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project

Tomography slices Neural Network Segmentation

= [07 1]W><L><D f: I— S S c {O, 1, 2}W><L><D

goal segment an x-ray tomography with a neural network
why? because doing it (semi-)manually is time-consuming

data o composite material with fibers and porosities

project repository: github.com/joaopcbertoldo/tomo2seqg
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presentOtlon What are you going to talk about?

- background and context
material, u-net architecture

- overview
project framework

- in detail
dataq, architecture, optimization

- results
hyperparameters, fun videos
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material

we wish to locote separate
pohases voxel by voxel

olass fiber-reinforced composite

o PolyAmide 66 matrix

o Glass fiber reinforcement

e specimen size: 2mm x 2mm x émm

e voxel size: 1.3 um?

2048 x 2048 x 2048 = 9 * 107 voxels olass fibers (white)
and porosities (red)

link to the video
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u-net

8¢ U-Net: Convolutional Networks for Biomedical Image Segmentation.
13 SHel 2 Ronneberger, Olaf & Fischer, Philipp & Brox, Thomas.
— University of Freiburg, Germany.
inp
i ala output DOI: 10.1007/978-3-319-24574-4_28
lmaﬁe fil s ol gl segmentation
e > g map International Conference on Medical Image Computing and
SIE18 é § é Computer-Assisted Intervention (2015).
15 :2' cited 18,000 times (January 2021, source: Semantic Scholar)
128 128 S
3D U-Net: Learning Dense Volumetric Segmentation from Sparse Annotation
slall s = § oj Gigek, C)zgtm & Abdulkadir, Ahmed & Lienkamp, Soeren & Brox, Thomas &
R . t Ronneberger, Olaf.
" ’ ’I University of Freiburg, Germany.
EE E g MRS =»conv 3x3, ReLU )
S B ﬂ I . 51; ' Sl = copy and crop DOI: 10.1007/978-3-319-46723-8_49
I". > 3 I § max pool 2x2 International Conference on Medical Image Computing and
. o 1024 43 B 4 up-conv 2x2 Computer-Assisted Intervention (2016).
8 ';_'g_ =» conv 1x1

cited 1,900 times (January 2021, source: Semantic Scholar)

which one is better?
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Annotate, train, evaluate

Avizo ThermoFeber

Y. ) open source
github
Image) imagej.net

manual annotation ground truth (GT)
segmentation
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optimization neural network

g compare
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dato annotation generating the ground truth

phase 1
double Seeded Region Growing (fiji)

phase 2
artifacts correction (avizo)

original volume
2048 x 2048 x 2048

By

1300 x 1040 x 1900

ground truth
Vi, 01,2} issue mitigation strategy
* ring artefacts « find large, long 2d blobs*

|
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|
|
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|
|
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|
|
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|
|
|
|
|
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|
|
: + ill-defined porosity boundary + manually alter the voxels
|

|

| *“blob” connected set
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data split & class imbalance

Class imbalance of PA66GF30.v1

porosity

12.9 million (12,880,895) = 1% (0.5014%)

illion (441,379,418) = 17% (17.1823%)

nb. layers

set  (1300x1040)
train: gradient descent train 1300
val: in-the-loop model selection val 128
test: evaluation test 300
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nb. voxels

(millions) proportion

1.800
170
400

68%
9%
16%

13
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data augmentation

BIG
ECA

1. random 3D crop
2. geometric transformation II:>

3. value shift

MINES
Paristech X

| PSL%*

train set fixed size (w, h, d)
1300x1040x1300 random position (x0, y0, z0)

100

value shift random transformation
add a constant to every voxel in the crop (rotate 90°, flip, transpose, combinations...)

8 possibilities in 2d
50 possibilities in 3d
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modular u-net

u-net
re‘“ block
input output
e 11 Ve Yo 1= | segmentotion
convolutlon
gray class
levels probabilities
residual connection u-n et
: cnn + softmax
(voxel-wise) » . I block
___ Tdown/up BB _ o ______
sampling batch norm.
| relu I |
convoluhon
¢ 2down/up f
: samplings l
» u-net block  any of: Conv2D, SeparableConv2D, ConvaD, ...

