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X-ray computed tomography (CT) image -
processing of granular materials : -

Compute particle shape in assemblies automatically
29th of November, 2021, Newcastle, Grain Days 2021

Wenbin Fel, Guillermo Narsilio, & others...

...Joost van der Linden, Antoinette Tordesillas,
J Carlos Santamarina, ...
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Numerical modelling: FEM, Artificial Intelligence, Complex Network Theory, LBM-DEM ...
Testing: MicroCT, Australian synchrotron, full scale testing, ...



@24 Energy: Need for change

Key challenges for the 215t Century:
- Managing energy resources
- Moving towards cleaner sources of energy

Space heating and cooling accounts for >50% of
total energy consumption (REN21, 2019)

Alternative renewable low carbon energy sources:

- “Deep” geothermal systems
- “Shallow” ground source heat pump (GSHP)

Heating and
Cooling
51%

Total final energy consumption
(REN21,2019)
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Shallow & deep geothermal: Commonality?

6 A

Fluid flow and heat transfer in porous, granular materials:
- uncemented: soils
- cemented: rocks!

Other applications:
- Oil & gas industry
- Carbon sequestration
- Earthen dam design

(Geo)-mechanics also play a role in many engineering applications A
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Microstructure of geomaterials controls conduction properties. ‘ A M

Poorly understood in the past due to the difficult access to microstructure.

New techniques prompted a need for data-driven concepts.
e computered tomography [Sydney U.- Benjy et al.; ANU/UNSW ; Australian Synchrotron]
e complex network theory [Melbourne U. — Antoinette T.]
e numerical simulation [Many!]
 machine learning techniques [Melbourne U. — Guillermo et al., UTS, others...]

Microstructure features in this lecture:

e Microscale particle shape dESCfiptOfS circularity, sphericity, roundness, convexity, compactness and solidity
e Mesoscale connectivity



Ul Pore/particle scale modeling platform
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Data

Machine learning

Output

Real materials
images

Particle/Pore geometry
and morphology

Finite element
modelling

Feature importance

Unveiling patterns

!

Discrete element
modelling

Complex
networks

Feature set

Input variables

Feature 1

Feature 2

Output variables

ETC

Model selection
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y@; Parti C I es h ape (bOX 2) W Fei, et al. (2021) X-ray computed tomography images and network

MELBOURNE data of sands under compression. Data in brief 2021, 6, 107122.
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https://www.sciencedirect.com/science/article/pii/S2352340921004066
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Particle shape: Krumbein and Sloss charts (1963)
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Fei W. Narsilio GA, Disfani MM. Impact of three-dimensional sphericity and roundness on heat transfer in granular materials.
Powder Technology 2019, 355:770-781.



https://www.sciencedirect.com/science/article/pii/S0032591019305868
https://www.sciencedirect.com/science/article/pii/S0032591019305868

1@* 2D vs 3D
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Limitation of Particle shape scales
2D descriptors

Roundness

Sphericity

Elongation
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Block 1

12

Focus of today’s doctoral school lecture/hands-on

Data Machine learning Output
Real materials Particle/Pore geomelry Feature importance Unveiling patterns
images and morphology
oo =
— e N : .
5E L=
I 2 m"
. — L@
EE - ] 10|
ra ) ~ t t
Model selection Prediction.

Discrete element Complex
modelling networks

Block 2

Image stacks

Reconstruction Threshold segmentation Watershed segmentation Particle shape
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Fei W, Narsilio GA, Disfani MM. Impact of three-dimensional sphericity and roundness on heat transfer in granular materials.
Powder Technology 2019, 355:770-781.

Fei W, Narsilio GA, van der Linden JH, Tordesillas A, Disfani MM, Santamarina JC. Impact of particle shape on networks in sands.
Computers and Geotechnics 2021, 137, 104258.



https://www.sciencedirect.com/science/article/pii/S0266352X21002561
https://www.sciencedirect.com/science/article/pii/S0032591019305868

B \What to have ready...

MELBOURNE

1. Download instructions & tutorials
Link: https://cloudstor.aarnet.edu.au/plus/s/YRnAMis6vR2ZKmo
Password: GrainDays_123456

2. Install a virtual machine
Follow: "VirtualBox_Instructions.pdf”

> Grain-days-2021 > +

[ | Mame

- Hands-on-tutorials

. ubuntu18046

VirtualBox_Instructions

\ : apea S :
f} Grain-days-2021 ) Hands-on-tutorials

[} MName
Tutorial-1
Tutorial-2

Tutorial-3

We will use...
Fiji (Imagel) and plugins
Python (libraries)
MeshLab



https://cloudstor.aarnet.edu.au/plus/s/YRnAMis6vR2ZKmo
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Overall: Relearning images = CT Image processing pipeline = Microstructural analysis

Hands-on tutorial #1
Imagel basics, macro script for batch processing CT images

Hands-on tutorial #2
Enhance image: contrast, reduce noise, segment solid and void phases

Hands-on tutorial #3
Watershed segmentation, particle extraction &analysis: calculate particle size and shape

Software, sample data: https://cloudstor.aarnet.edu.au/plus/s/YRnAMis6vR2ZKmo pwd: GrainDays 123456
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Computer Tomography

A-ray tube Digital Detector Array 2D Projections (X-ray image)

Acquisition of 2D

YALON 5 X-ray images under
! : 360 rotation

Spectrum Turmntable

Reconstruction with
filtered back projection

Reconstructed 3D Volume

Slice 2
Slice 3 (Steiner and Urbanski, 2018)




X-ray tube-based CT

(Waygate Technologies, 2021)

Heated filament Electrons are accelerated
emits electrons by by high voltage

thermionic emission anode

cathode X-rays produced when

é high speed electrons hit
% the metal target

(Herres, 2015)
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Synchrotron radiation-based CT

Workstation

lllustration of Australian synchrotron

20



Synchrotron radiation-based CT

IBML hatch at Australian synchrotron: 8 hrs shifts Preparing samples

21



Synchrotron radiation-based CT

[1F O5-greyscale.tif
350x3580 pixels; 8-hit; 120K

e r——

RO AR £ 1

22






Image as array

90 99103

Image source: X-ray computed tomography images and network data of sands under compression - ScienceDirect
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https://www.sciencedirect.com/science/article/pii/S2352340921004066

Pixel types

M\

24-bit colour:
224 =16,777,216 colours
gava)
8-hit colour:
28 = 256 colours m
0 1 '
qug———— | @@ |
o : , : 6-bit colour:
g | 2" = 64 colours aval
1-bit colour:
255 21 =2 colours

I (etc.usf.edu)




Fiji Is ImageJ

Menu\ [0 (Fiji Is Just) Imagel =
E Edit Image Process Analyze Plugins Window Help
Tools—> |0 O| @|o| /| <[5 N A| O m|&| o |su |ur| g | 4] &] |»
¥=160. yv=191. z=16, value=110 Click herggto search
Status/v Search/
[U% original_greyscale.tif (1507 f—m — O ot

it 41MB

= Zoom factor

Slice number/” 71350; 350350 pixels; 8

Image size Pixel type

51 il il



Pixel types

(Fiji Is Just) Imagel
File Edit [iEe g Process Analyze Plugins Window Help

[=felfe - N - 8-bit
Mult-point” § - Adjust | 160t
Show Info_.. Ctrl+| 32—F1|t
Properties... Ctrl+Shift+P 8-bit Color
Color ,| RGB Color
Stacks *  RGB Stack
Hyperstacks *| HSB Stack
Crop Cirl+Shift+X HSB (32-bit)
Duplicate. .. Ctrl+Shift+D Lab Stack
Rename._
Scale... Ctri+E
Transform >
Zoom N
Overlay N
Lookup Tables »
Annotate ,
Drawing 5
Video Editing ,

