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P-L Typical Data in Microscopy

2D (fluorescence) 2D + time (brightfield)
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Data from Anna Maria Tsakiroglou (Manchester) Mouse stem cells, data from cell tracking challenge
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cPr~L Typical Data in Microscopy

3D + time - fluorescence microscopy of developing organisms

50 um

C. e/egans 1:22:04 Data: Gene Myers Lab (Dresden)




P-L Typical Data in Microscopy

3D + time - fluorescence microscopy of developing organisms

3 mm

'S 'g p E
) JRPR T - i
*.-’ “ ';; ‘.; : \;.}; ' T Y :‘a . :.b
E &I & b ¥y LT N o - o % 8,
' .‘ .. -~ .' 15 .;.‘a .‘.' ‘ '. .’; \“.' i "' ..‘ .
. z‘ : . » . .' ) ) L] :!".‘ » " 'ﬁ. ‘O A; > P v D ". "'.
"?\:;. > :; '0 . .;-o: ‘3.1' ' {:::“%' 0»'(: g "... %;.’
o . ~ .- - S 0 > » -~ 14 )
vkt \.; o 2L O ) ﬁc N 2 s ¥ . tt"
‘s ‘ L LI P - o A a® 2! oo ' .
L ® By s & - 5 . .’
§' ‘ v ‘ ’ “_. LN
’a ’ ﬁ" - w’ L ? » » ¢ X
’ )
- " . A " ) ' w'o
: . : . ‘ <
N o LA e & 4.4
4 e\ x4 ?' » ': ' ‘ $ 4 e’ l .
e A . :
3 "3 » ) BT R » ™ W A
) | 4 e . » .. :
Ol ! t Ll "".. .'* _— ..."‘ .9 “
AR AN A R T 1
’ " " " '! ' » 8 00" 53 P
% a.'“""..“f,..;ﬁ.',vf[ AN TR e LY "'
‘ PRt B4 DML e oA sy B8

‘,'-.‘ "",o. T . 3
AN T S

t y 'ﬂ .‘:o »
(& T ;

500 pm | :

\ 20T

Drosophila melanogaster Royer et al. (2016)




cP-L Image Analysis for Microscopy

—xtraction of quantitative biological information from digitised camera images

Image denoising/restoration Object Detection and Segmentation

Remove camera noise, remove blur... Find contours of cells, detect spots, track cells over time, ...
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What Is It Like to Be a Machine?

Acquired Image

Pixel leve]
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=Pi-L

Artificial neural networks are powerful for many bioimage tasks

Input Output Task
Image Discrete-valued class
: “wildtype”
or Classification
N “mutant’

Convolutional

Neural Networks .
[ abel Mask (class per pixel
(CNN) bel ( per pixel)

(Dense) Segmentation
Object Detection

(Dense) Regression
Image2lmage
Image Restoration




=Pi-L

—xtraction of quantitative biological information from digitised camera images
(Computer Vision)

Image Processing/Restoration

Remove camera noise, remove blur...




cP-L  Image Restoration

Light exposure .
Light
e

Denoising

Speed
—
Upsampling

Spatial
R
Deconvolution

Speed

Spatial resolution




Necessity of low light imaging

Planaria (Flatworm
( ) (laser/exposure: 0.3%/10ms )

Low light dosage / low SNR
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cP-L  CARE: supervised deep learning for image restoration

Pairwise training data of input/output pairs
Learn a function that implements the mapping noisy -> clean

Qutput

Convolutional Encoder Convolutional Decoder

Deconv1 Pred

Deconv2
/ Deconv3
4 Conv4 Deconv4 /
/ Conv5 Deconvs /
’ / 7 7 Convé Deconvé | 7 - 1
dnim / ===i=agipily
/ % i ~ A/Iax pooling ) 1
% J // Max pooling Unpooling AN // %
) / é A/ Max pooling Unpooling - 4 /
///_‘/4 Max pooling Unpooling v //
¢ Max pooling Unpooling |

