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Outline

Project: “Accurate identification and characterization of defects in materials enabled by deep learning
image analysis”, June 2024-2027, Cross-disciplinary initiative for digital science (Mission Numerique);

Today’s presentation:

1) “State of the art of machine learning in materials science electron microscopy”, shortly on arXiv;

2) “High-throughput analysis of dislocation loops in irradiated metals using Mask R-CNN’;
Salvador et al., Micron 201 (2026) 103927

1) “Dislocation loop growth in Al revealed by DL segmentation of in situ TEM videos”,
Part of L. Vessier-Alary’s thesis.

2) Conclusions, challenges and perspectives.
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(1) State of the art: Al vs ML vs DL
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Jim Gray. The Fourth Paradigm: Data-Intensive Scientific
Discovery. Microsoft Research, October 2009; Image adapted
from Agrawal & Choudhary, APL Materials 4, 2016

Bottom: Images adapted from Pichler & Hartig, Methods Ecol
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(1) State of the art: DL in materials microscopy

—— Computer Vision OConception O Materials (EM) usage E?f‘e(r?nﬁeSZ Ky ot al. (2012)
1754 High Throughput riznevskKy et al. ,
| — wicroscopy 2012 2014 2016 2018 [2020 [2022 [2024 (2) Kingma & Welling (2013);
=] —— Machine Learning penns @O || | T (3) Goodfellow et al. (2014);
X 1251 VAEs @ | | | || |« (4) Girshick et al. (2014);
2 100- GANs % _____ (5) Ronnenberger et al. (2015);
_% Detectors 49 | ||| CHE (6) He et al. (2016);
S 751 U-Nets % (7) Ho et al. (2020);
S ol ResNets 6 (8) Dosovitskly et al. (2021):
= DDPMs (9) Ziatdinov et al. (2017);
25- Vi, Swin (10) J. Ede (2020);
0 , | , : , , 2013 2015 2019 2021 2023 2025 (11)de Haan etal. (2019);
1960 1970 1980 1990 2000 2010 2020 (12) Okumev et al. (2020);
Year (13) Yao et al. (2019);
(14) Saxena et al. (2021);
Fig. 1. Evolution of publications per year on topics Fig. 2. Timeline of the most critical model families in (15) Azgadan et al. (2023);
such as Computer Vision, High-Throughput, computer vision and their respective adoption in (16) Qiao et al. (2024).
Microscopy, and Machine Learning. The data were materials science electron microscopy.
obtained from the Web of Science (all databases) in

January 2026.
shortly on arXiv;
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(1) Opportunities: DL in materials microscopy
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Fig. 3. Co-occurrence frequency of models and data Fig. 4. Materials microscopy papers citing specific
types machine learning model types over the years.

shortly on arXiv;
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(1 .. 2) State of the art: Computer Vision (CV)
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Residual connections: ResNet;

He et al., CVPR 2015.
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(1

.. 2) State of the art: Computer Vision (CV)

Top-5 Error (%)
(=]
(9]

Traditional CV (~28%)

AlexNet, 16.4%

' Crossover, Error CV < Error Human
Inception, 6.7 % /

) N £ R
ResNet, 3.6 %o SE]\-Tet, 2.3 % VIiT, 1.5 % 4/\ __________
0 T T T T T | T T T T T T T i----j---:-i:.-—.-’,—. ___i_____.‘i
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 A O R A I T
Year — B[R ) S {

_____________________________

R-CNN: Regions with CNN features
~ aeroptane? o,

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions
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Any CNN-backbone

class
——> bt

nv onv

Roi Align: Mask R-CNN

He et al., CVPR 2017.
Images from the arXiv version
arXiv:1703.06870v3 [cs.CV]

Region Proposals: R-CNN
Girshick et al., CVPR 2014.
Images from the arXiv version;
arXiv:1311.2524v5 [cs.CV]
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(2) Materials under irradiation
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(2) Preliminary works at the CEA
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- 15Cr-46Fe-17Mn-22Ni (at.%) (Y3)
- 16Cr-37Fe-13Mn-34Ni (at.%) (ES1)

- Irradiation experiments with Fe* and Ni%*
- T =550 °C
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(2) In situ irradiation experiments

JANNus-Orsay

Gentils and Cabet, 2019
Nucl. Instrum. Methods
Phys. Res., Sect. B, 447
(2019)

Problem at hand: In situ
platforms produce data
volumes that are virtually
impossible to analyze
without ML (or other data
analysis) algorithms.

