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Abstract

Through digital imaging, microscopy has evolved from primarily being a means for visual observation
of life at the micro- and nano-scale, to a quantitative tool with ever-increasing resolution and
throughput. Artificial intelligence, deep neural networks, and machine learning are all niche terms
describing computational methods that have gained a pivotal.role in‘microscopy-based research
over the past decade. This Roadmap encompasses key aspects ofthow machine learning is applied to
microscopy image data, with the aim of gaining scientific knowledge by improved image quality,
automated detection, segmentation, classification andtracking of objects, and efficient merging of
information from multiple imaging modalities. Weaim to'give the reader an overview of the key
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developments and an understanding of possibilities and limitations of machine learning for
microscopy. It will be of interest to a wide cross-disciplinary audience in the physical sciences and
life sciences.

Introduction

The first attempts to automate the analysis of microscopy data preceded the availability of personal
computers and computer screens. In 1956, an instrument for the automatic screening of ¢ytological
smears for cancer was presented [1]. This system was based on hard-wired analogue video
processing circuits, aiming to quantify the size of cell nuclei to find precancerous lesions. The more
widespread availability of computers in the 1960s and 70s made possible more‘ambitious and
complex research projects, e.g., aimed at developing image analysis systems with a range of
biomedical applications. There were however two major hurdles: On the one hand,.even very small
images of less than 100kb would typically take up the whole working meémory.of a research
computer of the early 1970s. On the other hand, no screens for viewing image data were available,
making method development difficult. Image processing, where usefulimageswere created as a
result of computations, saw its first revolutionary success with the.invention’of computer
tomography in the 1970s [2], and the advent of the IBM personal computer in 1981, with screens
capable to display 640x200 binary monochrome graphics and up te four colours at 320x200
resolution. This sparked the mass-market gaming industry, which has been one of the major driving
forces for the further development of computer and graphics power.

Automation of microscopy, including sample handling.and microscope control, enables rapid
collection of digital image data making microscopy one of the most data-rich scientific disciplines.
Ideas about automated interpretation of image datausing machine vision and artificial intelligence
have been around since the 1970s, but it is not until recent years that increasing computing power
and large amounts of annotated images of natural scenes are finally making these methods work in
practice. We now see the fast emergence'ef approaches to image analysis where the computer
learns the task at hand from examples and autematically exploits the input images for
measurements or decisions. Thisiis reflected by the rapid increase in the scientific community of
methods combining microscopy with:deep learning (Figure 1).

This Roadmap article aims to pravide a concise yet authoritative overview on the present and future
of how machine learning can.and willlbe used for microscopy-based scientific research, spanning
from the development of tools andialgorithms (Sections 1-6), via enhanced microscopy techniques
(Sections 7-13), single molecule detection and tracking (Sections 14-22), and biomedical
applications (Sections 23-31), to the establishment of software platforms and community resources
(Sections 32-36).
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Figure 1 The exponential growth of microscopy with deep learning. A search for the terms ‘microscopy’, ‘deep learning’, and the
combination ‘microscopy AND deep learning’ in the PubMed publication database clearly shows the fast development in the field.
Between 2000 and 2023, the number of yearly publications concerning microscopy.has doubled, while the number of yearly publications
concerning artificial intelligence have increased by a factor 30, récently passing the number of yearly publications in microscopy. The
number of yearly publications combining deep learning and micrescopy have followed the same trend as deep learning, starting with 20
publications in 2002 and now reaching more than 600 publications per year.

Overview
The thirty-six expert contributions of this Readmapare arranged in five thematic blocks that map the
current landscape of machine-learning-enabled microscopy:

Tools and algorithms (Sections.1 - 6).

This part discusses fundamental advances that underpin the field: the mathematical stability of
inverse problems (Section 1), physics-based learning for joint optics—algorithm design (Section 2),
interpretable models for large 3-D data (Section 3), plug-and-play reconstruction frameworks
(Section 4), machine-learning acceleration of optical-force simulations (Section 5), and optical
neural-network hardware for all-optical computing and imaging (Section 6).

Enhanced microscopy (Sections 7 — 13).

These chapters show how machine learning pushes the spatiotemporal and functional limits of
imaging modalities: quantitative microscopy (Section 7), computational phase microscopy (Section
8), multimodal.image registration (Section 9), fluorescence-lifetime imaging (Section 10), multi-
modal nonlinear microscopy’(Section 11), automated scanning-probe microscopy (Section 12), and
deep-learning-based restoration for scanning systems (Section 13).

Single molecules and particle dynamics (Sections 14 — 22).

This partiprésents cutting-edge methods for localising, tracking and interpreting nano- to microscale
entitiess single-molecule localisation (Section 14), nanofluidic scattering microscopy (Section 15),
particle tracking (Section 16), single-shot self-supervised object detection (Section 17), force-field
calibration (Section 18), diffusion characterisation (Section 19), motion analysis with MAGIK (Section
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20), quantifying sub-cellular dynamics from single-particle tracks (Section 21), and plankton life-
trajectory analysis (Section 22).

Biological and biomedical applications (Sections 23 — 31).

This part demonstrate with some examples how end-to-end pipelines convert raw images/into
biological or clinical insight: micro-physiological systems (Section 23), self-learning thermofluidics
(Section 24), deep learning in digital pathology (Section 25), virtual staining of histological tissue
(Section 26), cell-phenotype determination via virtual staining (Section 27), neuro-imaging analysis
(Section 28), bio-analytical and diagnostic transmission EM (Section 29), high-content high-
throughput screening (Section 30), and ultrasound and photoacoustic image formation (Section 31).

Software ecosystem and community platforms (Sections 32 - 36).

This Roadmap closes with resources that democratise machine learning for'micrascopists: equitable
access to deep-learning solutions (Section 32), cloud and containerised.deployment strategies
(Section 33), DeepTrack 2 for user-friendly pipelines (Section 34),.Deeplmage] for Imagel/Fiji
integration (Section 35), and hackathons that spur community innovation(Section 36).

All contributions adhere to a common structure—Status, Currentand future challenges, Advances
needed, and Concluding remarks—to facilitate cross-comparison.

Glossary

To make the Roadmap equally accessible to deep-learning specialists, microscopists, and policy-
makers, we begin with a compact glossary that standardises the technical vocabulary used
throughout the 36 sections. Each entry gives a plain-language definition of a key concept—ranging
from broad notions such as machine learning and'inverse problem to modality-specific terms like
FLIM and CLEM—together with the meaning we adopt in this manuscript.

Term Definition

Artificial Intelligence The broad. field of creating machines that perform tasks normally
(Al) requiring humanyintelligence; in this Roadmap the term is used
generically, with a focus on its data-driven sub-domains (ML and DL).

Machine Learning A subsetyof Al in which computer programs improve their performance
(ML) on a task through experience (data). It includes classical algorithms (e.g.,
SVM, random forests) and deep learning.

Deep Learning (DL) A'family of ML methods based on artificial neural networks with many
layers that learn hierarchical data representations; the main engine
behind recent advances in microscopy image analysis.

Supervised Learning Training a model on paired input—output examples (e.g., raw/noisy
image and ground-truth annotation) so it can predict outputs for new

inputs.
Unsupervised Training a model on unlabelled data to discover structure, clusters or
Learning latent variables (e.g., autoencoders, self-organising maps).
Self-Supervised A form of unsupervised learning in which the data provide their own
Learning supervision through pretext tasks (e.g., predicting masked pixels);

reduces the need for manual labelling.
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Reinforcement
Learning (RL)

Learning through sequential decision-making where an agent interacts
with an environment to maximise cumulative reward; emerging in
“smart” microscope control.

Physics-Based /
Physics-Informed
Learning

DL or ML models that embed known physical laws (e.g., light
propagation, Poisson noise) into the network architecture or,loss,
improving interpretability and data-efficiency.

CNN (Convolutional
Neural Network)

A DL architecture that uses spatially shared kernels; the'backbone of
most 2-D and 3-D microscopy image-processing networks (e.g.;U-Net).

U-Net

An encoder—decoder CNN with skip connections, originally developed for
biomedical segmentation; widely adopted for denoising, deconvolution
and super-resolution.

GAN (Generative
Adversarial Network)

A framework with a generator and discriminator trained adversarially to
produce realistic synthetic images (e.ggvirtual staining, image-to-image
translation).

Transformer

A DL architecture based on self-attentionjit excels at capturing long-
range context and is increasingly used for high-resolution microscopy
data and multimodal fusions

Diffusion Model

A generative model that learns to reverse a gradual noise-adding
process, enabling high-fidelity image synthesis or restoration.

Denoising

Computational removal of noise while preserving signal; DL methods
(e.g., Noise2Void, CARE) can operate with or without clean targets.

Super-Resolution (SR)

Computational or optical techniques that produce images with
resolution beyond the diffraction-limited input; DL-SR networks up-
sample low-resolution scans.

Inverse Problem

Reconstructing sample properties (phase, structure, chemistry) from
indirect ordegraded measurements; solved via optimisation or DL
surrogates.

Transfer Learning

Re-using a network pre-trained on one dataset or task as the starting
point for a related task, reducing the need for large labeled datasets.

Domain Adaptation

Techniques that align feature distributions between source (training)
and target (test) domains to maintain performance across microscopes,
labs or modalities.

Explainable’Al (XAl)

Methods that provide human-interpretable reasons for a model’s
prediction—important for trust in automated biomedical analysis.

FAIR Data Principles

Guidelines that data should be Findable, Accessible, Interoperable and
Re-usable.

Benchmark Dataset

A publicly available, expert-curated set of images and annotations used
to compare and validate algorithms under standard conditions.
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Microscopy Modality

A distinct contrast mechanism or instrument family (e.g., confocal, light=
sheet, electron, coherent Raman, SHG/THG, AFM); many sections of this
Roadmap discuss cross-modal fusion.

FLIM (Fluorescence
Lifetime Imaging

oNOYTULT D WN =

9 Microscopy)

Technique measuring the excited-state lifetime of fluorophores; DL
accelerates lifetime extraction and noise suppression.

QPI (Quantitative
12 Phase Imaging)

Label-free measurement of optical phase shifts to map cellular
mass/thickness; physics-informed DL improves phaseswretrieval:

CLEM (Correlative
15 Light-and-Electron
16 Microscopy)

Workflows that register fluorescence and EM images of the same
specimen; DL aids alignment and hybrid segmentation.

18 Ptychography / FP
19 (Fourier
20 Ptychography)

Computational imaging recovering phase‘and. amplitude from
multiplexed illuminations; DL helps accelerate reconstruction.

22 End-to-End Pipeline

A single DL framework that maps raw microscope data to the final
scientific read-out (e.g., segmentation masks, tracking results) without
intermediate manual steps.

26 Active / Adaptive
27 Imaging

Real-time ML-driven.control of microscope hardware (e.g., laser power,
scanning path) to optimise information content while minimising
photodamage.

30 Digital Twin

35 References

A physics-accurate simulation of a microscope—sample system, used to
generate synthetic training data or to test control policies safely.

36 1. W.E. Tolles, R.C. Bostrom. “Automatic screening of cytological smears for cancer: the
37 instrumentation.” Ann. N. Y. Acad--Sci. 163, 1211-1218, 1956.
38 2. G.N. Hounsfield. “Computed Medical Imaging.” Nobel Lecture, 1979.
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TOOLS AND ALGORITHMS

1 — Stability for inverse problems

2 — Physics-based learning

3 — Learning interpretable physical models from large 3D images
4 — Plug-and-play learning-based computational imaging

5 — Accelerating simulations of optical forces

6 — Optical networks for all-optical computing and imaging

ENHANCED MICROSCOPY

7 — Quantitative microscopy

8 — Computational phase microscopy

9 — Multimodal microscopy image registration
10 — Fluorescence lifetime imaging

11 — Multi-modal nonlinear microscopy

12 — Automated scanning probe microscopy

13 — Image restoration for scanning microscopy

SINGLE MOLECULES
14 — Single-molecule localization
15 — Nanofluidic scattering microscopy

PARTICLE TRACKING AND TRAJECTORY ANALYSIS

16 — Particle tracking

17 — Single-shot self-supervised object detection

18 — Force fields calibration

19 — Diffusion characterization

20 — Microscopic motion characterization with MAGIK

21 — Quantification of subcellular dynamics fromsingle-particle tracking
22 — Plankton life trajectories

BIOLOGICAL AND BIOMEDICAL APPLICATIONS

23 — Micro-physiological systems

24 — Self-learning thermofluidics

25 — Digital pathology

26 — Virtual staining of histological tissue sections

27 — Cell phenotype determination

28 — Neuroimaging analysis

29 — Bio-analytical and.diagnostic transmission electron microscopy
30 — High-content high-throughput screening

31 — Ultrasound and photoacoustic image formation

SOFTWARE PLATFORMS AND PACKAGES

32 — Enablingequitable access to deep-learning solutions
33 — Deployment of deep-learning applications

34 — DeepTrack 2

35 —/Deep Learning in Image)

36 — Hackathons to spur innovation
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1 — Stability for inverse problems

Michael Hecht?, Artur Yakimovich'*

1. Center for Advanced Systems Understanding (CASUS), Helmholtz-Zentrum Dresden-Rossendorf e. V. (HZDR); Gorlitz,
Germany.

2. Bladder Infection and Immunity Group (BIIG), Department of Renal Medicine, Division of Medicine, University College
London, Royal Free Hospital Campus, London, United Kingdom

3. Artificial Intelligence for Life Sciences CIC, Dorset, United Kingdom
Roche Pharma International Informatics, Roche Diagnostics GmbH, Mannheim, Germany

Status

The ability to experience the wonders of the microscopic world with one’s owneyes has been
fascinating researchers and enthusiasts for hundreds of years. This fascination, as well as the ability
to explain the phenomena of the macroscopic scale through the occurrences in the micro-world, has
led to the development of a plethora of techniques to visualize, probe, and reconstruct minute
objects from the scale of the small animals to the scale of the atom (Figure 1.1). These techniques
include a variety of functional (labeled by a molecular dye) and label-freedight (optical) microscopy
modalities, including brightfield, epi- and confocal fluorescence, and lightsheet microscopy
(reviewed in Ref. [1]). Attempts to overcome the limitations of the light diffraction limit have led to
the development of electron microscopy (EM) techniques.like scanning and transmission EM (SEM
and TEM, respectively), featuring relatively complex samplepreparation steps. The necessity to
minimize the sample preparation artifacts and visualize the biological entities in their native state
has in turn led to the development of cryo-EMtechniques [2]. While the contribution of EM to our
understanding of the microworld is difficult to overstate, the sheer complexity of sample
preparation and the expensiveness of the equipment has sparked in recent years the development
of superresolution microscopy (SRM). Further notable and up-and-coming techniques include X-ray
microscopy, live time-lapse microscopy, and holegraphic microscopy as well as atomic force
microscopy (AFM) which uses interaction force to map the microworld.

Remarkably, one common facilitator of thisicambric explosion of microscopic techniques, which
occurred mostly in the past half a.century, is digital microscopy. Originating from micrography, the
departure from the necessity torproject the microscopic image on the microscopist retina and the
ability to capture and describée the images digitally has also has turned microscopy into a
guantitative discipline./Beyond-facilitating the recording and storage of microscopy data,
digitalization allowed improved image processing, denoising, and direct pattern recognition. This, in
turn, paved the way for computer vision (CV) algorithms, including machine learning (ML) and deep
learning (DL), tofacilitate further advances in microscopy, as further explored in Section 34 on the
development of user-friendly deep learning pipelines.

Current and Future Challenges

Given the immense diversity of the microscopic techniques (Figure 1.1), it becomes obvious that the
microscopy datasets are incredibly domain-specific. This represents a significant challenge for ML
and DL efforts, as out-of-domain inference is far from trivial for the vast majority of CV algorithms.
This is especially pronounced with quite different modalities, for example, EM and confocal
fluorescence microscopy. Furthermore, conventional image augmentation approaches that work
well'for ImageNet work very poorly for microscopy datasets. Vendor-specific data formats are
certainly not facilitating harmonization and transferability of datasets. Very often, models trained on
images obtained using hardware of a specific vendor simply do not generalize to other vendors.
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Finally, while microscopy image data is gradually becoming available, high-quality annotations,
especially those with a high level of consensus are still problematic to obtain. All these challenges
are positioning ML and DL strategies for microscopy data into a low-data regime, dictating the choice
of algorithms available to researchers.

In practice, a domain is defined not only by the sample class (e.g., Hela cells vs. cryo-EM virus
particles) but also by the imaging system (numerical aperture, sensor noise, vendor-specific
preprocessing). A model that performs well on a single condition quadruplet—one sample, one
microscope, one magnification, one preparation protocol—can easily fail once any of these’factors
drifts. This pitfall is often hidden because many proof-of-principle’ papers employ highly restrictive
training/test splits such as sparse MNIST-like data-sets or one-specimen demonstrations. Hence, the
key question becomes: how much domain-specific training is acceptable before,generalisability
collapses? Empirically, increasing domain coverage (using cross-modal augmentations, vendor-
agnostic raw data, or physics-based simulators) improves robustness but.decreases peak
performance on the original domain—echoing the classical bias-variance dilemma and
foreshadowing the stability—performance—generalisability trade-off explored below. Similar
challenges regarding domain-specificity are encountered in multimodal image registration

(Section 9).
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Figure 1.1 Spatio-temporal spectrum diagram of microscopy techniques and their applications. Here, some method keywords are aligned
with a scale range, which is an approximation.