Axes *

- O x
ATAVAR)

[ ]

[ ]

[ ]

8-bit =256 levels (integers only)
16-bit = 65, 536 levels (integers only)
32-bit =4,294,967,296 levels (float)

27



Histogram

{4 original_greyscale.tif
41350, 350x350 pixels; 8-hit, 41MB

28

Analyze > Histogram

[\ Histogram of original_gr...  — O >
A00x246 pixels, RGE; 288K

[

1] 265
M: 42875000 Min: 0
Mean: G4.437 Max: 265
StdDev: 47.384 Mode: 0 (11643380)




Histogram

[9° (Fiji Is Just) Image

— O

File Edit Image Process Analyze Plugins Window Help

0 ojc|o| /|« |t N |A|o|M|E] ofsu]uwr] o) 4] a]| |»
Set Scale._- 13.91 seconds, 8807 pixels/second histng|
[P Cuick Search

Commands

_{: Histogram [ Analyze/Histogram
_é 2D Histogram [/ Plugins/Analyzel2D Hisg
_d.__ Color Histogram / Analyze/Color Histog
_l.*_E Color Histogram... /Help/About Pluging
&f Plot Histograms [ Plugins/Morphology/f

Ops

image.histogram{image, numBins)
Script templates
[ ] imageJ Wiki
|:| Image.sc Forum

Classes (8/19)
HistogramOfQrientedGradients net.ims

Histogram netimagej.ops

-

| Histogram

[4]

Menu path

°| Analyze » Histogram
Shortcut

| control H

| 1dentifier

§§ legacy:ij.plugin Histogram
Location

IS Isoftware/FII-W-1IFiji.appljars/ij-1.53c.jar

Run

Help

Source

29



Imaged scripts —1J1 Macro

{9 (Fiji Is Just) Image)
File  Edit
0 o|z|o|/

— |

Image Process Analyze Plugins Window Help

|Sﬂ:|IUT| f?' J"'ﬂ\'

2| NALL] /7] o

Developer Menu

ImageJ Website
MNews
Documentation
Imaged Wiki
Resources
Macro Language
Macros

Macro Functions
Startup Macros. ..
Plugins

Source Code
Mailing List Archives

Capture Screen

Monitor Memory...
List Commands...
Control Panel...
Search...

Debug Mode

o

[\ Recorder

Record:

Macra vI Mame:

Macro.ijm

Create |

30

— | >

2|

|r1m{"Histu:ugram“, "stack"):

|| "Macra.djm.ijm

File Edit Language Templates Run Tools Tabs Options

| [+] | [-1 |filter...

|

[ wenbinf1

*Macro.ijm.ijm

L run("Histogram”, "stack");

| »

-

o

Run | Batch | Kill ||:|p-ersistent

Show Errors | Clear | >




Profile plots

M (Fiji Is Just) Imagel

— O

File Edit Image Process Analyze FPlugins Window Help

CO| S|l £ \A|D|NNEY >-Joe]ur] 0| 4] 6] |»

(Fiji 1s Just) ImagedJ 2.1.0/1.53f51; Java 1.6.0_172 [64-bit];

[ original_greyscaleif =
1/350; 350x350 pixels; 8-bit, 41MB

Analyze > Plot profile

298.12x149.92 (696x405); 8-hit; 275K

31

Image > Stacks > Plot Z-Axis Profile

404.84x79.32 (696x4085), 8-hit, 275K

- O

bl

120 -
100
80

60

Gray Value

40

20

-1

0
0

]

] 100 150
Distance (pixels)

200

250

Mean

a0

100

150

Slice

200 250 300 350

List | Datax | Mores | Live|

List | Datas | Mores | Live




Set scale

[5i" original_greyscaletif — O *
44350, 350%350 pixels; 8-bit; 41MB

I Irevscale :;‘ — D

4/350; 4.55%4.55 mm (350x350); 8-hit; 41MB

K JJ|

| £ Set Scale

Distance in pixels:
Known distance: [0.013

Pixel aspect ratio: (1.0

LInit of length:

Click to Remove Scale |

il

[ Global

Scale: 76.9231 pixels/mm

OK | Cancel|

Help |

[ £ *Macro.ijm.ijm

File Edit Language Templates Run Tools Tabs

Analyze > Set scale...

Options

[+] [ fiter. |}
3 wenbinf1 :

l/ *Macro.ijm.ijm |

L run{"Histogram”,

bl I

2 run("set Scale...

"stack");

y distance=1 known=8.813 unit=mm");




Scale iImages

Image > Scale...

[ original_greyscaletif - O .
47350, 4.55x4 .55 mm (350x350); 8-hit; 41MEB

e, — O X
1175, 4.55¢4 55 mm (178x175);

g it ol >l B

| £ Scale *

¥ Scale; |05
¥ Scale: (0.5

Z Scale; |0

T

Width (pixels) |175
Height (pixels). 175

Depth (images). |175

J’

Interpolation:  |Mone il

[ Fill with background color
v Average when downsizing
v Process entire stack

[+ Create new window

Title: |nrigina|_greyscale-

OK | Dancel|

| £ *Macro.jm.ijm

File Edit Language Templates Run Tools Tabs Options

| [+] | x |filter... |E[*Macro.ijm.ijm

(=] wenbinf1 L run{“Histogram", "stack™);
2 2 run{"Set Scale...”, "distance=1 known=8.813 unit=mm");

3 run{“Scale...™, "x=0.5 y=0.5 z=0.5 width=175 height=175 depth=175 interpolation=None average process create™);

33



Crop 1 - Three pane R

[9% Crop Options > 1/350; 350x350 pixels; B-hit 41MB

Pluglns > StaCkS > Crop (3D) e Current Crop Boundaries (Maxima)

¥ from |EI {0y to  |349 (349)
y from |EI (0) to |349 (349)
zfrom |1 (1) to |350 (350)

Setfrom fields above

[£5) Three Pane Crop (v1.2) >

Cropping: ariginal_greyscale tif

Set crop above value: |5I:|

I+ Three pane view?;

Also crop these images:

[v¥ Change origin?
[ ¥Z planes of original_greyscale

QK | Cancel | [ ZY¥ planes of original_greyscale

Crop | Cancel |

(Move mouse with shiftto update panes.) ST ]

Unselect: just xy pane to save memory T pmedoiniggsse = O X ool - o x

14350, 350x350 pixels; 8-hit, 41MB 14350, 350x350 pixels; 8-hit, 41MB

Unselect: keep the origin values as 0,0,0

Image > Show info...




Crop 1-Three pane

[5F ZV planes of original_greyscale
1/350; 350x350 pixels; 8-bit, 41MB

|5 X7 planes of original_greyscale
1/350, 350x350 pixels; 8-hit; 41MB

[ Crop Options e

Current Crop Boundaries (Maxima)

yfrom |100 (0) to 299 (349)
yfrom |100 (0) to 299 (349)
zfrom |100 (1) to 299 (350)

i Set from fields above
150

Set crop above value:

Also crop these images:
[ ¥Z planes of original_greyscale

[ Z¥ planes of original_greyscale

Crop | Cancel |

{Move mouse with shift o update panes.)

