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An example-based introduction to approaches
o Image processing-based
o Machine learning-based
o Deep learning-based

Some issues and tricks

Basic problems
o Segmentation
o Detection
o Tracking
o Enhancement

Software

* Data
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https://doi.org/10.1007/978-3-319-23497-7_2

: image processing-based approach

Exploit image processing expertise to predefine the desired operations (e.g,
thresholding, edge detection, filtering, etc.) as well as their parameters
(threshold value, filter radius, etc.) to perform the task
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https://doi.org/10.1007/978-3-319-23497-7_2

Computer —— Trained —
model

Known
results

* Automate the model configuration, optimizing method parameters
* Need for annotated data (known results) for model training
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Deep learning-based approach

Computer —_ Trained _

model AN

Known

resuts & . o ® ¥ Computer — Results

e Automatic feature learning from data and optimized method parameters (weights)
* Need for

o High volumes of annotated data for model training

o Hyperparameters’ tuning (architectural choices)




Artificial Neural Networks

n x; = input variables (features)
y=g¢ z x;w; + b w; = learnable yveights
b = learnable bias term

i=1

e o = non-linear activation function
Artificial neuron

Hidden Layers
" Layer/ '\i‘:\ l. \?i[p !
Arranged in layers (the output of one layer is the input to the next) o ‘
Different arrangements lead to different architectures o )
Weights are the main adjustable parameters; their optimization (by ¢ |

backpropagation) leads to the NN training o
Basic layout: layers arranged in a fully connected fashion

https://doi.org/10.1038/s41580-021-00407-0 (2022) 7
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5 e Convolutional layers: the output is the result of a
CN N S / e Filker . .

small fully connected NN (filter) applied to local
Wil groups of input features

Learn the local structure of the input data

Microscopy
image

https://doi.org/10.1038/s41580-021-00407-0 (2022)

Next layer

* Pooling layers (P): summarize responses * Fully connected layers (F): learn higher
of neighboring regions in a feature map level feature representations, specific to
object classes

Feature learning Classif. 8
Adapted from https://doi.org/10.1109/TNNLS.2017.2766168 (2018)
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FCNs

Variant of CNNs, consisting of
e aconvolution path to learn high-level abstract feature representations and

e adeconvolution path to reconstruct fine details for segmentation

Convolution Deconvolution

Adapted from https://doi.org/10.1109/TNNLS.2017.2766168 (2018)
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U-net

Another encoder-decoder-style variant of CNNs, frequently adopted for bioimaging

e pixel-wise loss weight to force the
o learning of border pixels
inlwna{:?:g >> N ': ':': ggg?#tentation
o Lr)'128128
NH_ . augmentatlon W|th elastic deformations
| | k B p-

=» conv 3x3, ReLU
copy and crop

¥ max pool 2x2
4 up-conv 2x2
= conv 1x1

10
https://doi.org/10.1007/978-3-319-24574-4 28 (U-Net, 2015)
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Some ML and DL issues

* Overfitting: the method performs well on training data, less on
validation data=> must have learned shortcuts to correct answers

in training data Panet . DR e, P,

‘- -‘-:.- -------- ’.-o- == Model .,'.‘ ..‘0‘ ':':, ..O
:o ..‘ ;o .:“ :o .:
Underfit o Good fit e Overfit g

* Learning rate: controls the speed for updating Learning rate
model parameters during training. Too slow is A1\ Too low
. . ) . 21\ Too high
time-consuming; too high can lead to quick = . gd
convergence to a sub-optimal solution —

Training time

https://doi.org/10.1038/s41580-021-00407-0 (2022) 11
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Some ML and DL tricks

* Data augmentation: artificially increase the size of the

Rotate (x4)

Rotate and Flip (x8)

training dataset

Raw

o Can improve training progress by
amplifying differences in the dataset

o Useful if the available dataset is small
(avoid overfitting)

No augmentation
4x augmentation
8x augmentation

mAP

Ex. performance gain with
data augmentation for cell
detection and classification

1 5 10 15 20 25 30
Epoch https://doi.org/10.1038/s41467-021-22518-0 (ZeroCostDL4Mic, 2021) 12
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Some ML and DL tricks

* Transfer learning: Exploiting a pre-trained model as a starting
model (rather than initializing training with a blank model)

1.0

o Re-use previously learned features e o B

o Shorten training times >’ =

o Reduce the amount of required training data  z°°

o Benefit from model zoos (e.g., Biolmage Model Zoo 7|
https://bioimage.io) '.»\Biolmage.IO |

Al models in one clic

20 200 5 20 200

model

"De novo" Transfer
training learning

Pre-trained |

Ex. performance gain with transfer learning
for cell segmentation

https://doi.org/10.1038/s41467-021-22518-0 (ZeroCostDL4Mic, 2021) 13
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Image segmentation

Partitioning of images into meaningful segments

Issues: inhomogeneous background noise, low contrast, complex
and varying instance structures, touching or overlapping cells, ...