Advances in Science and Technology to Meet Challenges

Recent'advances in ML methodology for microscopy have decisively demonstrated the ability of the
established ML/DL algorithms to meet the pre-described challenges or their combinations [3], and
provide solutions for image processing and analysis. Thus far, this has allowed to successfully
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address microscopy ML tasks, such as image reconstruction and superresolution, classification and
generation, denoising, segmentation, cell tracking, feature selections [3-7] (see also Sections 7—
13). However, as discussed in ref. [6], domain overfitting often hurts generalization. Conversely,
attempts to generalize across modalities cause trade-offs [8]. Attempts to overcome these include
physics-informed regularization [9]. The gravitation of the established algorithms towards the
abovementioned low-data regime motivated Antun et al. [10] to investigate the techniques by
asking the questions: “How reliable are such algorithms when applied in the sciences?” and “do Al-
based algorithms have an unavoidable Achilles heel: instability?”

Ya
Yo
Inverse
Problem
Y1
Y3
’————//
o ® T
S, s o X Forward
! 2 Problem
>

Figure 1.2. Geometric illustration of the instability for general inverse problems. Though the distance between x3 and xa is small, the
distance between the reconstructions ys and yscan become arbitrarily large [8-10].

In mathematical terms, the mentioned tasks seek solutions of non-linear, inverse problems.
However, the Universal.Instability Theorem [11-12] proves general inverse problems to be
inherently unstable. The'issue is illustrated in Figure 1.2. Here, the forward model is given by x-
projection of a 2D-curved plane onto a curved line. The loss of information in the forward direction
(null space)‘can cause recenstruction distances of arbitrary close instances to become arbitrarily
large. In other words: small noise perturbations of an observable x can cause a huge change in the
reconstruction of y.

While stable solutions to linear inverse problems can be given by classic principal component
analysis (PCA), the non-linearity present here demands the development of novel strategies resisting
the instability phenomenon. Recently, approaches addressing the robustness for classification and
denoising tasks proposed adversarial re-training, generative-adversarial-network-based denoising,
and explicit kernel (null space) control to prevent this issue. These results were discussed and
complemented by novel regression techniques in Ref. [10]. Furthermore, the current state of
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research suggests that, when following and incorporating the mathematical insights and delivered
ML techniques, stability can be ensured for a general instance class of inverse problems relevant
here. Altogether, this suggests that employing novel more stable ML/DL algorithms may help avoid
the inherent instability in ML/DL models for microscopy. Additionally, these approaches may
facilitate generative algorithms alleviating low-data regimes and improving generalization.

For example, recent work suggests that these three objectives cannot be optimised simultaneously;
improving any two degrades the third. Several strategies are emerging to balance this.triangle. For
example:

e Domain-adaptive fine-tuning—first train a stable backbone on large, heterogeneous data,
then fine-tune lightweight heads for each new microscope or sample while freezing the core
layers.

e Physics-informed regularisers—embed the forward model or'econservation laws into the loss
to anchor learning and reduce instability, even when the network'is exposed to unseen
domains.

e Uncertainty-quantification layers—Bayesian or ensembléesheads that output pixel-wise
confidence maps let users decide whether apparent performance is worth the risk of
instability in unfamiliar regimes.

e  Modular “universal platforms’” such as Biolmage Model Zoo and MONAI use self-supervision,
federated learning and model-card metadata to offer/plug-and-play models whose expected
stability range is explicit to the end user(see also Sections 32-35).

These trends indicate that rather than chasing a single “best”” model, future work will revolve around
adaptive stacks that expose the trade-offs transparently and let practitioners dial-in the desired
balance for a given task.

Concluding Remarks

Recent advances in microscopy techniques and ML algorithms go hand in hand in powering a new
generation of biomedical imaging methodss However, data scarcity and domain-specificity of
microscopic datasets represent a major obstacle to this synergy. Furthermore, we identified a
bottleneck for providing the'strong reliability requested for scientific reasoning. That is the necessity
of ensuring the stability of thé ML methods addressing the (inverse) problems occurring for
microscopy image processing tasks. While enriching the low-data regime may suppress the
occurrence of instabilities, we pointed to the objectives hampering this strategy that are
omnipresent in practice:Being aware of the mathematical limitations, however, provides an exit
strategy from the dilemma by incorporating techniques that deliver the needed resistance to the
instability phenomenon-in practice.
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2 — Physics-based learning
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Status

Computational imaging focuses on the co-design of imaging optics and algorithms to create better
and more capable imagers that can see more than just 2D images. In astronomy, this co-design
enabled the first pictures of a black hole. In photography, computational imaging allows us to take
high-dynamic-range (HDR) and portrait-mode photos with an extremely compact camera. Here, we
focus on microscopy, where computational imaging has been used for super-resolution, single-shot
3D, and phase microscopy, with great potential to push new scientific discovery bysallowing us to
observe smaller, faster, invisible things in more dimensions.

Physics-based learning refers to any machine-learning approach in which a differentiable physical
model of light propagation is embedded directly in the training loop. In opties, this usually takes the
form of a wave-optics forward model that enforces Maxwell’s equations. In medical-physics
applications, the same idea is applied to x-ray transport, ultrasound propagation, or radiative-
transfer models for optical tomography.There are in fact parallels to'analogous efforts in magnetic-
resonance imaging, computed tomography and radiation-therapy.planning, where physics-based
learning is already accelerating both image reconstruction and scanner design.

Both the optical design and the algorithm designiare critical for computational microscopes. Over
the years, optical design has largely been based.on heuristics, such as lens sharpness and hand-
designed metrics for performance, which were not necessarily optimal given the reconstruction
algorithms or imaging task. Similarly,/the algorithms have largely been based on optimization
approaches consisting of a data-fidelity term.and hand-picked priors. These algorithms are often
slow, taking many iterations to,converge, relied on priors that were not necessarily optimal for the
application, and could suffer from'model-mismatch given any errors in the optical model. More
recently, deep learning-based approaches have been introduced, which can more tightly couple the
optical design with the algorithms [1] and improve algorithms through a data-driven approach [2].

Deep-learning-based reconstruction algorithms leverage trainable neural networks and large
datasets to learn better ways'of solving imaging inverse problems. These methods have shown great
promise for speeding up imaging inverse problems by multiple orders of magnitude, improving
image quality [3], and providing better priors for underdetermined problems, such as compressive
single-shot 3D microscopy [4] (see also the challenges of learning interpretable physical models in
Section 3). Two/flavours of physics-based learning are now common. (i) Model-consistent learning
keeps the optical hardware fixed and uses a differentiable forward model only to constrain the
network during image reconstruction. (ii) End-to-end hardware-in-the-loop learning treats unknown
optical parameters—phase masks, illumination patterns or even freeform lens surfaces—as trainable
variables, updating them with the same back-propagation used for the neural network. The latter is
our focus here because it fundamentally changes how microscopes are designed.

By using differentiable physics-based optical models, the optical design can be represented as the
first layer of the neural network, and optimized end-to-end with the reconstruction algorithm [1,5]
(Figure 2.1). This breaks the paradigm of traditional optical design, and opens the door for a new era
of optical design where each element in a microscope is tailored specifically for a given algorithm
and higher-level task, rather than for a sharpness metric.
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Figure 2.1, End-to-end design for computational microscopy. Traditionally, the optical hardware and/inverse algorithms were heuristically
designed. With differentiable optics, the optics can be represented as the first layer of a neural network and jointly learned with an inverse
algorithm, and optionally a higher-level task. In this way, the optics can be optimized directly for a given task (here shown for neural
activity tracking with 3D single-shot microscopy), rather than optimizing for the best image quality.

Current and Future Challenges

Despite its promise, physics-based learning is not yet turn-key. Joint hardware-software optimisation
frequently yields freeform phase masks, multiplexed illumination codes or multilayer diffractive
elements that require sub-wavelength lithography or multi-photon 3D printing. Even when
printable, the resulting elements may demand sub-micron alignment tolerances or active axial
positioning during use. Likewise, wavefront shaping with defermable mirrors introduces calibration
overheads and feedback-control complexity that few biology labs possess. Finally, integrating a
learned optical design into an existing commercial microscope often voids warranties and
necessitates low-level firmware access; hence extensive engineering know-how is still a prerequisite.

Using deep-learning-based techniques for computational microscopy often necessitates large,
custom datasets during the training phase. For example, in order to learn the best optical “encoder”
and “decoder” for hyperspectral microscopy, there is a need for a large dataset of high-resolution
hyperspectral images to use duringtraining. For certain imaging modalities or tasks, such datasets
do not exist, are too small, have insufficient resolution, or may be infeasible to acquire. For other
areas of machine learning, such as self-driving vehicle research, high-quality physics-based
simulators have shown greatssuccess in synthesizing realistic sensor data. Similarly, generating
accurate physics-based simulators for microscopy (e.g., modeling complex light interactions,
multiple-scatting, and.complex biological samples) could enable computational microscopes to be
trained using mostly synthetic datasets, eliminating the need for real experimental datasets.
Alternatively, unsupervised learning approaches have the potential to leverage the structure of
neural networks; but without needing training data [6,7]. In addition, building and maintaining the
data-to-device pipeline is/far from plug-and-play: the optical design must be re-trained whenever the
illumination source,drifts,;a component is replaced, or a specimen with different scattering
properties'isdintroduced.

Combining domain knowledge of optical physics with deep learning has the potential to improve the
interpretability and performance of deep-learning-based reconstructions [3,5,8]. Off-the-shelf
networks, such as convolutional neural networks (CNNs), have no knowledge of optical physics and
must therefore learn this information from scratch when used to solve an inverse problem, leading
to'theneed for large datasets and lengthy training times. Physics-based networks, in contrast, use
differentiable physical models to incorporate optical domain knowledge and create physics-
informed networks that are more efficient. These physics-informed networks can also be used to
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calibrate optical systems, such as by learning how to synthesize and represent realistic camera noise
[8], or potentially by learning other effects such as aberrations and non-linearities. This could be
useful for synthesizing realistic datasets for a given optical system, or perhaps could be incorporated
into the reconstruction pipeline as more accurate, nonlinear forward models.

Finally, computational imaging approaches excel in creating task-specific microscopes that are
optimized for a specific higher-level task (e.g., cell counting, disease diagnosis). For many scientific
and clinical applications, a high-resolution image is not needed to make a decision — there may be
certain features within that image (e.g., polarization, wavelengths, phase) that are more.important
than others. Through end-to-end design, where the optics are learned together with the
reconstruction and higher-level task, there is the potential to create better, faster, smaller, and more
capable microscopes that are specially tailored to make decisions, or extract the most useful
information from the world. Overcoming the practical bottlenecks of component fabrication,
alignment and instrument control is therefore as critical as progresson the algorithmic side.

Advances in Science and Technology to Meet Challenges

Despite the promise of deep learning for computational imaging, major.challenges include
robustness and guarantees. A microscope that you cannot trust is a.microscope that is unsuitable for
scientific and clinical applications. For machine-learning-based.reconstruction algorithms, knowing
when the algorithm works and when you can trust the reconstruction is difficult. The structure of the
network and the training data used can impact,the solution‘and/potentially introduce artifacts that
are indistinguishable from signal. Research in deep learning theory on uncertainty quantification [9]
and robustness has the potential to resolve some of these challenges. Furthermore, fundamental
research in signal processing applied to deep learning could bring some of the mathematical
guarantees from classic signal processing, such-as.compressive sensing, to the realm of deep learning
[10]. Building in guarantees and quantifying,uncertainty will be pivotal in the broad adoption of
machine-learning-based algorithms for scientifieand medical computational microscopes.
Furthermore, similar concerns/about uncertainty quantification are highlighted in the context of
particle tracking and force field calibration in Section 16-18.

Concluding Remarks

Using deep learning-based methods tolearn better optical designs and algorithms is fundamentally
changing the way we design microscopes, helping push the limits of what we can observe, while
potentially delivering:devices that are smaller, cheaper, and more compact. Although this avenue
has many exciting possibilities, there exist a number of scientific challenges that need to be
addressed. Open problems include building in interpretability into learned optical designs and
algorithms, robustness, quantifying uncertainty, and the need for high quality datasets. Building in
domain-specific knowledge and known physics into neural networks has promise in addressing some
of these challenges: Moving forward, interdisciplinary collaborative research between machine
learning thearists, optical physicists, and microscopists has the potential to further address these
challenges and bring in a new era of more capable, machine-learning-designed computational
microscopes.
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Status

With the advent of volumetric microscopy modalities in biology, such as light-sheet microscopy, it
became possible to image entire developing tissues and embryos at sub-cellular resolution over the
full time-course of development [1]. This accelerated developmental biolegy and our understanding
of how cells form tissues by providing us with a direct means of observation: However, it also cre-
ated a new problem: handling the terabytes of image data these mictoscopes produce at rates of
one to five Gigabytes per second [2], depending on the number of cameras,used. This is on par with
the image sizes produced in astronomy and cosmology [3]. There, a hest of approaches has been de-
veloped for image compression, sparse representation, and dictionary projection in order to save
storage [4,5]. A key difference with microscopy is that astronomy imagés are mostly 2D and com-
posed of objects with known expected shape or appearance andslow (if any) time dynamics. The
most important difference, however, is that microscopy experiments are typically based on applying
a perturbation to the live sample and watching,its response.

Since the response to a perturbation can be unpredictable, it is not always clear at the onset of an
experiment what the important information in the images is going to be. One solution is to visualize
the time-lapse images in real time, as‘they are:being acquired, and only record and analyze the “in-
teresting” events. But unlike particle physics, where events of interest can be defined a-priori and
detected algorithmically, biological interest depends on a human observer. For 3D+time microscopy
images, human observation is best.done using Virtual Reality (VR) displays. Originally, VR was devel-
oped for geometric data, such as triangulated surfaces and point clouds [6]. This can visualize the
results of image segmentation, but not the raw voxel volume itself. Using volume rendering, VR has
been extended to dense data,.notably.in medical imaging [7]. Compared to microscopy, however,
the data volumes in medical imaging are relatively small. Scaling VR volume rendering to work at the
required 120 frames/second on Terabyte-sized microscopy images is not trivial. Another difference
between medical imaging and microscopy is that microscopy typically is time-resolved. This calls for
real-time visualization.while the microscope acquires the data, and it allows for interaction with the
sample. Therefare, VR inmicroscopy is not limited to visualization but also enables new user interac-
tion modalities'withithe microscope itself and with the sample [8]. An example for this is the open-
source platform’scenery’[9]. With a rendering performance of several giga-voxels per second, scen-
ery has enabléd real-time VR microscopy on commodity hardware, even for the fastest microscopes.
This hasralso enabled the use of natural user interfaces, such as eye tracking, for data analysis [10]
and for actual physical perturbation of the sample [11]. Together, such methods help advance our
intuition of the complex space-time organization of tissues and its role in disease [12].

Moving|from observation to prediction, one would like to formalize this intuition in predictive math-
ematical models that are physically consistent. It has been shown that governing equations for the
space-time dynamics of fluorescently labeled molecules can be algorithmically inferred from micros-
copy videos with sufficient robustness against imaging noise [13] and guaranteed physical
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consistency [14]. This extends pioneering works from applied mathematics and machine learning
[15] to the noisy data of microscopy. So far, however, it has not been feasible to apply these ideas
on the large 3D images produced by state-of-the-art volumetric microscopy. This is because thedi-
mensionality of the resulting sparse regression problem is beyond the computationally feasible. A
promising approach is to represent the raw images on a lower-dimensional data stfucture than.a full
regular grid of pixels. Approaches such as the Adaptive Particle Representation (APR) of images [16];
for example, improve the information-to-data ratio of the images by adaptively re-sampling them,
storing intensity only where it contributes information to the image (Figure 3.1). While the concept
of adaptive sampling is classic in signal processing, the APR provides unprecedented approximation
and optimality guarantees not present in previous approaches like supervoxels [17]. The APR can
also directly be used for downstream image processing [19,20,21], which is not pessible with, e.g.,
wavelet multi-resolution pyramids [18]. This enables end-to-end APR-native pipelines for images up
to the Petabyte scale on consumer GPUs [20] and significantly reduces the compute needs of convo-
lutional neural networks on large 3D images [21].

Figure 3.1. The Adaptive Particle-Representation (APR). The APR of images [16] provides an information-optimal sampling of an image at
a fraction of the’computational cost. (a).,An embryo with cells segmented (original image: data set “Fluo-N3DL-TRIF” from the publicly
available ISBI cell tracking challenge; segmentation and visualization: Joel Jonsson, Sbalzarini lab). (b) A single A549 cell from the cell track-
ing challenge. (c)/APR particles (shown as individual dots) of the cell from (b) with color encoding the intensity signal (APR and visualization
by Joel Jonsson, Shalzarini lab).

Current and Future Challenges

Current microscopy datasets are chronically under-used in large bio-imaging studies. Analyzing the
images and turning them into scientific insight and knowledge currently is the rate-limiting step. We
envision a future where volumetric microscopy data sets can be immersively experienced in VR envi-
ronments, from within which the user can interact with the sample in real time using hand gestures
to, e.g., apply optogenetic manipulations or laser ablation and thereby train machine learning
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modules running in-the-loop. This brings within reach human-augmented algorithmic inference, of,
the physical laws and processes that characterize the dynamic self-organization of living matter.
While the bits and pieces for making this vision a reality are becoming available, combining themire-
mains a challenge.

It is, for example, challenging to combine the APR [16] with real-time VR rendering, because the per-
formance of rendering algorithms on GPUs deteriorates on irregular, adaptive data structures. An-
other example is that, while learning interpretable mathematical models on limited and noisy mi-
croscopy image data is becoming possible [13], this does not currently scale to large 3D:data.

Successfully scaling to large data, deep-learning architectures have been adapted to biological imag-
ing. This includes graph neural networks to estimate physical properties of biolegical systems di-
rectly from microscopy videos [22] and the variational autoencoder Cytaself to.infer models of intra-
cellular mesoscale organization from microscopy images [23], inspiring thoughts of a sequence-to-
image generative model. Since they can be trained in a self-supervised way, not requiring manually
annotated ground-truth data, autoencoders are a promising architecture for microscopy. In particu-
lar, they allow mapping images into a joint latent space with genetic and.chemical states of cells,
providing exciting prospects for drug screening [24] and cancer [25]. Other approaches are pre-
sented in Sections 16-20.

