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How does a software measure images?

Primary units: Area of an object

Original grayscale Thresholded Histogram # of pixels = area

count
2625

(by Analyse Particles)

L B

0 255 ‘
N: 8556 Min: 0 Area
Mean: 248.145 Max: 255
StdDev: 41.246 Mode: 255 (8326) ‘ 2625
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How does a software measure images?

Primary units: Count objects

Grayscale Thresholded Distance transform = Max eroded points Histogram Get # of pixels
= # Objects
. . - . - : ' value |count
: ' 0 10
. . “e v
. . : |Area |Perim.
- ' 1 3701 226.794
. - |
. » | : . L e
| 108610 in: 0 3 3754 228.208
Mean: 254.976 Max: 255 4 2680 192409
- a derlved StdDev; 2.481 Mode: 255 (105600) S 3900 234451
. B 2766 196.894
representation 7 3831 230.208
8 3944 234.208
Where every 9 2822 198.894
foreground pixel 10 4074 239522
takes a value in
function of the
distance to the
nearest —h ©¢® BIO-INSPIRED
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How does a software measure images?

Primary units: perimeter of an object --> tricky (estimates)

|Area |Perim. |Circ. | 560
- 5.657  1.000 550
112 38.042 0.973

384  71.012 0.957 540

812 103.983 0.944
1396 136.953 0.935

530

2128 169.924 0.926 520

3024 202.894 0.923 510

4060 235.865 0.917

5284 268.836 0.919 500

6668 304.149 0.906 490

8184 337.120 0.905 450 = Perimeter

9856 370090 0.904 SOOI DADPEPRDRADPRPR OO D>S®
"Perfect" circles do not have a 11684 403.061 0.904

13692 436.032 0.905 The perimeter of an object (here: 128x128 square)

circularity of 1 15856 469.002 0.906

depends on its angular position.
18168 501.973 0.906
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How does a software measure images?

Primary units: perimeter of an object --> tricky (estimates)

i Threshold - Erosion 0 -1 0 —il =il =il
Grayscale Boundary pixels i L G[—1 , _1] el 5 _1]
—il =il —il

166

# of edge pixels

Skeletonization _
= perimeter

) 0 ) 11 1.0 | 1.41

L1} 1 L1} 10 | 00 1.0

191.823

0 o 0 14110 [ 141
mage Distance Transform

) 0 ) q

0 1 i 1 ( i

0 o ] 2 1
_____ Distance T f

1o o c e | Checkerboard / Manhattan /

> 1 . e 1 Euclidean geometry
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How does a software measure images?

Primary units: perimeter of an object: Crofton estimator

Grayscale Thresholded Crofton (based on Buffon's needles)

2 Way Crofton

(horizontal and vertical)

P=188.5

X 4 Way Crofton
% (2-way + 2 diagonals)
P=187.5

191.823

Published in "Nanoscale 9(15): 4918-4927, 2017"
which should be cited to refer to this work. x

Assumption-free morphological quantification of
single anisotropic nanoparticles and aggregates+

Dimitri Vanhecke, *® Laura Rodriguez-Lorenzo,® Calum Kinnear,”
Estelle Durantie,® Barbara Rothen-Rutishauser® and Alke Petri-Fink®©
Characterizing the morphometric parameters of noble metal nanoparticles for sensing and catalysis is a

persistent challenge due to their small size and complex shape. Herein, we present an approach to deter-

mine the volume, surface area, and curvature of non-symmetric anisotropic nanoparticles using electron
tomography and design-based stereology without the use of segmentation tools or modeling of the par-
ticles. Finally, we apply these tools to aggregates to estimate their fractal dimension.
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Thresholding / binarization / segmentation

8/12/16 bit

1 bit
, . for a < a
h(1) h’(4) _ ) o th
A N fthreshold(a) ay for a E ity
1-._.‘
T el T - 7
1y ai
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Morphological binary operations

Binary data is the output of thresholding are images with only two values: black (usually

intensity = 0) and white (intensity =1, or 255).
It is assumed that objects are black and background is
white, but this can vary.

Morphological operations rely only
on the relative ordering of pixel
values, not on their numerical values
(hence: binary data)

(a) Original image (b) I Boundary pixels
[ Interior pixels
[| Surrounds pixels
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Morphological binary operations — structuring element

Structuring element

Fits A SE fits within the neighbourhood
Hits B SE hits a boundary ¢
None C Neither hits not fits

Background = 0, black
Foreground = 1, white
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Basic (primary) binary operations: dilation

1. Consider each of the background pixels

2. For each background pixel (= input pixel) the
SE is superimposed. (origin of the SE
coincides with the input pixel).

3. When hit: input pixel changed to
foreground (=If at least one pixel in the
structuring element coincides with a
foreground pixel in the image underneath)

4. When fit or none: do nothing (If all the
corresponding pixels in the image are
background the input pixel is left at the
background value).

5. Structuring element:

Input pixel /

Structuring
element

Hi! Hijt!

Hit!
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Basic (primary) binary operations: erosion

1. Consider each of the foreground pixels

2. For each foreground pixel (= input pixel) the SE
_ ) S o nput pixel
is superimposed. (origin of the SE coincides

with the input pixel).

3. When hit: input pixel changed to background
(=If at least one pixel in the structuring
element coincides with a background pixel in
the image underneath)

4. When fit or none: do nothing (If all the
corresponding pixels in the image are
foreground the input pixel is left at the
foreground value).

5. Structuring element:

Gray: ‘hit’

pixel

Fit!

SE

SE

1

UNIVERSITE DE FRIBOURG
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Basic (primary) binary operations: dilation and erosion

Dilation Erosion
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Secondary binary operations: open and close

The property of applying more

than once does not produces a
further change. E.g. Open and
close binary operators

First erodes, then dilates.
Gentle way to remove salt
grains (=cleanup of
background)

First dilates, then erodes.
Gentle way to remove pepper
noise (=cleanup of foreground)

UNIVERSITE DE FRIBOURG
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binary operations: Hit and miss

1. Foreground pixels of SE hits foreground input
pixel:
When hit: input pixel changed to background
When fit: do nothing
2. Background pixels of SE hit background pixel:
When hit: input pixel changed to foreground
When fit: do nothing
3. I don’t care pixels: ignore

| don’t care
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Corner detection!

Background

i

Foreground




I Binary operations

Dilation Erosion

Original

Skeleton
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Reduces the object to a single pixel line (skeletonization)

Calculate convex hull of object
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Thickening

Wh

structuring elements), then removes the result from the
original image. When applied with a large structuring

First opens (removing bright structures smaller than
element, the result is an homogenization of the

te top-hat

background, making bright structures easier to segment.

can be used to enhance dark structures observed on an

nonhomogeneous background.

Dark top-hat
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Binary operations: further applications

Voronoi diagrams Delauney tesselation (red: Voronoi, black: Delauney)

X

® ®
®
. Example:
° - Fingerprint analysis
A number of points A Delaunaytriangle - Face recogn Ition
) -
| @
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Binary operations: Eucledian Distance transform =
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A distance transform, is a derived representation of a binary digital image

The result: the Euclidian distance map. Each foreground pixel in the binary image is
replaced with a gray value equal to that pixel’s distance from the nearest background pixel
(for background pixels the EDM is 0)

o |jojofo0jo0)0|f@0
011111111180
D2 1(a3j131)11/[80
011111111180
D2 1(a3j131)11/[80
01111171110
0jfojofojojofao
Binary Image
0(o0)jo0f0j0]0]D
D211 1f{1(1]1]8D0
D [ 1 EpEeaEs 110
AEN T e
D [ 1 penpame 110
D111 71]1]80
0(o0)Jo0f0jOoO]J0O]D
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Binary operations: Ultimate eroded points

The Ultimate Points extracts the last point that would be removed if the object were eroded to completion.
They represent the seed of an object (=number of objects).

Iterations of eroding steps
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Binary operations: Watershed

Watershed segmentation is a way of automatically separating touching
objects.
1. the Euclidian distance map (EDM) is calculated
2. the ultimate eroded points (UEPs) are calculated .
3. Dilation of each of the UEPs as far as possible:
1. until the edge of the original particle is reached
2. Or the edge touches a region of another (growing) UEP.