O X

|5 original_greyscaletif
1/350; 350x350 pixels; B-hit; 41MB

[ cropp... O *
1/200; 200x200 pixels; B8-bit, 7.6MB

> ] o

35

(£ *Macro.ijrm.ijm

EEiIe Edit Language Templates

Run Tools Tabs

Options

i

[+] [1 [filter..

I *Macro.ijm.ijm |

3 wenbinf1

1 run{"Histogram", "stack™);

2 run("set Scale...", “"distance=1 known=8.813 unit=mm");

3 run("scale...”, "x=8.5 y=08.5 z=08.5 width=175 height=175 ¢
4 run{"Crop (3D)", "three change"j;|



Crop 2 - Macro script

Image > Stacks > Tools > Slice Keeper

[£: Slice Keeper X [0 original_greyscaletif kept stack & a ot
11200 (slice:100); 350x350 pixels; 8-hit; 23MB

First Slice: |00
Last Slice: |299

Increment:

OK | Cancel|

> T 2

1 /S Crop
5/ runf"Crop (3D)", “"three change”);
£ setSlice(lee-299);

Image > Crop

[1% ariginal_greyscaletif kept stack — O ey

17200 (slice:100); 350x350 pixels; 8-hit; 23MB

7 ’un("SliEE Keeper.""i "first=188 last=299 increment=1");
2 makeRectangle(114, 91, 192, 192);

[T4]

run(“Crop™);

36



Crop 2 - Macro script

Image > Crop

[9" original_greyscale.tif kept stack — O it
1200 (slice:100); 350x350 pixels; 8-hit, 23MB

T run("5lice Keeper", "first=188 last=299 increment=1");
g makeRectangle(114, 91, 192, 192);
9 run("Crop™);

37

Edit > Selection > Specify...

| £ Specify et
Width: (200
Height: [200

¥ coordinate: |93

¥ coordinate:  [100|

14

Slice:

| Owal
[~ Constrain squarel/circle
[ Centered

Ok | Cancel |




Hands-on Tutorial #1
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Hands-on Tutorial #1

15 minutes

Objectives:
* ImageJ(Fiji) basics
e [J1 Macro script for batch processing CT images

40 =

Tutorial 1: Image) Basics and Scripting

Download tutorial using the following link:

Link: https://cloudstor.aarnet.edu.au/plus/s/YRnNAMis6vR2ZKmo
Password: GrainDays 123456




Hands-on Tutorial #1

Data in Brief 36 (2021) 107122

Contents lists available at ScienceDirect

Data in Brief

journal homepage: www.elsevier.com/locate/dib

Data Article

X-ray computed tomography images and )
network data of sands under compression g

Wenbin Fei?, Guillermo Narsilio®*, Joost van der Linden?,
Mahdi Disfani?, Xiuxiu Miao® Baohua Yang€, Tabassom Afshard

 Department of Infrastructure Engineering, The University of Melbourne, Parkville, Australia

bStare Key Laboratory for Geomechanics and Deep Underground Engineering, China University of Mining and
Technology, Xuzhou, Jiangsu Province 221116, China

Information Science and Engineering School, Hunan Women's University, Changsha, Hunan Province 10004, China
4 FSG Geotechnics and Foundations, Abbotsford, Australia

Ottawa sand

Angular sand

40






Image processing pipeline

A Typical Pipeline

0401 cosels, B-bvi: 1 4MB

4. |dentify

5. Measure

1240.495
4134
1250471
579,783
1088.066
014,320

30035
4331

1. Preprocess

4641

1049.84
1304.195

2. Threshold

3. Cleanup

(LOCI, 2021)
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Noise

X-ray tube Digital Detector Array 2D Projections (X-ray image)

Acquisition of 2D

YLON 5 X-ray images under
: i 360 rotation

Spectrum Turmntable

Reconstruction with
filtered back projection

Reconstructed 3D Volume

=hce 1

Slice 2
Slice 3 (Steiner and Urbanski, 2018)
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Noise

 Dose

High dose -> less noise

2 X mMAs = 40% increase SNR

« Sample size

Large sample absorb more radiation, fewer photons will reach the detector
 Reconstruction algorithms

A. 50 mA, FBP B. 50 mA, MBIR C. 754 mA, FBP

(Boas and Fleischmann, 2012)



Signal Noise Ratio (SNR)

SNR

_ Signal

Noise

Signal

Lo\t

Signal

Lo\t

Less Noise

VMI'V"“"/\/\]

More Noise

Sk

High SNR

Wi

Low SNR

i

45
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Contrast Noise Ratio (CNR)

NOISE

CONTRAST 4
3
CNR — Contrast
~ Noise 2

(Nett, 2021)
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SNR and CNR

220 T
_ Signal 200 | m | Contrast
SNR = Noise W‘” CNR = o7 ?ﬂas
180 L Noise
GNR = Avg Pixel Values 160} mﬂ /M W I GNR = Avg ROl — Avg Background
Std Background - \“; ﬂ \“ | Std Background
SNR = =2 15 ol | | w ‘ | swp= 102100
10 100 [ ,‘w WJ ﬂ\ W y IWR W u l“ﬁfvft'f*‘wm - 10
y f
80 f‘ l ' l 1

60 i 1 L |
0 50 100 150 200 250 300

(Nett, 2021)



Enhance contrast

Global Histogram Equalization

7T

Process > Enhance Contrast...

|£ Enhance Contrast >

Saturated pixels: m %

[ Mormalize

[+ Equalize histogram

0K | Cancel| Help|

l/*h'lacro.ijm.ijm |

L run("Enhance Contrast...", "saturated=28 equalize" jj.l

Frequen<cy count

Frequency count

4000

3500

3000+

2500+

2000+

1500

1000

50 100 150 200 250
Gray level
(d)
50 100 150 200 250
Gray level

(Toet and Wu, 2014)
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Histogram Equalization

Original histogram

pr'(rk)
A
25+ e
20 % ?
A5+ 1
10+ & .
05+ | ' .
- 1
0 1 2 4 5 6 7 Tk

Transformation function

Sk
A
T4 T _I_I_l—
5.6 +
4d T " T(r)
2.8 + |
1.4 4 g
—t——t——t+—t
0 1 2 3 4 5 6 7™

49

Equalized histogram

P,’i‘ (*c".?{)
25 T ® o
20T o ? i
A5+ | |
10+ | | 7
05+ | -
-
01 2 3 4 5 6 7 %

(Gonzalez and Woods, 2018)
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CLAHE-contrast Limited Adaptive Histogram Equalization

Histogram Equalization CLAHE
Process > Enhance Local

Contrast (CLAHE)

|| CLAHE X

blocksize : |50

histogram bins :
li

256
maximum slope ;. |2.50
mask: |*Mone* -

Iv fast(less accurate)