The physical and biochemical interpretation of such deep-learning models, however, remains a chal-
lenge, which could potentially be addressed by combining them with mathematical model inference.
This could include endowing them with a notion of spatial interaction [26]. Currently, deep neural
networks operate on the morphological appearance of.objects in the image, but not on their spatial
arrangement with respect to each other and with'respect to reference structures, such as the cell
nucleus or the plasma membrane. Concepts from spatial statistics could be re-cast in a data-driven
framework to enable the next leap in understanding the spatial organization of living matter using
deep learning.

Advances in Science and Technology to Meet Challenges

Both scientific and technological advancements are needed to realize the vision of integrating im-
mersive visualization and machine learning to infer interpretable physical models from large-scale
3D image data. Importantly, this needs to be linked with algorithms that extract physical fields, such
as velocity fields of flows and deformations, from the images and use those to infer mathematical
models that are simple enough'to be physically interpreted, but complex enough to explain the dy-
namics observed in the data:

This link is likely,going to'come from modern machine-learning architectures, such as transformer
networks or graph neural'networks (Section 20). A key challenge in applying deep learning to micros-
copy data, however, is the limited availability of annotated ground-truth training data. Approaches
such as self-supervised training, contrastive learning, geometric learning, and transfer learning from
simulated synthetic data are hence going to be pivotal [27]. Combining this with data- and energy-
efficient compute architectures, as well as immersive human-in-the-loop natural user interfaces,
could define'a new inference loop for future microscopy.

This inference loop potentially enables experiments in which scientists use hand gestures in a VR en-
vironment to interactively ablate a tissue in the sample, are able to directly observe the recoil and
tissue rearrangement this causes, and within seconds get the estimated elastic constants of the tis-
sue as well as a simulation results overlaid with the image (Figure 3.2). Further interacting with the
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sample, or manually correcting estimation mistakes, the human re-trains the machine-learning,or
simulation model in an active learning loop. An interesting question is how to visualize uncertainty in
machine-learning output to the users in order to focus their attention and prompt for additionalper-
turbations that carry significant new information. Finally, bringing these advances in machine learn-
ing and bio-imaging into everyday laboratory usage requires user-friendly, accessible, easily deploya-
ble, and robust software implementations with support for cloud computing.

Figure 3.2, Vision of human-Al co-working in a virtual-reality space. The top panel shows a scientist interacting with a fruit fly embryo in
the microscope in 3D Virtual Reality in real time (photo credit: Ulrik Giinther, HZDR & Sbalzarini lab). The bottom panel shows output (syn-
thetic image) of a simulation model [28] of the cells, the'forces acting on them, and their velocity fields (image with permission by Vladimir
Ulman, Technical University of Ostrava).

Concluding Remarks

Exciting times for biological live-cell microscopy! We are witnessing accelerated progress in the mo-
lecular markers and.sensors available, the optics of the microscopes, and our ability to use light to
perform quantitative measurements in living, growing, and deforming organs and organisms [29].
The challenge is to ensure that the computational tools for handling, storing, processing, and visual-
izing the images progress. on par, and that we work toward making better use of the information
contained in the images, e.g., by providing machine-learning solutions that increase the throughput
at which.physically interpretable, mechanistic models can be inferred from the data. This ideally
goes/directly from images or videos to equations, models, and knowledge, bypassing the so-far com-
mon intermediate computer-vision steps of segmentation and tracking. This will not only make large
bio-imaging projects more insightful, but also potentially more accurate and less resource-demand-
ing. Ultimately, a new ecosystem of biological imaging arises, combining approaches from VR, Al,
and signal theory, which could all become common laboratory methods in a couple of years from
now; just like single-particle tracking has become a robust commodity [30].
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4 - Plug-and-Play Learning-Based Computational Imaging
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Status

The performance of any computational imaging system is determined, in part, by the performance
of its reconstruction algorithm. The role of a computational imaging reconstruction algorithmiis'to
reconstruct a signal/image of interest x from measurements y of the form

y = A),
where A(x) represents the system's forward model. This mathematical model'is.general and can

represent almost any measurement process, from sampling K-space in magnetic.resonance imaging
(MRI) to capturing band-pass filtered images in Fourier Ptychographic microscopes.

Classically, computational imaging reconstruction has been performed by framing imaging as an
optimization problem

X = argminy f(x) + r(x),

where f(x) is a data fidelity term, which ensures x is consistent with'the measurements y, and r(x)
is a regularization penalty, which ensures x is consistent with our prior beliefs on how x should be
structured. In the special case that f(x) = —In p(y|x),and r(x) = —Inp(x), solving the above
optimization problem provides a maximum a posteriori (MAP) estimate of x.

Assuming the optimization problem is sufficiently convex,.0ne can minimize the objective, f(x) +
r(x), using any number of algorithmssuch as proximalgradient descent:

v = Xl =V, f (),

t+

x*1 = argming|lx — v*|2 + r(x).

The first line above takes a gradient step to minimize f (x) while the latter, which is known as a
proximal mapping, reduces r(x).

Classical iterative algorithmsssuch as proximal gradient descent offer several benefits: They are easy
to interpret and, by changingthe data fidelity term f(x), can easily incorporate domain expertise
about the measurement process-A(-). Unfortunately, the performance of classical algorithms falls
well behind that of purely.deep-learning-based methods, which, given a vast training set of paired
examples {(x;, y;)}j=q,can teach a neural network to effectively map measurements y to images x.
This performance generally comes at the cost of flexibility — a network is trained and specialized for
a specific measurement process A(+), and if the measurement process changes the network is
useless.

Plug-and-play.(PnP) optimization is a hybrid reconstruction framework which allows one to maintain
the interpretability and flexibility of classical algorithms while taking full advantage of powerful data-
driven priors [1]. The key idea behind PnP optimization is that one can interpret an off-the-shelf
(learning-based) image denoiser D(z) as a solution to

D(z) = argmin,{||x — z||? + r(x)},

for some implicit, data-driven prior (x). This interpretation allows one to “plug-in” the denoiser
into an existing iterative algorithm. For example, PnP proximal gradient descent can be written
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17t+1 — xt _ fo(xt)’
xttl = D(vt+1)_

This algorithm follows the same form as standard proximal gradient descent, but with the proximal
mapping step replaced by a powerful image denoising algorithm.

PnP algorithms stand apart from purely data-driven and purely classical computational’imaging
reconstruction techniques in their unique ability to combine (1) domain expertise, in the form of the
forward measurement operator A(+), and (2) data-driven-priors on the distribution of the dataset, in
the form of an image denoiser trained using a vast set of training examples {x,}{;l (Figure 4.1). PnP
algorithms represent the current state-of-the-art in computational imaging reconstruction [2].
Related hybrid strategies combining domain knowledge and learned priors:are also@émployed in
physics-based computational microscopy (Section 2). Unsupervised neural-network-based methods
can also make use of domain expertise about the forward process, but they are generally incapable
of using training data; accordingly, the resulting priors are far weaker.

Domain Expertise Training Data

A() {(xerL)}szl

Optimization-Based Data-Driven

Plug-and-Pla

Methods Methods

Figure 4.1. Plug-and-play methods. Plug-and-play methods are hybrid algorithms which can take advantage of both domain expertise
about the measurement processiand powerful data-driven learned priors. This combination makes them both adaptable and effective.

Current and Future Challenges
PnP algorithms face several hurdles which can make them challenging to apply in practice.

Forward model-mismatch: Like almost any other reconstruction method, PnP algorithms rely on

accurate knowledge of the forward measurement model A(:). If this forward model is mis-specified
severe artifacts can appear in the reconstructions.

Denoiser model mismatch: PnP algorithms typically use off-the-shelf denoising algorithms, which

often‘assume the noise they are removing follows an additive white Gaussian distribution. In
general, however, the “effective noise”, i.e., the difference between the true signal and the
intermediate solution fed into the denoiser, is neither Gaussian nor white, making existing denoising
algorithms suboptimal. In addition, denoisers are trained on a specific class of data (e.g., natural
images) and their performance can suffer when applied to other distributions (e.g., MRI).
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Parameter tuning: Most PnP algorithms have multiple hyperparameters (step sizes, regularization
strengths, etc.). These parameters can vary iteration to iteration and setting them correctly is critical

to getting the best performance. One solution to the parameter tuning problem is to “unroll”.an
iterative PnP algorithm into a feedforward neural network (Figure 4.2), whose parameters,can be
automatically tuned with training data and backpropagation [3]. However, unrolling gives'up
flexibility, the network is now specific to a particular forward operator A(-), and comes with its own
set of limitations.

Memory usage: To train an unrolled algorithm, one needs to back-propagate errors through multiple
copies of the denoiser, which requires storing many intermediate variables. When dealing with high-
dimensional data, e.g., time-varying volumetric data, the memory costs associated with storing all
these intermediate variables can become prohibitive (see also Section 3):

x1 xz x3 xN—l X
X0 —_— — — 000 | mmp \&‘
De(vh) Dg(v?) Dy(v?) Dg(v™) @
Y| — — — — see — e
(7] 6 (%) 6

Figure 4.2. The unrolling process. One can “unroll” N iterations of a PnP algorithmiinto an/N-layer feedforward neural network. Unrolling
allows one to use training data to tune and optimize its many parameters but comes at the cost of flexibility: The resulting network
becomes specialized for a particular forward measurement process.

Advances in Science and Technology to Meet Challenges
A host of solutions have been put forward to address the above challenges.

Forward model mismatch: If one is dealing,with a parametric forward model A, (+), one can jointly

recover the target image x and the forward model/parameters y through alternating minimization.
Specifically, in addition to the usual PnP steps, one can also minimize the objective function with
respect to the forward model parameters. Variations on this idea have been applied successfully to
X-ray computed tomography [4], MRI [5], and holography [6].

Denoiser model mismatch: Denoiser model mismatch comes in the form of mismatched noise

distributions and mismatched/data distributions. The former problem can be addressed through
unrolling [3] or by careful characterization of the per iteration noise distribution [7]. The latter
problem is largely still open, though denoisers tend to be relatively robust to this mismatch in
practice.

Parameter tuning:»While unrolling is the most straightforward way to perform parameter tuning [3],

unrolled algorithms largely (though not entirely [5]) give up the ability to adapt to new measurement
operators./Alternative parameter tuning methods, such as reinforcement learning [8], have recently
been put forward.to avoid this trade-off.

Memory usage: One can reduce the massive memory costs associated with training an unrolled
algorithm by utilizing invertible network architectures, which allow one to recompute intermediate
activation from a network’s output [9]. Alternatively, one can improve memory usage by relying
upon stochastic approximations of the data fidelity update step [10].
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1

2 Concluding Remarks

z PnP algorithms provide a convenient framework to combine the adaptability and interpretability of
5 classical optimization-based computational imaging reconstruction methods with the powerful

6 priors and efficiency of deep learning. Here, we have highlighted some of the recent developments
7 in PnP reconstruction and have described some of the pitfalls to avoid when applying learning=based
2 PnP algorithms.
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5 — Accelerating simulations of optical forces
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Status

Optical tweezers (OT) are a powerful tool for manipulating and handling microscopic samples,
whether in liquids, in gases, or in vacuum [1]. Since their invention by Arthur Ashkin [2], OT have
developed as a robust tool that is routinely employed in multiple disciplines [3].. OT use the optical
force of light to trap and manipulate objects; in their simplest form OT can be thought of as an
optical harmonic spring, which, under the right circumstances, can allow:aparticle to be held in all
three dimensions and moved around by simply moving the optical beam focussThe strength of the
spring is proportional to the beam’s optical power. When the optical trapiswell characterised, i.e.,
the stiffness of the spring is well known, optical tweezers become a powerful method for measuring
piconewton scale forces, nanometre displacements, and torques by directly monitoring how the
particle moves while held in the trap.

Simulations and models of OT have often aided their development, and can be useful for verifying
and understanding experimental observations{4]. Foninstancejywhen trying to understand the
observed dynamics of an optically trapped motile bacterium;@a thorough understanding of the
optical forces can help to shed light on the non-optical.forces involved in the bacterium’s motility.
Depending on the size and shape of the particle, different descriptions of the trap are often needed,
ranging from simple methods analogous to one ormore harmonic springs, through to methods
solving Maxwell’s equations. The main limitation has often been the ability to use these models to
make predictions about experiments. This can beeither due to computational constraints, when
advances in computing power‘are heeded to evaluate models [5] or due to how easy-to-use and
well-documented available codes are. Complex models often have many parameters and verifying
that these models accurately describe a given experiment can be difficult.

Machine learning (ML), which encompasses a range of techniques including deep learning and
computer-enabled statisticaliinference, has seen a huge growth in popularity in recent years. Aided
by a rise in computational power and simultaneously an increase in the number of easily accessible
algorithms, ML has beenadopted into many fields. In the past few years, we have seen ML
techniques applied to optical tweezers related problems, including modelling optical forces [6, 7]
and extracting relevant information from experiments [8, 9]. These early works are very promising
and suggest ML could significantly accelerate OT simulations, while simultaneously making accurate
models mare accessible forresearchers wanting to model and understand their experiments.

Current-and Future Challenges
Multiple challenges limit the application of accurate OT models including available computational
power,verifying models accurately represent reality, and accessibility of models to researchers.

Accurately modelling large, complex particles, and structured light fields can be difficult. Although
computers have significantly improved in speed and memory capacity (extending the range of cases
that can be modelled), for many researchers it is still difficult to model even large spherical particles
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using available hardware?, let alone the more complex geometries of bacteria or deformable cells
often studied using OT. To simulate the dynamics of these particles in OT, the simulations must be
sufficiently fast. One solution to modelling large and complex particles/beams is to pre-computeithe
forces using a more powerful computer or computer cluster. Interpolation can then be used to
approximate the forces at intermediate points not included in the data set. Howeveér, this/'simply
transfers the problem from being a processor-limited problem, to a memory/storage problem. An
alternative option is to use ML to encode all this information in a much smaller representation:One
of the main challenges in using interpolation or this kind of ML is generating sufficient.training data
spanning a representative range of parameters (beam shape, particle size, etc.):

One of the main difficulties with developing computational models for OT is determining whether
these models accurately depict reality. Not all models work well on different size scales: for instance,
the dipole approximation can be very effective for dipole-sized particles butgive unreliable results
for larger particles; similarly, geometric optics can be great for largeparticles, but produce
erroneous results for small particles. Sometimes it can be necessary to combine multiple models,
and care must be taken for when a particular model should be used/is.valid. Often it is up to the user
to assess if the model is suitable/accurate for the particular experiment they are trying to model.
Care must be taken when using both traditional models and, ML enabled models that the model
predictions accurately depict reality.

The final challenge is usability and accessibility: There are/many.excellent models for optically
trapped particles, however many of them are not the easiest.to use or access. In some cases, users
need specific operating systems or familiarity with certain programming languages to use/run codes
(some of which may be proprietary). Once the user has.a running model, they need to learn how to
use it and assess its validity. For example, the'discrete dipole approximation is extremely useful in
modelling a range of particles but the choice of voxel placement, size, and spacing can have huge
effects on the simulation results and care must'be'taken to choose the appropriate parameters and
verify results. This requires good documentation including good release notes highlighting
differences between versions of the code. This extra work sometimes creates a barrier between
researchers who develop codes and users wanting to apply these codes to their experiments.
Further still, in some cases researchers-are hesitant to release code in the fear that it might be used
incorrectly.

1 We were only able to simulate particles up to about 100 um and 1 mm with implementations of generalized Lorentz-Mie theory and
geometric optics via the optical tweezers toolbox and optical tweezers simulations software packages. We only tested if these methods
would run in a feasible amount of time for these sizes. No checks were made to see if the results for these sizes were accurate.
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Figure 5.1. Comparison of the current classical, machine learning enabled and prospective capabilities of different methods used to
model optical tweezers. Shaded regions indicate how well the methods work in"terms of time, usability, memory, and problem
complexity: larger regions correspond to better performance/usability. Plotssbroadly group'different methodical approaches to modelling
optical tweezers: (a) basis function methods (such as T-matrix and dipole approximation based methods), (b) discrete methods (including
discrete dipole approximation and finite difference based methads), (c) geometric optics, and (d) the prospective advancements enabled
by a combined ML approach (as described in the text).

Advances in Science and Technology to Meet Challenges

There is no shortage of good algorithms for modelling OT. While there are still plenty of active
challenges (for example, see sections 7-11 of [10]), for many researchers working with OT the
problems are rather in accessibility/usability:ln some cases this is due to computational limits,
uncertainties about applicability.to a particular problem, or simply how easy the method is to
download/install. To summarise this,problem, Figure 5.1 shows a current version of the methods’
comparison in Ref. [4] with the addition of a usability axis. We have grouped methods into three
broad categories. Tractable problem complexity is represented by a single axis (somewhat
representing minimum/maximum size'and beam/particle complexity).

ML has already pushed the boundaries of what traditional techniques can achieve. For example, in
our work [6], we showed how an-artificial neural network (i.e., a specific ML technique) depicted in
Figure 5.2a can be used to significantly reduce simulation memory and time requirements. This
network is trained on representative force values for a particular beam/particle combination and can
rapidly predict values at other locations while using significantly less memory compared to
interpolationsWe demonstrated the technique for the T-matrix method and a similar approach has
since been demonstrated for accelerating geometric optics simulations [7]. The technique has the
potential to'increase accessibility/usability since the resulting networks are often small and fast
enough to belembedded in an interactive web-browser based simulation. The main shortcoming of
these kinds of models is generalisability: i.e., a model trained on spherical particles is not well suited
to predicting forces and torques on ellipsoidal particles. Ideally, we would want a model that looks
more like Figure 5.2b: taking a beam and particle as input and predicting the corresponding force
field® This would be a significant undertaking, with many challenges including the generation of

2 For non-spherical particles, this would be a 6-dimensional space spanning possible positions and orientations of the particle.
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sufficient training data, development of efficient ways to represent the problem and identificationsof
the current limitations in numerical techniques for modelling OT. For this to be achieved, sufficient
training data must be generated and collated. This will likely involve choosing a network architecture
which generalises well to learn features with much less training data. For instance, a convolutional
network might perform better when given images of the optical field and particle asicompared.to
the network in Figure 5.2b. Other techniques such as transfer learning or model re-training might
also be key to reducing the required volume of training data. While it is unlikely that ML used in‘this
context will identify new physics, it may help to reveal emergent behaviour from the dynamics of
particles moving in OT — behaviours that are difficult to predict with traditionalimodels due'to
computational limitations.