1

_ d down/up . » - downsample = MaxPooling, Conv(stride=2)
samplings t

upsample = UpSampling, TransposedConv(stride=2)

---+ concatenate
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model variations

input|| | —»{2d

§.
(o]
O
o
|

3d
(conv3d)
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optimization

setup
computational resources:

e 1 machine: 2 x Quadro P4000 (2 x 8Gb) ..thanks Centre des Matériaux!

e 3 machines: 1x Quadro P2000 (5Gb)

|A N B| ref: all voxels
— ———— classified as matrix

optimizer: adam (Keras's implementation) loss function: (adapted) joccard index J =
|JAUB| =L1=32%

learning rate: a triaongular-like shaped schedule

107 4 —

learning rate (ir)

10—4 4

00 19.3 8.6 s7.9 772 9.5 1158 135.1 154.4 173.7 192.0
epoch
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o,

optimization

jaccard2_flat

MINES
Paristech X

10-1 1

model: unet3d.vanilla03-f16.fold000.1606-750-939

something funny haoppened

-
S
&
loss history (jaccard2_flat) ~
A Yy
\é’gv‘ — train
‘@Q/;\' val
v x=145,y=0.0182)
. 1
1) data augmentation? :
1
. . . 1
2) bias in the data split? |
|
1
]
1
I
1
I
1
1
1
1
1
i
0 14 29 44 59 74 88 103 118 133 148
10 158 306 454 602 750 898 1046 1194 1342 1490
ok 2k 4k 7k 9k 12k 14k 16k 19k 21k 23k
18.0 million 280.0 million 540.0 million 800.0 million 1.1 billion 1.3 billion 1.6 billion 1.9 billion 2.1 billion 2.4 billion 2.6 billion
12 minutes 2 hours 5 hours 7 hours 10 hours 12 hours 14 hours 17 hours 19 hours 22 hours a day

| PSL%*

Jodo P C Bertoldo

epoch/batch/crop/voxel/time

training time: 8 ~ 24h

deep learning for automated segmentation of tomographic images
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results

video

blue: glass fibers
yellow: porosities
link to the video

test set (300 slices, 400M voxels)

processing time: 2~7 min
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results

snapshots

blue: glass fibers

yellow: porosities

test set (300 slices, 400M voxels)

processing time: 2~7 min
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results

model input variations

classwise jaccard index on the test set (400M voxels)

® matrix @ fiber @ porosity

100%
: 2d 2.5d * 3d
= R t 3d mean classwise jaccard index on the test set (400M voxels)
@ 90%
% 90.0%
@ E
5 8 g5 (x 2d
< P 2.5d
) 5
g ow o 2d S 85.0%
E - o < 3d
3 2.5d §
S 60% s34 ~_§ 82.5%
8 shouldn't it be 3d > 2.5d > 2d?
8 go.0% ' ' '
50% 0% ) - "
10 20 30 40 50 10 obs: 2d € 2.5d 40 o
number of parameters (millions) number of parameters (millions)
link to the chart link to the chart
disk size
2d/2.5d 150 Mb
3d 460 Mb
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qualitative results error volume

blue: glass fibers

yellow: porosities

red: errors
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other volumes

dimension = nb. voxels processing time
‘sister’ 2048 x 2048 x 2048 9B 75
bending test 1842 x 1766 x 1946 6B 40 2x Quadro P4000
bioxial test 1579 x 1845 x 2002 6B 32
original (manual) 1300 x 1040 x 1200 3B 12 + 20 person-hour

blue: glass fibers

yellow: peresities crack

link to the video

the outside and the crack
are undefined phases
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learning curve

learning curve (2d model)

® matrix @ fiber @ porosity M mean

1.0 pr = - — — — T
@ .
- 87.6% 87.5% 87.6% 87.7% 87.5% o
= o o o 2 87.1% 85.9%
2 rE-------—-—-"-"-"F-—-—-——-—-—-RF——-——-_g - _ _
@ 5 & & _ _ . -
= = S2) L2l =
_'5) 08 g 0 @ 0 ) < <
= X X - 2 2 S =
x g B8 & © - ° S
a) L =)
k]
£
° o Y ° 4
© w —0— 2 \‘\‘
Q
o
8,
0.6 — i I I
100.0% 10.0% 1.0% 0.1%

train set relative size [nb. layers] (decreasing in log scale)

how much annotated data is necessary?

link to the chart

thanks to the data
augmentation?