100000 : : . . =~ 100000 . : 40000 . ; ; : .
QK | Cancel | Help | d e f
( ) ( ) 35000 ( ) |
80000 | {1 soooo
30000
~un( "Enhance Local Contrast (CLAHE)", "blocksize=58 "
histogram=256 maximum=2.5 mask=*None* fast_(less_accurate)"); § 60000 | {1 soo00} 25000F
(%)
) 20000
=
5
g 40000 | 1 40000} 15000 -
w
10000 1
20000 | {1 20000} 1
5000} 1
_______ Distance=208_ _ _ _ _ _ | _ _ _Distance=166_ _ _ _ _
0 " 1 ; 0 o I
] 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250

(Toet and WU, 2014) Gray level Gray level Gray level
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S
CLAHE-contrast Limited Adaptive Histogram Equalization

/
e ‘+ ,
i i r _I B ]

Process > Enhance Local Contrast (CLAHE)

[£:| CLAHE >
blocksize : |50
histogram bins : 256 ~un("Enhance Local Contrast (CLAHE)", "blocksize=5&
histogram=256 maximum=2.5 mask=*None® fast_(less_accurate)");
maximum slope ;. |2.50

mask: |*Mone* -

I+ fast(less accurate)

QK | Cancel| Help|

(Toet and Wu, 2014)
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S
CLAHE-contrast Limited Adaptive Histogram Equalization

[ CLAHE stack.ijm |

| blocksize = 5@;|

2 histogram_bins = 256;

3 maximum_slope = 2.5;

1 mask = "*None*";

5 fast = true;

¢ process_as_composite = true;

2 getDimensions( width, height, channels, slices, frames );
9 isComposite = channels > 1;

10 parameters =

11 "blocksize=" + blocksize +

12 " histogram=" + histogram bins +

L3 " maximum=" + maximum_ slope +

4 " mask=" + mask;

15 if { fast )

¢ parameters 4= " fast_(less_accurate)”;

17 if [ isComposite 28 process_as_composite ) {

12 parameters += " process_as_composite”;

19 channels = 1;

20 '}
22 for { f=1; f<=frames; f++ ) {
23| Stack.setFrame(  );

24 For ([ s=1; s<=slices; s++ ) {

25 Stack.setS5lice( s )3
26 for { c=1; c<=channels; c++ ) 1
27 Stack.setChannel( ¢ J;

28 run{ "Enhance Local Contrast (CLAHE)", parameters );

1
== ]

4




Noise

Original

-H

Intensity (unweighted) 25845

(Gonzalez and Woods, 2018)

p(z)

a

Gaussian

Exponential

p(z)

0.607 |

vb

Rayleigh

p(z)

53

Erlang (Gamma)

alb = D" oy

E=—g—y *
a — z (b —1)/a z
] /
a+ -.,.n'l;
p(z)
- I—{I‘.~+Pp} ——————
Uniform Salt-and-

e R pepper

P;,
a b z 0 v 2% -1 z
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Erlanga

Gaussian Rayleigh

plz) plz) p(z)
I 3
—— 0.607 |[= |———
V2w b K
Gaussian Rayleigh Erlang (Gamma)
0607 ____
—
Viro K= a(b = 1) ! )]
®— 1!
I-—oIito 4 a b 4 (b—1)/a
a+ |5
v2
p(2) ) p(z)
i 1= (P + P ==
a . b—al|
Exponential Uniform Salt-and-
g A REmtaty pepper
Py
z p b : 0 v -1 g

(Gonzalez and Woods, 2018)



Gaussian

I-—oIito

Exponential

p(z)
YO xl
Rayleigh } Erlang (Gamma)
|
1
! alb = 1" ',
| =— e
| K=—G—nr °
I
|
I
I
L b z b—1)ja z
b ( /
a+ 3
p(z)
L e e Y |
Uniform Salt-and-
g A REmtaty pepper
Py
a b z 0 v 2¥ -1 z

(Gonzalez and Woods, 2018)

1

Exponential

Uniform

55

Salt and pepper




Signal Noise Ratio (SNR)

SNR

_ Signal

Noise

Signal

Lo\t

Signal

Lo\t

Noise

W‘/\/»I

More Noise

b

High SNR

Wi

Low SNR

i
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Image denoising filters

Traditional Filters

Spatial Domain Transform Domain

Non - Linear Non-Data Adaptive
Transform

Weighted
Median

Data Adaptive

Wavelet Domain Spatial Frequency Domain

Linear Filtering

Non-LinearThreshold
Filtering

Wavelet Coefficient
Model

Non Adaptive

VISUShrink

Deterministic Statistical
SUREShrink Tree

Non-Orthogonal

Wavelet Transform

. Multiwavelets

— 85
—ELE
—z==3

BayesShrink Approximation

Cross Validation
inal

£

—
—2

win

—
—
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(Mantri, 2020)



Mean filter

G=Fx*H

58

Process > Filters > Mean...

| £ Mean... >
Radius pixels
[~ Preview
Ok | Dancell

. *Macro.ijm.ijm (Running) |

1 run{“Mean...”, "radius=3");
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Gaussian filter/blur

Process > Filters > Gaussian Blur...

| £ Gaussian Blur... ot

1 1 2 1 Sigma (Radius):
- * 2 4 2 ™ Preview

1 6 1 2 1 ok | cancel |

0.14 u, v I run("Gaussian Blur...", “sigma=3");

0.10

0.08

0.06

0.04

0.02




Non-local means denoising

(Sreeni, 2019)
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Non-local means denoising

1. Download plugin: Non Local Means Denoise (imagej.net)
2. Copy the .jar to floder .../Fiji.app/plugins

3. Restart Fiji
4. Plugins > Non-local Means Denoising

| £ Mon-Local Means >

Sigma IE
Smoothing Factor |1

[” Auto estimate sigma

0K | Dancell Helpl

Figure 1: Example of NLmeans results. From left to right: original image, noisy image (o = 15),  run("Nen-local Means Dencising”, "sigma=15 smoothing factor=1 auto”);

denoised 1mage.

(Buades et al., 2011)


https://imagej.net/plugins/non-local-means-denoise

Image denoising filters

Traditional Filters

Spatial Domain Transform Domain

Non - Linear Non-Data Adaptive
Transform

Weighted
Median

Data Adaptive

Wavelet Domain Spatial Frequency Domain

Linear Filtering

Non-LinearThreshold
Filtering

Wavelet Coefficient
Model

Non Adaptive

VISUShrink

Deterministic Statistical
SUREShrink Tree

Non-Orthogonal

Wavelet Transform

. Multiwavelets

— 85
—ELE
—z==3

BayesShrink Approximation

Cross Validation
inal

£

—
—2

win

—
—
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(Mantri, 2020)
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Fourier space

Original Image (real space) Fourier transform (frequency space)

(Huang, 2013)



Fourier space

I = sin(kx)

[l

Tilr‘ [|[|1|
l

J \
”IL iU 'ﬂ

(Huan

g, 2013)
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Fourier space

A=1

I = Asin(kx)

(Huang, 2013)
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Fourier space

I = Asin(kx + ¢,)

(po — 450

e

F—= T T
! | | f 1
| ! i s
o wEe Al v dhs o
/ .l
{
I l"l _-I
’
" A

\ /
J

N
N
l

[ Tl F
1 I \ / \ |
i | | | I i ':l'.l.
- i i b=
] : , b r
i \ | 1
I
\ .'I % ! \ f
\ I} \ 7 ! E
1 /

I
N

(Huang, 2013)
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Fourier space

I(x,y) = Asin(k - r + @)

(Huang, 2013)
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Fourier space

 Frequency
e Orientation
« Amplitude

e Phase

k, A

I(r) = Asin(k - r + ¢g)

k  Frequency + Orientation

A(k) Amplitude
(ﬂg(k) Phase

’

X

(Huang, 2013)
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Fourier space

Original Image Fourier transform
+ + (real space) (frequency space)

Summed image | | H |

(Huang, 2013)
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Fourier space

Original Image (real space) Fourier transform (frequency space)

(Huang, 2013)
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Fourier space

Original Image (real space) Fourier transform (frequency space)

(Huang, 2013)
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Fourier space

Original Image (real space) Fourier transform (frequency space)

(Huang, 2013)



Noise

(Gonzalez and Woods, 2018)

Sinusoidal noise

Spectrum
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Image denoising

Process > FTT...