ML also offers a potential solution to validating models correctly describe‘experiments. ML
techniques have been used to analyse experimental measurements, and.can be used, for instance,
to extract potentials from particle trajectories [8] (see also Sections 26—20). Figure 5.2c shows a
depiction of a recurrent neural network (another ML technique) which converts a time series
measurement into a potential. By comparing these potentials with-model predicted optical forces,
we can verify the accuracy of our models — while this verificationi.could conceivably be performed
without ML, the use of ML significantly simplifies the process. A extension to this idea is depicted in
Figure 5.2d, showing a network that discriminates between if a model (beam/particle description) is
sufficient to describe a particular experimental obseryation'with some confidence level. One
advantage of this problem formulation is that‘we can‘apply the same optimisation functions we used
to train the network also for optimising the model parameters (beam/particle shape).

As a final note, the ML boom has coincided with'many other advances in available tools for sharing
and collaborating on code and ML model training..Particular tools of note include:

1. Version control software (such as Git and'SVN) and related hosting sites (such as GitHub and
GitLab) which provide tools for tracking both code and known issues/features/developments.

2. Papers with Code: a website where anyone can share implementations of algorithms described in
papers.

3. Containers (such as Docker and Singularity) offer a way to package not just the code but the

entire working environment (i.e., specific software versions and dependencies).

4. Read the Docs: an online documentation hosting site which can be setup to automatically hook

into popular sourceddistribution tools and automatically generate and publish documentation
when a new version of the code is released.

The availability of easy-to-use tools is only part of the solution. In addition, there needs to be a
cultural shift to’encourage the publication of ML OT models and acknowledgment of the additional
work requiredideveloping documentation, maintaining models and responding to user
requests/feedback.
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Figure 5.2, Graphical depictions of different machine learning models for optical tweezers simulation and classification. (a) A 5-degree-
of-freedom network for calculating forces on a spherical particle in Gaussian beam optical tweezers (adapted from Ref. [6]). (b) A more
general target for ML where the network transforms any beam, particle distribution into a force field. (c) Example of a recurrent network
for extracting optical potentials from experimental time-series measurements (adapted from Ref. [9]). (d) A network which estimates if
the given beam/particle are good predictors of an observed trajectory.

Concluding Remarks

We have already seen that ML can improve access to/powerful 0T models without users needing
super-powerful computers. We have also seen knock-on effects of the ML boom improving software
tools for better documentation and collaboratioen. Improvements in particle tracking and OT
calibration, enabled by ML, have the capabilities to ensure the models we generate are accurate.
The advances described above are summarised.in Figure 5.1. We currently envision these being
extended further, one of the main limitations is resources including time to generate large data sets,
train models, and explore alternative model architéctures. We should expect to see new ML models
pushing the bounds of what is/passible in OT simulation. We might even envisage a universal OT
simulator that spans and unifies the capabilities of our present numerical models for a range of cases
that would be useful to the OT community. This would require accurate datasets spanning a wide
range of beams and particles..In orderto achieve this goal, we need to make the existing models
more accessible. While we'haye focussed on OT here, many of these techniques could be applied to
simulation of other systemssuch as acoustic tweezers, electrodynamic traps and optical imaging.
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6 — Optical networks for all-optical computing and imaging
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Status

Optical neural networks (NNs) have a long history. It started in 1985 in seminal experiments that
implemented an optical version of Hopfield networks [1]. The prime motivation, which’ remains
unchanged, was to exploit attributes inherently linked to optics: massive parallelism and the resulting
advantage for the connectionist neural network computing concepts. And this promise actually
materialized, as real-time face recognition was demonstrated in an experiment that holographically
stored weights optimized during a training procedure [2].

Since then, artificial intelligence went through numerous hype and busticycles, until it became the
indispensable tool of today. Today’s high-performance electronics.can implement NN topologies with
ever-increasing complexity and capabilities. Yet, the fundamental mismatch between computational
hardware and NN topology creates enormous challenges in terms ofiscalability, energy consumption
and speed. Similar motivations to overcome hardware'limitations through novel learning-based
designs are also driving developments in plug-and-play. eptimization frameworks, as discussed in
Section 4. The result is that adding NN-functionality to other devices comes associated with a
substantial power budget, and that real-time 'processing’ of high-volume data is unattainable.
Employing NNs for either real-time high-resolution wide-field microscopy or small, non-lab-based
systems remains challenging. Optical NN, therefore, remains of interest, and recently, attention
towards such unconventional hardware exploded.

Current and Future Challenges

Currently, efforts toward next-generation photonic hardware for NNs include integrated photonic
solutions [3] and free-space [4-6], but also efforts towards addressing the fundamental challenge
when integrating NNs using 3D photonic integration [7] or unlocking the ultra-fast potential of fully
parallel and autonomous photonic NN.[8].

As a free-space optical computing platform, diffractive deep neural networks (D’NNs) have attracted
growing interest as'they compute a given task by engineering light diffraction through a series of
complex, spatially structured surfaces, one layer following another. Given a targeted task, these layers
are optimized using deep learning concepts to minimize a task-specific loss function. The resulting
diffractive layers collectively form an all-optical computer, performing the desired transformation
between the inputand the output fields-of-view. Once the deep learning-based training is complete,
the diffractive layers canibe fabricated through e.g., 3D printing or lithography, creating a physical
network that performs the designed computational task at the speed of light propagation without
requiringany external power except for the illumination light.

Since its first demonstration in 2018 [4], diffractive neural networks have been successfully employed
for various applications, for example, holography, quantitative phase imaging (QPI) [9] and class-
specific imaging [9]. Compared to using electronic digital processors, D’NN inference in computational
imaging offers some unique advantages since the optical information of a scene is directly accessible
to a diffractive network. This shares conceptual parallels with physics-based learning approaches to
direct phase retrieval without heavy pre-processing, highlighted in Section 2. Therefore, no
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digitization or complicated pre-processing steps (such as phase retrieval) are needed, enabling
computer-free “computational imaging”. Using a trained D?NN, the spatial information of any
unknown objects can be instantly retrieved from raw holograms at the speed of light propagation
without requiring any digital processors [10], or can be used to directly convert the phase information
of an arbitrary input scene into an intensity distribution at its output plane, creatingan all-optical QPI
system (Fig. 1a). It was demonstrated that this QPI diffractive network could generalize to unseen,
entirely new phase objects.

D2NNs have also been applied to imaging through diffusive media, which is crucial acrosswarious fields
such as biomedical optics, atmospheric physics, astronomy, oceanography, and autonomous systems.
A trained D®*NN was demonstrated to all-optically recover the images of arbitrary objects completely
distorted by unknown, random phase diffusers, presenting a real-time,.computer-free, and power-
efficient solution to imaging through random and unknown diffusers (Fig..1b).

As another example, D®*NNs also present unique opportunities for designing’novel computational
camera systems with customized functions that cannot be implemented through standard optical
designs. As an example, a new type of privacy-preserving imager was desighed based on D?’NNs, which
images only certain desired types of objects, while all-optically and instantaneously erasing other
undesired types of objects from its output images (Fig. 1c).

Advances in Science and Technology to Meet Challenges

There exist, therefore, a wide range of high-potential'@pplications. An important challenge remains to
physically integrate the many values that define a.NN’s topology, i.e., the weights to its connections.
In two dimensions, such physical implementations do. not scale, and recent attention has shifted
towards full-scale integration in 3D. Moughames'et al. [7] demonstrated optical convolutional filters
integrated via 3D photonic waveguides, (Fig. 2(a)), while some of the advances in the associated
fabrication technology now allow for low-less and large-scale 3D photonic integration of optical
couplers [11, 12].

Finally, substantially improving the speed of NN computation requires implementing all the involved
processes in parallel hardware, abolishing the slow-down induced through the large-scale serial
communication used in schemes that domnot leverage full parallelism on each computation stage. This
was recently demonstrated by implementing an optical NN in the high-dimensional space of a multi-
mode semiconductor laser.diode, while trainable network weights were realized via a spatial light
modulator. As a consequence, both the linear operations through optimized weights as well as the
nonlinear transformations happened in parallel and with approximately 20 GHz bandwidth [8], see
Fig. 2(b).

Concluding Remarks

In summary, using fully parallel optical NNs, computational imaging tasks can be executed at the speed
of light propagation through compact, and potentially integrated photonic systems, establishing low-
poweriand fast all-optical computing platforms beyond what existing electronic systems can offer.
Freesspace diffractive computing framework is scalable to different parts of the electromagnetic
spectrumyincluding the visible and infrared wavelengths, which could find wide-ranging applications
for high-throughput computing tasks and inspire the design of intelligent optical front-ends for
advanced machine vision and communication systems. 3D photonic integration, on the other hand,
provides the tools and techniques to enable scalable photonic integration of such concepts, while the
use’of high-dimensional nonlinear optical media such as semiconductor lasers unlocks another
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potential of photonics for computing: ultra high speed. Despite these exciting developments and the
unique advantages of optical networks, some challenges also remain that need further work and
advances; for example, in situ training methods that are resilient to hardware and fabrication
imperfections and potential misalignments and temporal variations in the optical set-up,are highly
sought with several innovative approaches emerging as potential solutions [13]. Similarly, the
experimental data throughput and learning speed of physical systems based on optical hardware also
need further advances to enable fast and periodic training for performance assurance (i.e., guality
control) of optical network inference in the autonomous deployment stage of the system. These needs
require a blend of innovations in both optical devices and algorithms, working hand in handto address
some of these emerging challenges.
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quantitative phase imaging (QPI). (b) Using D°NNs for imaging through random, unknown diffusers.
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Figure 6.2. (a) Schematicillustration of three-dimensional (3D) integrating nine Haar filters (F1-F9).
A 3D-printed waveguide architecture realizing all nine filters in parallel is shown on the right, with
filter F2 highlighted in orange. (b) Implementation of a recurrent neural network inside a
multimode large-aperture vertical-cavity surface-emitting laser (LA-VCSEL). The optical weights are
written by a digital micromirror device (DMD) through a multimode fibre (MMF). The modulated
outputisiread by a high-speed detector (DET), enabling fully parallel linear and nonlinear
operations at &~ 20 GHz bandwidth.
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7 — Quantitative microscopy
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Status

Optical microscopy has had a tremendous impact on our understanding of the microscopic werld
and is widely utilized across many disciplines. The traditional workflow consists of (1) data
acquisition, relying on manual adjustments of condenser lenses, illumination intensity and camera
exposure time, (2) ocular inspection of the acquired microscopy images followed by (3) a/qualitative
assessment of the sample. The lack of standardization in this workflow makes‘optical.microscopy a
qualitative, as opposed to quantitative, technique.

To resolve this limitation, we first note that quantitative microscopy requires that uncontrollable
and/or unmeasurable parameters of the optical system do not influence'the measurement result.
This restricts the measurable quantities to those that are agnostic to,the parameters of the optical
system. The set of such measurable quantities depends on the,choice ofimicroscopy method. The
development of microscopy techniques and data analysis techniques.go hand in hand: new
microscopy techniques can extend the set of parameter-agnostic quantities, calling for new analysis
techniques capable of quantifying them. In this context, deep-learning-powered analysis has
emerged as an alternative for fast, accurate, and autoamatized analysis and quantification of
microscopy data, in alignment with broader efforts in quantitative computational imaging, such as
end-to-end differentiable approaches discussediin Section 2. As an example, the positions, and
motion, of objects within the sample do not depend onthe parameters of the illumination or the
optical system. Particle tracking is, as'such, a prime example of a parameter-agnostic technique for
most microscopy techniques. It is therefore'not surprising that large effort has been put into
developing accurate and efficient tracking techniques. Here, deep-learning-powered analysis has
been demonstrated to surpass algorithmic techniques in terms of accuracy and speed while being
fully automatized and objective [1].

Beyond this, interferometric techniquessuch as holography, interferometric scattering microscopy,
and optical coherence tomography, have the potential to provide a quantification of the amount,
and in some cases the angular distribution and/or the optical phase shift, of scattered light from
objects. This can in turn be related to physical parameters of the objects in the sample such as their
mass [2], size and refractiveiindex [3]. Again, deep learning powered techniques have demonstrated
superior accuracy and speed in quantifying such parameters, in particular at low signal-to-noise
ratios [4].

Finally, multi--or hyperspectral imaging modalities, such as Raman imaging or Brillouin imaging,
record a spectrum of optical responses in each pixel, generating enormous datasets. In this context,
deep learning has provided a powerful method for automatized extraction of relevant data from
such/datasets|[5].
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Figure 7.1 A tentative workflow for achieving quantitative microscopy with specificity. Starting from the acquisition, this must be
17 sufficiently fast and display sufficient resolution to resolve the properties and dynamics of the‘ebjects of interest. Next, the data is
18 analysed, to enhance contrast and to resolve and detect objects in the data. This can be aided by deep learning (DL), as indicated by the
19 arrow. Following object detection, a set of physical characteristics of the objects are quantified based on'their optical responses, again
20 potentially aided by deep learning. Advances in these steps in terms of noise resilience provides a feedback to the acquisition step,

allowing faster acquisition (but also increasing noise in the data). Finally, specificity can be achievediby recognition of common
21 characteristics of the objects of interest. Images are simulated using the software DeepTrack 2 [6].
22
23
24
25 Current and Future Challenges
26 Arguably, the holy grail within the field of quantitative microscopy is the accurate quantification of
27 physical properties of specific components in a sample. Generally speaking, achieving this goal
28 requires distinguishing the signal of the components of intérest from that of other components (see
;g Figure 7.1 for a possible work flow). Doing this in a.quantitative manner requires, in turn, that (1)
31 sufficiently many physical parameters can,be quantified, on an individual object level, to classify
32 objects in the sample. In complex environments, as is often the case when considering biological
33 samples, multiple components/are often in close proximity and as a result the signals from such
;g components are intertwined and notreadily distinguishable. Therefore, in order to be useful, such
36 specific imaging needs (2) to be robust to noise and (3) to feature a high spatial resolution
37 (preferably sub-diffraction limited): Further, since components are often dynamic, it is also crucial
38 (4) to have a high temporalresolution (1-10 milliseconds).
39
40 More specifically, interferometric techniques typically display a high temporal resolution, meeting
41 the requirement (4) above. It has also been demonstrated that deep-learning-powered analysis
42 techniques have the'potential to quantify physical parameters of individual objects at high noise
43 levels (2) and short length scales (3) (comparable to the diffraction limit) [4], much faster than
jg traditional methods'[3]. The set of parameters that can be quantified from individual nanoscale
46 objects depénds on the object size and imaging modality, and is currently limited to mass (for
47 Rayleigh scatterers) [2], and size and refractive index (for particles larger than the diffraction limit)
48 [4]. While these parameters arguably are key physical parameters in many cases, they may not be
gg sufficient to do a robust classification and to perform quantitative imaging with high specificity.
51 Extending this set of parameters without sacrificing spatiotemporal resolution is therefore a key
52 challenge for these techniques (Figure 7.1, “Interpretation”). A particular challenge will be the
53 guantification of objects larger than the Rayleigh limit, but smaller than the diffraction limit, as the
54 relation between mass and light scattering is ambiguous in this regime and depends on the
gg collection angle of the optical system and the internal mass distribution within the object [8].
57
58
59
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For Raman and Brillouin imaging, the information content in each pixel consists of a frequency
spectrum quantifying the local photon/phonon interaction. In this case the signal is in fact material
specific, and can be used to quantify the abundance and distribution of different materials acrossa
sample [7], resolving requirement (1) above. The remaining challenges in this field relate to the
detection and quantification of individual objects in a complex sample (2) at high spatial.(3) and
temporal (4) resolution (Figure 7.1, “Analysis”).

The key challenges are therefore:

1. extending the set of quantifiable parameters for interferometric imaging techniques,
without sacrificing spatiotemporal resolution, and

2. improving spatiotemporal resolution and noise resilience of multispectral’quantitative
imaging techniques without sacrificing material specificity.

Advances in Science and Technology to Meet Challenges
The necessary technological and scientific steps in order to address these challenges are the
following.

First, the amount of information in interferometric images can be enhanced through wavelength
and/or modality multiplexing, which will ease the quantification.of auxiliary physical parameters.

Second, the full information content of interferometric scattering'patterns need to be utilized in the
analysis. Specifically, the angular distributionof the optical field scattered from an object depends
not only on its size, but also on its shape and internal mass distribution. This information is encoded
in interferometric scattering patterns, but extracting it wolld generally require inversely solving
Maxwell’s equations. This is computationally expensive/and extremely sensitive to measurement
noise, in particular when approaching the,Rayleigh limit. It has been demonstrated that deep-
learning-powered approaches enable much faster determination of object properties [3], while
retaining accuracy even at low/signal-to-noise ratios at subwavelength length scales [4]. Extending
such quantification approaches to.quantify also the morphology and internal mass distribution of
objects covering a range of sizes from <100 nm to several micrometers will be a necessary step to
achieve specific interferometric imaging:

For multispectral quantitativesdimaging, the key challenge is related to increasing spatiotemporal
resolution. Recent works have demonstrated that stimulated Raman [7] and Brillouin microscopy [9]
do have the potential fornfast multispectral imaging, and work along those lines is expected to push
the resolution of those,techniques in the coming years. Integrating these imaging modalities with
data-driven interpretation frameworks such as virtual staining (Section 27) could further enhance
specificity. Deep learning powered analysis techniques can assist in this development by
reconstructing physical parameters from incomplete spectral information [7]. In this way, less data
may be needed to reach the same level of specificity, thereby increasing temporal resolution further.

