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Machine learning for image analysis

In classical machine learning, we typically select features for training our classifier
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Image data source:


https://bbbc.broadinstitute.org/BBBC038

Outlook: Deep learning for image analysis

In deep learning, this selection RYIOWC
becomes part of the black box :

J ]

. ‘!‘o\
¢ .....l.

08 «*

Convolutional neural
networks
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* How biologists see neurons

Cell body

Telodendria

Nucleus

Axon hillock
s . A ': > “ —
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Synaptic terminals

Golgi apparatus
Endoplasmic
reticulum

* How computer scientists see neurons

Inputs

“perceptron”
Bias
b .
- Activation
X; — W, l function

Weights

y
= f(Wl |1x1 + WoXo + W3 X3 + b)
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; _I\Ieural Networks

* Early form: “Multilayer Perceptron” If there are many hidden
« fully connected class of feedforward artificial neural network layers, we speak of a
deep neural network
Input layer Hidden layer(s) Output layer
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: Convolutional neural networks

* Layer types

Fully connected layer
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: Convolutional neural networks

* Layer types

Fully connected layer Convolutional layer

Field
of -
view
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Deep Learning for Microscopy

Segmentation Denoising Image restoration Artificial labellin
U-net Stardist Noise2Void CARE fnet
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Trade-offs in live-cell imaging

Light exposure
Light Exposure

Spatial resolution
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.- The U-net
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Image denoising: CARE

e Content aware image restoration (CARE)

* Image acquisition of pairs of images: A high-quality and a low-quality image. il;)r?aiazg?;
* Problem: shot noise, biology moves! required!
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Image denoising: CARE

* Important to use on the same conditions/structures/staining that the networks
were trained on!

Trained on: | Planaria
Applied to:

Planaria

Input

Predictic

Ground
truth
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Noise2noise

(a) Gaussian (o = 25)

r

BM3D

Ground truth Comparison
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Source: Noise2Noise: Learning Image Restoration without Clean Data
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Noise2noise

* by Nvidia (Lehtinen

2018)
https:

/1803.04189.pdf
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Convolutional
Neural Network
(CNN)
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Input

Noisy image: x; = s +ny
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Noise2void

Image denoising Wlthout image pairs
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Noise2void

- cmgig)Zvoid:KruHetal Noise2Void - Blind Spot Network

https://arxiv.org/abs/18
11.10980 Target

* Noise2self: Batson and
Royer (2019)
https://arxiv.org/abs/19
01.11365

Noisy image
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Noise2void
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Noise2void

Napari-plugin e

Reset model Continue training

Training progress
Epoch 200/200

Step 400/400
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F Open in TensorBoard

Prediction

Tile prediction
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Number of tiles 4

Prediction 3172/3172

Predict again
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Image denoising

* Noise2Void

Robert Haase
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StarDist: Nuclei segmentation

Advanced algorithms are necessary when nuclei
become too dense.

Image of nuclei Corresponding masks

Robert Haase Source: Ricardo Henriques lab i
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Sta rD | St Class. Image proc.

* Prediction of probable object centers + polygon outlines Deep learning

* Non-maximum-suppression of less likely polygons

Object probabilities
Input Ground truth

Directional distance maps (32x)
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https://github.com/stardist/stardist

StarDist

* Prediction of probable object centers + polygon outlines

* Non-maximum-suppression of less likely polygons
Final segmentation

ObjeCt prObabiIitieS Directional distance maps POIygon candidates
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StarDist: Limitations

Star-convex shapes!
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Good for nuclei, bad for cells.
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StarDist: Python

Initialize model / download pretrained model Apply model

# creates g pretrained model labels, details = model.predict_instances(image)

model = StarDist2D.from_pretrained('2D versatile fluo') . o )
- - - stackview.insight{labels)

Found model '2D wversatile fluc' for 'StarDist2D’.

Loading network weights from ‘weights best.h5'.

Loading thresholds from 'thresholds.json'. 0
Using default values: prob _thresh=2.479871, nms_thresh=08.3.