How does a software measure images?

EXERCISE 1

Open example 1A and count the number of coins using eroded points. Repeat for example 1B

Process > Binary > Ultimate points
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How does a software measure images?

EXERCISE

Open example 1A and count the number of coins using maximum eroded points. Repeat for example 1B

File > Open...
Image > Adjust > Threshold...

1N

|‘«J J 113
e apess
Default 1| B&wW —|

W Dark background _IStack histogram

¥ Con't reset range | Raw values

auto| Apply| Reset| Set|

Process > Binary > Fill holes

Process > Binary > Ultimate points
(Calculates the EDT and then the UEP)
Process > Histogram 0 65

(In Histogram window) > List - . <

UNIVERSITEDEFRIBOURG . == NATIONAL CENTER OF COMPETENCE
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How does a software measure images?

EXERCISE
Open example 1A and count the number of coins using maximum eroded points. Repeat for example 1B

File > Open...
Image > Adjust > Threshold...

1N

|‘«J J 113
e apess
Default 1| B&wW —|

W Dark background _IStack histogram

¥ Con't reset range | Raw values

auto| Apply| Reset| Set|

Process > Binary > Fill holes

Process > Binary > Ultimate points
(Calculates the EDT and then the UEP)
Process > Histogram

(In Historgam window) > List - = |\;/||21-'IENRSIZ|L§ED
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How does a software measure images?

EXERCISE

Open example 1B and count the number of blobs using maximum eroded points.

File > Open...

Image > Adjust > Threshold

Edit > Invert (make sure your objects are
White)*

Process > Binary > Ultimate Points
Process Histogram

To count:
Process > Make binary
(In histogram) > List > check at value 255

285 5B

* Note: you can also invert the look-up table (Image > Color >
Invert LUT ), this does not change your objects pixel values. l.e.
black => 255, and white => 0, which can be very confusing)

StdDew: 0.301
Value: 150

'...' L | f.
l
oo‘v %‘..0
- ls
oo" .
._!.,__A“
B
0]
MN: 65024 Min: O
Mean: 0.00910 Maw: 17

Mode: O (64958)
Count: 0

645956

L k) —

Mm k3 — k3 k2

[l s I =N

1

ra

0 —= = =
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Binary operations: Watershed

EXERCISE

Convert Example 2 — AuNP to a binary image. Compare with and without watershed

[\ Threshold e [5F Synchronize Win... — by

Example 8B-1.tif
Histogram of ceramicZrOo+AuMP
example 1ALf

File > Open... - example 1A-1 4
Image > Adjust > Threshold... e Histogram of example 141
. 4] | + [es51 P -
ClICk ’Auto' ! example 1A-5tif
4] | »|es525 Histogram of example1A-4
. ( ’ Example 2 - AuMP tif
Click Apply |Default j IB&W j Example 2 - AuNP-1 tif

Duplicate the image (ctrl+shift+D i
p g ( ) [+ Dark background [~ Stack histogram W Syme cursor W Syncz-slices

¥ Sync channels V¥ Synctframes

[T Dontresetrange | Rawwvalues

ﬁ.utnl Appl].rl Resetl Setl

Synchronize All | Unsynchronize All

Process > Binary > Watershed

To compare the two windows: Analyze > tools > Synchronize windows

UNIVERSITE DE FRIBOURG = NATIONAL CENTER OF COMPETENCE
UNIVERSITAT FREIBURG

IN RESEARCH
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Binary operations: Watershed

EXERCISE

Convert Example 2 — AuNP to a binary image. Compare with and without watershed

Process > Binary > Watershed

Original

17 objects
(not touching the edge)

31 objects
(not touching the edge)

Binary + watershed



How does a software measure images?

Given
- The primary units (area, perimeter, number)
- The position of all foreground pixels (array of X and Y)

Secondary units:

Centroid Average of all x and y within each object
Bounding Rectangle The smallest rectangle enclosing the object
Fit Ellipse Fit an ellipse to the object
: : 4-1- .
Circularity — areaz, for each object
perimeter
) Minor axis .
Aspect ratio vahor axis TOF €ach object Everything relies on the thresholding
4 :
Roundness e >, for each object step
mwT-major axis
Solidity area/convex area.
Feret's Diameter Longest distance between any two pixels in an object.

©o% BIO-INSPIRED
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Thresholding, classification and segmentation




Level il

FHistogram=basee)



Thresholding

How?

By setting the transfer function to a vertical asymptote (=infinite contrast), preferably automatic (=non-subjective)

Two concepts for unsupervised pixel thresholding (a.k.a. automatic thresholding):
Histogram shape based

Image entropy based
(there are more, but these two classes are the most common)

[ ]
ER ¢% BIO-INSPIRED
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Thresholding

Some thoughts:

- Use 16-bit data (or 32 bit). Not 8 bit

- Global thresholding is preferred over local thresholding (=last resort)

- Try to go for easy, straightforward and known thresholding algorithms (ISOdata, Otsu, ...), which are discribed in the
scientific literature (references)

- Auto-thresholding is preferred over manual thresholding (reproducibility)

- There is no «correct» solution, just models that try to simplify the complexity of nature.

Image processing to the rescue (see before):

Gradient Mean filter with large kernel

Fireflies/hot pixels/dead pixels Bin your data, Median filter with a kernel as
small as possible,

post thresholding: Morphological filters (open/close)

Touching objects: Watershed
u R *¢ BIO-INSPIRED

n 8= MATERIALS
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Auto — thresholding

Clustering

ISOdata

Otsu

Intermodes (assumes equal bimodal histogram)

Minimum Auto-threshold methods W Highlighted range

. . 3 — Holding |< Shift
Mean (Mean of grayscale as threshold, initates ISOdata) 3:;:‘2‘ £ #movesga[f-b-(édfv%dth
Percentile (assumes foreground pixels fraction of 0.5) = = thresholding window
Yen EoData 4 >l e 14 > 195" » Min/Max values
Entro PY MaxEntropy L—»!ntermodes @ Lked @E Display mode
Mean
Huang and Huang 2 (faste r‘) MinError(l) 4+ Dark background ,_ Stack histogram BAW
Shannon’s entropy :::::2 (Auto) (Apply) |(Reset) (Set)o— Over/Under
i Sree = Manual input
Pe til ‘ 3 Ty
MaxEntro Py Re:'rcyue':r:t:opy {Are ob.jects in the LCompute the %ole Lower Thweshold tavel: (0
Re nyl Entropy Shanbhag image lighter than st.ack or treat single Upper Threshold Level: 196
Triangle the background? slices independently?
Shanbhag ot (Cancel ) OK )
Metric :
Triangle
Moments
Tsai

UNIVERSITE DE FRIBOURG : — NATIONAL CENTER OF COMPETENCE
UNIVERSITAT FREIBURG a R IN RESEARCH
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Unsupervised thresholding: clustering

All pixels are randomly assigned into 2 Ideal for bimodal hi§t° rams!
clusters (foreground and background) You do not have a bimodal histogram?

Use entropic thresholding

The standard deviation within each cluster,
and the distance between cluster centers is

Count: 247200 Mir: O
calculated Mean: 125,901 Max: 255

StdDew: 73.247 Mode: 201 (3154)

0 255

Clusters are re-arranged to minimize large
standard deviations (outliers are swapped).

— the average intercenter distance between the clusters falls below a threshold,

— the average change in the intercenter distance between iterations is less than
a preset threshold, or
— the maximum number of iterations is reached




Unsupervised thresholding: entropy

Better for non-bimodal histograms!

All pixels are randomly assigned into 2
clusters (foreground and background)

The entropy within each cluster is calculated:

LM
H=- z pi log (p;)
i=ig

Clusters are re-arranged to minimize entropy

(outliers are swapped).

* Entropy difference is maximized (MaxEntropy)
* Entropy difference is minimized (MinEntropy)
* Fuzziness is minimized (Huang)

Information entropy:
Quantification for Surprise
e.g.: flip a coin. The “surprise” factor is 1/2

Relative occurrence of letters in the english language

25

20 -

15

10

Probability (%)

wu
|

Probabilities
Entropy

MaxEntropy
Huang (fuzzy)
Li
RenyiEntropy
Shanbhag

uulunhumImmu!l

abcdefghijklmnopgrstuvwxyz -

B Occurence
u Entropy
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Thresholding algorithms

EXCERCISE

Open Example 3 (A/B/C). Run a threshold and check the differences between the algorithms. Try it also
on your own data.