* U-Net, SegNet, ...

2D segmentation ] | 3D segmentation

l Instance segmentation ]
% I/,

\ »_~
L . 0 v,'f* ' A
D "‘. - / »>

® |:| N, i

@ - o e
9 s 7N 3

https://doi.org/10.1038/s41592-021-01262-9 (Deeplmaged, 2021)
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Early mitosis

Object detection Multipolar
Determine locations and classes of objects

* Traditional approach: extract features from local
image patches and perform classification on them

https://doi.org/10.1038/s41597-023-02540-1 (ALFI, 2023)

=+ DL approach
g _, | Soteneneniork | | veas [oessicuine oupunesss,  [Jewenenewer & — one-stage: simultaneously perform
Images Transformer-based) | Regression—p- bounding boxes) DHead Network o . . . . . .
2 localization and classification in
{5 Com g tosior S the head network (e.g., YOLO)
(o]
2z  — two-stage: first obtain region
Head Network =
5 proposals, then perform
Input | B?&bz?:ar::mm Region 1= Classification [t (o%ff,fg:;:e"ss& g I I . d I . f .
wmaes —>HERE S propest [ Loclzton | | (b s S ocalization and classification (e.g.,
S R-CNN)
(b) Two-stage Detector g
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Example DL-based object detection

Event analysis for time-lapse microscopy

\ )
‘\\ \‘-»‘\ ‘: Multipolar

Examples of Identified phenotypes Object detection
events occuring (ALFI dataset) predictions on test data

(A. Hada, Medical Imaging and Applications (MAIA) Master Thesis, 2022)
L. Maddalena, INNOVA3DIMAGING Workshop, 5th June 2024 16



Object tracking

Follow objects through a series of
time-lapse images

Issues: strongly dependent on cells detection and mitoses
detection; tightly packed cells are treated as a single entity;
cells change appearance in time, can appear and
disappear, have erratic movement patterns; time-lapse
sequences have very low temporal resolution, ...

https://doi.org/10.1038/s41592-022-01507-1 (TrackMate7, 2022)

Two major intertwined tasks:
1. Mitosis detection (tracking free or tracking-based)

2. Track establishment
Cell associations used to detect cell divisions, as well as mitotic events used as anchors for cell tracking

* Temporal aspects of data association and linking typically solved by traditional CV methods
* LSTM can capture longer-term dependencies among different time instances in sequential data

https://celltrackingchallenge.net (7th edition on May 27, 2024)
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Image Enhancement

Removing artifacts and restoring
essential information

* High SNR and low spatial resolution
* Denoising

https://doi.org/10.1038/s41592-018-0216-7 (Restoration, 2018)

[ Virtual staining ] * Cross-modality inference or image-to-image
¥ g transformation: transform from one type of

image into another (e.g., predict fluorescent
labels from transmitted-light microscopy

images of unlabeled biological samples)

https://doi.org/10.1038/s41592-021-01262-9 (Deeplmaged, 2021)
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Publicly available software |

 StarDist https://github.com/stardist/stardist (CNN) for 2D and 3D
segmentation and classification

@\\/// ,/

i
///J\\

Star-Convex distances Object probability
di,;j d(,3,2) p(z,y,2)

\\

* DeepCell https://deepcell.org (DCNN) for
segmentation, tracking, lineage, and data
annotation

19
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Publicly available software Il

* Cellpose https://www.cellpose.org (U-net) for segmentation and
restoration (denoising, deblurring, upsampling)

predicted outlines predicted masks

R EE———
o_.‘%%@@g}?pk (T

\

< UG °y

predicted flow field

§§i}) * Omnipose https://omnipose.readthedocs.io

N
}/}

S
 BA . . .
i%{h K (U-net) for segmentation (bacteria)

) (ﬁj

(Mask R-CNN) for segmentation and tracking



https://www.cellpose.org/
https://omnipose.readthedocs.io/
https://github.com/ElsevierSoftwareX/SOFTX_2018_158

