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« Geometrical aberrations in electron microscopes hinder precise
imaging & detection of samples under studies, making the

guantitative interpretations upon experimental results intractable;

* The measurement of aberrations involve retrieving the phase
distributions at the back focal plane lost during the detections;

* To effectively solve such an inverse problem, we developed a
novel method by exploiting the advantages of deep learning;
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Degraded imaging quality due to aberrations.
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Methods
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« Starting from randomized aberration coefficients as the ground
truth, training images were generated with the convolution
between aberration-free experimental images and simulated focal
serial PSFs. The model was trained such that precise end-to-end
predictions of aberration coefficients would be accomplished.

—-5000

C21a

0 5000

(4.79 + 63.74) A

4000 -
2000 -

0 -
—2000 A

—4000 -

-5000

400 -

200 -

C21b

0 5000

(-0.89 + 63.31) A

4000 -

2000 -

—2000 A

—4000 -

-5000

400 -

C23a

0 5000

(2.11 £48.19) A

4000 -

2000 A

—2000 A

—4000 -

-5000

400 -

200 -

C23b

0 5000

(0.55 + 47.99) A

C10 C12a C12b
200 - 200 - 200 -
2 4000 A
\C/ 100 100 A 100 A 2000 -
O
5 0 0- 0-
8 2000
E-']OO —100 - —100 -
—4000 -
—200 - . . . —200 - . . . —200 - . . .
=200 0 200 =200 0 200 =200 0 200
Truth (A)
(u+o): (0.11 £ 1.53) A (0.18 + 1.75) A (-0.05 + 1.78) A
20 1 o Residuals 20 - 20
= Histogram 400 1
L 10 A Gaussian fit 10 -
E
S 0t 0t
n
O]
X -10 - =10 A =10 -
=400 A
=20 =20 =20

0 200 0 200 0 200

Truth (A)

200 N 0 oy Set g i
0004 [ LRI

—-5000

200 |

Y Y bl (Pt SRR, ALY L DNt o’ o8 o % 0 00 cogfon %0 IL° o L Se e
Sl ol b 8 (aibbtdpede ¥ =St is SR T

. = — . = g >
0 14 0 1+ e

= £ - B
v A W9, X - ° : agiy - <
v, ogs b} s = : g pe
- [ 4 * °° ° o ] LY 5 00 e 8 ‘°

200 [ 2004 [~ 2004 [ "

-400 - —-400 - —-400 -

0 5000 —-5000 0 5000 —-5000 0 5000 -5000 0 5000

* The 2D histograms (upper row) showed strong correlations between the ground truth aberration coefficients and the model predicted values;
* The residual scatter plots (lower row, cyan dots) together with the corresponding Gaussian fitted marginal distributions (orange line) showed
symmetric distributions of prediction errors centered around zero, with the deviations lower than conventional measurement methods;

Conclusions

A customized CNN model dedicated to end-to-end aberration
measurements in electron imaging was trained on focal serial
STEM images generated with numerical simulation.

* The results showed outstanding precision of aberration
measurements exceeding existing methods, highlighting the

unique advantages of deep learning in solving inverse problems.

Abbreviations:

* FEG: Field Emission Gun;
 BFP: Back Focal Plane;
 ADF: Angular Dark Field;

* PSF: Point Spread Function;
« MSE: Mean Square Error;
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