Image > adjust > Threshold...
Note the difference between different pixel classification algorithms

® 4% BIO-INSPIRED
8= MATERIALS
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Thresholding, classification and segmentation

Level 2

Machine learning



Thresholding: human vs machine

Ability of a machine to imitate
intelligent human behavior

Machine Application of Al that allows a
Learning —— system to automatically learn and
improve from experience

Application of Machine Learning
that uses complex algorithms and
deep neural nets to train a model

g ®s® BIO-INSPIRED
0 JF MATERIALS




Thresholding: human vs machine

Threshold Color — O x

\ [viPass:
<l i
ﬂ Plaea
Saturation
Al i
A + 252 0 Intensity (unweighted) 235
Brightness
o 1 |12
ﬂ b |28
Thresholding method:  |Default -
Threshold color. |Red -
Colorspace. |HSB -
[v Dark background
COriginal | Filtered | Select | Sample ‘
Stack Macro Help UNI
FR
|

UNIVERSITE DE FRIBOURG
UNIVERSITAT FREIBURG
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From thresholding to classification

ol
B 00 2128 [
3 58621 ﬂ J ﬂ =18t "ﬂ'
JO-INSPIRED
FIB Data by Henry Lee s E LﬁIE&!ﬁ%ﬁnm
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From thresholding to classification

Op 0y R " Oz * Oy * Og e Og
Sigm 030 070 100 160 350 500 10.00 Random forest classification
" Color/intensity ¥ ¥ ¥ ¥ ¥ [ [ (theoretical example)
Intensity 1 . .
Is the pixel white?
»
Is the neighbour pixel white?
o0 ) F
Intensity in the neighbourhood (s = 1.00) i
(a.k.a. Context) Is the pixel far from a strong
¥ Color/Intensity . . oo . edge?
Classification features E——— Statistical classification methods ' Probably
- Color/Intensity S * Artificial neural networks background
- Texture Laplacian of Gaussian * Decision tree learning e.g. Random forest
- Edginess Gaussian Gradient Magnitude . K_ernel estirrok?ution e.g. k-neares'F rweighbour Is the texture smooth?
- Distance to a local edge  oiference of Gaussions * Linear classifier e.g. Bayes classifier

- Isotropy v Texture * Least squares support vector machine -
‘, -
- Curvature Structure Tensor Eigenvalues And many many more :R fq E/llngé\lRSIZLRSED

. H JNIVERSITE DE FRIBOURG NATIONAL CENTER OF COMPETENCE
Hessian of Gaussian Eigenvalues INIVERSITAT FREIBURG IN RESEARCH



From thresholding to classification

Sigma

¥ Color/Intensity

Intensity

Intensity in th

©o% BIO-INSPIRED
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From thresholding to classification

©o% BIO-INSPIRED
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From thresholding to classification to segmentation

Use random forest ML to create a model

Use the model to decide on other pixels in your sample (~1 000 000 pixel classifications / s on the Bionano workstation)
(batch) Export the resulting data as probabilities or segmentations...and in case of 3D data: input them in 3D surface
rendering software

Or quantify

Cell volume: 1871 um3
NP inside volume: 25.82 um?3
NP outside volume: 0.7842 um?3

(assuming spheres with a diameter of 50 nm)
Number of NP inside the cell 387815
NP per volume cell: 207 NP / um3 cell

UNI ©¢® BIO-INSPIRED
FR °
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L5 iLastik

Standalone software iLASTIK | ilastik- No Project Loaded 200

www.ilastik.org Broject  Settings _ Help
Create New Project Open Project
II asti k ~ Segmentation Workflows e
= Pixel Classification Open Recent Project
- = Autocontext (2-stage) B /home/dimitri/MyProject.ilp

Neural Network Classification (Local)

# Neural Network Classification (Local)

-

/Dimitri/Projects/2024 - Ruiwen He/D4_ALilp

[~ T .
Boundary-based S tat th Multicut
= Meural Network Classification (Remote) oundary-hased segmentation wi uitieu
.
. . ) . . /.../Dimitri/Projects/2024 - Ruiwen He/D2.il
Aboutilastik — X # Trainable Domain Adaptation (Local) (beta) ] Autocontextl{z—stage} =
# Carving g /-~/Dimitri/Projects/2024 - Ruiwen He/DA.ilp
Autocontext (2-stage)
#» Boundary-based Segmentation with Multicut
ilastik version 1.4.1rc2 B 1.../Projects/2024 - Ruiwen He/Control.ilp
T ~ Object Classification Workflows Autocontext (2-stage)
ilastik development has started in 2010 in the group of Prof. Fred i Fasti.org
Hamprecht at University of Heidelberg. @ilastik-team 5 Object Classification [Inputs: Raw Data, Pixel Prediction Map]
In 2018 the ilastik d_evelopment team has moved v.llth_ Anna Kreshuk Get in Touch ® Object Classification [Inputs: Raw Data, Segmentation]
to her newly established lab at European Molecular Biology
Laboratory Heidelberg. More information can be found at ) |
. h b Tracking Workflows -
www.ilastik.org. . N
The full list of contributors over time can be found at github:
® j|asti i —
w Active Requests: 0 Cached Data: 0.0 MB | |
* lazyflow contributors =
*volumina contributors
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iLastik

Standalone software iLASTIK

www.ilastik.org

Project Settings Help

ilastik

Create Ilastik Project n =) &
Look in: | #7 thomerdimitri - | Q O 08 [ |E]|
- Computer Name * Size Type Date Modif*

—_— . . # anaconda3 Folder 9/16/24 3:2

dimitri -—

o curl-8.121 Folder 3/4/25 110

*T davfsz Folder 10/29/24 9

®T Desktop Folder 3/5/25 2:4(

®~ Documents Folder 2/19/25 11

*7 Downloads Folder 3/6/25 1:5¢

® engines Folder 3/4/35 2:5¢

*7 exiftool Folder 12/12/24 3

#7 models Folder 3/4/25 2:5¢

7 Music Folder 6/5/24 3:21

® Pictures Folder 1/23/25 8:=

* Public Folder 4/25/24 8:(

= r Folder 6/4/24 9:57
#7 servers Folder 5/16/24 12/~

4 ]
File name: r'JI'_-,rF'r'cljer:t.in ] ’ kel save ]
Files of type: |Ilastik project files (*.ilp) - | | € Cancel |

4

ilastik - No Project Loaded

Create New Project
~ Segmentation Workflows
w Pixel Classification
= Autocontext (2-stage)
# Neural Network Classification (Local)
= Meural Network Classification (Remote)
# Trainable Domain Adaptation (Local) (beta)
= Carving
#» Boundary-based Segmentation with Multicut
~ Object Classification Workflows
# Object Classification [Inputs: Raw Data, Pixel Prediction Map]
# Object Classification [Inputs: Raw Data, Segmentation]

b Tracking Workflows

Open Project

[ Browse Files

Open Recent Project

/home/dimitri/MyProject.ilp
Neural Network Classification (Local)

{.../Dimitri/Projects/2024 - Ruiwen He/D4_ALilp
Boundary-based Segmentation with Multicut

B /.../Dimitri/Projects/2024 - Ruiwen He/DZ.ilp
Autocontext (2-stage)

I.../Dimitri/Projects/2024 - Ruiwen He/D4.ilp
Autocontext (2-stage)

I.../Projects/2024 - Ruiwen He/Control.ilp
Autocontext (2-stage)

Active Requests: 0 Cached Data: 0.0 MB | |
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iLastik: 1. Input data

. ilastik - C:/Users/vanheckd/Desktop,/test ilastik/TestProject.ilp - Pixel Classification - [m| X