Unpooling

Artificial Neural Network

Weigert et al. Content-aware image restoration: pushing the limits of fluorescence microscopy (Nature Methods 2018)
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ELI5S: supervised machine learning

Rules —»

Programming

Data —

Data

Supervised

Machine Learning
Answers

—  Rules




Weigert et al. Content-aware image restoration:
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pushing the limits of fluorescence microscopy (Nature Methods 2018)
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e Trained on 96 pairs (160GB)

Weigert et al. Content-aware image restoration: pushing the limits of fluorescence microscopy (Nature Methods 2018) ° Tl’alﬂlﬂg time ~ 8hrs
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CARE: supervised deep learning for image restoration

Planaria (Flatworm)
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Weigert et al. Content-aware image restoration: pushing the limits of fluorescence microscopy (Nature Methods 2018)
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=Pi-L

—xtraction of quantitative biological information from digitised camera images
(Computer Vision)

Object Detection and Segmentation

Find contours of cells, detect spots, track cells over time, ...




cPrrL  Common computer vision tasks

Single Object Multiple Objects
lmage Object Dense/Semantic Object Instance
Classification Detection (Localization) Segmentation Detection Segmentation

Cat Cat Cat Cat, Dog, Duck Cat, Dog, Duck

Currently the most successful paradigm: Supervised deep learning

Input Output
Deep Neural Network

U-Net Ronneberger et al (2015)
YOLO Redmond et al (2016)
Mask-RCNN He et al (2017)

Zkz—l Zk Zkz—i—l

Deep Neural Networks trained on annotated training data (ground truth, GT)




Segmentation

Hel a cells stably expressing H2b-GFP
Data from http://celltrackingchallenge.net/

ijoimaging

03:02:00

Detection + Tracking
Amat et al (2014)

Drosophila Histone marker
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http://celltrackingchallenge.net/

cPrL  Segmentation as a computer vision problem

Input Image — Dense Segmentation Instancg .Segmentation
(foreground/background) (individual cells)

Challenges: many crowded objects, noisy images,
different from natural images (so knowledge cannot be directly transferred)
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1T Fiji/lmageJ

e Draw Roi per object (Roi-Manager)

e Convert to label mask (e.g. see here)

e

O)O|x[8 <4 |+|AA|x|o| xjsujur| ] 4]&] |»|
x=82, y=0, value=29 [

106x106 pixels; 8-bit; 11K ® D ROI Manager
0050-0052 Add [t] ke
0055-0074 -
0045-0083 Update
0056-0063 Del
0061-0041 slete
0024-0033 Rename...
0012-0043
0035-0031 Measure
0033-0051
0066-0024 Deselect
Properties...
Flatten [F]
More »
4 Show All
Labels

http://fiji.sc/ Schindelin et al. (2012)

Schneider, Rasband et al (2012)

DL for segmentation: Annotations needed

W Fiji + LabKit

¢ Directly draw label mask

B olc|ol 44| +\Ala|o|0) JﬂﬂJJJJ >

(Fiji Is Just) Image) 2.0.0-rc-69/1.52p / Java 1.8. 0 202 (64 blt)

@D

Image

Dimensions: [146, 146]

auto contrast

Labeling

Label 1

Il Label 2

Label 3

Label 4

+ Add label

Segmentation

https://imagej.net/Labkit M. Arzt, MPI-CBG

000

e Draw ROl per object
e Convert to label mask

QuPath (0.2.0-m8) - 1_test_image_dsb.tif

A OO |/ &V Q13N

Project  Image | Annotations Hierarchy =
{J Annotation (Poly: ~

O Annotation (Poly

M Tumor
J Annotation (Poly Strom
Q) Annotation (Poly| | m Imm I
{i] Annotation (Polyt M Necrosis
C) Annotation (Poly: Oth
(O Annotation (Polyc = M Reg
() Annotation (Poly Ignore*
0 Annotation (Poly:
D Annotation (Polyc

