A neural network based hk/ indexation of multi-

grain Laue Patterns
Ravi Raj Purohit PURUSHOTTAM RAJ PUROHITL2"

Jean-Sebastien Micha'2, Samuel Tardif%3 Odile Robacb2'3, Joél
EYMERY?3, Olivier CASTELNAU# Rene GUINEBRETIERE>

lUga, Umr Symmes Cnrs-Ceal9 - Grenoble (France)

2French CRG beamline BM32, ESRF, Grenoble

3Uga, Cea-Irig/mem - Grenoble (France)
4PIMM, UMR CNRS 8006, ENSAM, CNAM, Paris (France)
>SPCTS, UMR CNRS 7315, Université de Limoges, Limoges (France)

........
......
......

! AT 1
l DF Deutsche e
: Forschungsgemeinschaft Vel s 5 ol




To work with the NEURAL NETWORK version of Laue indexation

You can do plp install lauetoolsnn in your terminal where you have installed pip
install lauetools = This is for the Graphical User Interface version of the code

Additionally you will have to install tgdm (progressbar) library (pip install tqdm)
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Gentle introduction to Machine learning

Machine Learning (ML): the dataset must be
preprocessed to extract significant features that
the model can be trained on.

Artificial Intelligence:
Mimicking the intelligence or
behavioural pattern of humans

or any other living entity.

Deep Learning (DL): refers to the training of
artificial neural networks (ANNs) and the feature
extraction is performed automatically during
training.

Machine Learning:
A technique by which a computer
can "learn" from data, without
using a complex set of different
rules. This approach is mainly
based on training a model from
datasets.

Machine Learning
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Deep Learning:
A technique to perform
machine learning

inspired by our brain's
own network of
neurons.

Deep Learning
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Feed forward Neural network: Application to Laue diffraction indexation
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Laue Diffraction microscopy setup at BM32 beamline, ESR

*Micha, J-S, and Odile R. "La microdiffraction Laue." Reflets de la physique 44-45 (2015): 68-71.
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Introduction: Laue microdiffraction

Classical indexation procedure for
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Procedure for indexation:

Refining structural
1. Extracting peaks from the raw detector image = Quality of indexation depends on this step. parameters of crystal

2. Indexation of spots (i.e. identifying the HKL miller indices) - angles matching with LUT
» Trial and error approach
»  Time consuming process (depends on the maximum HKL index probed in the LUT & the two selected spots belong to same grain)

»  Orientation matrix deduction : Comparing experimental and simulated Laue pattern to verify the validity (matching rate similarity index ) of
the proposed orientation matrix. Crucial and most time consuming step

3. Model| Objective 2> Employ neural network to automatize and speed up the HKL identification process with
high reliability.



Neural network for indexation problem

Extracting Laue features for training

Ability Of the neural network Iearning depends Strongly O»'\ thna annlinahilithhvs nf thna fantiiva it 1e dasalt vanth (aavbhanns 1n anvhann ALt

a o

@t LT & 4.0
250 40 12

—> Often the mutual angular distribution (or fingerprir| =

20

750
on the hkl of the spot. ¥oi i,
2 1250 s
1500 20
1750 _id :
Simulated Laue Pattern for single crystal Cu M % DO X% a4 B T S S T R ann
X pixel 26 (in deg) Angular distance bins
b
FEENN ¢’ " a0/
40 A J 1-5 .l- . . . 35
goz | god  gos é;_'; g0 Binning of angular . ol
s L distance between | _ " 25
20 - g ¢l é jl_s ¢ ; g 1<, ¥
; ol L neighbor spots = §201
3 _27‘5 62-4 621 { . 154
= 09 'y a2 10
a e I B - st L LN
—20 - Jis . . a0 60 80 " 100 120 w "° 00 25 so 75 100 125 130 175 200
J ‘ .33'5 64'8 Nelghbors deflned l c X pixel Angular distance bins
a0 P limit search angle
T e Ny vo (here 20°)
50 60 70 80 90 100 110 120 130

28 (in deg)

X (in deg)

Y pixel

1000 1500 2000 0.0 25 5.0 75 100 125 150 175 200
X pixel 26 (in deg) Angular distance bins

/
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Neural network for indexation problem*

An optimized Deep Feed Forward model
A simple NN architecture - Faster prediction
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Input Layer € R Hidden Layer 1 € R Hidden Layer 2€ R  Hidden Layer 3 € R Qutput Layer € R
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*Purushottam raj purohit R.R.P, et al. "Neural network based real-time hk/ - indexation of Laue microdiffraction patterns recorded on polycrystalline samples”. In preparation (2022).



Neural network for indexation problem*

An optimized Deep Feed Forward model
A simple NN architecture - Faster prediction
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Training dataset orientations Validation dataset orientations

*R Quey, A Villani and C Maurice, Nearly uniform
sampling of crystal orientations, Journal of

Applied Crystallography, vol. 51, pp. 1162-1173,
2018.

Uniform orientation distribution generated with Neper*
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» Data augmentation: Gaussian noise and disappearance of spots (or partial Laue patterns) based on their energies



Neural network for indexation problem

An optimized Deep Feed Forward model

] | Prediction time » Single neural network architecture that works for all crystal symmetries
Time to train
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Optical microscopy image
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Micro-Laue campaign of Joél Eymery
Univ. Grenoble Alpes, CEA, IRIG-MEM, Nanostructures
and Synchrotron Radiation Laboratory.
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Characterization of GaN whiskers with micro-Laue

*|PF (Z) plotted with MTEX
Optical microscopy image GaN- phase (grain 1)

Si- phase

GaN- phase (grain 2)

Scan direction \




Optical microscopy image

Si- phase

£11 (%)

GaN- phase (grain 1)

£11 (%)

0.002

0.001

0.000

—-0.001

—0.002

0.15

0.10

0.05 1

0.00

—-0.05 4

-0.10

-0.15

£22 (%)
=T [
L
i . o
" _l'!- '.r._.
..- |

£33 (%)

0.004

0.002

0.000

0.15

0.05 7 B

0.00 s

—-0.05 4 "

—0.10 i .f I

-0.15 '

_1
o,
0.10 i #‘

0.004

0.002

0.000

-0.002

-0.004

0.2

0.1

0.0

-0.1

-0.2



Laue area
scan: 51x51

In2Bi- phase

In- phase

*Color does not represent texture here for Tetragonal
phase but uniqueness in orientation

*IPF (Z) plotted with MTEX
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Laue area
scan: 51x51
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Herbertsmithite ZnCuOCI

Optical microscope

Three grains are in the scanned ROI (different DEPTH!)




Graln 1. (_1101111) Orlentatlon Matching rate (IO?U (Dm_n)
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Kernel average misorientation map
Grain 1 Grain 2 Grain 3

.18 . |
12
16
14 10
12
10
8
6
4
2
B

Misorientation map

[==]

(=2

S

N

Grain 1 Grain 2 Grain 3

40.09
0.2

0.18 0.08
0.16 10.07
-10.14 10.06
0.12
0.05
0.1
0.04
0.08
0.03
0.06
0.04 0.02
0.02 0.01




Polycrystalline Tungsten (W)
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Appendix



Multi-phase Detection

Cu-pads embedded in Si

Fluorescence image

Microscope image
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mesh scan #83
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Matching rate

Material Index

IPF Z map
UB matrix 1 .
IPF Z map

UB matrix 2
UB matrix 3
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Strain in Si layer (or UB matrix 1)
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