Project  Settings  Help

A

Q W 1 InputData RawData  Prediction Mask ~ Summary

(@) Nickname Location Internal Path Axes Shape Data Range
e l oF Add New.,¥ |

(a1

Select your input data using the 'Raw Data' tab shown on
the right

) 2. Feature Selection

) 4, Prediction Export

) 5. Batch Processing

1. Add new > Add separate images... >
* Exampled-stack.h5 (for a fast PC)
* Example4-single.h5 (for a normal PC)

2. Clickin the left process menu Feature selection

Active Requests: 0 Cached Data: 0.0 MB lzl

make sure your training images have
- Grayscale LUT
umi ©¢% BIO-INSPIRED
_ FR .
No scale o @ 8= MATERIALS
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| »‘é‘x iLastik: 1. Input data

BEE

x| (& |EZ| |~ Show 3D
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iLastik: 2 Feature selection

r A
AL Liptoss Select features... Features _ o
Q .
O || [V 2 reoureseecen (select all) > click OK
@) e e i 04 O - O3 * Og O; W Og 7
| -
o e Compute in 2D/3D 501 (301 (501 (5o1) (501 (301

Sigma

¥ Color/Intensity

pH

w0

o =S
=
)
=1
=k
L]
=1
—
oh
L]
L
Ln
L]
Ln
=
=
—
[}
=
=
w
(=1
(=5

Gaussian Smoothing

¥ Edge

Laplacian of Gaussian

Gaussian Gradient Magnitude

Difference of Gaussians

¥ Texture

Structure Tensor Eigenvalues

Hessian of Gaussian Eigenvalues

) 3. Training

) 4, Prediction Export

) 5. Batch Processing

" BIO-INSPIRED
S=: MATERIALS

" mm NATIONAL CENTER OF COMPETENCE

- IN RESEARCH

Click 3. Training

UNIVERSITAT FREIBURG



a‘é‘x iLastik: 3. Training the machine

)i Ziwa] e REERE RIGIE
o ;ﬁ
i -

) 2. Feature Selection =

W 3, Training ]

Process

Background

i Add Label 2]l

Suggest Fea ures [> Live Update

> Scroll button: change plane in 3D
e Ctrl + Scroll button = zoom in/out
S 1, 2 ... = label select

f— | = Image overlay
e — S = segmentation
 ——— U = Uncertainity / probability

@ Prediction for Background

X [FE||Z]|| ~ Show 3D

. umi ®¢% BIO-INSPIRED
FR s
Iterate and improve your result e 825 MATERIALS
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iLastik: 4. Save the data

Process

) 1, Input Data

) 2, Feature Selection

) 3. Training

N 4, prediction Export

Expo~t Cottings

So Irce: | Simple Segmentation

| Choose Export lmage Settings...

IActions

Single Image:

Tick: convert to unsigned 8-bit
Format: tif
Click OK

| ZExportAll || % Delete All

) 5. Batch Processing

Stack:

Tick: convert to unsigned 8-bit
Format: HDF
Click OK

Tick: convert to unsigned 8-bit

Format: TIF sequence
Click OK

Bl image Export Options ? X
Source Image Description
Shape: (400, 400, 1) Axis Order: yxc Data Type: uints
Cutout Subregion
range [start, stop)
y HMan- 2 - 2
xEan- T~ 2
cMan- T - 2
Transformations
Convert to Data Type: | unsigned 8-bit
[ Renormalize [min,max] from: - to -
Qutput Image Description
Shape: (400, 400, 1) Axis Order: yxc Data Type: uints
Qutput File Info
File: |{dataset_dir}/fnickname}_{result_type}.tif || select...
ok || cancel |
UNI
FR < #. BIO-INSPIRED
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iLastik: 4. Save the data

Stack saved as HDF

File > Import > HDF5...

- Click on the data
(/exported_data)

- Select «Individual hyperstacks

(custom layout)»
- Data set layout: change to «zyxt»

= [}

Select data sets

data set path size type
lexported_data 49x512x512x1 uint8

element size [um]
unknown

Load as ...

individual stacks

individual hyperstacks (custom layout)

- data set layout: zyxt

Combire o ...

hyperstack (multichannel)

hyperstack (time series)

hyperstack (multichannel time series)

- Number of channels: 1

Load Cancel

®

Stack saved as tif sequence

File > Import > Image sequence
Filter: “Simple Segmentation”
(= “Count” should then become 49)

Import Image Sequence N (= xw

Crir;

=

home/dimitri/Desktop/Thresholding/ Browse

drag and drep target

Type: default

i

Filter: [Simple Segms

EMCIOSE FEOEX iN PAFENS
Start: (1
Count: 49
Step (1

Scale: 100 I

1]

W St names numerically
Use virtual stack

Dpzen as separate images

Help| Cancel (0714

Single saved as tif
File > Open...

UNI o
FR 7
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(as :
ﬂ llastik output

—

EXCERCISE
Open the segmentation result. Find out why it is black and what you can do about it.
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llastik output

—

EXCERCISE
Open the segmentation result. Find out why it is black and what you can do about it.

39/49; 512x512 micrometer (512x512); 8-bit; 12MB

r
- o x
300x246 pixels; RGE; 288K
EE— 00
0 255 — O x
N: 12845056 Min: 1
Mean: 1.042 Maz: 2
StdDev: 0.201 Mode: 1 (12302649) Saturated pixels: 035 U
Value: 174 Count: 0
Li5t| Cop},r| Log| Live| W Wormalize
_|Equalize histegram
Normalize W Process all 49 slices
Process > _|Use stack histegram
enhance contrast Help| cancel| oK |
UNI >
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iLastik: 5. Batch processing

¥ 1 InputData

) 2. Feature Selection

) 3. Training

Process

) 4, Prediction Export

Select raw datafiles ...

Run «process all files» (can take a while)

Select Raw Data Files...

W' 5, Batch Processing

Select the input files for batch processing using the controls
on the right.
The results will be exported according to the same settings
you chose in the interactive export page above,

Process all files

Z\Teachinglmage) course\lmagel basics\Thresholding\Exampled stack\iLastiktest00.tif
Z\Teachinglmage) course\lmagel basics\Thresholding\Exampled stack\iLastiktest01.tif
Z\Teachinglmage) course\lmagel basics\Thresholding\Exampled stack\iLastiktest02.tif
Z\Teachinglmage) course\lmagel basics\Thresholding\Exampled stack\iLastiktest03.tif
Z\Teachinglmage) course\lmagel basics\Thresholding\Exampled stack\iLastiktest04.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest05.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stack\iLastiktest0E.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stack\iLastiktest07 tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest08.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest09.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest10.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest11.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stack\ilastiktest12.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest13.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhiLastiktest14.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest15.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stack\iLastiktest16.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest17.tif
Z\Teaching'lmagel course\lmagel basics\Thresholding\Exampled stack\ilastiktest18.tif
Z\Teaching!lmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest19.tif
Z\Teachingtlmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest20.tif
Z\Teachingtlmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest21.tif
Z\Teachingtlmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest22 tif
Z\Teachingtlmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest23.tif
Z\Teachingtlmagel course\lmagel basics\Thresholding\Exampled stackhilastiktest24.tif
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@ iLastik

—

Value # of Pixels

255 24
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Labkit: example and hands-on workflow

EXCERCISE

Open Example 4. Duplicate 1 image of the stack. Train a model using LabKit
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Labkit: example and hands-on workflow

EXCERCISE
Open Example 4. Duplicate 1 image of the stack. Train a model using LabKit

Install labkit from the repository: Help > Update ... > Manage update sites > [/ Labkit

Restart FIJI

Open Example 4
Duplicate 1 image (e.g. # 34)
Start Labkit: Plugins > Open current image with Labkit

Labkit Pixel Classification

https://sites.imagej.net/Labkit/




Labkit: example and hands-on workflow

EXCERCISE
Open Example 4. Duplicate 1 image of the stack. Train a model using LabKit

Train the model -~ 7] Labkit https://sites.imagej.net/Labkit/
Select Draw in the top menu il 2 I Jil=dit / o Soprnan Vo G

Select background in the left menu
paint some background pixels blue
Repeat for foreground pixels (nuclei)




Labkit: example and hands-on workflow

EXCERCISE

Open Example 4. Duplicate 1 image of the stack. Train a model using LabKit

2. Add a classifier Segmentation @
- In the left menu, click “Labelkit Pixel classification”
- Click the cog wheel, check all basic filters