Combining such developments with advances in virtual staining, which has been demonstrated to
recognize, classify and quantify structures in non-specific imaging modalities [10] is predicted to
enable specific quantitative imaging through deep learning assisted analysis.

Concluding Remarks

In‘conclusion, the big challenge in quantitative microscopy for the foreseeable future relates to
combining quantitative measurements with having high specificity, thereby transforming such
techniques into viable alternatives to fluorescence imaging. In this roadmap, | have discussed how
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1

2

3 deep learning powered data analysis may aid this development, highlighting some key steps that

4 need to be realized in order to achieve this goal.
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8 — Computational phase microscopy
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Status

Quantitative phase imaging enables label-free imaging of transparent biological samples such as
unstained cells and tissues. Many holographic-based phase imaging techniques have been developed to
extract the phase information based on the principle of interferometry. However, these techniques
generally suffer from complex instrumentation. In this perspective, we foetis on'‘computational phase
microscopy techniques which recover phase information from a non-holographic setup using intensity-
only measurements (alternative strategies are discussed in Section 2for learning with differentiable
physical models). The main difficulty of reconstructing phase fromuintensity=only measurements is that it
is generally an ill-posed inverse problem. Classical “phase retrieval” algerithms are developed based on
the Gerchberg-Saxton-Fienup algorithm, which uses an iterative recenstruction procedure and
incorporates additional physical constraints to find the solution. In recent years, deep learning (DL) has
shown tremendous success in solving such computationakimaging problems. Here, we highlight several
major advances on how DL pushes the imaging performance of.ecomputational phase microscopy, as
summarized in Figure 8.1.

Overview of deep learning for computational phase microscopy

lmaging Image
Sample system Semear

Light source

Coded
[llumination

Untrained neural

2D object 3D object

i o
network

Figure 8.1 Overview of deep learning for computational phase microscopy. Deep learning has been used to recover both 2D [1,3,5,6,7,8] and
3D [2,4,9,10] phase-objects using both supervised learning [1-4,7-9] and untrained neural networks [5,6,10]. For supervised learning, the
training data is obtained either in experiments [1,3,7] or in simulations [2,4,8,9]. Deep learning has also been applied to optimize the coded
illumination patterns [7,8]. The insets at the bottom are adapted from Refs. [1,4,6,8].

In general, DL techniques have been developed to solve both the 2D phase recovery and 3D
tomographic reconstruction problems, as summarized in Figure 8.1. For 2D computational phase
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imaging, the first supervised learning-based reconstruction algorithm proposed in Ref. [1] showed that
the twin-image and self-interference related diffraction artifacts can be eliminated by a deep.neural
network. To push the performance at low-light conditions for 2D phase imaging, a DL technique has
been developed to provide high-fidelity recovery when the photon numbers are low: [3]. For 3D
computational phase imaging, DL frameworks have been developed to solve the challenging 3D
tomographic phase reconstruction from intensity-only measurements [2,4]. In addition, frameworks
have been developed to mitigate multiple-scattering effects and overcome the limitatiens in commonly
used linear single-scattering approximation models [2,4].

Although these supervised DL methods have made significant progress, they require large-scale training
datasets containing paired measurements and ground-truth images. While early attempts focus on
generating experimentally captured dataset [1, 3], in practice the accessibility to large-scale training
data in experimental settings can be limited. To overcome this limitationpseveral innovative approaches
have been developed. For example, computationally efficient and‘@accurate simulations based on
multiple-scattering models have been developed to generate synthetic training datasets for 3D
problems [2, 4]. Instead of using the supervised DL framework, the unsupervised “untrained neural
network” framework based on Deep Image Prior [5] and Deep Decoder [6] have been adapted for 2D
phase retrieval without needing any network pre-training nor.training data. In this approach, the phase
map is parameterized by an untrained network,whose'parameters are optimized by matching the
predicted measurement to the actual measurementiusing the known physical model via a standard
iterative “network training” procedure.

In addition to only performing the post-hoc 2D or3D reconstruction tasks in computational phase
imaging, DL methods have also been developed to co-optimize the physical design of measurement
process along with the reconstruction. Pioneering work demonstrates an “unrolled neural network”
framework to optimize the coded-Illlumination pattern and high-resolution 2D phase reconstruction
using much reduced measurements than model-based method [8].

Current and future challenges
Despite achieving state-of-the-art performances in many tasks, multiple challenges remain to be solved
both in terms of physical principles and computational frameworks, including:

1. Multiple scattering effects:and missing-cone problems
The multiple scattering effects become significant with the increase of refractive index contrast,
structure complexity, and'size of the biological samples. The measurement is often confounded by
the “missing-cone” prablem, which does not provide access to a large amount of axial spatial
frequency information. Together, these make the 3D reconstruction suffer from poor axial resolution
and degradedireconstruction accuracy. Although DL frameworks have been developed to reconstruct
highly/scattering objects [2, 4, 9], their effectiveness is still limited. Similar challenges of data
completenessiand reconstruction under physical constraints also arise in quantitative microscopy
(Section 7) as well as other imaging modalities (Sections 9-13).

2. Reliable DL prediction
Another major limitation is that the trained DL model is often not robust to experimental variations.
To overcome this issue, an uncertainty quantification framework based on the Bayesian learning
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framework has been proposed [7], which allows evaluating the confidence of the prediction result
without knowing the ground truth. However, this type of Bayesian learning framework is still.at its
nascent stage and requires significant process to provide more reliable DL predictions.

Large-scale computation

In DL-based reconstruction, the size of the neural network generally increases as the size of thelinput
images. Thus, the practically achievable space-bandwidth product (SBP) of the reconstructed image
without excessive image stitching is limited by the memory of the computer. The'associated
computational cost becomes a bottleneck for emerging large-SBP imaging téchniques, such as
Fourier ptychographic microscopy for gigapixel 2D phase imaging [7] and diffraction tomography on
large-scale 3D objects [4].

Advances in science and technology to meet challenges

Here, we outline a few promising directions to pursue to overcome the above challenges and further

push the fundamental limit of deep learning for computational phase imaging.

1.

Prior knowledge incorporation

An overall strategy to overcome the multiple scattering and missing-cone problems as well as the
reliability of DL prediction is to incorporate additional physical knowledge into the neural network
designs. In simulation-based training [2, 4], the multiple:scattering physics is incorporated into the
simulator. In untrained neural networks [5, 6], the physical. model of the imaging system is
incorporated during network training. In Bayesian learning [7], the priors are learned by a neural
network, which is then used to quantify the uncertainty at the test stage. A few other network
designs implicitly take the physical insights intorconsideration. For example, Ref. [3] separately
processes low and high spatial frequency information using a synthesis network. Ref. [9] treats the
sequential measurement as a dynamical system and solves the tomographic reconstruction problem
by a recurrent neural network. Weanticipate that hybrid strategies that incorporate multiple types
of priors, e.g., multiple-scattering physics,imaging model, and experimental data distribution, are
promising directions to investigate.in the future.

Computationally efficient framework

Future development is needed to enable memory-efficient computational frameworks for large-SBP
imaging applications. A promising solution is the neural fields (a.k.a. implicit neural representations)
that parameterize the object.by a coordinate-based deep network. The object is represented by the
parameters of a small-scale neural network, instead of the dense voxel/pixel grids. Promising results
using this framewaork have been recently demonstrated for large-scale 3D phase recovery in Ref. [10]
and dynamicdimaging in Ref. [11]. We anticipate novel neural representations for efficient
information embedding may be a promising direction to pursue for large-SBP reconstructions.
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9 — Multimodal microscopy image registration
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The technological advancement enables highly informative imaging, allowing scientiststo see what
previously was hard to even imagine. The vast collection of imaging techniques used in the biological
and preclinical areas indicates the breadth of possibilities [1]. Powerful and complex devices reveal a
variety of properties of a specimen, such as morphological structure, chemical€omposition,
dynamics, function; however, most often they reveal only one such property at a time. We are
witnessing a growing popularity, particularly within life sciences, of correlative multimodal imaging
(CMI) approaches, which combine complementary information from differentiimaging modalities to
create a holistic, composite view of the sample, maximising the extracted information about an
object of interest [2]. The most well-established CMI technique is Correlative,Light and Electron
Microscopy (CLEM), combining spatial and functional informatioh within the subcellular context.

To enable joint analysis and fusion of the heterogeneous information captured by different devices,
the first requirement is to establish precise geometric correspondence between the acquired
images, i.e., to find a spatial transformation which best aligns the:.data in the same coordinate
system. This process, known as image registration, is traditionally performed as an iterative
optimization process, aiming to find the transformation which maximises a similarity measure
between the images to align. Depending on the application'scenario, different types of
transformations (e.g., rigid, affine, deformable) are used;making the task more or less constrained.
The optimization is typically highly non=convex, which makes the process complicated and time
consuming, while still often only delivering suboptimal solutions. This in particular holds for
multimodal registration, where the images that.need to be aligned, aiming to capture
complementary information, often look very different from each other.

To solve or circumvent the observed problems, researchers have turned to approaches based on
deep learning (DL),mirroring the broader trend toward hybrid model- and data-driven frameworks
described in Section 4 for plug=and-play computational imaging. Three main directions have been
followed: (i) learning a suitable similarity measure, (ii) speeding up the registration process by
directly predicting the transformation, and (iii) reducing multimodal alignment to a monomodal task,
by applying image-to-image (121) translation techniques. These approaches have been evaluated on
medical data [3-5]@andithe most successful ones are steadily growing in popularity. However, their
use in biomedical/microscopy image registration is still very limited. In particular, DL-based
multimodal microscopy image registration has been attempted in only a few works [6,7]. The
extraordinary boost, observed for other image analysis tasks, such as image segmentation and
classificationy'is still lacking — the DL-revolution is yet to come to multimodal microscopy image
registration.



Page 47 of 190

oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1

Image registration

— Learned similarity measures
— Precise direct predictions
— Information preserving 121

Deep learning
Roadmap on — Few-shot and transfer learning
multimodal — Un/self-supervised learning
microscopy image — Streaming/distributed learning
registration

by deep learning

Correlative multimodal microscopy
— Public standardised.datasets

— Efficient and reliable annotations
— Sharing and évaluation platforms

Figure 9.1 Needs and challenges. Overview of needs and challenges for multimodal microscopy image registration by deep learning.

Current and Future Challenges
To reach, and benefit from, the full potential of DL in multimodalhmicroscopy image registration,
researchers need to respond to several challenges (Figure 9:1):

Challenge 1 — DL methods still do not meet the expectations.in image registration

Considering that different combinations of modalities may.require different measures of image
similarity, the idea to learn such a measure from data comes naturally. Given sufficient annotated
training data, proposed learned similarity. measures perform well. However, they are most often
used to replace conventional measures within,a slow iterative registration procedure, which reduces
the benefits.

Once trained, DL models are typically very fast and therefore appealing to use as regressors, to
directly predict the transformation parameters to reach image alignment. This approach is taken by
currently most popular methods which.use DL for registration. While considerably reducing runtime,
they still fall behind conventional iterative methods in terms of accuracy.

121 translation approaches, typically based on Generative Adversarial Networks, perform
impressively in learning to.mimic, and combine, content and styles captured by image data, e.g.,
enabling “virtual staining” of label-free tissue. However, generated images, even if convincing in
appearance, often do not preserve well the information important for image alignment [7]. Relying
on aligned pairs, the'eoordinated representation learning approach [6] delivers superior
performance (Figure 9.2).

Challenge 2.— DL.methods require a lot of data, but not any data

Correlative multimodal microscopy typically results in few very large images. This is far from the
millions,of relatively small annotated images collected in publicly available datasets which are used
for development of state-of-the art DL models in Computer Vision. Handling such massive, high-
dimensional data volumes aligns closely with the computational bottlenecks discussed for large 3D
image reconstruction in Section 3. The complexity of the acquisition process, typically requiring
significant manual labour, combined with exploratory aims of the performed research, implies that
images acquired are often counted in single-digit numbers. Transfer learning, aimed at reusing
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trained models on new datasets, often delivers diminishing returns on the diverse and
heterogeneous biomedical image data. At the same time, very high-resolution imaging provides
terabyte-sized (or even larger) image volumes, necessitating advanced algorithmic solutions fortheir
processing.

a Generated
il Apply found

transformation

. to original
| image

Monomaodal
registration

Applyfound
transformation
. to original

BF CoMIR

Figure 9.2 Multimodal image registration./Multimodal image registration can be addressed by converting the multimodal problem into a,
presumably less challenging, monomodal/one. Here, this is illustrated on the difficult task of aligning Second Harmonic Generation (SHG)
and BrightField (BF) microscopy images. (a) One approach is to synthesise images acquired by one modality to appear as if acquired by the
other; this type of Image-to-Image (121) translation istypically done by Generative Adversarial Networks (here, using StarGAN v2).
However, a comparative performance analysis [7] indicates that the synthesised images, even when convincing in appearance, seem to
lack sufficiently reliable features to ensure successful subsequent monomodal alignment. (b) Another approach is to, instead of learning
the appearances, learn representationsi(I2R) of the joint content of multimodal images, transforming them into a common “virtual”
modality. This coordinated representation learning approach, in combination with a suitable monomodal registration method, reaches
excellent performance on alignment of SHG and BF images [6].

Challenge 3 — Annotated multimodal microscopy data are critically lacking

To ensure reliable’performance, DL approaches generally require large amounts of annotated
training data. Annotation of biomedical data requires not only extensive time, but also considerable
expertise, making it 'costly to collect. DL models which require aligned image pairs for training find
limited use, since the alignmént is, for many modality combinations, simply too difficult to be
performed manually. Few-shot and un/self-supervised methods may reduce the need for training
data, but this often comes at a cost reduced performance.

Advances in Science and Technology to Meet Challenges

Availability of high quality training data is identified as a sine qua non condition for successful DL
approaches. Notably, similar issues about the critical need for annotated datasets also arise in high-
content screening and biomedical imaging applications (Section 30), highlighting the broader
ecosystem challenges. The challenges of DL-based multimodal microscopy registration all relate to
the need for, and difficulty to provide in sufficient amounts, accurately aligned multimodal
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microscopy image pairs for diverse combinations of modalities. This indicates two directions
forward:

i develop methods which reach good performance while requiring only few, or no‘alighed
image pairs;

ii. collect large annotated multimodal microscopy datasets and make them broadly
available.

Advances in methodological development

Iterative maximisation of mutual information (Ml) is still the most popular multimodal registration
method; it is generally applicable, performs reasonably well, and does not require any/training data.
A recently proposed FFT-based algorithm [8] advances MI-driven rigid multimodal-registration, both
in terms of speed and accuracy, outperforming DL-based competitors on twemultimodal
microscopy datasets. Novel DL-based registration methods need to deliver more;

Requirements for extensive training data of aligned multimodal image pairsineed to be reduced, or
removed. We need to turn to novel and innovative learning strategiesswhich deliver highly
performing, yet scalable solutions. General improvement of data-efficient DL strategies, such as few-
shot learning, domain transfer, and self-supervised learning, will advance multimodal microscopy
image registration as well.

Unsupervised methods, not requiring any aligned image pairs for training, are already available.
Examples include 121 translation approaches based on unsupervised GANs [7]. However, their
performance needs to be further improved.

Advances in data collection, open science,.and standardised benchmarks

Annotated (ground truth) data is needed net only for DL model training, but also for evaluation of
novel methods. It is therefore of critical importanee to assemble and publish high quality datasets,
enabling quality control and reproducibility. Automated approaches may reduce need for manual
annotation, e.g., by generating landmarks through segmentation of identified common structures in
multimodal data.

Integrated imaging, where different modalities are simultaneously acquired and therefore aligned,
may be a rewarding path for generating large amounts of high-quality ground-truth registration
data, for both training.and perfermance evaluation. This option is, however, only available for a few
combinations of modalities. Advances in integrated imaging will at the same time reduce the need
for multimodal registration methods.

Considering the specificities and large size of multimodal microscopy datasets, availability of suitable
data sharingplatforms'is a necessity. Standardisation of acquisition processes will contribute to
improved quality ofidata and increased homogeneity (e.g., within a particular modality), leading to
increasingly successful training of DL models and improved registration quality. Open platforms for
standardised method evaluation will boost the quality of novel approaches. A recent contribution is
an open evaluation framework for rigid multimodal registration methods, [7].