(Gonzalez and Woods, 2018)
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Background correction

Process > Image Calculator...

1 run{"Duplicate...™, ™ ");

2 run({™Mean...", "radius=58");
3 imageCalculator("Divide create 32-bit", “pseudocorrectionimage.gif”,"pseudocorrectionimage-1.gif");|

76

@ Image Calculator

Operation: |Di-¢1de j

Imagez: |pseudncnrreminnimage—1.gif j

¥ Create new window
[V 32-bit (float) result

Ok | Cancell Helpl

(imagej.net)



https://imagej.net/imaging/image-intensity-processing

Image calculator.

Source image (imgl):

Destination image (img2):

Operator

Operator

Add: imgl =imgl + img2

Subtract: imgl = imgl — img?2

Multiply: imgl = imgl = img2

Divide: imgl = imgl+img?2

AND: imgl = imglnimg?2

OR: imgl = imglvimg2

XOR: imgl = imgl Gimg?2

s afle N § BRAECRS SIHINE |

Min: imgl = min(imgl, img2)

Max: imgl = max(imgl, img2)

Average: imgl = (imgl + img2)./ 2

Difference: imgl = |imgl — img2|

Copy: imgl =img2

Transparent--zero
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Image processing pipeline

A Typical Pipeline

0401 cosels, B-bvi: 1 4MB

4. |dentify

5. Measure

1240.495
4134
1250471
579,783
1088.066
014,320

30035
4331

1. Preprocess

4641

1049.84
1304.195

2. Threshold

3. Cleanup

(LOCI, 2021)



Segmentation

Object Detection

Sematic Segmentation

Instance Segmentation

(Sreeni, 2019)
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Semantic segmentation

Global thresholding

* Local thresholding

 Region growing methods

* Probabilistic clustering

o Graph-cuts

 Deformable surface (snakes and level sets)

o Optimum (Bayes) Statistical Classifiers

 Machine learning — Random forest (Trainable Weka Segmentation)

 Deep Convolutional Neural Networks

Explore at Category:Segmentation - ImageJ



https://imagej.net/imagej-wiki-static/Category:Segmentation

Thresholding segmentation

Image > Adjust > Threshold...

|5 Threshold *
i
E.; 33.61 %
|
| 4] | s
| - < IB=
il i
| il S IECTE
| | I
| I v Dark background [ Stack histogram
| l
| L 4 [~ Dontresetrange
i I i z
. LUET IR Es éﬂn-" Alb Auto | ﬂppwl Resetl Sml
u3 TiLd 127 14 255 [k ] 127 14 255

r{ *Macro.ijm.ijm |

I 1 sethutoThreshold("Otsu dark™);

(Gonzalez and Woods, 2018)



Image smoothing + Thresholding

fid

127

63

191

255

(Gonzalez and Woods, 2018)

[ Threshold
34.47 %
4 | _» 183
4] | »|z255
Huang | [Baw ~]
Default E
VEnEerE | Stackhistogram
[~|Intermodes
IsoData
l)_|lsoData RESET' Setl
L
MaxEntropy
Mean W
Otsu | |Baw ~|
Minimum M
M|Moments I~ Stack histogram
(ST
Percentile
RenyiEntropy RESEtl Setl
Shanbhag
Triangle
en W
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Automatic threshold

Image > Adjust > Auto Threshold

" =
i I‘U.;
~«g Auto Threshold w1.17.2
:n '« B @ Method [Try all |
A S
[ Ignore black [ Ignore white

[+ White objects on black background

[ SetThreshold instead of Threshold (single images)
[ Show threshold values in log window

[ Stack

| Use stack histogram

The thresholded result of 8 hitimages is shown

in white [258] in 8 bits.

For16 bitimages (support still experimental), results

of Try all' and single slices of a stack are shown in
white [655358] in 16 hits.

Lnsuccessfully thresholded images are left unchanged.

OK | Cann:el|

L run("Auto Threshold", "method=[Try

4

all] white stack™);

RenyiEntropy Shanbhac Triangle
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Automatic threshold

Image > Adjust > Threshold...

1 Threshold X
o I'It.;
L |
[
. 1 |
? 2 ‘ ’ 43,95 %
a o K | _#|[z03
ﬂ MEE-E-
|Triang|e j |E|&W ﬂ
Minimum A
. V¥ Moments [ Stack histogram
E " : —|Otsu
MinError(l) Percentile
R ; RenyiEntropy R ] S
- Shanbhag
]
Yen v

g| [ *Macro.jm.ijm |

L /frun{"Threshold...");
2 setfutoThreshold("Triangle dark™);




Automatic threshold
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| evel sets

Yo

> V

(Gonzalez and Woods, 2018)

-." -."‘ "L'l‘ ‘H‘ 1.1 ,3; ()
SR
W i

'v.é"‘lq.

\‘t,:, 4 t:, w-

*& f ﬁ\'ﬁw#
L * #
ftﬁﬁ‘ﬁ () ‘5""5'4_;

i Im_:ﬁ“' ﬂ‘ﬁ;ﬁ .;.ﬂr a(; 04

d(x,y)=(x-x)" + (y=5) -

"-I'?ﬂ

bt
* HNEE

i b i

Yo

SESSLEiis

-5

2

=SESE=iis

o
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| evel sets




| evel sets

(Fiji Is Just} Imagel

File Edit Image Process Analyze Plugins Window Help

NALL| g s o] o] s o] |>

aloafol/] R

— O ot

(Fiji Is Just) ImageJ 2.3.0/1.53f51: Java 1.8.0_172 [64-bit];

Plugins > Segmentation > Level Sets

226%x218 pixels, RGB; 182K

(Level Sets — ImageJ)

|| 225%218 pixels; RGEB; 192K

Segmentat.. — O et
228x218 pixels; 8-hit; 48K

|£: Level Set Segmentation x

v illse Fast Marching:

:

Greyvalue threshold |50
Distance threshold |0.50
[~ Use Level Sets

Method |_ﬂu:1iue Contours j

(Mot all parameters used in all methods)

Level setweigths (0 =dontuse)
Advection [2.20

Propagation |1.00
Curvature |1.00

;

Grayscale tolerance |30.00

Level set convergence criterion

Convergence |0.0050

i

Region expands to  |outside -

Developed by Erwin Frise.
Based on code by Arne-Michael Toersel

OK | Cann:el|
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https://imagej.net/imagej-wiki-static/Level_Sets

Trainable Weka Segmentation (TWS)

Ihput

labeling Training set

—— | (Classifier

§ ol Walisn

.