2

lons from ARAMIS
(approx. 0.5 up to
few MeV ions)

/
0,=23° TEM thin foil
N

lon Beam Analysis Implantation / Irradiation
(RBS, RBS/C, PIXE, ERDA) LN, -> 1000 °C

) lons from IRMA
U<t/ ~ ‘ (approx. 10 to few

100 keV ions)

) i A=

2 MV ARAMIS
home-made accelerator

In situ dual ion
beam 200 kV
Transmission

Electron
Microscope

Tandem mode > 40 elements
SNICS negative ion source

500 keV < E < 11 MeV
Seale houiitate
ion implanter

200 kV, LaBg filament
LN, > 1000°C

Van de Graaff mode EELS, EDX, STEM

Penning source @ HV F—
i <20 uA Bernas-Nier ion source in situ
200 keV < He < 3.6 MeV 10 keV < E < 570 keV RBS/C
200 keV < H < 1.8 MeV up to 20 mA

max. 1 MeV per charge state

>
65 elements in situ in the TEM

- Spatial resolution of 0.22 nm.
- 2048 x 2048 px CCD camera (up to 30 fps) -> up to 1.3 TB per hour
- Additional wide-area imaging camera
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(2) Proposed framework: github.com/ai-atoms/creme Salvador et al., 2026
Micron 201 103927

In situ TEM irradiation

experiment

_______________________

Reference data

316L frames

15 20 25 30 35 40
Diameter (nm)

1
: :
! 1
! 1
A 1
: 1
! 1
! |
A |
1 |
. e e 1
Heating sample ! :
Ton source = holder : i
! 1
|
: Data engineering E
' Manual annotation !
! :
! 1
! .
. . | 1
Data recording New in situ data ! :
0.1-10 fps ! ;
- :
1 1
! |
1
ES1, pure Cr ' !
1
| 1
| 1
i : 200
| ! (b) = 59.9 min
I "
Pre-processing ) E 160 - i;; min
e 1 i 9 min
FOV selection ! : 9 = 32.4 min
Inference . ! 9 28.5 min
1 o .
! : = 120
1 ! o
| ' P
| ! 2
! : c 80
: : | i 2
Segmentation Evaluation: ] ! =z =
: ' i Test data
Analysis mAP, Py, P : ! 40 /
! :
' 1
' 1
' 1
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Camilo A. F. Salvador, DRMP/S2CM/SRMP, CEA Saclay, Journées MOSAIC (12-13 March 2026) 13/03/2026 11




(2) Dataset: 3600 unique loops; 43835 + 10975 augmented loops

316L, 550 °C, 2 MeV Ni?* ions, (2.8x10"" ions/cmZ2.s)

ID: 364

ID: 271

ID: 199

FOV = 800 nm (2%), 533 nm (28%), 400 nm (31%), 200 nm (39%)

Camilo A. F. Salvador, DRMP/S2CM/SRMP, CEA Saclay, Journées MOSAIC (12-13 March 2026)
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(2) Model training and evaluation Salvador et al., 2026
Micron 201 103927

Backbone Parameters (M) FOV (nm) Threshold Run time (s) Relative errors (%) AP (%) P Py
E'C NTB D?"E Dm,‘r‘e
ResNeXt-101 89.46 200 0.8 11.0 1.01 -3.68  -10.03 -3.54 25.0 95.1 83.6
- - 400 0.7 3.0 -8.10 -0.26  -22.81 -21.33 33.0 944  60.6
- - 533 0.6 1.9 -9.88 2.59  -30.13  -30.57 36.6 88.0  49.8
Resnet-50 26.58 200 0.9 6.6 0.10 -0.15 -13.27  -6.01 19.6 97.2 814
- - 400 0.8 1.9 0.94 -4.07  -15.71 -12.54 28.1 93.9 70.7
- - 533 0.7 1.2 2.37 -1.77 0 -20.33  -19.20 33.0 92.9 63.2
Resnet-18 13.77 200 0.9 4.7 -19.79  -6.48  -13.71  -3.99 28.2 89.8 T7.5
- - 400 0.8 1.4 -16.62 -18.54 -14.32 -10.13 30.7 85.4  62.7
- - 933 0.7 0.9 -13.02  -11.74 -21.09 -19.92 33.2 82.1 55.8
With: (y . _y.t)
' Yie = P =) x 100 (1) —a.D.
F = foreground percentage * Yot Ai=m-D-Dp (3)
N = number of loops ] ] A 1
S = loop sizes Py =100—6 ( - - ) Py = Aoy = (N) -7 (D) - (D) (4)
. . 14 [Frel = 1T+[Nee| 1+ [l
(ellipses with D and Dm) (2)
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(2) Results: use case A, ES1 alloy

ES1 alloy: 16Cr-37Fe-13Mn-34Ni (at.%)
500 °C, 2 MeV Ni?* ions
(4.2 x 102 ions/cm?.s)

Salvador et al., 2026

Micron 201 103927
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(2) Results: use case B, pure Cr (bcc) Salvador et al., 2026
Micron 201 103927
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(2) Results: use case C, particle tracking

Integration with TrackPy .