Delete Delete ... | Setclass | Aut t
Key Value
Image 1_test_image_dsb.tif
Name PathAnnotationObject
Class
Parent Image
ROI Polygon
Centroid X px 445.1954
Centroid Y px 77.901M
Num Detections 0
Area px~2 72.5
- 380.10, 47.06 px

Perimeter px 39.071 37

https://qupath.github.io Bankhead et al. (2017)



http://fiji.sc/
https://imagej.net/Labkit
https://qupath.github.io
https://gist.github.com/maweigert/9f2684f36d3272786461a0c18d4ea176

cPi-L StarDist: nuclei segmentation with star-convex polygons

Star-Convex Not Star-Convex

Distance maps (~

Object Probabilities Radial Distances @ .

\\\!//
7 _
N

!

Approximate cells/nuclei with star-convex bounding polygon




cPi-L StarDist: nuclei segmentation with star-convex polygons

Object Probabilities
Distance maps

©

Step -
Dense Polygon Prediction
via a CNN (e.g. U-Net, ResNet)




cPi-L StarDist: nuclei segmentation with star-convex polygons

Object Probabilities
Distance maps

©

Final Result

Step -

Dense Polygon Prediction
via a CNN (e.g. U-Net, ResNet)

Step 2
Polygon Selection
(Non-Maximum Suppression NMS)

Non-Maximum-Suppression (NMS)

Multiple potentially
conflicting objects

Keep object with
highest probability

Remove all with
Intersection over Union > Threshold

@ &

Threshold = 0.2 Threshold = 0.5

=PiL




crowded lymphoma cells

Example
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Example: crowded lymphoma cells
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Histopathology (H&E stain)

Example Pretrained

=Pi-L

Whole Slide H&E (Sarcoma), (15mm x 6mm, 32k x 14k pixels)




Histopathology (H&E stain)

Example Pretrained

=Pi-L




cPr-L  Example Pretrained: Histopathology (H&E stain)

Whole Slide H&E (Sarcoma), (15mm x 6mm, 32k x 14k pixels




Example application of pretrained models

=Pi-L

Zebrafish tail development, Data from Oates lab, EPFL




Other bioimaging tasks: detection and localization

Dominguez Mantes et al. Spotiflow: accurate and robust spot detection for fluorescence microscopy (bioRxiv 2024, under review) Data from Manley lab, EPFL



cP-L  Other bioimaging tasks: tracking

Method Linking TRA 1T AOGM |
Distance greedy 0.944 1511
Distance ILP 0.962 1065
TrackMate (overlap) LAP 0.957 872
DEeLTA 2.0 greedy 0.996 118
TRACKASTRA (points only) ILP 0.995 136
TRACKASTRA greedy  0.999 36
TRACKASTRA ILP 0.999 23

Gallusser and Weigert. Trackastra: Transformer-based cell tracking for live-cell microscopy (ECCV 2024)




cPr-L  Usable open source software is important!

@ napari File View Plugins Window Help O B bpm 60 K T B ©9 ® 3 =

9
jo
80

© Wed5Jun 12:13

'® ] napari

label:
opacity:
brush size:

blending: translucent

color mode:
contour:
n edit dim:

contiguous:

preserve
labels:

show
selected:

Ty A T s s ok ey
low 0.5.0 documentation

Spotiflow 0.5.0 documentation I D Spotiflow

) Spotiflow i
Predicting spots using the napari ’ Getting Started
plugin

Inference via CLI

Installation

Spotiflow is a learning-based subpixel-accurate spot detection method for 2D and 3D Predicting spots in an image

Audllabieipretialied Fgdels fluorescence microscopy. It is primarily developed for spatial transcriptomics workflows that Python API
ILaSI:olnmg;;:s;ﬂow megiel o require transcript detection in large, multiplexed FISH-images, although it can also be used to Command Line Interface

_ , , detect spot-like structures in general fluorescence microscopy images and volumes. For more (CLI)
Fine-tuning a Spotiflow model on

O - information, please refer to our paper. Napari plugin

API Reference Contents

> 0 ea @& f .

mask sample: trackastra [0 864 196] Aactivity