WEKA

The daiveiily

Segmentation

(Arganda-Carreras et al., 2017)
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Trainable Weka Segmentation (TWS)

=]
=
=
=l
=
@

Plugins > Segmentation >Trainable Weka Segmentation (3D)

Training

Train classifier
Toggle overlay
Create result
Get probability

Plot result

Apply classifier

Load classifier

Save classifier
Load data
Save data

Create new class

Trainable Weka Segmentation v3.3.1

Labels

AAdd ta class 1

trace 1 (Z=108)
trace 2 (Z=108)
trace 3 (Z=109)
trace 4 (Z=108)

[trace 0 (z=108)

Add to class 2

Trainable Weka Segmentation v3.3.1

1097200 (slice:209): 2.60x2

Train classifier
Toggle overlay
Create result

Get probability Labels

Plot result
trace 0 (Z=109)
trace 1 (Z=109)
trace 2 (Z=109)
trace 3 (Z=109)
trace 4 (Z=109)

Apply classifier

Load classifier

Save classifier
Load data

Save data

Create new class

Settings

fe=] =

=
a2 g
=) g
= 5
o @

WEKA
g

Add to class 1

Add to class 2

(Arganda-Carreras et al., 2017)
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Training features

2D

| £ Segmentation settings e 3 D | £+ Segmentation settings g
Training features: Training features:

v {Gaussian biur v Sobel filter [ iGaussian biur [~ Hessian
[ Hessian [v Difference of gaussians [ Derivatives [ Laplacian
[¥ Membrane projections [ Variance [ Structure [~ Edges
[ Mean [ Minimum [~ Difference of Gaussian [ Minimum
[ Maximum [ Median [ M=oa v W Mean
[ Anisotropic diffusion [ Bilateral ™ Median ¥ Variance
[~ Lipschitz [ Kuwahara

Minimum sigma: [1.0
[ Gabor [ Derivatives
[~ Laplacian [~ Structure Maxdmum sigma: |8.0
[~ Entropy [ Meighbaors

Classifier options:

Membrane thickness:
Choose |FastRandomForest -| 200 -F 2 -5 -142231

Membrane patch size: |19

Minimum sigma: |1.0 Class names:

Maximum sigma: |16.0 Class 1 |I:Iass 1

kil

: : Class 2 |c|ass 2
Classifier options:

Choose |FastRandomForest -| 200 -K 2 -5 -7994965 Advanced options:

| Balance classes
Class names:

Save feature stack |

Result overlay opacity ﬂ J j 33

Class 1 |[class 1

Class 2 ||:Iass 2

Advanced options: OK | Cance|| HE|D|

[ Balance classes

Save feature stack |

Result overlay opacity ﬂ J j 33

OK | Canc:el| Help|

94

Edge detectors: Laplacian, Sobel,
Difference of gaussian, Hessian, Gabor.

Texture filters: minimum, maximum,
median, variance, entropy, structure tensor.

Noise reduction: Gaussian blur, bilateral
filter, Anisotropic diffusion, Kuwahara and
Lipschitz; and membrane detectors.

Trainable Weka Segmentation (imagej.net)



https://imagej.net/plugins/tws/

Image processing pipeline

A Typical Pipeline

0401 cosels, B-bvi: 1 4MB

4. |dentify

5. Measure

1240.495
4134
1250471
579,783
1088.066
014,320

30035
4331

1. Preprocess

4641

1049.84
1304.195

2. Threshold

3. Cleanup

(LOCI, 2021)



Cleanup

Process > Binary >

Huang Auto Thresholding

Close

Open

96
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Cleanup

Process > Binary >

Original Make Binary| Erode| Dilate | Open| Close--| Outline | SKELETONIZE

aged ImageJ ImageJ ImageF Imaged ImageJ Imaged Image]

Adjuste-THRESHOLD. .. [T]? Minimum... . Maximum...| Erode| then  Dilate] then 1 pixel wide 1 pixel wide
(grayscale) (grayscale) Dilate | Erode| outline skeleton

Fill Holes

T\ o

>

| S
-

\J.



Hands-on Tutorial #2



Hands-on Tutorial #2 P

15 minutes

Objectives:

 Enhance image contrast
 Reduce image noise and
« Segment solid and void phases g -

Tutorial 2: Image enhancement and
segmentation

1. Introduction

Download tutorial using the following link: EosR o

Link: https://cloudstor.aarnet.edu.au/plus/s/YRnNAMis6vR2ZKmo
Password: GrainDays 123456

5t

dmoge > Dupkoare...

Soemetirm, you cannct e the aperation, 1o 1t i shuays better ta duplicate the image. And the
4 ™

Stepd.
Process » Enhance Contrast

99
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Image processing pipeline

A Typical Pipeline

0401 cosels, B-bvi: 1 4MB

4. |dentify

5. Measure

1240.495
4134
1250471
579,783
1088.066
014,320

30035
4331

1. Preprocess

4641

1049.84
1304.195

2. Threshold

3. Cleanup

(LOCI, 2021)



Watershed




Classic watershed

Consider grey levels as altitudes

|dentify local minima I".
Flood basins starting from minima % A ,/

I'nll \/,f’f x { /
N

Separate the basins by a “dam” — the watershed

Local
- minima

Intensity

(Legland and Arganda-Carreras, 2017)

1%
\""—n
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Watershed

Classic watershed

AR LN
0‘.0.1..

I;° -y
L ' ‘

ow'la gl

s ‘o

’ .. A B

- - - -

(a) Gaussian-blurred blobs image (b) Watershed segmentation on (c¢) Watershed segmentation on

used as input (radius = 3). original image (h,, = 0, h,,, = Gaussian-blurred original image
150). (radius = 3, h,,;, = 0, h,,,, = 150).

Morphological segmentation

Impostion tak 757 me
La:.eim.] eu;unalm inima...

Marker-controlled watershed

Distance transform watershed

103

N

fros
Flood ing took: T468 ms
niatarshad 3 tok 11081 ms.

MorpholLibJ (imagej.net)



https://imagej.net/plugins/morpholibj
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Distance Transform Watershed
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Distance Transform Watershed

Inverse
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Distance Transform Watershed

I -
"s‘h“

.o‘qf -
)

=
u, L,

Watershed
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Distance Transform Watershed

Chamfer distances

5 &6 7 g 9 10 11 12 15 16 17 18 19 20 23 26 25 26 27 29 32 35 39 43
5 6 7 15 16 19 22 26 25 28 32 36 40
5 6 7 15 18 21 24 fERG 25 29 33 38
2 6 7 8 17 20 23 ik a2 37
2 6 7 7 16 19 22 5 7 11 16 26 31 36
a6 7 li] 15 18 21 0 5 10 15 25 30 35
(a) Chessboard (1,1) (b) City-block (1,2) (c) Borgefors (3,4) (d) Chess knight (5,7,11)

Chamfer distances for 3D images

wéee

(a) Chessboard (1,1,1) (b) City-block (1,2,3) (c) Borgefors (3,4,5) (d) Svensson (3,4,5,7)

(Legland and Arganda-Carreras, 2017)



MorphoLibJ

(Fiji Is Just) Irmagel

H olc|ol/

Color picker 0,0.0/255 255 255 (alt or long click for menu)

File Edit Image Process Analyze Plugins Winduw
Af_.|ﬂ‘t‘ ”\‘A‘/DJ qﬂn‘ ﬁt‘ De| ImageJ Website. .