Concluding Remarks

In the era of outstanding performance of deep learning methods, which continuously advance image
dataanalysis, most popular methods used in practice for multimodal microscopy image registration
stillrely on semi-automatic approaches. A successful example is eC-CLEM [9] — relying on user-
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interaction, it has demonstrated applicability to registration tasks involving a wide range of modality
combinations. However, the increasing diversity of multimodal microscopy image registration
problems and the growing scale and dimensionality of acquired data urgently call for the powerand
flexibility of efficient data-driven approaches, to bring the quality of the methods and analysis
results to the next level. By addressing the identified challenges of the field (overviewed in

Figure 9.1), DL-based techniques have the potential to deliver modality-agnostic, fast, and.generally
applicable image registration solutions, to advance correlative multimodal imaging, and ultimately —
life sciences.
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Fluorescence lifetime imaging (FLI) provides distinctive contrast mechanisms for the interrogation of
biological samples. A key strength of FLI is that it can uniquely provide absolute.measurements directly
related to the fluorescent molecule(s) state and its/their interaction with_the surrounding molecular
micro-environment: such as temperature, pH, viscosity, polarity and mechanical forces. The principles and
various technical implementations of FLI have been established over the last three decades, but until
recently, have typically remained an expert field. With the advent,of turn-key commercial FLI capable
imaging platforms, FLI is currently being increasingly embraced by end-user communities (e.g., molecular
biologists, drug development experts)] with demonstrated increased utility in microscopic and
macroscopic preclinical and clinical applications. Still, a main challenge in FLI resides in the estimation of
the lifetime(s) or associated parameters. This is a complex:computational task, in which accuracy can be
highly dependent on the model selected, the setrof parametersiused, and the signal-to-noise ratio (SNR)
of the acquired measurements (typically a photon'starved application, hence, low SNR). Therefore, there
are still large efforts focusing on providing robust, user-friendly, and accurate methodologies, including
Deep Learning models, for FLI quantification and image formation. The use of machine learning
approaches for FLI image formation was first using an Artificial Neural Network (ANN) approach with
promising results [1]. This work was followed'by the first Deep Learning (DL) model, FLI-NET, designed to
simultaneously produce 2D images of all the liféetime-based parameters associated with a double
exponential model [2]. FLI-NET wasvalidated both with microscopic and preclinical data sets and for two
main instrumental detection technologies, Time-Correlated Single Photon Counting (TCSPC) and gated
ICCDs. Since then, an increasing number of reports have demonstrated the potential of DL models to
accurately estimate lifetime parametersswithout any user input, over large FOVs, with extremely fast
inference times (at, or close to real-time), and with better performances at low photon counts. There is
also an increased interestrin 'developing end-to-end DL models for pixel-wise classification based on
spatio-temporal inputs. An‘example of an ANN based FLI image formation over a large FOV is provided in
Figure 10.1.
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Figure 10.1 FLI quantification with ANN. Diagram of FLI quantification using an ANN trained\with simulated data (a-b). (c), Example of model
used for lifetime quantification of a Convallaria sample of high spatial dimensionality (1875 x 1942.pixels). The total processing time of the ANN
was approximately 36 s. Reproduced from Ref. [3].

Current and future challenges

As the field of deep learning (DL) for FLI continues.to mature, it is facing the same challenges currently
encountered in the development and validation of DLbmodels for biomedical imaging at large. These can
be summarized as: the acquisition/availability of large representative data sets, the generalization of DL
models, and instilling explainability and/or trustworthiness of the DL model output. In numerous fields,
DL successes at large can be attributed to thexconfluence of increased computational power with
accessibility to large data sets. However, for biomedical applications, large data sets that have been
thoroughly curated are rarely available to the community. This is particularly true for FLI. To date, most
of the work reported has implemented experimentally representative data simulation routines to
generate large data sets for efficient,.DL model training and validation. This approach is cost effective
and has been demonstrated tosperform well for processing experimental data not used during training
with high accuracy. This mitigates the requirements of large experimental data sets for training, but still
requires expertise in developing the'simulation environment that closely replicates the specificity of the
application — such as instrumentall characteristics (especially the Instrument Response Function, IRF,
which characterizes the temporal behaviour of the system), lifetime-based parameters range and noise
distributions.

Though, there are additionalfactors that can affect FLI quantification from experimental data and that
can be challenging to represent during the training phase. These include laser jitter and instrumental
drift, changes'in sample to detector distance, pixel-dependent variation of the IRF, photobleaching of
the fluorophore, saturation of the detector. Other factors include simulation model bias such as imaging
a sample withifluorescence lifetime outside of the range of that used during model training and more
complex signal signatures such as multi-exponential features beyond bi-exponential behaviors. All and
each ofithese factors can negatively affect the model output independently. This also highlights the
difficulty to generalize the developed DL models beyond the imaging system and application at hand.
FLI-Net, the first DL model applied to different FLI applications and technologies, needed to be trained
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1

2

431 specifically for each case. This comes with an added computational burden comparatively to classical

5 iterative fitting approaches. Additionally, this leads to assessing the trustworthiness of the DL.model

6 output. In this regard, classical iterative fitting-based approaches can assess the fidelity of the

7 quantification, as well as the quality of the FLI data itself, through residual error between’the data and
g the approximated fits. This is an important means for quality assessment that is commonly. employed
10 during FLI analysis, as FLI data can be comprised of pixels with decays that are not suitable for

1 quantification due to a range of factors (e.g., low SNR, motion artifacts, improper parameter settings).
g When using DL for either image formation or for classification, these poor-quality decays can be either
14 removed or artificially enhanced via rudimentary pre-processing steps prior to.network inference.

15 However, this preprocessing step precludes the application of DL models towards real-time and/or can
16 lead to large bias as it enforces expected features in the data that could hetalways be valid (for instance
1; bi-exponential behavior while more complex biological distribution is‘presentinsthe sample).

19 Advances in science and technology to meet challenges

2 . . . . . .

2(1) The use of DL methodologies for FLIM is a nascent field that promises to greatly increase the widespread
22 utility of lifetime-based contrast in biology, as well as its use,in translational medicine. To date, a

23 pioneering set of reports have laid the foundation for the development of efficient DL models that are
;2‘ dedicated to specific applications and technologies. Onge important aspect is that, in many cases,

26 experimental validation of DL models has been primarily'performed with relatively bright and long

27 lifetime samples that are “best case” scenarios. Still,'it can be argued that the biggest challenge in the
28 field of lifetime imaging at present is that of low photon count detection with high background noise
29 A . . . . .

30 levels. Indeed, proper FLI data acquisition'requires many photons to provide high quality decays in all
31 pixels. However, low counts often force the'use of high exposure times or illumination powers that can
32 lead to fluorophore photobleaching or cell/tissueixdamage. Low counts also lead to increased binning
gi resulting in reduced resolution [9]. However, collection of suitably high counts is oftentimes unfeasible
35 when dealing with sensitive samplesorwith applications requiring even modest (i.e., sub-second)

36 framerates. FLI-Net was the first reported model to exhibit increased accuracy in low photon regime
37 compared to traditional iterativefitting techniques. Since, numerous studies have focused on

38 C . i . . L

39 establishing improved DL models/for this specific scenario across various applications.[9,11,12] In

40 parallel, next-generationtime-resolved detectors, such as single-photon avalanche SPAD diode arrays,
41 are poised to enable fasterand more photon-efficient FLI data acquisition with improved SNRs [4].

fé Furthermore, next generation microscopy systems that leverage computational imaging approaches like
44 single-pixel detection will allow for improved collection efficiency especially when coupled with DL

45 models [5]. Also, the implementation of detectors that leverage additional information content (e.g.,
46 hyperspectral detection arrangements) will allow for increased specificity, especially for conditions

47 .. .

48 where spectral emissions from target fluorophores are hard to isolate due to spectral bleedthrough [6].
49 Additionally, there are still large efforts focusing on developing more stable exogenous fluorophores
50 with high'quantum efficiencies and low cytotoxicity for improved FLI signal detection.

51
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Figure 10.2 Diagram of flimGANE (fluorescence lifetime imaging,based on Generative Adversarial Network Estimation). Low SNR fluorescence
decay input is denoised, and potential laser jitter is accounted for, by the generator (a). The discriminator (b) enforces high-quality decays by an
additional loss term. The estimator (c) then uses the denoised output of the generator to retrieve lifetime quantification. Reproduced from

Ref. [7].

On the account of output trustworthiness, there has been an increased number of tools available for
eXplainable Al (XAl) [14]. Though, if.currentmethods can be leveraged efficiently in FLI classification
tasks, there is still a lack of appropriate tools in DL image formation. To date, DL model outputs must be
assessed by an expert and unexpected results, forensically investigated. From experience, these
unexpected DL results are typically attributed to some variations in the experimental acquisition
parameters. Such variations can be mitigated by employing generative models. For instance, flimGANE
takes into account the noise distribution as well as laser jitter in FLI data collected by TCSPC (Figure 10.2
[7]). In turn, this enables the development of DL models that are more generalizable. Still, they typically
come with an additional. computational complexity that doesn’t make them competitive for fast
inference, which'is requirediin certain clinical scenarios. In this regard, simpler DL models have been
proposed that process data for individual pixels with potential to be implemented directly on the
acquisitionshardware. Coupled with efficient training methodologies, they herald embedded hardware
implementation, coupling with sensors and readout circuits to achieve fast on-chip training and
inference [8,/15]. Especially, by integrating computationally efficient DL workflows directly onto FPGAs,
realttime edge computing FLI can be achieved [13].

Last, to.maximize reproducibility and accessibility across the FLI community, the development of user-
friendly open-sourced software will have a large and significant impact (see also Sections 32-35).
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1

2

3 Providing a workflow that allows for deconvolution of the end-users IRF (i.e., the detector-specific

g response) [10] along with subsequent data simulation and model training across wide parameter

6 bounds could provide a cross-reference platform for benchmarking. Combined with the mandate from
7 institutional funding agencies to support the release of publicly available data, it will elicit even further
g developments in the field by opening it to the computer science community.

10 Concluding remarks

1; FLIM has firmly established itself as a pillar of cellular imaging from microscopic.to macrescopic

13 platforms. However, FLI utility is associated with parameter(s) quantification gbtained via computational
14 approaches, which has reduced its impact and wide-spread use due to the expertise requirements. The
12 implementation of DL methodologies is expected to enable real-time FLI/quantification free of user-

17 related bias. Beyond simplifying and enhancing the data processing pipeline, DL is poised to greatly

18 impact FLI imaging protocols and imaging platforms. Due to its enhahcedirobustness at dim signals, DL is
19 expected to relax the need of long integration time, spatial binning,'and increased illumination power.
5(1) Altogether, DL-enhanced FLI will be better-positioned to impact:applications ranging from fundamental
22 biology to clinical practice.
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11 — Multi-modal nonlinear microscopy
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Status

The development of nonlinear optical theory and microscopy has enabled unprecedented opportunities
to look at living cells, tissues, and animals with submicron resolution in real-time. Over the past two
decades, a variety of biological phenomena have been investigated using images based on the
fluorescence excited by multiphoton processes, harmonic generation from'specially structured
molecules, and chemical profiling based on coherent Raman scattering. Integration of these modalities
has been shown to provide metabolic, chemical, and structural profiling of cells;in the context of living
tissues. Despite its strong promise, multimodal nonlinear microscopy has not'yet reached its full
potential. Improvements in hardware and software are needed for further/translation to biomedicine.
These challenges and opportunities are similar to those of traditional microscopy modalities explored in
Sections 7-10, 12, and 13. This perspective focuses on the impertant gaps that can be potentially
addressed by deep learning from two angles: 1) how deepilearning can help overcome the technical
limits of multimodal nonlinear microscopy through DL-based reeconstruction and augmentation, and 2)
how deep learning can help increase the clinical and biological'relevance of multimodal nonlinear
microscopy through DL-based image and video understanding.

Current and Future Challenges

One challenge lies in the longstanding technical limitations of nonlinear microscopy, such as the
penetration depth, imaging speed, signal strength;,.and resolution associated with in vivo imaging.
Various hardware improvements have been proposed in recent decades, including adaptive optics,
adaptive laser sources, and fiber-based endoscopy for deeper tissue imaging, multi-foci and wide-field
temporal focusing for higher speed, and pulse shaping for stronger signals. However, optimization of
one of these parameters based.en,hardware is usually associated with the degradation of performance
in the other parameters. For example, pulse shaping boosts signal generation efficiency by
compensating for dispersioh at the.expense of laser power and cost. Computational reconstruction,
such as optimization and'learning-based algorithms, provides a promising alternative to overcome such
inherent tradeoffs byfegularization based on principle-based or learned data priors.

The other challenge'is the automated image and video understanding of multimodal nonlinear
microscopy. Thesinformation captured by multimodal nonlinear microscopy is a pixel-coregistered
multimodal quantitative measurement of fluorophores (two-photon, three-photon absorption
fluorescence); molecular structures (second, third-harmonic generation), and chemical bonds (coherent
Raman anti-Stokes scattering, stimulated Raman scattering). Despite its rich information, the translation
of the. multimodal information to biological and pathological analysis is not yet readily accessible to
biologists and clinicians who are experts in immunohistopathology. Algorithms that can address the
challenges of image and video understanding of multimodal nonlinear microscopy are in great demand.
One direction is to directly transform multimodal nonlinear microscopy to H&E-like images, which
facilitates the biomedical relevance of the new image dataset. Cahill et al. have shown a color metric-
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based method that reliably translates nonlinear microscopy images to H&E images [1]. The other
direction is the direct extraction of quantitative information for specific applications. For example,
Walsh et al. performed classification and single-cell analysis of quiescent and activated T cells using
quantitative features of nonlinear autofluorescence microscopy, which revealed the correlation
between the autofluorescence features and the metabolism of T cells [2]. These insights establish robust
protocols and propose new mechanisms but rely on users’ mastery of both nonlinear microscopy and
the specific biomedical applications. Deep learning methods promise to alleviate the burden of domain
expertise and further streamline the process via data-driven and end-to-end learning.

Advances in Science and Technology to Meet Challenges

As mentioned in the previous section, computational reconstruction is uniquely.positioned towards
pushing the physical limits of nonlinear microscopy via proper data priors. For example, to faithfully
reconstruct wide-field multiplexed measurements in deeper layers, Zheng et al. [3] leveraged temporal
focusing for randomly patterned wide-field illumination and physics=based inversion for computational
reconstruction of the multiplexed signals (Figure 11.1a). To enable video=rate multiphoton
endomicroscopy, Guan et al. [4] devised a two-stage learning transferstrategy to generate augmented
training datasets that would be otherwise challenging to obtain experimentally in vivo, which effectively
recovered the loss of signal-to-noise ratio and resolution associated with a high frame rate

(Figure 11.1b). Towards high-speed high-fidelity'hyperspectral nonlinear microscopy, Lin et al. [5]
achieved ultrafast tuning based on a polygon scanner.and enhanced the weak Raman signals via a
spatial-spectral residual learning network (Figure 11.1c). Weigert et al. [6] and McAleer et al. [7] showed
promising results in high-quality image réconstruction with reduced light dosage or acquisition time via
learning-based algorithms. Fan et al. demonstrated an‘enhanced second harmonic imaging using a deep
learning decipher for efficient and resilient phaseuwretrieval [8]. Towards isotropic three-dimensional
imaging, Han et al. [9] leveraged a sampled-informed synthetic dataset to adapt a pre-trained deblurring
network to axial resolution recoverysin label-free nonlinear microscopy (Figure 11.1d). Although these
computational strategies have the potential to bypass the physical limitations of nonlinear microscopy, a
few challenges remain open tomore investigations, including how to obtain ground truth data in
demanding applications, how|to avoid hallucination in data-driven reconstruction, and how to avoid
data-driven bias in learning-enabled-biological discoveries and clinical diagnosis.
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(a) Deep nonlinear microscopy  (b) High-speed nonlinear (c) Hyperspectral nonlinear microscopy (d) Isotropic 3D nonlinear micrescopy
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Figure 11.1 Examples of how computational reconstruction improves nonlinear microscopy images. a Deep wide-field two-photon
microscopy of ex vivo muscle tissues with patterned illumination and computational inversion [3]. b Video-rate in vivo imaging of neurons in
freely behaving mice using two-photon fiberscopy and two-stage learning transfer strategy [4]. ¢ High-speed high-fidelity hyperspectral
stimulated Raman spectroscopic imaging of biomolecules with deep learning-enhanced signals [5]. d Isotropic three-dimensional label-free
nonlinear microscopic imaging via physics-informed deep-learning axial deblurring [9].

Towards better image and video understandingrof multimodal nonlinear microscopy, deep learning is a
promising tool due to its end-to-end data-driven principle, i.e., not relying on hand-crafted features, and
its demonstrated capability of generalization to unseen data. Rapid advances in computer vision pave
the way for numerous applications ineptical microscopy, and many methods can be adapted to
nonlinear microscopy analysis suchas virtual staining [10-12], cell segmentation [13,14], and cancer
classification [15,16] (see also Sections 27 and 30). For example, to generate histology-like images, Sun
et al. [11] have demonstrated virtual H&E staining based on SLAM images, segmentation neural
network, and color translation mietrics (Figure 11.2a). To carry out single-cell analysis of the tumor
microenvironment, You et‘al. [13]'performed multiclass pixel-wise segmentation using a supervised U-
net (Figure 11.2b). To enable real-time intraoperative assessment, Hollon et al. [15] demonstrated real-
time tumor detection basedon stimulated Raman histology images using a CNN-based architecture
(Figure 11.2c). Despite these encouraging results, many real-world biomedical applications face the
scarcity of adequate, curated training datasets, which poses a significant problem for supervised
learning. To tackle this challenge, Shi et al. [17] have demonstrated weakly supervised learning to
extract conventional.and unconventional cancer biomarkers from the optical sighatures obtained by
multimodal nonlinear microscopy. While these deep-learning-based approaches open a wide array of
applications; several challenges need to be addressed in the future. First, to alleviate the requirement of
extensive training datasets, weakly supervised or self-supervised methods are in great demand.
Generalizability is another issue. It remains a challenge to deploy well-developed methods trained on
one dataset to other different biomedical applications. You et al. [18] attempted to address the issue of
quality discrepancy between lab-based data and intraoperative data through physics-based data
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augmentation. More efforts are needed to develop algorithms that can easily adapt to microscopy

systems and user differences.
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Figure 11.2 Deep-learning-assisted biomedical imaging processing and analysis in multimodal nonlinear microscopy. a Virtual H&E staining of
living rat mammary tissue [10]. b Segmentation of cells and extracellularfor characterization of the tumor microenvironment [11]. ¢ Diagnosis
of brain tumor from stimulated Raman histology.images [12].