“In many biomedical
applications, only very few
images are required to train a
network that generalizes
reasonably well."

O. Cicek, A. Abdulkadir, S. Lienkamp, T. Brox,

and O. Ronneberger, ‘3D U-Net: Learning
Dense Volumetric Segmentation from Sparse
Annotation,” presented at the Medical Image
Computing and Computer-Assisted
Intervention (MICCAI), 2016, doi:
10.1007/978-3-319-46723-8_49.

g AT ®
%Ecn i | PSL

Jodo P C Bertoldo deep learning for automated segmentation of tomographic images
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conclusion

takeaways

= satisfactory results
human-like or under-resolution errors

= training
8h ~24h
1~10 annotated layers (~1000 x 1000 pixels)

= processing
~ 30 layers / minute (2048 x 2048 images)

= model selection takeout
2d > 2.5d > 3d
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next

= application
segment harder cases like fractures

= leverage the 2d model to build the 2.5d
construct a 2.5d model using the
weights of a pre-trained 2d model

= funny val loss curve
investigate why the validation is “late”
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thank you for your attention!
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jaccard?

jaccard index

ANB| AN B

J = —
|IAUB| |A|+ |B|—|AN B|

J € 10,1]

solution: generalization of J for K classes

K I

I=> yop 2=
Z k—lyk+ZA lyk

Shouldn't it be a loss?

loss=1—Jy

jaccard index-inspired loss function

issue: it doesn't fit for each voxel:
ground truth (y) 0 0 1
model’s output () 10 10 .80
matrix fiber  porosity
k=1 k=2 k=3
reference values
o R +
| theoretical model | jaccard2 |
[ === e R +
| all probabilities 1/3 | 67% |
[ === e R +
| all voxels classified as matrix | 32% |
R +
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jaccard2_flat

o,

model evolution (model 2d)

=
5]
&

o
loss history (jaccard2_flat) :_{f’
S -
$§ — train
é\g,/ in(val — val

__________________./*

0
10
ok

1k 3k
14.0 million  190.0 million 370.0 million

25 minutes

| PSL%*

MINES
Paristech X

12 24

133 256 379 502 625
7k 8k
540.0 million 720.0 million 900.0 millior}
an hour 3 hours 4 hours 5 hours 7 hours
epoch/batch/crop/vo
black: matrix
.

gray: fibers

link to the video

Jodo P C Bertoldo

36 49 61

deep learning for automated segmentation of tomographic images
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crack volume

(a)

J. Ajuelos, L. Marcin, C. Montebello, V. Maurel, and
H. Proudhon, “Caractérisation et modélisation du
role des défauts microstructuraux sur les
propriétés en fatigue de superalliage base nickel
élaboré par fabrication additive," p. 71.
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crack volume

J. Ajuelos, L. Marcin, C. Montebello, V. Maurel, and H.
Proudhon, “Caractérisation et modélisation du roéle
des défauts microstructuraux sur les propriétés en
fatigue de superalliage base nickel élaboré par
fabrication additive," p. 71.

)78x105 pixels; 8 blt IOOK
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crack volume

J. Ajuelos, L. Marcin, C. Montebello, V. Maurel, and H. Proudhon, “Caractérisation et modélisation du réle des
défauts microstructuraux sur les propriétés en fatigue de superallioge base nickel élaboré par fabrication
additive," p. 71.
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model: (o) modular u-net

input
—— image

gray
levels

1down/up
sampling

2 down/up
samplings

d down/up
samplings

%BEIEA % . | PSLX  Jodo P C Bertoldo

ParisTec!

output

» segmentation
class
probabilities

cnn + softmax
(voxel-wise)