- Click the play button| » = (or CTRL+SHIFT+T)

- Repeat step 1 to optimize the model

Add segmentation algorithm:

Labkit Pixel Classification #3 - Labkit Pixel Class... ~ & »

et e ey o P b b
et b

-t S e e

L o =]

R e
) Comtumvinstte Fiars

> Degewnsnnd ftw

<
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Labkit: example and hands-on workflow

EXCERCISE

Open Example 4. Duplicate 1 image of the stack. Train a model using LabKit

3. Check model uncertainity and segmentation e
- In the Labkit pixel classifier, click the down arrow e e
- Select “Show segmentation Result in ImageJ” Remove Classsiar
- Repeat with Show Probability Map in ImageJ R

Save Segmentation Result 1 TF / HOFS
Segmentatlon PrObabIIIty Show Protesie, Meg = mage)

Caiculate entre Segmentation Resut

' Caiculate entre Probabidey Mag

‘ " Rdd Sl Tteate | bl broem Lt gt e

3 bin histogram

index |hin start |count

&
] 0.000 198355
1 0333 2165
2 0667 240144
e ©s® BIO-INSPIRED

n 8= MATERIALS
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Labkit: example and hands-on workflow

EXCERCISE

Open Example 4. Duplicate 1 image of the stack. Train a model using LabKit

Batch export: apply the model to all images in the folder
Save the stack as a list of files: File > save as... > Image sequence...
In Labkit: Others > Batch segment images...

Input_directory  nagel basics\Thresholding\Example5 Browse
Select the folder with the separate images Example 4 (also as output) File fiter | i
Do not use the GPU Output_directory | nage basics\Thresholding\ExampleS Browse
Run the batch (progress can be followed in the FIJI info bar) Output fl suffx | _segmentation.t
Use_gpu
File import > Image sequence: point to the folder I

Filter: use ‘seq’ to filter for file names that contain segmentation
The images are black! @l oo

Dir: |Z:\Data\Microscopy\Dimitri\Teacning\ImageJ courseimageJ basics\ Browse

Image Sequence X

drag and drop target

Type: |default ~

Filter: [seg

enclose regex in parens
Start:
Count: (32

171

Step:
Scale: |100 %

v Sort names numerically

™ Use virtual stack

I~ Open as separate images .i BIO'INSP'RED

&. )
&l Cancel ﬂl MoﬁIEENTE!)ﬁokgTENCE

IN RESEARCH




Labkit: example and hands-on workflow

EXCERCISE
Open Example 4. Duplicate 1 image of the stack. Train a model using LabKit

5. Equalise the histogram of the segmented data SE— Saue o
- With the segmented data stack open: Process > enhance contrast l—
- Check all except normalize zio:::;.::};ﬁ 0 : o
- Click OK TR I B - N o

(alternative: Process > Math > Multiply: 255)

Before equalization After equalization 3D rendering

®o? BIO-INSPIRED
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Thresholding, classification and segmentation

Level 3

Deep learning



Thresholding: human vs machine

Histogram based Thresholding
FUI native

Ability of a machine to imitate
> intelligent human behavior

Classification
. B Labkit (FUI plugin)
lachine iLASTIK (standalone)

lach Application of Al that allows a
Learning > system to automatically learn and
improve from experience

Classification
Deeplmagel

CSBDeep Application of Machine Learning
StarDist .
that uses complex algorithms and
deep neural nets to train a model

®o% BIO-INSPIRED

%i MATERIALS
.
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Deep Learning

From the repositories, install deeplmage)
Help > Update...

In the image) Updater > manage update sites. Tick CSBDeep

|| Cookbook https://sites.imagej.net/Cockbook/

(CSBDeep https://sites.imagej.net/CSBDesp/ & - C @ bioimageio/#/

|| CSIM Laboratory https://sites.imagej.net/Acsenrafilho/ B o

|| CWNS dense nuclei segm... https//sites.imagej.net/CWNS/ &BIOImqgeJO

[ Spindle3D hitps://sites.imagej.net/...

StarDist hitps://sites.imagej.net/... -

| | Stereoscopic 3D Projection  https://sites.imagej.net/J... B 10 I Mma g e M (0] d e I ZO o)

T T - Advanced Al models in one-click
C||Ck C Iose Integrate with Fiji, llastik, ImJoy and more

. Try model instantly with BioEngine

C I I Ck a p ply Ch an geS Contribute your models via Github
ReSta rt F Ul Link models to datasets and applications

&7 Explore the Zoo

Meanwhile, have a look at www.bioimage.io

UNI ®¢® BIO-INSPIRED
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Deep Learning with llastik

ilastik - No Project Loaded N @ €&
Project Settings Help
Create New Project Open Project 3
iIaSti k ~ Segmentation Workflows b
# Pixel Classification Open Recent Project
- = Autocontext (2-stage) [ fhome/dimitri/MyProject.ilp

Meural Network Classification (Local)

= Meural Metwork Classification (Local) . i
& 1.../Dimitri/Projects/2024 - Ruiwen He/D4_ALilp

Boundary-based Segmentation with Multicut
#» Neural Metwork Classification (Remote) ¥ 9

& I.../Dimitri/Projects/2024 - Ruiwen He/DZ2.ilp

® Trainable Domain Adaptation (Local) (beta) Autocontext (2-stage)
# Carving g /-~/Dimitri/Projects/2024 - Ruiwen He/D4.ilp
Autocontext (2-stage)

= Boundary-based Segmentation with Multicut
& /.../Projects/2024 - Ruiwen He/Control.ilp

o ~ Object Classification Workflows Autocontext (2-stage)
www.ilastik.org
@ilastik-team = Object Classification [Inputs: Raw Data, Pixel Prediction Map]
Gl = Object Classification [Inputs: Raw Data, Segmentation]
b Tracking Workflows I+
4 D

Active Requests: 0 Cached Data: 0.0 MB | |

UNI ®¢® BIO-INSPIRED
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Deep Learning with Deeplmage)

Project

Settings Help

ilastik

wwwe.ilastik.org

@ilastik-team

Get in Touch

ilastik - No Project Loaded

Create New Project

~ Segmentation Workflows
= Pixel Classification
= Autocontext (2-stage)
= Meural Metwork Classification (Local)
#» Neural Metwork Classification (Remote)
® Trainable Domain Adaptation (Local) (beta)
= Carving
= Boundary-based Segmentation with Multicut

~ Object Classification Workflows
® Object Classification [Inputs: Raw Data, Pixel Prediction Map]
= Object Classification [Inputs: Raw Data, Segmentation]

b Tracking Workflows
[

Open Project

[ Browse Files

Open Recent Project

& /home/dimitri/MyProject.ilp
Meural Network Classification (Local)

& 1.../Dimitri/Projects/2024 - Ruiwen He/D4_ALilp
Boundary-based Segmentation with Multicut

& I.../Dimitri/Projects/2024 - Ruiwen He/DZ2.ilp
Autocontext (2-stage)

& /.../Dimitri/Projects/2024 - Ruiwen He/D4.ilp
Autocontext (2-stage)

& /.../Projects/2024 - Ruiwen He/Control.ilp
Autocontext (2-stage)

Active Requests: 0 Cached Data: 0.0 MB

W 1. Input Data

Select your input data using the 'Raw Data' tab
shown on the right

2 1.Input Data

W 2. NN Prediction

Copy-paste a bioimage.io model doi or
nickname, or drag and drop a model.zip file
here. Then press on the '+ button below.