Normalize intensity to range [0, 1] 100

axis _norm = (8,1)

. - . : 200
image = normalize(image, 1,99.8, axis=axis _norm)

300

500
0 100 200 300 400 500

Robert Haase
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StarDist: Business model

Serving clinical sicentists using software based on open-source code

v [@ altofight cancer—Altofight - X + — 0 ><|

v [I4 PAIKON diagnostics- Alto figh X + - O X
< c 25 katana-labs.com/#start b g ]

« > C 25 katana-labs.com/paikon-diagnostics/ w & »

Home PAIKON diagnostics Spatial Biology

Home PAIKON diagnostics Spatial Biology Contact
\

— \\ Contrast » [ BN

N\~ CENI7 )
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DAPI

Brightness
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e /
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Greyscale >
Invert
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KATANA

DIGITAL PRECISION IN MEDICAL LABS
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ap@0.5=0.83

CellPose

« Processing more diverse
datasets and object shapes

Robert Haase
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CellPose

Compute ,flow fields” from images

+ using classical image processing during training

« using neural networks during prediction

a manual annotation spatial gradients flow representation

A

simulated diffusion /\ /\ flow legend
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CellPose

horizontal vertical
flow

"inside cell" flow field

e Cell/Nuclei—
segmentation based
on flow-fields

e Technically similar to
Watershed, but with a
deep-learning based
altitude-image

™ “follow the flows"
> A
» ¢ 8
é’ - | =t = 1 - - —'.E ;»,, 3
x4 =4
x2 x2 7
T style 5
| [x2 @ nz ||
Robert H I
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Bdoter

CellPose

« Image styleis a
parameter
determined
before prediction
to guide
segmentation.
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Cellpose 3D
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Cellpose in Napari

mamba install cellpose-napari

File View Plugins Window SI@glsl Help

= Filtering / background removal >
Filtering / deconvolution b 1
opacity: , Fad

Filtering / edge enhancement
contrast limits:

Filtering / noise removal 3 w
auto-contrast: ance Filtering 4 p
- Games L3 . ‘
L ALILEE . File View Plugins Window Tools Help
) Image math 3
colormap: RGB ﬁ :’\ - 0 * Q
blendi ‘ Measurement maps 3 v 4
ending: transiucel T S T » ‘ T 1.00 image layer Cells 20
interpolation: nearest Measurement tables 4 )
2 S P model type cyto
A — b r contrast limits:
Points y 8 auto-contrast: once continuous ‘ 4 ~ custom model path: Select file
Registration L4 e gamma: 4 1.0C » channel to segment O=red
Scripts L4 -
RO S vl P X X X Connected component labeling (clesperanto) colormap: RGB . "\ ' 4 optional nudear channel none
Segmentation / binarization 4 - : {abeling (n-SimplelTK) .
onnected component labeling (n-Simplel ina e v ; i
< Cells 2 Seamentation / labeling » P : 9 s p blending: translucent_no_depth s Y diameter 30
. ells 3 " Connected component labeling (scikit-image, nsbatwm) |
egmentation post-processin i jon: v shape layer
5 i e < , Eroded-Otsu-labeling (clesperanta) TIEERIE T E 4 £ pe ey
urfaces
Gauss-Otsu-labeling (clesperanto) | Vi y ' compute diameter from shape layer
Transforms 3 = Otsu-labeling (nsb ) - ’
auss-Otsu-labeling (nsbatwm, - 4 i
Utilities ) ) 9 i e ’ compute diameter from image
Merphological watershed (n-SimplelTK) ® Q . ~
Visualization 3 X ® - cellprob threshold 0.00
Object segmentation (APOC) % ‘ 0 —@- 5
Tools Info Object segmentation (apply pretrained, APOC) - ’ o ‘ ~ model match threshold 27.00
» ‘o
Scalar image K-means clustering (n-SimplelTK) @ Cells 2D = ~
Seeded watershed (scikit-image, nsbatwm)
4 average 4 nets
[ * Seeded watershed using local minima as seeds (nsbatwm) - .
> 0 ) 3 ps://g
e a Seeded watershed using local minima as seeds and an intensity threshold (nsbatwm) N htt s'// Ith u b .CO m/ . . resample dynamics
Seeded watershed with mask (scikit-image, nsbatwm) Mouse Land/ce”pose process stack as 3D
s
_napar|/|ssues/50 stitch threshold slices 0
- ’ - ‘ + dear previous results
2 X v output flows and cellprob
eval() got an unexpected keyword argument 'net_avg A X
v output outlines
~ View Traceback
>_ D e D‘ ﬁ run segmentation
Cells2D sample: cellpose-napari  [4247]: [3, 2, 0] A activity
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Cellpose in Python

Initialize a pretrained model

model = cellpose.models.Cellpose(gpu=False, model type="nuclei’)