ImageJ News. ..
Documentation....
Installation...

Mailing List...

Dev. Resources...
Plugins__.
Macros...
Macro Functions...

Examples

Update Image.. ..

Refresh Menus

About Plugins
About Imaged. ..

Report a Bug
Help on Menu ltem
Switch to Modern Mode

Upload Sample Image...

108



MorphoLibJ

[£) Image Updater

Mame

Status/Action

pdate Site

Manage update sites

Apply changes

Advanced mode

Close

109



MorpholLl

bJ

|| Imagel Updater — |
|£: Manage update sites >
A Mame LRL Host Directory on Hos
—|[_||FracLac Suite https:iisites.imagej.netidkarperien/ -
[_||Funimage. https:iisites.imagej.netFunlimageJ/
[ ||Fuzzy logic and artificial n... |https:iisites imagej.netidstartes94/
[ ||Fuzzy Set https:iisites.imagej.netiRerger/
[ ]|cDsC https:iisites.imagej.netiGDSC/
[ ]|GDSC-SMLM https:iisites.imagej.net/GDSC-SMLM/
[ ||cDSC-SMLM2 hitps:iisites.imagejnet/GDSC-SMLMZ/
[ ||Hadim https:iisites.imagej.net/Hadim/ T
[ ||HDF5 https:iisites.imagej.netRonneber/ =
[ ||HistaJ https:iisites. imagej.netiPathomation/ 1
[ ||Hohlbein Lab https:iisites.imagej.net’HohlbeinLab/
[ ||HPC-ParallelTools https:iisites.imagej.net’tHPC-FParallelTools!
[ ||HPC-Datastore https:iisites.imagej.net'tHPC-Datastore!
[ I{lamMm https:iisites. imagej.netlammms
[ /IBMP-CMNRS https:iisites.imagej.netMutterar/
[ ]{lJ-0penCV-plugins https:iisites.imagej.netlJ-OpenCyi
[_|{lJ-Plugins https:iisites.imagej.netlJ-Plugins/
| MDD hitps:dsites imagejnetd WMD)
IJF'EI—quuins https:/isites.imagejnetlJPB-plugins/ |
[ ||ilastik https:iisites.imagej.netillastikl
[ I{lmageJ Latex https:iisites.imagej.net™ul liuyul
ImageJ-ITK https:iisites.imagej.netimagel-ITKS
ImageJ-MATLAB hitps:iisites.imagej.netiMATLABY —
[l llmane @ ricnca hittnc-citoe imanai natilmanoSciancal -
_ Add my site Add update site Remove Update URLs Close
Manage update sites Apply changes I Advanced mode Cancel

Restart Fiji
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Distance Transform Watershed

Plugins > MorphoLibJ > Binary Images > Distance Transform Watershed 3D
Plugins > MorphoLibJ > Label Images > Set Label Map

1=

Distance map options

Distances |Borgefors (3,4,5)

Output Type |16 bits -
[+ Mormalize weights

Watershed options

Dynamic |2.00
Connectivity |6 -

OK | Cancel| Help|

I *Macro. ijm ijm

Pl

|'|[ "Set

=Frrm

Watershed 3D"
_al:nel lap", "

colormap=Jet background

1/350; 350%350 pixels; 16-hit, 82MB

2

%, ¥ ¥
hite shuffle”);|

VAP

111

File Edit Image Process Analyze Plugins Window Help
ml[elfa{{S] 7

x=174, y=136, z=(

value=11

[£:| Set Label Map

>

| oxfou]wlo]sa] |»

Colormap -
Background lm

v Shuffle

[ Preview

DK | Cancel|

original_greyscale-1dist-watershed
1/350; 350350 plxels 16-hit, 32MB

+3

distances=[Borgefors (2,4,5)] output=[16 bits] normalize dynamic
J3

connectivity=6")

J_LG_:
>l
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Connectivity/neighbourhood

2D
Diagonal

: !..__! ,,_

(Forensic Multimedia Analysis blog)

3D

(Plougonven, 2009)
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Distance Transform Watershed

Plugins > MorphoLibJ > Label Images > Label Edition

[1' Label Edition - O b

0x350 nixels: 16{bit: 82MB
ions . -

—
e

0 0%
N X

[

ode
Open
se
Remove selected
Remove largest
Remove in border

Size opening

Reset

Done

.
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3D Rendering

Process > 3D Viewer

Plugin Name Short Description Highlights Plugin Snapshot

e Stacks can be displayed as texture-
based volume renderings, surfaces, or
A tool for hardware-accelerated orthosilces _
visualization possibilities for * Macro-recordable functions
image stacks, using the Java 3D

library.

3D Viewer Adjust the transfer functions, edit

volumes, point lists, landmark-based
registration, transformations, 3D
Contentin PDFs

(Visualization — ImageJ)



https://imagej.net/imagej-wiki-static/Visualization
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Image processing pipeline

A Typical Pipeline

0401 cosels, B-bvi: 1 4MB

4. |dentify

5. Measure

1240.495
4134
1250471
579,783
1088.066
014,320

30035
4331

1. Preprocess

4641

1049.84
1304.195

2. Threshold

3. Cleanup

(LOCI, 2021)



Measure

Plugins > MorphoLibJ > Analyze > Analyze Regions 3D

Surface area method: |Crofton (13 dirs.) |

[ Voxel Count
v Volume

Iv Surface Area
Iv Mean Breadth
v Sphericity

Iv Euler Number
[+ Bounding Box
v Centroid

I+ Equivalent Ellipsoid

<

[+ Max Inscribed Ball

Iv Ellipsoid Elongations

Euler Connectivity: |6 =

Ok | Canu:el|

(MorpholLibJ, imagej.net)

Shape (. 8) 5 Slmﬂo_.ﬁ 5{:@_{:@&” SpTEmarch SITEio
ball n.a. 113008 11312.0(+0.0%) 11306.6 (—0.0%) 122982 (+8.7%) 122005 [+8.8%)
prolate (0,0) 30829 2038.7 (—4.7%) 3084.6 (+0.1%) 3354.1 (+8.8%) 3354.9(+8.8%)
- (45,0) — 3137.3 (+1.8%) 30863 (+0.1%) 3353.9(+8.8%) 3354.7 (+8.8%)
- (45.45) — 3150.6 (+2.2%) 30833 (+0.0%) 3351.5 (+8.7%) 3352.2 (+8.7%)
oblate (0,0) 6856.8  6290.7(—83%) 6807.6(—07%)  T410.2(+8.1%) T7411.3(+8.1%)
- (45,0} — 6872.0 (+0.2%) 67890 (—1.0%) 1369.7 (+7.5%) 13707 (+7.5%)
- (45,45) — 7154.7 (+4.3%]) 6808.5 (—0.7%) 7385.9 (+7.7%) 7386.7 (+7.7%)
torus (0,0) 113435 11417.3 (—3.6%) 11792.9(—0.4%) 12826.6(+8.3%) 12828.7(+8.3%)
- (45,0) — 11800.3 (—0.3%) 11766.8 (—0.6%) 127874 (+8.0%) 127803 (+8.0%)
- (45.45) — 12086.0 (+1.9%) 11822.4(—0.2%) 128491 (+8.5%) 12851.1(+8.5%)

Table 1: Differences between actual surface area and its measures with different methods, on shapes with
various orientations. The orientation is given by the direction of the shape rotation axis, defined by the
azimut ¢ (between 0 and 360 degrees) and the colatitude 6 (between 0 and 180 degrees).