Publicly available software llI

* ZeroCostDL4Mic .
https://github.com/HenriquesLab/ZeroCostDL4Mic 2, Networktra-mng 3 Inference
cloud-based platform to simplify the use of DL Dnve
architectures for various microscopy imaging tasks

= 2D&3D segmentation (U-net, StarDist) Triing ey Nera‘a
= Object detection (YOLOv2)
= Restoration & denoising (CARE, Noise2Void)

* /mage-to-image translation (e.g., fluo from

Notebook
BF or Oth er ﬂ u O) 1. Data upload 4. Data download

Tramed network

Resu Its

= Quality control

= Data augmentation (Augmentor)
* Transfer learning

' 2 # o ¢ e
Segmentation Denoising Artificial labelling
Stardist CARE
U-net Noise2Void

Label-free prediction (fnet)


https://github.com/HenriquesLab/ZeroCostDL4Mic

Publicly available software IV

* Deeplmage) https://deepimagej.github.io, environment to run DL

models in ImagelJ for segmentation classification, den0|smg, V|rtual
staining, super-resolution

DeeplmageJ users
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Access to pre-trained DL models
from the Biolmage Model Zoo
(https://bioimage.io) repository

tras
DeeplmageJ compatible U-Net
trained to segment phase contrast
mi

9 PlatynereisEMnucleiSegm
{organelle} segmentation in EM of
platyneres

unet  nuclei

‘@ MitochondriaEMSegment
Mitochondria segmentation for

electron microscopy.

o]
= instance-segmentation

B. Sutilist bacteria segme.
This trained 2D U-Net model
segments the contour, foreground platynereis.

downloads 39186 JILLT]
llicense

II Segmentation from M
A3D Unnet to predict cell
membranes in plant tissues,
trained o.

electron-microscopy

downloads 40342 ZHLEE]
MIT ST

Cell segmentation in EM of

unet  cells

et
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Commercial software (example)

Input NIS.ai  Wound Healing

NIS.ai Al modules for Nikon microscopes

0 hour

* Segment.ai to extract target cells from DIC or
Phase Contrast images

10 hour B8

\

e Convert.ai to distinguish nuclear regions without dyeing (digital stain)

https://www.microscope.healthcare.nikon.com/it EU/solutions/life-sciences/deep-learning-in-microscopy
23
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Publicly available datasets |

e StarDist
https://zenodo.org/records/3715492#.XnMhuXUzY5I, E
paired fluorescence microscopy images (SiR-DNA) &4
and corresponding segmentation masks ¥

Also adapted for FEEs
denoising in &
ZeroCostDL4Mic

LIVECell
https://zenodo.org/records/10277106, a
large-scale dataset for label-free live
cell segmentation 54
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Publicly available datasets I

* Cell Tracking Challenge https://celltrackingchallenge.net,
2D and 3D time-lapse cell segmentation and tracking
benchmark, with gold and silver annotations

| * EVICAN (Expert Visual Cell ANnotation)
fr dataset https://doi.org/10.17617/3.AJBV1S,

partially annotated grayscale images of 30
different cell lines for cell and nucleus

segmentation

25
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Publicly available datasets I

e ALFI (Annotations for Label-Free Images)
https://doi.org/10.6084/m9 figshare.c.6436958.v1, for
segmentation, classification, tracking, and lineage

26
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Further collaborations

CDS-group @ICAR —CNR SLSAS-group @ICAR — CNR
GNCS - INdAM The University of Sheffield
ICAR — CNR INdAM R. U. University of Campania L. Vanvitelli
IEOS Cancer Institute — CNR University of Florida
LATNA@HSE University of Naples “Federico II” & “L'Orientale”
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Some suggested reading |
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Some suggested reading Il

Lucas et al., Open-Source Deep-Learning Software for Bioimage Segmentation, Molecular Biology of
the Cell 32(9), 2021. https://doi.org/10.1091/mbc.E20-10-0660

Liu et al., Software Tools for 2D Cell Segmentation, Cells 13(4), 2024.
https://doi.org/10.3390/cells13040352

Ma et al., A State-of-the-Art Survey of Object Detection Techniques in Microorganism Image Analysis:
from Classical Methods to Deep Learning Approaches, Artif. Intell. Rev. 56, 2023.
https://doi.org/10.1007/s10462-022-10209-1

Shifat-E-Rabbi et al., Cell Image Classification: A Comparative Overview, Cytometry 97, 2020.
https://doi.org/10.1002/cyto.a.23984
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