1. Add new > Add separate images... > Example4-single.h5

L
Download models
|
¥ 2 NN Prediction
> ?
> >
UNI ®¢” BIO-INSPIRED
FR o
= =% MATERIALS
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Deep Learning with Deeplmage)

) 1. Input Data

X+

W 2. NN Prediction

Download models

& |l

L1 A

10.5281/zenodo.5764892 ©

»
L

-
=

NucleiSegmentationBoundaryModel

o < | 10.5281/2en0d0.5 764892 | downioads (Z060L] icense

affable-shark ©

) 1. Input Data

W 2. NN Prediction

Download models

LY

Downloading model

Downloading model: 0% Cancel

weights-torchscript.pt: 0%

Initializing _K del: 54% Cancel

Finally: click Live prediction

e ®¢® BIO-INSPIRED

n S=t MATERIALS
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Deep Learning with Deeplmage)

- ic... - O ¢
1/2; 512x512 micrometer (512x512); 32-bit; 2MB E | Dupllc

Title: Phome!dimitrimezk‘[

w Duplicate stack
Range:|ﬂ

Cancel (0714

= O >
300x%246 pixels; RGB; 288K
4
| |
S 1
0.0000805 1.000
M: 262144 Min: 0.0000805
Mean: 0,132 Max: 1.000
StdDev: 0.326 Mode: 0.00203 (200859
Bins: 256 Bin Width: 0.003M
Value: 0,730 Count: 30
List| Copy| Leg| Live D

UNIVERSITAT FREIBURG IN RESEARCH



Deep Learning with CSBDeep

How to train a model yourself?

> Install CSBDeep Training data:
1. Raw datasets
Plugins > CSBDeep > DenoiSeg > Train 2. Masked (manually) segmented datasets
(e.g. 100 2D images at 512x512 px)
DenoiSeq train x
. . . 0 (o)
Folder containing training raw images Browse Tralnlng' Use abOUt SOA) Of your dataset’ 20%’
for validation (e.g. 80 images for training)
Folder containing training labeling images Browse
Folder containing validation raw images Browse N Umber Of EpOChS: the more the better
Folder containing validation labeling images Browse Steps per Epoch: the more the better
Mumber of epochs 0 | & BatCh/PatCh Size: dO not Change
Murnber of steps per epoch 200 |
Then: wait...
Batch size 64 | O
. 64 |
Pat[hghape RN NN RN NN
16 128 256 334 512
Meighborhood radius 5 &
OK Cancel
UNI "

ER ¢% BIO-INSPIRED
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Deep Learning with CSBDeep

Training DenoiSeg model: Plugins > CSBDeep > DenoiSeg > DenoiSeg Train
— Data in folder: Example 7

B—— PP NP P wy Lwea s UG el L L A s e 1
DEE [k

.096875 1r:

e

164 / ] - loss: 0.307055 seg loss: 0.517235 denoise loss: @ 0.000400

[] Preparation 165 / 200@ [*#**d*xx__1 _ loss: 0.24B698 seg loss: 0.405297 denoise loss: 0.092099 1r: 0.000400

166 / 200 [****d*dkk__1 _ Toss: 0.292199 seg loss: 0.486998 denoise loss: 0.097401 1r: 0.000400

. 167 / 200 [***k**dk__1 _ Toss: 0.28422] seg loss: 0.470408 denoise loss: 0.098034 1r: 0.000400

a~  Training 168 / 280 [*******x__] _ Joss: 0.270557 seg loss: 0.444086 denoise loss: ©.697028 1r: 0.G08460

169 / 200@ [*#**x**xx__1 _ Tloss: 0.333659 seg loss: 0.553356 denoise loss: 0.113962 1r: 0.0004060

Epoch 850 [ 170 / 200 [*******x__1 . Jgss: 0.302505 seg loss: 0.506758 denoise loss: 0.098252 1r: 0.000400

step 199,200 (s 171 / 200 [***k*kxx__1 - Tposs: 0.297332 seg loss: 0.498418 denoise loss: 0.096245 1r: 0.000400

172 / 200 [*#*¥dkxx__1 _ Toss: 0.304597 seg loss: 0.49929]1 dencise loss: ©.1099G63 1r: 0.0004060

065 — — 173 / 200 [****k*dkk__1 _ Toss: 0.293135 seg loss: 0.488004 denoise loss: 0.098265 1r: 0.000400

" A B A S 174 / 280 [*******%__] _ Tposs: 0.284084 seg loss: 0.467967 denoise loss: ©.100200 1r: 0.008460

0.80 M 175 / 200 [*#*¥dkxx__1 _ loss: 0.276361 seg loss: 0.453689 dencise loss: ©.099033 1r: 0.0004060

055 176 / 200 [*#*¥dkxx__1 _ Toss: 0.271480 seg loss: 0.440373 dencise loss: 0.102587 1r: 0.0004060

177 / 200 [****dkdkk__1 _ Toss: 0.272924 seg loss: 0.452161 denoise loss: 0.093687 1r: 0.000400

0.50 178 / 200 [**kkkdk__1 - Toss: 0.263199 seg loss: 0.422120 denoise loss: 0.104279 1r: 0.000400

0.45 179 / 200 [*#***xxxx__1 - loss: 0.271619 seq loss: 0.446509 denoise loss: 0.096729 1r: 0.000400

180 / 200 [*#*¥dkixxk_1 _ Toss: 0.296185 seg loss: 0.492147 denoise loss: 0.100224 1r: 0.0004060

0.40 181 / 200Q [****dkdkxkk_1 _ Toss: 0.292469 seg loss: 0.486170 denoise loss: 0.098768 1r: 0.000400

0.35 182 / 200 [*#*kkkdkx_1 _ Toss: 0.323374 seg loss: 0.540127 denoise loss: 0.106621 1r: 0.000400

183 / 200@ [*#*¥dkkxk_1 _ Toss: 0.301137 seg loss: 0.488686 dencise loss: ©.113588 1r: 0.0004060

0.80 184 / 200@ [*#**dkkxk_1 _ Toss: 0.307349 seg loss: 0.477888B denoise loss: 0.136809 1r: 0.0004060

0.25 185 / 200Q [***ddkdkxk_1 _ Toss: 0.308576 seg loss: 0.518423 denoise loss: 0.098728 1r: 0.000400

186 / 200 [*****dkx_1 _ Joss: 0.302579 seg loss: 0.49974]1 denoise loss: 0.105417 1r: 0.000400

0.20 187 / 200 [*#*¥dkkxk_1 _ Toss: 0.305442 seg loss: 0.512856 dencise loss: 0.098029 1r: 0.0004060

0.15 188 / 200 [***¥dkdkxkk_1 _ Toss: 0.270236 seg loss: 0.43232]1 denoise loss: 0.108152 1r: 0.000400

010 189 / 200Q [***ddkdkxkk_1 _ Toss: 0.311597 seg loss: 0.520181 denoise loss: 0.103013 1r: 0.000400

' 190 / 200 [*#*¥dkxxk_1 _ Toss: 0.324790 seg loss: 0.527424 dencise loss: 0.122156 1r: 0.0004060

0.05 191 / 200@ [*#**dkxxk_1 _ Toss: 0.287673 seg loss: 0.472959 dencise loss: 0.102386 1r: 0.0004060

0.00 192 / 200Q [****dkdkxkk_1 _ Toss: 0.291883 seg loss: 0.487375 denoise loss: 0.096391 1r: 0.000400

0 1 2 3 4 5 s 2 193 / 200 [*****xx*x_]1 - loss: 0.288857 seg loss: 0.479057 denoise loss: 0.098658 1r: 0.0004060
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Deep Learning with CSBDeep

Training DenoiSeg model: Plugins > CSBDeep > DenoiSeg > DenoiSeg Train
> Data in folder: Example 7

Preview window

[ training preview 0
1164 |[1]| 320}(54 pixels; 32-hit; SMB

Raw data’" Denoised result
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Deep Learning with CSBDeep

Underfitting Overfitting Good fit
the model is unable to accurately the model performs well on training
model the training data, and hence data but poorly on the new data in
generates large errors the validation set.
Loss Loss Loss

0.9 0.8 0.9

e 0.7 0.8

o 0 0.7

0.6 0.5 y gg
2 05 2 04 2"
) | ~ 04
— 0.4 0.3 0.3

0.3 0.2 0.2

0.2

0.1 01 0.[1}

0
’ 0 100 200 300 400 500 600 L 50 £y J G0 S8 Gl s 5 30? ‘ 0 S0 e
Epochs Epochs Epochs

= \/glidation Loss
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Deep Learning with CSBDeep

EXCERCISE

Use the trained model on data from Example 7

- Open a dataset from the trained images (e.g. Images > test > Example7 test.tif)
- Duplicate 1 image
- Plugins > CSBDeep > DenoiSeg > DenoiSeg predict

DenoiSeg predict _ O x

Trained model file (.zip) | gulRLGEG ] TTRRET T [ Wedls] Browse
Input  Example? test.tif w

Axes of prediction input (subset of XYZCB, B = batch) XY
Batch size 10 o

Number of tiles (1 = no tiling) 1

<>

Display progress window during prediction

Convert output into input image format | |

il NATIONAL CENTER OF COMPETENCE
IN RESEARCH

UNIVERSITE DE FRIBOURG
UNIVERSITAT FREIBURG
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Deep Learning with CSBDeep

EXCERCISE

Use the trained model on data from Example 7

Watershed

®o? BIO-INSPIRED
Watershed | Se=® MATERIALS
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Deep Learning with StarDist

Looks to work well for segmentation of fluorescence data (e.g. nuclei), but 2D
Help > Update... > Manage update sites > Stardist
Can be scripted

Object Detection with Star-convex Shapes @“)‘5
https:/iimagej.net/StarDist o,

(%)

Please cite our paper if StarDist was helpful for your research. Thanks!