Concluding Remarks

Multimodal nonlinear microscopy has become an indispensable tool for high-resolution imaging of living
biological systems. Rapid advancesiin deep learning are and will keep being leveraged to push the limits
of multimodal nonlinear micrascopy. This perspective has focused on how deep learning helps push the
technical limits of multimoedal nonlinear microscopy as well as enhancing its biomedical translation and
impact. Looking forward, we expect these efforts will accelerate the clinical translation and biological
discovery based on nonlinear microscopy with caution and innovation. There will also be other exciting
work showing how deep learning can further advance the design of nonlinear microscopy, such as
learning-based imaging system design, as demonstrated in the prospering community of computational

photography and microscopy.
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g 12 —Automated scanning probe microscopy
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9 Status

1(1) 35 years after the development of atomic force microscopy (AFM) by Binnig and Rohrer [1, 2],

12 Scanning Probe Microscopy (SPM) has become the mainstay technique in areasranging from

13 condensed matter physics and materials science to biology and medicine [3]. The highly robust

14 nature of SPM has spawned multiple types of machines operating in the ambient environment,

15 controlled atmosphere, liquid, and ultrahigh vacuum. Combined with theé electrical, chemical,

1? magnetic functionalization of the probes, the gamut of SPM imaging modes'is truly broad.

18 Complementing imaging, many SPM techniques allow a broad variety of spectroscopic

19 measurements, ranging from the force-distance curves in conventional AFM, current-voltage curve
20 in Scanning Tunnelling Microscopy (STM), and a broad variety of time-and voltage-spectroscopies in
;; techniques such as Piezoresponse Force Microscopy (PFM) [4]. The.development of the SPM modes
23 is seamlessly tied to the priorities of the R&D community, with.the continuous growth wave of

24 magnetic force microscopy in the late 1990s being driven,by the magnetic hard drive industry,

25 development of PFM stimulated by the ferroelectric non-yolatilé memories and tunnelling barriers
26 and recently discovery 2D ferroelectricity, and force-distance/measurements providing insight into
;é statistical physics of biomolecules. It can be argued that exponential growth of experimental effort
29 in materials for energy storage and conversion will guide the SPM progress over the next decade.
30 Here, techniques such as Electrochemical Strain;Microscopy (ESM)[5] can become invaluable for

31 probing electrochemical reactivity in nanoscale volumes of batteries and fuel cells, whereas light-
32 assisted electrical SPMs are likely to emerge as techniques of choice for probing photovoltaic

gi materials and devices. Similarly, STM and associated spectroscopies will grow as techniques of

35 choice to explore quantum behayiour of materials on atomic level, as well as enabling tool for single-
36 atom manipulation and assembly. of atomic scale devices.

;73 Current and Future Challenges

39 Despite the tremendous progress in SPM instrumentation and continuously growing number of

40 imaging modalities and experimental platforms worldwide, the basic principles of SPM remained

41 unchanged from the early'daysiof Binnig, Quate, and Rohrer [2]. The SPM is based on continuous
fé raster scan of the/fprobe; effectively sampling the probe-surface interactions over the uniform

44 rectangular grid of points. The spectroscopic measurements are enabled either as point and click
45 approach by operator;.or'via hyperspectral imaging modes in which the spectroscopic data is

46 acquired over the uniformgrid. This acquisition mode is convenient from the instrumental

173 implementation, human perception, and mathematical analysis perspectives. For hyperspectral

49 measurements, a number of physics- or data-driven approaches have been developed to convert the
50 high dimensional spectroscopic data sets to the set of 2D representations [6]. However, for realistic
51 materials'the information of interest is often concentrated in a small amount of locations. For

52 example, in biological systems the molecules deposited on the surface are often of a higher interest
53 then the substrate between them. In ferroelectric materials, functional responses of structural

gg defects such as grain boundaries or topological defects such as domain walls are often of higher

56 interest then the responses in the uniform-domain regions. This consideration is particularly

57

58

59
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important for the spectroscopic measurements. Here, the grid measurements are often very time
consuming and can be associated with the tip damage. Perhaps even more importantly, many
spectroscopic measurements can affect the state of material due to reversible or irreversible
processes, for example shift ferroelectric domain walls, induce local electrochemical reactions, or
plastic deformation of material. Hence, it is of interest the development of the instfumental
workflows with the varying density of imaging points, and particularly methods for active
experiment in SPM. In these, the algorithm updates the locations for image or spectroscopic
measurements based on the measurements results within the same experiment. Here, we
disambiguate three types of automated experiment, namely (a) adapting sampling for the'scalar or
multimodal measurements (Figure 12.1a), (b) forward spectroscopic experiment in which the a
priori known objects of interest are discovered in real time and spectroscopic measurements are
taken (Figure 12.1b), and (c) the inverse experiments in which the spatial structures that correspond
to functional behaviours of interest are discovered (Figure 12.1c). We note that while (b) roughly
corresponds to the operation of a human microscopist, the tasks (a) andi(c) are purely amenable to
human operation.
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Figure 12.1 Three types of automated experiments in SPM. (a) Adapting sampling and reconstruction, where the full data set is
reconstructed from sampling data. Adapted with permission from Ref [7]. (b) Forward experiment, in which the objects of interest are
identified in image data, then spectnoscopic measurements are taken at the identified objects. Adapted with permission from Ref [8]. (c)
The inverse experiments, with known target functionality the corresponding structure or materials are discovered. Adapted with
permission from Ref [9].

Advances in Science.and Technology to Meet Challenges

Developing the automated experiment workflows requires the synergy of three components, namely
engineering controls (i.e., the algorithm should be able to issue the control commands to the
microscope)ymachine learning algorithms, and definition of the reward function. While the former
two compaonents are obvious, the third component (reward) is traditionally less recognized.
However, it'isiclear that even for applications such as automated driving, the chosen pathway will be
very different,if reward is safety (favouring very slow driving) vs. time. For physical experiments, the
reward.is considerably more complex and has to be defined in the context of the specific physical
experiment, prior hypotheses, etc. Here, for the reconstruction problems (a), the enabling algorithm
can be variants of adaptive sparse sampling, e.g., based on Gaussian Processes. The reward function
in‘this case is defined by the balance between the quality of reconstruction and minimization of
samplings. However, while initially perceived to be promising, these algorithms often lead only to
the insignificant (factor of 2-3) reduction of sampling points at the cost of more complex scanning
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protocols. This behaviour can be traced to the presence of the multiple length scales of the images
that preclude effective construction of GP kernels. From a more general perspective, the classical
uniform scanning of the SPM corresponds to the fully open prior, and hence is often optimal..The
experiments (b) rely on the a priori defined objects of interest that can be recognized in real time
using deep convolutional networks. Here, the emergence of the ensemble and iterative training
methods allowed to address the inevitable out of distribution effects (i.e., capability of the trained
network to recognize objects of interest if microscope parameters have changed). Recently, a deep
residual learning framework with holistically-nested edge detection (ResHedNet) has been
ensembled to minimize the out-of-distribution drift effects in real-time SPM measurement/[8]. The
ensembled ResHedNet is implemented in operating SPM, and converts the real-time PFM data
stream to segmented ferroelastic domain wall images. Then, a pre-defined workflowuses the
discovered domain walls as the coordinates for spectroscopic measurements.«in.doing so, the
approach allows a thorough investigation of domain walls (virtually all locations at domain walls) in
an automated manner, in contrast, traditional manual operation only allews us to investigate a
limited amount of locations at domain walls. Using this approach alternating high- and low-
polarization dynamic ferroelastic domain walls in a PbTiOs; thin.film is‘observed. Finally, the
emergence of the deep kernel learning (DKL) methods allows to implement the inverse
spectroscopic workflow. Here, the operator defines the characteristics that make the spectrum of
interesting, e.g., intensity of a specific feature, specificiaspect of spectrum shape, or even maximal
variability of spectra within the image. In other words,each collected spectrum can be associated
with a single number defining how “interesting”it.is, in absolute sense for compared to previously
acquired spectrum. The DKL algorithm learns what elements of the materials structure maximize this
reward, and guides the exploration of materials surface accordingly. This DKL algorithm is recently
implemented in SPM to investigate the relationship between ferroelectric domain structure and
polarization dynamics [9]. Both the DKL expleration process and results are interesting. As show in
Figure 12.2, the DKL exploration process demonstrates the domain walls to be interesting and the
DKL results indicate the high polarization dynamic of 180° domain walls. Although these are
expected by ferroelectric experts, DKL itself does not have any physical knowledge, all information is
actively learned during the experiments.
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Figure 12.1 Deep kernel learning piezoresponse force microscopy (DKL-PFM). (a) Deep kernel learning structure: it contains a neural
network to encode the properties of image data into a low-dimensional latent space and a Gaussian process layer operating over the
latent space to analyze the relationship between image data and target property encoded in spectroscopic data. (b-c) DKL-PFM results on
a PbTiOs thin film, which show that the DKL decided measurement points are around domain walls (indicating domain walls to be
interesting) and predict that domain walls have-large polarization dynamics. Adapted with permission from Ref. [9].

Concluding Remarks

Machine learning (ML) methods have revolutionized many aspects of modern science including
computer vision and image generation, medical and biological imaging, planning and prediction. The
growth of the open ¢ode anddata’culture results in rapid propagation of ML algorithms between
domains (see Sections 32-35). Combined with the introduction of the Python control interfaces in
modern microscopes, this poses the field of SPM for a transformative change. However, taking full
advantage of this'opportunity requires developing the connection between the domain areas and
ML, including defining the domain-specific rewards that will steer the experiment, introducing the
invariances'and defining the biases that should be ignored, and adoption of the required ML tools
required tobuild them. With these, automated experiments provide opportunities to perform
experiments that are challenging in traditional methods because of experimental parameters are too
complex and numerous (e.g., too many locations/conditions are required to investigate). In addition,
automatedéxperiments offer the opportunities for solving problems that are challenging to human
beings, e.g., inverse problem. The active learning approach can learn the relationship between
target functionality and material behavior quicker by several orders of magnitude than traditional
method. As the development of ML and its connection to domain science, automated experiments
are expected to accelerate the material and physics discovery.
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Status

Point-scanning imaging systems are among the most commonly used microscopy imaging modalities
due to their versatility and accessibility [1,2]. While these tools have had a profeund impact’on
advances in the life sciences, they come with a cost. Since it is difficult to simultaneously optimize
imaging speed, resolution and sample preservation, one parameter is always compromised at the
benefit of the others (aptly deemed the “eternal triangle of compromise”) [2]. For example, imaging
speed and sample damage can be enhanced by ensuring a fast pixel dwell'time, but at the expense
of a lower resolution and signal-to-noise ratio (SNR). It is vitally important to carrect for these
shortcomings to facilitate future scientific breakthroughs. To address these challenges, deep
learning-based methods have been developed to subsequently improve the negatively affected
component(s) following image acquisition. Over the past several'years, deep-learning breakthroughs
have advanced the field in both denoising and super-resolution of point-scanning microscopy
modalities including fluorescence and electron microscopy. Similaradvances addressing image
degradation through deep learning have also been critical in.cemputational phase microscopy
(Section 8). While initial approaches [1-3] centered around fully supervised learning via pairs of
images of the same samples acquired at low versus high quality, promising new semi-supervised [4]
and fully unsupervised methods [5-7] are beginning to demonstrate competitive results that allow
investigators to avoid the technically difficultand.costly process of acquiring paired data.
Optimization of image acquisition is a costly.process. Deep-learning-based restoration and super-
resolution not only provide a solution to the “eternal triangle of compromise”, but substantially
decrease the amount of imaging time (and subsequent costs) to conduct necessary experiments for
downstream analysis. In order to/further minimize these costs, future work should aim to improve
fully unsupervised approaches and, ideally, integrate these into imaging hardware. Additionally, it is
imperative to ensure that these methods are openly accessible to the broad community via intuitive,
easy-to-use software that does not'depend on a resident computer scientist. These advances will
alleviate the burdens on researchers and allow them to focus on their scientific questions.
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Figure 13.1 Image restoration for scanning microscopy.(a)/The “eternal triangle of compromise” illustrates the necessary compromises
for optimizing each imaging component. (b) Examples illustrating the tradeoffs between imaging speed and resolution/SNR for scanning
electron microscopy (SEM) and confocal micrescopy data (top and bottom rows, respectively). (c) Overview of an example workflow for
integrating deep learning with open-source software to accelerate scientific discovery. Microscope and user schematics created with
BioRender.com.

Analysis

Current and Future Challenges

While deep-learning approaches offer a practical solution for overcoming common pitfalls with
scanning microscopy, there are several limitations that pose a challenge for current methods. Fully
supervised methods still require the acquisition or generation of pairs of high- and low-quality
images of the same samples to create training data [1,2,3]. Here we are using the term “quality” to
include both signalsto-noiseratio (SNR) and/or resolution. The high-quality data typically must
exceed the desired/quality’of the output of the trained network. Acquiring image pairs of the same
sample can be technically difficult, costly, and sometimes impossible; often, samples can only be
imaged once [2]. Generating and validating semi-synthetic data (e.g., a “crappifier” that generates
low-quality data from high-quality data, [2]) also requires significant effort, and validation still
depends on real-world image pairs of the same sample. These data requirements are also hampered
by.thehigh cost of imaging and storing high quality data, which is proportional to image resolution
[2]. Unsupervised approaches aim to solve this by enabling image restoration from noisy or low-
resolution input images alone. While leading methods [5] generate impressive reconstructions, it is
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still challenging to match the accuracy of fully or semi-supervised results. For example, successfully
denoising pixel-wise independent noise does not necessarily remove spatially correlated (structured)
noise [5]. The extra effort to generate target data for fully supervised approaches is therefore
sometimes unavoidable. Additionally, image restoration is an inherently ill-posed problem, i.e.,
multiple different high-quality images could be used to generate a single low-quality image, [4;7].
While this is less of a concern for popular tasks such as restoring photographs, restoring scientific
imaging data can be challenging because of a greater need for accuracy. Any inconsistency in thé
fidelity of reconstructions can have harmful effects on downstream analyses. For example, super-
resolution can be used to quantify objects in microscopy data imaged with a lower resolution than is
normally required to resolve these structures. For this approach to be useful, the model must be
validated to show it did not introduce errors resulting in inaccurate quantification.of these objects
[2]. Furthermore, for image restoration methods to realize their full potential.they must be
accessible to the community via easy-to-use graphical user interfaces (GUIs) [8,9]. Most scientists do
not have the expertise necessary to re-implement deep learning approaches, and running
established code often poses a steep learning curve. However, itfisinot always trivial to implement
robust solutions that satisfy all requirements. Ideally, software.should be‘easily packaged,
distributed, and hosted on a well-maintained platform. Critically, having turn-key methods for
generating model outputs will greatly facilitate validation of medel outputs by domain experts.
Validation should never rely solely on pixel-based metri€sisuch as PSNR or SSIM. Instead, validation
workflows should integrate visual inspection by human experts; multiple pixel-based metrics, and,
most importantly, comparing the final measurement of the experiment with ground truth, validated
data. For example, the number and size of objects of interest (e.g., presynaptic vesicles) generated in
the model output should match the ground truth data as closely as possible [2].

Advances in Science and Technology to Meet Challenges

Even though fully supervised methods requireithe acquisition of high-quality data, the
standardization of imaging techniques and advances in data storage have been transformative over
recent years. Many microscopy imaging systems now allow for automated collection and alignment
of images. It is also considerably cheaper nowadays to store large amounts of data (for example,
storing a terabyte of data on AWS'on average costs a relatively modest $20 per month?). As imaging
datasets become more widely shared, it may be feasible to generate learned crappifiers that can be
used to quickly train new supervised models. Nevertheless, in an ideal world, unsupervised
approaches would be preferred. Despite the aforementioned challenges, denoising methods can
now handle structured noise.in'addition to pixel-wise noise and recent results indicate that accuracy
on par with fully supervised methods is achievable. Self-supervised and unsupervised methods for
super-resolution are also rapidly advancing [10]. Furthermore, some methods now provide a
distribution of restorations instead of a single output [7]. This is of great practical relevance for
solving inverse problems in'which multiple solutions may be proposed. Theoretically, it should allow
a user to choose different solutions across regions based on additional context. For example, if one
corner of an image is much noisier than the center, a single solution might provide reasonable
results in the center and poor results in the corner. In these cases, having a range of solutions that a
user can choose from is preferable. Recent work yielding significantly improved results using more
sophisticated “crappifiers” for generating semi-synthetic training data and more sophisticated loss
functions highlights the huge potential for further improvements in the future [11].

! https://aws.amazon.com/s3/pricing/




oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1 Page 72 of 190

The full impact of these advances can only be achieved if they are accessible to a wide range of.users
with various backgrounds. Efforts toward democratizing deep learning for microscopy workflows are
critical to this process, as discussed in Sections 32—-35. In order to cater to the broad community;
platforms with intuitive user interfaces and continued support must exist. Over the years,
FlJI/Image)? (the gold standard) has allowed scientists to implement a wide range 6fimage analysis
techniques on their data. Next generation tools such as Napari?, ImJoy*, and ZerocostDL4mic [8] aim
to extend this accessibility and enhance it through the integration of deep learning approaches:
These tools and many others [9,11] will allow users to analyze their data in ways that were
previously unattainable without sufficient expertise.

Concluding Remarks

Advances in biological imaging are moving at an exponentially increasingpace. As it becomes easier
to acquire large amounts of images via point-scanning microscopy systems;there is an increasing
need to accurately and efficiently analyze the resulting data. Since image acquisition poses
challenges for the optimization of the “eternal triangle of compromise”, deep learning methods are
exciting solutions for image restoration. Since these are difficult'inverse problems to solve, ideal
solutions need to be robust to data ambiguities and should limit the burden on researchers to collect
and store high quality target data. Additionally, efforts should ensurethe accessibility of methods to
a broad user base across scientific domains. With the development of recent deep learning
approaches and the growing communities dedicated to developing open-source software and
datasets, it is clear that the field is moving in the right direction.
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Status

The spatial resolution of conventional microscopes is fundamentally bounded by the diffraction limit
at approximately half the wavelength of the light, which, in the visible range, practically.corresponds
to 200-300 nm. To overcome this limitation, a variety of super-resolution microscopy techniques
have been developed including structured illumination microscopy, stimulated emission depletion
(STED), as well as single molecule localization microscopy (SMLM) [1], which is_the focus of this
perspective. The main working principle of SMLM relies on a space—time trade-off: instead of
capturing a single image of a fluorescent sample, a movie consisting of many frames (typically
thousands) of temporally blinking fluorophores is acquired. In each.frame, only a sparse, random set
of fluorophores is activated, and their positions are determined computationally. There are multiple
chemical and physical mechanisms to obtain blinking, and a myriad.of associated acronyms, most
notably PALM, STORM, and PAINT [1]; however, subsequent analysis)is similar between the different
variations. After data acquisition, the resulting localizations are combined numerically to render a
single, computationally super-resolved image, typically, with:an/order of magnitude improvement in
resolution (Figure 14.1).

