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Bragg coherent diffractive imaging enables us to view
the atomic disorder and defects within a single crystal

< BCDI employs coherent beam to image incoherent
é;ﬁ Bragg CDI of single grain domains in a crystal with atomic resolution
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Machine Learning and Adaptive
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3D Convolutional Neural Networks for BCDI

Institute of Materials Science Rapid Response project (No.
RR2020-R&D-1)
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3D CNN

Predictions










¢(r)

— — —
- O | - O | =} |
— — [ ——— ] [— |
o o
0 n
a‘ a‘ i
ok
"
o
o o
o n o o o) ) LN (=}
~N n ~ n ~N n
— — —
- O | - O | o |
_ — _— — = —
o o
N 0
i
K| |
™=
o o
o n o (=) n o n o
~ n ~ ) o~ n
— — —
—~ O | —~ O | o |
- =
o o
n n
| .r.
) i
o —lo —
o n o (=} n o n o
o~ wn o~ n o~ n
— — —
—~ O | —~ O | o |
= = —
o o
0 ]
4 i ¢
i v 1
o o
o n o o n o n o
o~ 2l o~ n o~ 3]
— — —
— O | - O | o |
= = = e—
— 2 ]
b
. { .
o o
o n o o n o n (=]
o~ wn ~N n o~ n
— — —
—~ O | — O | o |
[— | —— ] [ — ]
o o
0 b 0
i
LN | |
o o
o n o o n o n o
o~ n ~ n o n
— — —
—~ O | - O | = |
= —
a 7| a F
\
- =
o o
o "sl o (=} n o I's} o
~ e} ~ 0 o~ n
— — —
— O | - O | o |
T ——— = =
o o
0 0
5 .ﬂ
J ]
- — O - (=] -
o n o o n o wn (=]
o~ n o~ n o n

50

50

50

50

50

50

50

50