Neural Network Prediction

Model = Versatile (fluorescent nuclei) v
Normalize Image [V]
i L 10 &
PercentleloW o0 250 500 750 1000
L L 998 o
Percentlehigh o5 250 500 750 1000
NMS Postprocessing
L 4 050 o
Probability/Score Threshold ~— + « 0 0 o000 0o
0.00 020 040 0.60 0.80 100
L 2 040 o
Overlap Threshold v 0 000
0.00 020 040 060 0.80 100
Output Type ROl Manager (' Label Image (#) Both
Advanced Options
Model (.zip) from File Browse
Model (.zip) from URL
Number of Tiles 1o
Boundary Exclusion rgle UNI
FR o #. BIO-INSPIRED
oK u “~ MATERIALS
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Deep Learning with StarDist

Looks to work well for segmentation of fluorescence data (e.g. nuclei), but 2D
Help > Update... > Manage update sites > Stardist
Can be scripted

llastik, quick manual Affable-shark Stardist
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Deep Learning with StarDist

Looks to work well for segmentation of fluorescence data (e.g. nuclei), but 2D
Help > Update... > Manage update sites > Stardist
Can be scripted
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Number extraction




Blob analysis aka particle counting

Before you start: Assumption

- Can you trust your binary image? Your data is binary (or at least segmented)
- Isthe scale properly set? (Analyse > set scale)

- Is the foreground particle white (if not: invert: ctrl+i)

- What do you want to measure (Analyse > Set Measurements)

W Mean gray value
TWO Step pr(?cedure. _IStandard deviation W Modal gray value
1. Binarization (=th re5h0|d) W Min & max gray value W Centroid
2. Measurement: Analyze > Measure particles W Center of mass ¥ Ferimeter

W Eounding rectangle  WFit ellipse

o . . Analyze Particles % Shape descriptors W Feret's diameter
’ ‘

Wintegrated density W Median

.’..

Size (pixel* 23 [0-Infinity W Skewness W Eurtosis

'. . W Area fraction W Stack position

. . ‘ Circularity: |0.00-1.00
D ~ Show: | Nathing — _ILimit to threshold _IDisplay label
. () _linvert ¥ coordinates  _|Scientific notation
. v . N . ‘ - Dl s s Bl G sclies _lAdd to overlay _INaM empty cells
. . . . . . _IClear results _lInclude hales
v . o . _ISummarize _IRecord starts Redirect to: Mone —|
. ‘ " ° .o . . . ‘ _lAdd to Manager _lIn situ Show Decimal places (0-9): |3
' . . o . OK | Cancel| Help| Help| cancel| oK | |O-INSPIRED
- @ -V ey = IATERIALS

UNIVERSITE DE FRIBOURG NATIONAL CENTER OF COMPETENCE
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Size measurements: filters

Original (thresholded

Edge fi Iter

9-1:&'[5
008.00

particles touching the edge
will be ignored

Size filter

Circularity filter

Include holes

Interior holes will be
included

Size: 0-50

] Area
Circ.= 4w X YT
Perimeter

‘1 ()

0.3-0.5

5@30 0Op

o. ‘v "’

0.0-0.3

\

Particles with size
(=area) outside the range
specified in this field are
ignored.

Ranges from O (infinitely
elongated polygon)
to 1 (perfect circle).

UNIVERSITE DE FRIBOURG
IIIIIIIIIIIIIIIIIII

O-INSPIRED
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Size measurements: Outlines, masks and overlays

Original (thresholded) Outlines Bare Outlines Masks Ellipses Count Masks Overlay Outlines Overlay Masks
e | s ot nabe-at R R it e T T i TR
" v | v e : . 9@' S '@ k3s,'E (f = G OO ;: ' ' () .“.LF (__;j &0On ( 7 ' : = ] &0, a \lr J;,-_E\‘_, &l
08 0% 00 oY%k b0 0 % Y| lo5'O " 0C)% 0,

008 i0® 00022799 ppolo Y0
0 ®oy @ 000 Bf (009NN Of
00’8 9 ged 05507558 (00 0 R8S
08,0 NG B0 [0 B
W8 0eme °0C 009l PRS0 o 0
Nothing: Neither Outlines, masks nor Overlays will be displayed.
Outlines: 8—bit image containing numbered outlines of the measured particles.
Bare Outlines: 8—bit image containing simple outlines of the measured particles without labels.
Masks: 8—bit binary image containing filled outlines of the measured particles
Ellipses: 8-bit binary image containing the best fit ellipse (cf. Edit>Selection>Fit Ellipse)
Count Masks: 16—bit image containing filled outlines of the measured particles painted with a grayscale

value corresponding to the particle number.
Overlay Outlines:  Displays numbered outlines of the measured particles in the image overlay.
Overlay Masks: Displays numbered and filled outlines of the measured particles in the image overlay.

If In situ Show is checked, the original image will be replaced by this image.

UNI ®¢® BIO-INSPIRED
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Size measurements: Results

8 Analyze Particles

Size (pixel~2):

O -Infinity

Circularity: [0.00-

1.00

Show: [ Mothing

—

_IDisplay results

_IClear results

_summarize
_lAdd to Manager

DK| Cann:el| Help|

_IE¥clude on edges

_lInclude holes

_IRecord starts

Il situ Showe

Display results
The measurements for each particle will be displayed in the Results Table.

Clear Results
If checked, any previous measurements listed in the Results Table will be cleared

Summarize

If checked, the particle count, total particle area, average particle size, area fraction and the mean of all parameters listed in the Set
Measurements. . . dialog box will be displayed in a separate Summary table (useful for “stacks”).

Note that while single images ‘Summaries’ are output to the same Summary table, stack Summaries are printed in dedicated tables (named
Summary of [stack title]). Also, note that descriptive statistics on Results measurements can be obtained at any time using the Summarize
command.

Add to Manager

If checked, the measured particles masks will be added to the ROl Manager. . . [k [ L [ m [N | o | P |