Loop re-indexation;

Calculation of: microscope stage drift,

trajectories, mean-free path, growth-rate, etc. soft-matter.github.io/trackpy

lag time t
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(2) Results: use case D, fine tuning (new dataset)

Base model detects 452 loops
“.f*‘ > VD - = IO | _
-' e o 2 ‘. \

200 nm .o ™ T30y

5 5 ’ =

. S>U D VL
New Ni-based alloy R A T e
Fine tuning is performed with only ‘:7 TENOS o - ’
1 of the original dataset 5'.‘ O . T ,94 o

FT model detects 635 loops
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(3) Semantic models for dark-field segmentation Ronnenberger et al., 2015
MICCAI pp. 234-241

. : : U-Net S ted
A detection-first strategy may fail g i Asegmentation network SLEpiLTage

when objects:

<l ~|II-$®)
. lack a well-defined bounding —— 3‘.“_"3,’fP°°““9 Niflons: X |

box (e.g., topological or | > Al 4

percolating structures), : Skip connections _
. are defined by texture rather . ~1HN Concatenation> LM /

than shape &, \ Convolution ‘ of skip and input ~

. %._ \. blocks HEEEEE > IS

. are defined by the absence of %\ ; | S

contrast (e.g., pores) i S *- S 4 Image source:

. T zefguides.com (2022)
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(3) State-of-the-art: semantic models for dark-field segmentation

Figure 1: MEDIAR prediction results on NeurlPS 2022 CellSeg Challenge validation images. Our
proposed method identifies the cell instances evenly well across different modalities.

2

ML Framework chosen: PyTorch

U-Net and U-Net++:

NASA’s pre-trained microscopy models (pmm)
Pre-trained on MicroNet 1.0 (Stuckner et al. 2022),
includes both SEM and TEM images;

MANet and SegForm: not implemented in pmm);
(Pavel lakubovskii) segmentation models (smp);

11,300 stars on GitHub; MIT License

Won the Open Cities Al Challenge (2019), MICCAI
(2020), NeurIPS 2022 Cell Segmentation Challenge
and the Severstal’'s Steel Defect Detection (2024 );

Left-side image: Lee et al., (KAIST Al), 36th
Conference on Neural Information Processing
Systems (NeurlPS 2022); arXiv:2212.03465v1
[cs.CV], Dec. 2022

a Camilo A. F. Salvador, DRMP/S2CM/SRMP, CEA Saclay, Journées MOSAIC (12-13 March 2026) 13/03/2026 19



(3) Results: semantic models for dark-field segmentation
Segformer

Xie et al., NeurlPS 2021.

Stage-1 Stage-2 Stage-3 Stage-4

+
TABLE 1. F1 (Dice) scores for different segmentation models %
and encoders %
Model  Encoder Train F1 (%) Test F1 (%) §
UNet ResNet-50 87.3 69.6 @
UNet  EfficientNet-B3  94.0 71.9 £
UNet++ ResNet-50 80.5 69.7 S
UNet++ EfficientNet-B3 85.9 72.6 B
MANet EfficientNet-B3 84.4 72.2
SegForm EfficientNet-B0 83.4 73.8
SegForm EfficientNet-B3 90.8 75.7 Encoder Decoder
SegForm EfficientNet-B5 86.5 76.2 o ok -
SXTXC,  TXTXC X X0y X XCy TXTXAC DX T XNy
o g =i = = =i
es| 23| | | [=2] | | [e3] | [ ]2 ‘ g
o — 5 L s | % — E. % —»{ — >
For DF, Mask R-CNN F1 ~ 0.54 o[ |25 o 33 23 5= i
@5 - - - g o
2TP — _— B
F p— TP FP FN_ 9 %xzi—hﬁ‘xq ;‘sz%xc %xgxc
2 o 3 | | ‘
+ + eq| | o = =
=81 g.° T~ ' 9 |o
23| 2|]| |82 - = £ -
N 5 it
TP = true positive; FP = false o o

positive; FN = false negative;
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(3) Results: semantic models for dark-field segmentation

548.6 nm FOV
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Conclusions & Perspectives
Classical segmentation, pure Cr

1) DL in materials microscopy: lels

I
- Big science platforms = big data; 1o ..
- Latest models transitioned in ~3 years from CS to Mat. Sci. Eo ) R %ﬁ%” fift
e H1 ‘\H |
1) Image segmentation & data analysis Sos6 eﬁfﬁ% R
- Near on-the-fly performance (4-5 fps); @ o, @Eé a
- Robust comparison between different materials (same technique); ﬁo , @QQ
- Challenge: specialized versus “foundation” models. 2 ' Mwiﬁé
%0 04 08 12 16 20 24
1) Transformers & other modern models 1 plels fime {min)
- Semantic segmentation possible with an Improved receptive field; ‘T‘E o s
- Challenge: computational cost scales with O(N?) P ES1 (MPEA)
- Multi-modal data: integrate orientation, diffraction, 4D-STEM, etc. gos Pure Cr
©0.6
Thank you :) — if you have any ideas on using deep learning on -‘EM
a project, we would love to hear them: § .
g | 316L/
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