List available models cellpose.models .MODEL_MNAMES

[ "cyto3’,
"nuclei’,
‘cyto2 _cpl’,
"tissuenet _cp3’,
"livecell cp3’',
‘yeast PhC_cp3’,
‘yveast BF cp3’',
"bact_phase cp3’,
"bact_fluor_cp3’,
‘deepbacs_cp3’,
‘cytol2’,
‘cyto’,
"transformer_cp3’,
"neurips cellpose default’',

e UNIVERSITAT
LEIPZIG

Robert Haase "neurips cellpoze transformer’, TECHNISCHE
@haesleinh f . . - . . A
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Cellpose in Python

channels = [0,8] # This means we are processing single-channel greyscale

masks, Tlows, styles, diams = model.eval(image, diameter=None, channels=channels)

original image predicted outli predicted masks predicted cell pose

Robert Haase
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cel I pose 2 he Cellpose 2.0: how to train your X + — O

< & 23 nature.com/articles/s41592-022-01663-4 W o3 a.l

nature methOdS View all journals Q Search Login

Explore content v About the journal v Publish with us v Sign up for alerts L1 RSS feed

Train your own model

nature » nature methods » articles > article

Article | Open access | Published: 07 November 2022

Cellpose 2.0: how to train your own model

Download PDF

Associated content
Marius Pachitariu® & Carsen Stringer &

A cellular segmentation algorithm
with fast customization

Nature Methods 19, 1634-1641 (2022) | Cite this article

59k Accesses | 142 Citations | 116 Altmetric | Metrics Nature Methods Research Briefing 07 Nov 2022

Abstract Sections Figures References

Pretrained neural network models for biological segmentation can provide good Abstract

out-of-the-box results for many image types. However, such models do not allow Main

users to adapt the segmentation style to their specific needs and can perform Results

suboptimally for test images that are very different from the training images. — _

Here we introduce Cellpose 2.0, a new package that includes an ensemble of plsedssion

diverse pretrained models as well as a human-in-the-loop pipeline for rapid Methods

prototyping of new custom models. We show that models pretrained on the Data availability

Cellpose dataset can be fine-tuned with only 500-1,000 user-annotated regions Code availability -
4 3

Robert Haase
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Cellpose 3
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Cellpose

State-of-the-art despite the rise of transformers

T

Cold ™ ™ Abstract
= bioRyiv
Harbor
Laboratory x In a recent publication, Ma et al (2024) claim that a transformer-based cellular
THE PREPRINT SERVER FOR BIOLOGY segmentation method called Mediar - which won a Neurips challenge - outperforms

Cellpose (0.897 vs 0.543 median F1 score). Here we show that this result was

obtained by artificially impairing Cellpose in multiple ways. When we removed these
New Results A Follow this preprint impairments, Cellpose outperformed Mediar (0.861 vs 0.826 median F1 score on the
updated test set). To further investigate the performance of transformers for cellular

Transformers do not outperform Cellpose
P P segmentation, we replaced the Cellpose backbone with a transformer. The

Carsen Stringer, @ Marius Pachitariu transformer-Cellpose model also did not outperform the standard Cellpose (0.848
doi: https://doi.org/10.1101/2024.04.06.587952 median F1 test score). Our results suggest that transformers do not advance the state-
This article is a preprint and has not been certified by peer review [what does this mean?]. of-the-art in cellular segmentation.
| =0 l] =0 l] &0 [] % | [] o l] BHo [] ¥ 126 | Competing Interest Statement
Abstract Info/History Metrics [ Preview PDF The authors have declared no competing interest.

Copyright The copyright holder for this preprint is the author/funder, who has granted
bioRxiv a license to display the preprint in perpetuity. [t is made available
under a CC-BY-NC 4.0 International license.
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Segment Anything Model

New approach to DL-based image segmentation involving prompts

Robert Haase
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Segment Anything Model

New approach to DL-based image segmentation involving prompts
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Segment Anything Model

New approach to DL-based image segmentation involving prompts
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Segment Anything Model

v § Kaggle 2018 Data Scienc

Trained on mostly natural images €

8v1 [12]

.. A

e Bov

®

+

23 bbbc.broadinstitute.org/BBBC038

=
Broad Bioimage Benchmark Collection E
Annotated biological image sets for testing and validation

Introduction
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Contribute
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Figure 8: Samples from the 23 diverse segmentation datasets used to evaluate SAM’s zero-shot transfer capabilities.
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Segment Anything for Microscopy

Popping up napari plugins, some within 24h after SAM was published

~

&«

€) hiroslchem/napari-3AM4IS x  +

00 README &8 Apache-2.0 license

(&) (—-u github.com/hiroalchem/napari-SAMAIS|

napari-SAM4IS

license |Apache 2.0 | pvpi [v0.0.6 ] python 3:813:918:20 | () tests failing
> napari hub napari-SAM41S

napari plugin for instance and semantic segmentation &
Segment Anything Model (SAM)

This is a plugin for napari, a multi-dimensional image viewer for Pytho
and semantic segmentation annotation. This plugin provides an easy-t
annotating images with the option to output annotations as COCO for

This napari plugin was generated with Cookiecutter using @napari's cof

template.