Perim. BX BY Width Height Major Mii

ENTER OF COMPETENCE

3 0.322 0.035 0 0.09 0.104 0.117 O.
" 0.191 0.184 0 0.073 0.038 0.071 (
y 0.337 0.329 0 0.094 0.097 0.104 0.
00® Results S 02720499 0 008 008 0084 0.
M3 (R e [REE ) 0.296 0.821 0 0.066 0.1 0.107 O.
47 ||Eabe| le 7 - blobs.tif-1 |grggs |:15esan Ethev @;se |:15|>r; @;; |>r:?\;o9 |;[\241 |Ze2n5rgl |EX?69 3 0215 0.655 0.021) 0.062) 0.073 0.071 0.
Kample - obstf- . . . . . 7
48 Example 7 - blobs.tif-1  0.007 255 0 255 255 255 0453 0635 0303 0405 0.112) 0.461 0.059 0.031) 0.038) 0.039 0.
49 Example 7 - blobstif-1 8.280E-4 255 0 255 255 255 0879 0.696 0.135 0386 |Results table 3 0.222 0.731 0.059 0.059 0.076 0.077 O.
50 Example 7 - blobs.tif-1 0,002 255 0 255 255 255 0715 0705 0,165 0.693 File > save as ! 0.193 0.128 0.062 0.055 0.062 0.063 0.
51 Example 7 - blobs.tif-1 0,006 255 0 255 255 255 0092 0748 0309 0059 3 0.106 0 0.069 0.01 0.048 0.045 (
52 Example 7 - blobs.tif-1  0.007 255 0 255 255 255 0358 0742 0326 0308 7 0.286 0.561 0.073 0.087 0.09 0.091 O.
53 Example 7 - blobs.tif-1  0.007 255 0 255 255 255 0217 0755 0300 0177 :
54 ExamEIe 7 - blobstif-1  0.002 255 0 255 255 255 0015 0784 02185 0.000 Saves the table as comma separated values (CSV) : 0.341) 0.204 0.09| 0.097] 0.107] 0.116 0.
55 Example 7 - blobs.tif-1 0,007 255 0 255 255 255 0813 o783 o030z o076 \Which can be imported in Excel, R. Stata., ... . 0.124) 0.01 0.135] 0.035/ 0.042) 0.044) 0.
56 Example 7 - blobs.tif-1 0,010 255 0 255 255 255 0.626 0798 0.394 (.558 Y ’ » 0.193 0.779 0.135 0.055 0.062 0.063 O.
57 Example 7 - blobs.tif-1  0.003 255 0 255 255 255 0480 0.810 0217 0450 | 0.272 0.443 0.145 0.076 0.09 0.091 O.
58 Example 7 - blobstif-1 0,003 255 0 255 255 255 0,161 0.335 0,189 0,135 7 0.303 0.637 0.149 0.073 0.114 0124 (
Co Evmbley blbedfl Locoes 2 6 aue e et oses oo ooto oso1 0203 0.050 0.152 0.083) 0.097) 0.097| 0.
Kample - s tt- f = f f f f -
81 Example 7 - blobs.tif-1 9.721E-4 255 0O 255 255 255 0621 0.872 0.147 0589 ? 0.27| 0.308 0.208) 0.069) 0.094 0.097 0'|NSP|RED
62 Example 7 - blobs.tif-1 0,001 255 0 255 255 255 0.444 0.872 0.172 0.402 ) 0.215 0.714 0.208 0.059 0.076 0.075 O.
53 Example 7 - blobs.tif-1 6.360E-4 255 0 255 255 255 0.814 0.873 0.123 0786 5 0.238 0.814 0.218 0.073 0.073 0.079 0.ERIALS
l

0.16 0.561 0.225 0.045 0.055 0.055 0.

P R D ey e Py ey



Size measurements: Results

'EXERCISE

Calculate the mean radius of the AUNP in Example 2 — AuNP. Try with and without performing a watershed
before. Show a distribution of the feret.

1. Image > adjust > threshold (use Default)
2. Analyze > Measure particles
3. Analyze > Distribution

UNI ®¢® BIO-INSPIRED
FR °
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Size measurements: Results

EXERCISE

Calculate the mean radius of the AUNP in Example 2 — AuNP. Try with and without performing a watershed
before. Show a distribution of the feret.

.‘ 1.248 45,422 1.248 110,801
. Count: 3022 Min: 1.248 Count; 2172 Min: 1.248
Mearn: 16.841 Max: 46,422 Mearn: 21.256 Max: 110,801

StdDew: 3.041 Mode: 15,820 (580) StdDew: 11.100 Mode: 13.091 (845)
Bins: 62 Bin Width: 0.729 Bins: 37 Bin width: 2,981



Quantification without thresholding and segmentation



Volume estimation with Cavalieri

Pro Contra
Independent of object thickness must be known Systematically uniform grid,
Optical disector Over/underprojection randomly dropped

Low coefficient of error

A ‘ K
o
A + ‘l__)?_;?

3D Object XZ side view XZ view Cavalieri XY view Cavalieri

e

o+t
+ 4+ ++ + +

UNI ®
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Volume estimation with Cavalieri

+  + + o 1em?
. , a/p=1cm
:( + i + Thickness: 2 cm
3 T8¢ I NE Repeatitimes (with i = number of banana
R T 1 pieces)
> T +
+ + +
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Volume estimation with Cavalieri

&
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Volume estimation with Cavalieri: Holmes effect

Contra
thickness must be known - optical sections!
Over/underprojection - Holmes effect

(side view)

Axial plane

XY plane
(projection view)

3D representation

4188 px3 6283 px°® 5183 px* 4732 px®
+50% +24% +13%

Calculated
volume




Size measurements: Results

EXERCISE

Open Example 8. Reduce the number of slices by factor 10. Then throw a random grid over the stack and do a
Cavalieri estimation of the volume

1. Open Example 8

2. Reduce the Z stack by factor 10

3. For fun (and to make it no longer a binary image): add noise (e.g. with an SD of 50)
3. Throw a random grid over the Image, A/p of roughly 150 pixel”2

4. Count the number of crosses that fall onto the object, on all slices

® 4% BIO-INSPIRED
S=: MATERIALS
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Size measurements: Results

EXERCISE
Open Example 8. Reduce the number of slices by factor 10. Then trhow a random grid over the stack and do a

Cavalieri estimation of the volume

1. File > open

2. Image > stacks > Tools > reduce...

| £ Reduce Size >
Reduction Factor:

] | Cancell

3. Process > Noise > Add specified noise... (yes, all slices)

|£| Gaussian Moise it
Standard Deviation: IED.UD
0K | Dancell

| £ Grid... et

Grid type:

Area per point.  |150

Lonor I:_.,'.:,,“_

[~ Bold
[” Center grid on ima
v Random offset

] | Canc

6. Volume =

5.,Count on all slices (inlithe example: 6 (77?))
x Area per Point x
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Surface estimation with Buffon’s needle
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Ants estimate area using Buffon's needle

Eameonn B. Mallon® and Nigel R. Franks
Centre for Mathematical Biology, and Departinent of Biology and Biochenistey, Untiversity of Bath, Bath BA2 7AY, UK

We show for the first time, to our knowledge, that ants can measure the size of potential nest sites. Nest
size assessment is by individual scouts. Such scouts always make more than one visit to a potential nest
before initiating an emigration of their nest mates and they deploy individual-specific trails within the
potential new nest on their Orst visit. We test three alternative hypotheses for the way in which scouts
might measure nests. Experiments indicated that individual scouts use the intersection frequency between
their own paths to assess nest areas. These results are consistent with ants using a *Buffon’s needle algo- UNI
°¢. BIO-INSPIRED

rithm' to assess nest areas. ER
MATERIALS

Keywords: ants; colony emigration; individual-specific pheromones; Leptothorax; nest sites; |
UNIVERSITE DE FRIBOURG NATIONAL CENTER OF COMPETENCE
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Surface estimation with Buffon’s needle

n =3 (number of dimensions)
[;= number of intersections

v
T Area per volume

i

t = distance between two slices
| = distance between two lines

LA
I,
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Surface estimation with Buffon’s needle

Cochlea XY Cochlea YZ Cochlea XZ

160 156 137

n =3 (number of dimensions)
Z li= 453
== 100

— 10 (distance between the grid lines) .
- 10 (reducing factor, distance between adjacent slices, in pixels)

S==-453 - 100 = 30 200 px

By software: S = 32 450 px?
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Number estimation with the disector

_— 8

=3
®
K

f'iﬂ'lLrl:: I
] N 24 £
d .l'y /ﬁ ' E
o {F‘_‘r/? |h!

- ™ )
S . DIVTINOrincw
umv:nsn’é DE FRIBOURG NATIONAL CENTER OF COMPETENCE
UNIVERSITAT FREIBURG I IN RESEARCH



Stereology

Volume (3D) Surface (2D) Length (1D) Number (0D)
o — e °
=
3 T
a °

Points (0D) Line (1D) Plane (2D) Volume (3D)
£
&
= ++++
% + +
k]
E ADN0OD=3D 2DNn1D=3D 1IDNn2D=3D 0D n3D=3D
&
grd
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v" Congratulations,
You finished Part Ill, Thresholding, segmentation and
(particle) size analysis

Department
of
Data
Analysis L J
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