS FOR MATERIAL PROCESSES ~ TOMORROW TODAY

REDUCED & REAL-TIME MATERIAL & PROCESS MODELLING PHYSICAL-DATA DRIVEN MATERIAL\PROCESS MODELLING FRAMEWORK
Reduced and real-time material and process modelling enable

material-based manufacturers to control and optimize their production (]1_;) H'

chain, resulting in improved efficiency and reduced costs. They can also A.;:d D : S ATd
accurately predict the behaviour of materials and their associated Modelling A ctariEstion
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data bases from experiments and off-line detailed simulations to create =\ /o _
fast models that can predict the behaviour of materials and their ;fi\:@ . :_.'J
evolution during manufacturing processes. They can also be used for - Q//\j,\% il nedu?ed&};;;' _— |
controlling and optimization of the design production routines for new g il < . (TN T - e

Driven Modelling

and existing materials and processes.

The proposed framework herein is trying to exploit reduced order
modelling (ROM) and data training based on:
 Efficient material models for computational material science

» Concepts of integrating data science into material process
simulations
* Smart material data management using machine learning (ML)

Crossing of physical & data sciences modelling schemes:

» Physical modelling (multi-scales, multi-physical) ﬁDa’[a fitting, auxiliary models

« Experimental material & process parameters@Da’[a-driven accelerated characterization
* FE detailed numerical simulations @Real-time controlling & optimization tools

PHYSICAL-DATA DRIVEN: FROM MATERIAL DESIGN TO PROCESSES MACHINE LEARNING: DATA TRAINING & DATA LEARNING SCHEMES
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PERFORMANCES OF REDUCED MODELS FOR MATERIAL PROCESSES REAL-TIME MODELS AND THEIR PERFORMANCES FOR DIGITAL TWINING
» Reduced models provide an efficient predictor tool | ’ e PR M\Owethoc\j + Accuracy and reliability = They should be T oot
which can be employed for the real-time | - —POD_ARBF_CaseT0.80 able to accurately predict the behaviour of -
controlling and optimisation ; h e the material processes. 1 ors
. . . . 3 — o _Case TO_ - g ege 0.8
» Data variations during processes can be considered |* . i —— » Scalability and flexibility - They should have | | 3 °T"
. . e o - ! ! < 06
for for real-time predictions. 3 s ,Wl M ability to scale up or down while being | £ L,
. . . . . = i : < 0.4 '
» For material processes with high heating\cooling |t (;W%W“\MWWWM | flexible enough to adapt to different| | & T
I = VIV A AW : : © 02 ' :
rate, reduced models need to be trained further | changes during material processes. o0 OB
using ML schemes for better performance. | O AL o N o | L
R 0 0 ' . . . . o xd o Eff|C|ency —_ They should have ab|||ty to use RBF_90 RBF_180  RBF 320  Kriging_90 Kriging_180 Kriging_320
Time [s] . - 02 MOR Estimations
resources in an efficient manner.
Normalised Error Versus Rate of Temperature for POD MOR Average Maximum Ercor (Mormilised) and Initial Deviation far MOR Technigues
~ | | | —Slope:_Ca se TO_90 | "
.._F’*E' VoL , 500 Temperature, maxima @ Average Maximum Errar
g 200 1 { - ——Slope_Case TO_180 3.0006402 L 282
= ' 2,865e+02 = @ Average Initial Deviation [%]
o 4.00 2 2.730e+02 _ E -
"y ol L
e A A 1 3 s | s
E 100 b——— T B | e e iy i - . E ig:z::g;;”l i ) 1 JEIH
E o —— 1.650e+02 | g s LJ . t ;.
0 . 10 15 20 25 30 ' SVD_REF SVD_Eriging Chusterin g Regressio A AT I
Time [S! MOHR Estimations

MODELLING OUTCOMES AND DISCUSSIONS:

- Best performance data “solver-interpolator”

Basic Physical &
Mathematical Modelling

» For thermal-mechanical and multi-physical material processes, reduced models

need to be able to cope with rapidly changing data, especially for high cooling combinations have proved that accurate
and heatlng rate processes. rESU|tS Can be aChIeved- Simplificationand Decompos?tion, Proj_ection
» The sizes and variation of data within snapshot matrix can considerably affect * ML trained models can significantly improve
the prediction power of these models data representations within the PDD Vil i ‘v - c\ o o
, o . framework to achieve a superior accuracy T N/
» To carefully verify the performance of these models, it is required to setup a and agility. Although, they would be auxiliary (@)—(m)
rigorous validation criterion where performance maps at internal, near models and would not replace experimental | [owemenons | [t |
boundary and extreme condition (extrapolation) of search space are examined. and numerical process simulations. T
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