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Microscopy imaging: be ready to play

ﬁ Recommendation: Use image processing in the loop & improve the quality of your workflow
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Open-source science (technology) Reliable User friendly (accessible)
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Community meeting the challenges for mac
enabled bioimage analysis
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Deep learning:

an extremely hot topic in the field @

... and FAIRy* open-source solutions, the jewel in the crown

*Findable, Accessible, Interoperable and Reusable
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High Comp.

resources

What is a (pre)trained model?

 Architecture Once trained, the model state is frozen and the inference consists of

« Trained Weights running a series of static operations (e.g., convolutions, downsampling)
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Back in 2018...
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Imagel is fully equipped for scientific image
VISUALIZATION and QUANTIFICATION
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deep learning models in Image)
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*ﬁl “How can I apply it to my data?”

(Re-)training

D{\> Fine-tuning
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DL-based image processing is mostly about Python code

How easy could it be?

cellpose  Pan

README.md

Cellpose

There should be a way
to make it easy




#ZeroCostDL4Mic
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“ll—ll“ ZeroCostDL4Mic: full user-friendly deep learning experience
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“ll—ll“ ZeroCostDL4Mic: full user-friendly deep learning experience
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DL4MicEverywhere

DL4MicEverywhere: Deep learning for microscopy made ”'qff t |

flexible, shareable, and reproducible
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FAIRy deep-learning (Findable, Accessible, Interoperable, Reproducible)
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Biolmage Model Zoo
Advanced Al models in one-click
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Bringing standards to the FAIRy deep learning ecosystem
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Support reproducibility

Model fine tuning
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The potential of pre-trained models and interoperability ‘I

Reconstruct 3D nuclei

Time lapse movies of 3D volumes 2D PARTIAL Annotations
(Cell Tracking Challenge)
+ DL segmentation + 3D connected
| pre-tfrained model components

#ZeroCostDL4Mic

dec bl b

Considerations when annotating data

~300 GB of data
> 300 (3D) nuclei per time frame
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Ulman, V. et al., Nature Methods 2017

Uwe Schmidt et al., MICCAI 2018
Legland, D., Arganda-Carreras, ., & Andrey, P., Bioinformatics, 2016




The potential of pre-trained models: domain adaptation

pixel classification
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What’s the vibe?

Tech-in-the-lab

Seeking for an empowered life-sciences community




What’s the vibe?

Tech-in-the-lab

Data analysis on the loop

Seeking for an empowered life-sciences community

Opftimised integration of DL into imaging

- Benchmarking

- Scientific breakthrough

Computer Scientists: Awareness of reusability to speed up

e

Vladimir Uman Martin Maska

V. Uman & M. Maska et al., Nat Methods 2017

nature methods

Analysis

The Cell Tracking Challenge: 10 years of
objective benchmarking

Martin Maska®", Vladimir UL anO PabluDelgad&Rod riguez®**

Carlos Ortiz-de-Solérzano @™

2021: Reusability guidelines (optional)
ISBI 2022: 11 participants
« All top performing methods

+ 100% followed reusability guidelines




™\ Constantin Pape @

, et ? N _ Introducing for microscopy, our napari based tools for
a S e ‘; 1 e interactive microscopy annotation:
[ ]

Tech-in-the-lab
Seeking for an empowered life-sciences community
Data analysis on the loop

Optimised integration of DL into imaging

Computer Scientists: Awareness of reusability to speed up
- Benchmarking

- Scientific breakthrough

Scientists & researchers: Automatically guided analysis

-  Embedding non-digested scientific knowledge

(sparse information)

https://github.com/computational-cell-analytics/micro-sam A. Kirillov et al., Segment Anything, arXiv 2023 29
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