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Solidification cracking in AM, casting & welding

So|igus (=)

oyt e oo LT (62090)
20T fiz099) RT (oaucrcoo)  Liquidus (=0

- ;
1] | E
R JAMIN '
Temperature } f | |
. ™~ : ; - ~~ J\ ~ J|\ ~ Jlk ~ Jl
SN RO Stage 3 Stage b
b Acc V. Spot.Dets WD ]"——:—i 20 pm ! u m!u. St‘ge1
200kV5.0. SE,. 10.2.CPTT N5-8423
W. J. Sames, F. A. List, S. Pannala, R. R. Dehoff & S. S. Babu (2016): '
The metallurgy and processing science of metal additive Santillana, B., et ?'-'MMTA{ 2012. 4?(13)J Lee
manufacturing, International Materials Reviews Aucott, PhD thesis University of :Leicester

John C. Lippold(2015): Welding Metallurgy and Weldability,



Three interactive factors

Processing temperature; Cooling
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Neural Network

NN a data basec

and data driven method

Deep learning (deep neural network)

Problems of multiple variables and complexity, e.g.
solidification cracking

Artificial
intelligence

Machine
learning

Deep
learning

Data Algorithm Model
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The basic unit of neural network

Input Neuron w Vector Input ﬁ;
n=[Wy, W, - Wgl|l'J|[+b

N\ A p
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a=f(Wp +b)

number (*f input: R p

P2

P1 a=f(n)= f([wm Wi, - Wig] N b)
p= p2 W=[W,; Wy - Wig] PR
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S-neuron, one-layer network
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Three-layers Network
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Training process

Changing NN’s parameters 0 (i.e. weights w and bias b)
to minimize mse (mean square error) and msw (mean
square weight, in order to improve generalization)

J(®)=msereg = ymse + (1 — y)msw

Backpropagation algorithm (most popular one in
training)

Training/testing dataset: evaluate the reliability of a
NN



3 Work Routes

Support Vector Machine (SVM), etc.
Machine learning (ML) methods
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Stainless Steel Varestraint Test Dataset

code c Si Mn P S Cr Ni Mo N .. V B Th | U Ve Strain TCL MCL note

0 316NG-A 0.0100 048 1.61 0.024 0019 1733 1062 2.09 0.0600 .. 00 0.0 3.18 100 120 423 40 150 0.19 ref03

1 316NGB 00110 058 1.06 0.032 0013 1695 1050 2.15 0.0780 .. 00 0.0 3.18 100 120 423 40 110 0.18 ref03

2 316NG-C 0.0100 046 1.09 0.021 0001 1740 1150 2.88 0.1050 .. 00 0.0 3.18 100 120 423 40 090 0.15 ref03
484 K17 0.0140 033 1.73 0.026 0007 1790 950 0.00 0.0460 .. 00 0.0 500 70 160 125 1.2 024 Nan refi7figl4
485 SUS304 0.0500 075 0.94 0.026 0.007 1830 940 0.00 0.0160 .. 00 00 500 70 160 125 1.2 0.00 Nan refi7fig14
486 SUS316 0.0700 066 1.01 0.020 0006 16.70 1240 2.38 0.0200 .. 00 00 500 70 160 125 1.2 147 Nan refi7figl4

487 rows x 25 columns

487 testing data: 487*22 matrix
21 input: composition and test parameters
1 output: TCL



Lundin: WRC509 Weldability and

Weldability Varestraint Test
hot ductility behavior of nuclear

g “ grade austenitic stainless steels
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Varestraint SCS test: include three type factors in one
test : composition factors, processing parameters, and
strain

Total crack length (TCL): indicator for SCS
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Accuracy vs. Neuron Number (1 Hidden
I—aye r S N N ) (a) 1 hidden layer shallow neural network
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Accuracy vs. Depth of Neural Network
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The equations and its wei

the optimal DNN
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X is the normalized input vector,
7, is the normalized output value,
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Prediction Using Trained DNN
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Prediction Using Trained DNN
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Conclusions:

1 Increasing neuron humber does not improve the
prediction accuracy of NN when neuron number
larger than a number in one hidden layer NN (last
generation one hidden layer SNN )

2 The prediction accuracy of NN can be improved
through increasing hidden layer number (using deep
learning NN)

3 Multiple variables and nonlinear Problems in
material process, e.g. SCS, can be solved using NN
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