» u-net block

@ downsample

t upsaomple
---—» concatenate

deep learning for automated segmentation of tomographic images
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https://www.researchgate.net/publication/258554113_Utilisation_de_lo_Correlation_dImages_Numeriques_et_de_la_Methode_de_l'Ecart_a_leQuilibre_pour_la_
caracterisation_mecanique_de_tubes_obtenus_par_enroulement_filamentaire

Crouzeix, Laurent & Périé, Jean-Noél & Torres, Mauricio & Douchin, Bernard & Collombet, Francis & Herndndez-Moreno, Hilario. (2009). Utilisation de la
Corrélation dImages Numériques et de la Méthode de lEcart & léQuilibre pour la caractérisation mécanique de tubes obtenus par enroulement filomentaire.

Fy

2 1

(1
Y
|_><Fy
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https://www.tec-science.com/material-science/material-testing/bending-flexural-test/

supporting pin
AR

By tec-science -07/1

loading pin

- supporting span
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conv2d

Figures ref: A Comprehensive Introduction to Different Types of Convolutions in Deep Learning, Kunlun Bai
Tnx, Kunlun!
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conv3d

Figures ref: A Comprehensive Introduction to Different Types of Convolutions in Deep Learning, Kunlun Bai
Tnx, Kunlun!

the 4th dimension now!
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separable conv2d

Figures ref: A Comprehensive Introduction to Different Types of Convolutions in Deep Learning, Kunlun Bai
Tnx, Kunlun!
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1x1 convolution

Figures ref: A Comprehensive Introduction to Different Types of Convolutions in Deep Learning, Kunlun Bai

Tnx, Kunlun!
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traonsposed conv2d

Figures ref: A Comprehensive Introduction to Different Types of Convolutions in Deep Learning, Kunlun Bai

Tnx, Kunlun!
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PolyAmide 66

reinforced with glass fibers
(zoom)

link to the video

A few things to notice:
e ring artifacts
e fibers in different directions
e blurred fiber-matrix interfaces

e porosities close to fibers
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dato annotation generating the ground truth

phase 1
double Seeded Region Growing (fiji)

phase 2
artifacts correction (avizo)
issue

* ring artefacts from the
tomography reconstruction

* ill-defined porosity boundary

Original volume
2048 x 2048 x 2048

mitigation strategy

* find large, long 2d blobs*

/ * manually alter the voxels

*“blob™ connected set

aspect_ratio
&

[N}
o

I

Porosity
Vi, 10,2}

10 A

Ground truth
Vi,j, kE{O,'I,2}

10! 10°
area
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optimization setup
computational resources:

..thanks Centre des Matériaux!

e 1machine: 2 x Quadro P4000 (2 x 8Gb)

e 3 machines: 1x Quadro P2000 (5Gb)
_JANB|

optimizer: adom (Keras's implementation) loss function: (adapted) jaccard index J = AUB|

epOCh size D botenes batch size: 2~ 16 samples ref: all voxels classified
trix = L =32%
learning rate: a triongular-like shaped schedule Qs matrix

learning rate (Ir)

lo—l 4

00 19.3 386 s7.9 7.2 9.5 158 135.1 154.4 173.7 193.0
epoch
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abstract

X-ray Computed Tomography (XCT) generates non-invasive 3D images, which give material scientists a
means of quantitatively analyzing a material's internal structure. However, processing tomography
images often demands expertise and is a tedious, time-consuming task, creating a bottleneck to scale
the analysis of large volumes of data - 3D images can weight several Gigabytes. Classic mathematical
morphology-based techniques can help to generate phase segmentation but depend on some level of
human intervention. This presentation will show a Deep Learning approach developed at the Centre des
Matériaux MINES ParisTech and its viability as an alternative for tomographic image segmentation. We
compare 2D and 3D versions of a U-net-based model, respectively, using 2D and 3D convolutions, finding
that, unlike expected, the 2D model is more suitable. We also evaluate the trade-off between performance
and model size of several architectural variations. Qualitative results show that our models can process,
in only 30 minutes, a 6-billion-voxel tomography with human-Llike quality. Finally, we show that this
architecture can achieve such results only using five tomograophy layers.
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