(Lehmann and Legland, 2012)
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https://imagej.net/plugins/morpholibj

Measure

Plugins > MorphoLibJ > Analyze > Analyze Regions 3D

watershed_sclid-morpho
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Pore/particle scale modeling platform

Data Machine learning Output
Real materials Particle/Pore geometry Finite element Feature importance Unveiling patterns
images and morphology modelling

| 7

Discrete element Complex Feature set Model selection Predictions
modelli ng networks Input variables

y=a-x+b

Feature 1 y=a-x*+b-x+c

Feature 2 —p| y=a-x3+b-x>+c-x+d|=—p]
y=a-e* 3
y=a-ln(x)+b

Output variables y=a-xb

Random forest regression O
Artificial neural network [ 9

ETC 6




122

Toolbox

Data Machine learning Output

Real materials Particle/Pore geometry Finite element
images and morphology modelling




Particle shape vs thermal conductivity

292K 7

0.0 W/m? 1000 W/m2 292K 293 K :
[ . I ” : ] [ — ] . . !
Total flux (W/m?) Temperature (K) Continuity: -n(qg,- q,) =0
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Particle shape

36mV? >r;/N
z Roundness =
SA max—in

Sphericity =

i facet and
corresponding vertices

i" tetrahedron

Vertex (X; Y, »Z;) and
its surrounded faces

(Zhou et al, 2017)
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Fei W, Narsilio GA, Disfani MM. Impact of three-dimensional sphericity and roundness on heat transfer in granular materials.
Powder Technology 2019, 355:770-781.

Fei W, Narsilio GA, van der Linden JH, Tordesillas A, Disfani MM, Santamarina JC. Impact of particle shape on
networks in sands. Computers and Geotechnics 2021, 137, 104258.



https://www.sciencedirect.com/science/article/pii/S0266352X21002561
https://www.sciencedirect.com/science/article/pii/S0032591019305868
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Python libraries

PIL (Pillow) Expand segmentation labels without overlap
matplotlib Sobel+Watershed

SciPy

Scikit-image

OpenCV

TensorFlow/Keras

Random walker segmentation
Noisyf dfta

Markers

Segmentation

%
......
T



https://scikit-image.org/docs/dev/auto_examples/segmentation/plot_random_walker_segmentation.html
https://scikit-image.org/docs/stable/auto_examples/segmentation/plot_expand_labels.html#sphx-glr-auto-examples-segmentation-plot-expand-labels-py

Hands-on Tutorial #3
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Hands-on Tutorial #3

15 minutes

1/200 (slice:101); 2.60x2.60 mm

Objectives:
 Watershed segmentation
« Particle extraction

« Particle analysis: calculate particle size and shape

P ] =

Tutorial 3: Particle extraction and analysis

Download tutorial using the following link:

Link: https://cloudstor.aarnet.edu.au/plus/s/YRnNAMIS6VR2ZKmo
Password: GrainDays 123456
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Network construction

1. Image stacks 2. Reconstruction 3. Watershed segmentation
35 g d O iy,
N

4.5 mm

Contact +
Near-contact

wr

b

N o o o - o = =

~

Near-
contact

Thermal network
Contact network

| =
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Network features

Betweenness centrality

M —

= 9

Closeness centrality ignvector cehtrality



Network features vs thermal conductiv

Computers and Geotechnics 127 (2020) 103773

Contents lists available at ScienceDirect

Computers and Geotechnics

journal homepage: www.elsevier.com/locate/compgeo

Research Paper
Network analysis of heat transfer in sands

Wenbin Fei, Guillermo A. Narsilio
of g ng The University of Melbourne, Parkville, Australio

Summary of features used in this work.

Type Mo, Motatlon Attribute
Geatechnics 1 [ Parosity
2 ¥ Contact radius ratio
3 Dy Awerage particle dlameter
4 Cu Coefficient of uniformity
B [ Coefficient of curvature
Centrality 6 [G* ], Degree (‘coordination number” In & contact
network)
7 [G* lw Welghted degree
a [3*]e Closaness centrality

[G*lens Closeness centrality normalised byivi — 1

10 G, Closaness centrality normalised
by — 1042

11 [G* ) Welghted closeness centrality

12 [G*loe Welghted closeness centrality normalised
byivl — 1

13 [6")logs Welghted closeness centrality normalised
by — 1]z

14 [5*]n0a Node betweenness centrallty

15 ||.',"']R"m Normalized node betweenness centrality

16 lﬁ‘]h"-m' Welghted node betweenness centrallty

Normalized welghted node betweenness
centrality

Edge betweenness centrality
Normalized edge betweenness centrallty

weighted edge betweenness centrality

21 Ir’.']n.ﬁ‘?‘ Normalised weighted edge betwesnness

centrality
22 [5*] agpel? welghted top-to-bottom edge betwe enness
Frar centrality average
23 [GY] ip  Mormalised weighted top-to-botiom edge
n betweenness centrality average
24 [y Elgenvector centrality
N welghted elgenvector centrality

Metwork scale 26 G Network density

Lo Network diameter
3B g, Mormalized network diameter
29 [G*]ry welghted shortest path (average)
30 |r;']r_5. Average welghted shortest path between Inlet
amnd outlet nodes
dustering | fralres Global clustering coefficient
32 [6*] Local chstering coefficlant
Cycles 33 Gl Mumber of 3-cycles
34 [6*]pmae  Average num ber of node 3-cycles

35 [G*], e Average number of edge 3-cycles

[G*] is a unified characteristic, and [G"] refers to comtzce network features,
while fGr_i' refers to thermal networks. The brackets in [G*] indicate an average
value of the parameter. |V] is the total number of nodes in the network.

ity
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Thermal conductance network model

= [nterparticle contact === Near-contact

293

1
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Temperature at nodes @ (K)

2922

292

Continuity: -n(q,-q,) =0
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Summary

Overall: Relearning images - CT Image processing pipeline = Microstructural analysis

Hands-on tutorial #1
ImageJ basics
1J1 Macro script for batch processing CT images

Hands-on tutorial #2
Enhance image contrast
Reduce image noise and
Segment solid and void phases

Hands-on tutorial #3
Watershed segmentation

Particle extraction
Particle analysis: calculate particle size and shape

Codes, sample data: https://cloudstor.aarnet.edu.au/plus/s/YRnNAMis6vR2ZKmo pwd: GrainDays 123456



https://cloudstor.aarnet.edu.au/plus/s/YRnAMis6vR2ZKmo
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><Iwenbin.fei@unimelb.edu.au
D<I narsilio@unimelb.edu.au

‘B pmrl.eng.unimelb.edu.au
‘B wenbinfei.github.io

Australian Government

Australian Research Council

Australian
Synchrotron

=2




WARNING

This material has been reproduced and communicated to you by or
on behalf of the University of Melbourne in accordance with section
113P of the Copyright Act 1968 (Act).

The material in this communication may be subject to copyright
under the Act.

Any further reproduction or communication of this material by you
may be the subject of copyright protection under the Act.

Do not remove this notice
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