Installation

To use this plugin, you'll need to install the napari multi-dimensional i
Segment Anything Model (SAM) library.

napari Installation

You can install napari using pip:

nin install "nanarilal11"

v ) royerlsb/napari-segment-anyt X+ v ) MIC-DKFZ/napari-sam X  + v ) computational-cell-analytics/ X bR Segment Anything for Microsc: X | +

€« > C (.: github.com/royerlab/napari-segment-anything| 3 > c 23 github.com/MIC-DKFZ/napari-sam <« 4 c 23 github.com/computational-cell-analytics/micro-sam

[0 README 28 Apache-2.0 license [0 README &5 Apache-2.0 license 2

) README &8 MIT license

hapari-segment-anything Segment Anything Model (SAM) in Napari

[icose spoche20] ovoi vo-04] pvven 361391510] © et T —
privon 3813913:10
* napari hub napari-segment-anything

Napari plugin of Segment Anything Model (SAM)

Segment Anything for Microscopy

Tools for segmentation and tracking in microscopy build on top of Segment Anytt
and track objects in microscopy images interactively with a few clicks!

Segment anything with our Napari integration of Meta Al's new Segment Anything Model (SAN

Download the network weights here . . i X
I SAM is the new segmentation system from Meta Al capable of one-click segmentation of any

object, and now, our plugin neatly integrates this into Napari. We implement napari applications for:

¥ napari-segment-anything-small.mp4 ~

We have already extended SAM's click-based foreground separation to full click-based semanti * interactive 2d segmentation (Left: interactive cell segmentation)
segmentation and instance segmentation! e interactive 3d segmentation (Middle: interactive mitochondria segmentation i

At list ol SAM ST AtGN SUBpOHE bisth 20/aRd 3D iages « interactive tracking of 2d image data (Right: interactive cell tracking)
, our 1 I U .

Click-based semantic Click-based instance
segmentation mode segmentation mode

d [T famep

Everything mode

» 0:00/0:37
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Segment Anything for Microscopy

Downsides:

« Original code did not contain the
procedure for iterative training

« Instance segmentation not ideal
(watershed-implementation

added in micro-sam) ‘ positive prompt i

« Fine-tuning for microscopy data
necessary

negative promp/ts

(]
.

box prompt

current object

committed objects

Robert Haase Source: Archit et al (2023) licensed CC-BY 4.0
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Segment Anything for Microscopy

Real-world scenarios: human-in-the-loop

,Personalized”

: Retraining /
Microscopy SAM

fine-tuning

New microscopy Automatic Result Interactive

Segmentation good? correction

data

Robert Haase Figures modified from slides by C. Pape
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Segment Anything for Microscopy

b Default Finetuned Default Finetuned
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- Summary: Deep Learning for Bio-image Analysis

* [Convolutional] Neural Networks is a decade old technology that enabled breakthrough
recently.

* Image Denoising
* Image Segmentation

 Common scheme: Smart algorithms for processing input/output of neural networks +
standard NN architectures

I i :
* Training these models is
e computationally expensive,

* needs large amounts of training data (sirgle-mages),
* requires a certain level of [python] expertise

e |f Voronoi-Otsu-Labeling does the job, don’t dive into deep learning!
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Exercises

Make noise2void, stardist, cellpose [and micro-sam] work.
Hint: This may screw Up oy s
your conda environment. ’

x-1
uninstalled six-1.16.0

import n2wv
from skimage.ic import imread

In case of weird errors:

ValueError Traceback (most recent call last)
Cell In[1], line 2

1 import n2v
----» 2 from skimage.io import imread

1. Don't panic

2. Recreate you environment

File ~\mambaforge\envs\tea2\lib\site-packages\skimage\_ _init_ .py:122

118 # We are not importing the rest of the scikit during the build
1 119 # process, as it may not be compiled yet
3. Install the thing you want to use, e :
. 121 try:
preferably using mamba/conda. R R
123 del geometry
124 except ImportError as e:

Creating conda environments is File geometry.pyxil, in 0
not a big deal, just |ike grabbing ‘;:iu;;r;:;r:ﬂ ;;EE;-;ZSEPHY size changed, may indicate binary incompatibility. Expected 96 from C header,
a spoon before eating soup.
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