SMLM revolutionized biological research, enabling nanescale imaging of biological structures and
tracking of single-particles [2], thereby.earning itspioneers the Nobel Prize in Chemistry in 2014.

Compared to other high-resolution imaging modalities like electron microscopy, SMLM offers the
high specificity and SNR of fluorescence micrescopy, as well as the possibility to image living cells.

With the great advancement in resolution introduced by SMLM, came unique experimental and
algorithmic challenges. The main issue,with trading-off space over time, manifested in the per-frame
emitter sparsity constraint, is the sacrifice of temporal resolution, which imposes strict limitations on
the ability to image dynamic processes.-This problem becomes more acute as we are interested in
sensing more and more physical properties of the imaged sample, such as depth (3D), color
information, and molecular.orientation.

In recent years, Deep Learning (DL) has found tremendous success in handling some of these
challenges [3]. In particular, DL-based end-to-end optimization (E2E) for joint design of sensors and
algorithms [4], [5], [6] has led to powerful task-driven experimental designs, significantly pushing the
barriers of the spatiotemporal trade-off in localization microscopy (Figure 14.2). This convergence of
sensor design and learning-based reconstruction is conceptually related to trends in computational
phase micrescopy highlighted in Section 8. Such designs are starting to find their applications in
scientific research [7], [8]; however, work remains to be done in making these methods fully-mature
and widely adoptable by the biological research community. Specifically, efforts should be invested
in.robustifying SMLM algorithms for a wide range of experimental conditions and providing
accessible software packages to end users [9].
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34 Current and Future Challenges

35 Here, we outline four main challéngesthat.are key to address in order to improve the capabilities
g? and accessibility of SMLM:

38 1. Improving spatiotemporaliresolution. For imaging fast dynamical processes at high

39 resolution using SMLM, its temporal resolution needs to be improved. The trick to enhance
2(1) its spatio-temporal resolution is to trade off experimental time with information-rich image
42 data containing complex patterns. The latter needs to be then analyzed by powerful

43 algorithms to extract the underlying physical information. For example, relaxing the emitter
44 sparsity constraint to increase temporal resolution in SMLM requires image processing

45 algorithms that can handle nearby emitters with overlapping Point Spread Functions (PSFs)
46

47 [10], [11].

48 2. _Enhancinginformation extraction. There is often a need to look beyond the 2D positions of
49 emitters. For example, by tagging different targets (e.g., proteins) with distinct fluorescent
50 emitters, we can capture correlative information that reports on inter-specie relations. One
g; exemplary challenge, in this case, is to classify the color of each emitter based on the

53 acquired PSFs, which are typically captured on highly photon sensitive, yet spectrally

54 insensitive (grayscale) detectors. Another physical property of interest is emitter depth;

55 since biological structures are three-dimensional, we can gain significant insight by looking
56 into their 3D organization (3D SMLM).

57

58

59
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3. Optimal information acquisition. Imaging systems in SMLM are typically optimized through
physical intuition-based heuristics or through mathematical measures quantifying
information content, e.g., Fisher Information. However, such methods are still limitedsin
their ability to adapt to challenging experimental conditions and are difficult to generalize to
systems acquiring multiple physical properties jointly. Hence, optimal designs of acquisition
schemes are key to unlocking the full potential of SMLM. Similarly, in fluorescence lifetime
imaging (Section 10), optimizing acquisition in conjunction with inference models has
proven crucial for extracting weak lifetime signals under photon-starved conditions.

4. Increasing algorithm reliability. DL algorithms are extremely powerful.and have'led to a
performance revolution in solving inverse problems. However, little is understood about
their inner-workings and their failure modes. Specifically, for SMLM, there.issheed for
sample-adaptive self-tuning algorithms, that can handle arbitrary experimental conditions
without need for extensive calibration. More importantly, in a field such as biological
research where algorithms are expected to drive scientific discovery, we need to be able to
quantify uncertainty and bias in the reconstructions [11}¢ At.the moment, DL algorithms
have a hard time “knowing when they don’t know”, and we anticipate extensive work to be
done on this front to improve their reliability.

Advances in Science and Technology to Meet Challenges

Deep Learning has proven to be highly successful in handling.some of the fundamental challenges in
super resolution microscopy [3]. DL is particularly suited for SMLM, because large, paired training
sets, which are the main bottleneck in supervised learning, can be generated easily using accurate
simulators based on physical models. The first application.of DL to 2D SMLM was presented in

Ref. [10]. The authors showed that theracquisitionitime could be shortened significantly down to a
few hundred frames by proposing a DL algorithm that is able to reconstruct dense emitters with
overlapping PSFs. A similar strategy was used‘later.in Ref. [7] for tracking chromatin dynamics in
living cells. Concurrent work proposed content-aware strategies to increase the temporal resolution
[12], and even decrease the numberof necessary frames to a single image [13]. Similarly, DL was
also applied for sensing additional physical{properties from grayscale 2D measurements such as
color classification [4], [14], depth estimation from high-density data with engineered PSFs [5], [11],
[15], as well as 3D molecular orientation [16], [17], [18]. Additionally, DL networks have been used
for background estimation te improve localization accuracy, as pre-processing for single molecule
fitting algorithms[19] or directly'in the localization pipeline [11].

A particularly promising application of DL in SMLM is the ability to tailor the acquisition scheme to
the task at hand. Specifically, End-to-End (E2E) optimization of the physical acquisition system jointly
with the data processing algorithm, holds great promise [4], [5], [6], [20]. E2E optimization taps into
the full potential of existing hardware as well as making use of new hardware in a task-driven
manner. This/synergy between acquisition and reconstruction enables us to design significantly more
complexssensingiparadigms that make full use of the photons, as well as powerful DL-based
reconstruction algorithms. DL was originally invented to approximate functions which were hard to
mathematically define, and optical instrumentation design is no different. Recently, E2E optimization
was shown to be extendible to multiple sensor designs [6], [21], offering even greater temporal
resolution at the expense of a more complex optical setup

Additional progress within the last few years addressed temporal resolution limitations (super
spatiotemporal resolution reconstruction[22]), field-dependent aberrations (large FOV in 3D
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SMLM[23], [24]), processing speed[25], performance and versatility improvement[26] , and learning
and correcting optical aberrations in near real-time [27].
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Figure 14.2 Deep Learning applications in SMLM. (a).DeepSTORM [10], a neural network for fast and precise reconstruction of a super-
resolved image from raw STORM frames. (b) ANNA<PALM [12],'aneural network for interpolating a super resolution PALM reconstruction
from a small number of frames. (c) DECODE [11], a neuralnetwork for dense molecule localizations in 3D that outputs maps of detection
probability, subpixel coordinates and their uncertainty, brightness, and background. Adapted from Ref. [11]. (d) Multicolour localization
and classification [4], E2E learning of a neural network and chromatically-dependent engineered PSF for localization and classification of
multicolour molecules from grayscale measurements. (e) DeepSTORM3D [5], E2E learning of a neural network and engineered PSF for
dense 3D localization. (f) Multichannel [6], E2E learning of a bifurcated optical system with two engineered PSFs and a neural network for
ultra-dense 3D localization. Adapted from Ref.[11].

Concluding Remarks

SMLM is a powerful tool in bio-imaging, with new applications emerging quickly. The combination of
SMLM with DL enables efficient analysis and system-design for obtaining information-rich imaging
data. Due to the nature of E2E:designs, this interdisciplinary field requires tight collaboration
between experimentalistsiand data scientists to fully exploit existing sensors and compute power.
Focus thus far has‘beensmainly in improving reconstruction algorithms [28]; however, we anticipate
that more and mare applications will emerge in which acquisition systems and algorithms are
designed jointly. Furthermore, the development of new sensors and hardware will drive DL-based
design of new optimal acquisition systems. In any case, there will be need for standardized metrics
to assess performance, reproducibility, and reliability of DL-based SMLM algorithms. Finally, caution
needs'to be taken and uncertainty quantification should be addressed before existing tools can be
used for scientific discoveries; this is especially important for methods that assume strong prior
information on the object to be recovered.
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; 15 — Nanofluidic scattering microscopy
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? Status
1(1) Recent years have witnessed the rapid development of new fields of science, such/as.nanobiology,
12 single-molecule biochemistry, and biophysics. A myriad of information has beensobtained.which had
13 not been anticipated based on conventional ensemble-averaged measurement and microscopy
14 tools. At the same time, single-molecule imaging methods have long relied onfluorescent labeling
12 [1]. This labeling involves the chemical attachment of light-emitting moiéties to.the biomolecules of
17 interest, which in turn may alter their natural state and, thus, their biological activity and function.
18 This drawback has been the driving force for the development of label-free optical microscopy
19 methods. Among these techniques, Interferometric Scattering Microscopy, (iSCAT) has been
20 successfully employed in many applications of imaging and analysis of individual biomolecules [2].
;; These studies are however limited to biomolecules attached to a surface and do not reveal their
23 natural diffusive motion in solution.
24
25 Ineident Dark-field image
N 7
27 Biomoleculi/—’Q . Nanochannel ™=
28 Scattered |, b L,‘ b
29 )7 . v light ‘
3 Incident
30 5 light d Differential image
31 trrtrrtt trerrtrt
32 Biomolecule AN ° =g R - ‘
33 Nanochannel L ~
34 RN AR o
Ly — 2Tl + I

35
36
37 Figure 15.1 The NSM principle. (a) Artist rendition of the experimental configuration where visible light is irradiated onto a nanochannel

with a biomolecule inside, and where thelight scattered from the system is collected in a dark-field configuration. (b) Schematic of the
38 light scattered by a single biomolecule. (c) Schematic of the light scattered by a nanochannel and the corresponding dark-field image. (d)
39 Schematic of light scattered by a nanochannel with a single biomolecule inside, and the corresponding differential dark-field image
40 obtained by subtracting an imageé of the.emptymhanochannel from the image of the nanochannel with the biomolecule inside. Adapted
41 from Ref. [3].
jé To this end, we have recently introduced Nanofluidic Scattering Microscopy (NSM) [3], whose
44 unique underlying principle enabled to bypass those limitations: NSM is capable of imaging

individual biomolecules in free motion without any label. This tool relies on the interference of light
45
46 scattered from a nanofluidic.channel and a nano-object inside it — such as a biomolecule
47 (Figure 15.1) To enable quick and accurate analysis of the recorded images, we employ a deep
22 learning-based computer vision (CV) pipeline, consisting of three convolutional-based neural

network (CNN) architectures (Figure 15.2). In Ref. [3], this pipeline is employed to identify and
50
51 characterize a diverse array of biological nanoparticles ranging from extracellular vesicles down to
52 DNA malecules and proteins of molecular weight down to the tens of kDa regime. Specifically, given
53 an image containing the scattered light of several biomolecules inside a nanochannel over time
gg (known as a “kymograph”), the CV pipeline outputs the trajectory of each separate biomolecule
56 along with its two key characteristics — its molecular weight (MW) and its hydrodynamic radius (Rs).
57
58
59
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Their determination is enabled by the fact that the MW is proportional to integrated optical contrast
(iOC) of a molecule and that Rs correlates with the diffusivity (D), i.e., the characteristic of its
movement. It has been demonstrated that conventional analysis algorithms can, in principle,shandle
these aspects of NSM data processing [3]; however, deep learning offers distinct advantages.
Compared to traditional methods, deep learning enables significantly faster processing, making.it
well-suited for the efficient analysis of large-scale image datasets. Moreover, it is fully autoemated,
eliminating the need for manual parameter tuning. This enhances robustness by allowing the model
to generalize across diverse biological nanoparticle species and experimental conditions.

With further advances in this novel technology, concurrently on the experimental and deep learning
side, we expect NSM to have a significant impact in the field of single-molecule science.

Current and Future Challenges

NSM has proven its unprecedented performance in visualizing and analysing of individual
biomolecules diffusing in a solution inside a nanofluidic channel. However, numerous challenges
have still to be addressed to allow the widespread adoption of the,technique in research and
industry.

The most significant drawback is its low throughput, which,makes the.analysis of heterogenous
samples very time-consuming. This is the consequence of the current limitation of the experiment to
measure one nanochannel at a time. Parallel analysis of hundreds of nanochannels filling the whole
field of view of a microscope is possible, in principle, but it is hampered by the lower performance of
cameras when operated in the full frame regime. Similar bottlenecks between acquisition hardware
and computational scalability are encountered in fluorescence lifetime imaging (Section 10),
especially when high frame rates and low photon'counts are involved. Such an approach would also
generate a vast amount of data, making.conventional processing inefficient. Deep learning provides
a scalable solution for rapid, high-throughput.data analysis, enabling real-time extraction of
molecular properties across multiple channels and overcoming the computational bottlenecks
associated with conventional analysis methods.

There is also a significant limitation related to the current CV pipeline, as the performance degrades
with high-concentration samples. This limits NSM’s applicability to more complex biological systems,
where sample heterogeneity and molecular crowding are critical factors.

Finally, the reportedyperformance©f NSM allows to analyze biomolecules down to tens of kDa in
molecular weight. Thereis however a whole realm of biomatter below this limit that is central in
many applicationsof biomolecular research. Pushing the detection limit will require both improved
instrumentation.for higher sensitivity and advanced data analysis to extract weaker signals more
effectively.

Besides the weighting and sizing of individual biomolecules, NSM has potential in several other
applications. First,dt can be applied to label-free and tether-free investigation of biomolecular
interactions which is central for progress in many important areas (e.g., medical and pharmaceutical
research). Second, integrating NSM with spectroscopic techniques could provide a powerful
multimodal platform for characterizing molecular composition alongside structural and dynamic
properties. The successful implementation of these future applications will require overcoming
challenges in both experimental design and data analysis methods, particularly in developing deep-
learning approaches for accurate and efficient interpretation of complex datasets.
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Figure 15.2 Computer Vision (CV) analysis workflow. (a) Recorded data — time evolution of the scattered light of a nanochannel with a
single biomolecule inside. (b) Kymograph — preprocessed data obtained by removal of the background estimated by local mean. (c)
Segmented image where the particle positions are detected using a U-net neural network architecture. (d) Single biomolecule trajectory
identification using the YOLOv3 algorithm. (e) Property calculation (iOC and D) using@ custom fully'connected neural network (FCNN). (f)
Unit conversion from iOC to molecular weight (MW) and from D to hydrodynamic radius (RS} plotted in a 2D histogram for illustrational
purposes. Adapted from Ref. [3].

Advances in Science and Technology to Meet Challenges

Further development of NSM is a multidisciplinary effort, with advancements in deep learning
techniques playing a central role alongside innovations in detector technology, micro- and
nanofluidic technology, and nanofabrication.

Future deep learning innovations are well.poised to address the challenges in analysis of high-
concentration samples by advancing segmentation and tracking algorithms. Self-supervised learning
techniques [4] and transformer-based architectures [5], which excel at capturing long-range
dependencies in kymographs, could significantly enhance molecular tracking in dense environments.
These directions strongly resonate with trends seen in modern unsupervised image restoration and
enhancement strategies, such as those applied to point-scanning microscopy in Section 13.
Geometric deep learning methods [6,7] could offer improved particle tracking and characterization,
mitigating issues caused by'overlapping molecular signals, as described in Sections 17 and 20.

Since the NSM Al madels are trained entirely on simulated data, their performance is limited by
available computational power. Thus, the detection limits of the NSM analysis will improve in
tandem with the breakneck speeds at which newer generations of GPU and TPU operates. Most
recent theoretical analysis predicts that the access to already-available higher computational power
combined with‘further model optimization leads to an order of magnitude improvement in terms of
detection limits. Thus, it can be expected that the analysis of biomolecules in the single-digit kDa
regime will bécome available soon.

Expanding NSM to study biomolecular interactions and integrating it with spectroscopic techniques
will require further advancements in deep learning. For biomolecular interaction studies, deep
learning models must be capable of accurately distinguishing weak, transient binding events from
randomdiffusion, a challenge for conventional tracking methods. Likewise, applying NSM to
spectroscopic techniques will necessitate deep-learning algorithms optimized for low-photon-count
conditions, where traditional image processing struggles with increased noise and reduced
contrast. Furthermore, as NSM will integrate multi-modal data sources, deep-learning approaches
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must evolve to effectively fuse diverse datasets, extracting meaningful correlations while
maintaining high accuracy across different signal types and scales.

Regarding the advances in detector technology, the CMOS cameras available on the market have
quickly increasing frame rate, improved sensitivity, and larger dynamic range. The NSM method will
thus reach higher throughput via parallel analysis of multiple channels and achieve more accurate
measurements of even smaller molecules.

Nano- and microfluidic technology is a swiftly evolving field which keeps bringing new possibilities
for further development and application of the NSM method. New tools (such assnanofluidic¢ valves
[8] and traps [9]) are introduced to provide means for efficient confinement and release of ultra-low
volumes. This ability is crucial for development of future applications, such as'investigation of
biomolecular interactions inside a nanofluidic channel.

New materials available for nanofabrication will potentially open up new possibilities for increasing
the sensitivity of the method [10]. In addition, advances in large-scale nanofabrication will pave the
way for NSM becoming a reliable and cost-effective bioanalytical method.

Concluding Remarks

In its current form, NSM already enables highly accurate label-free and tether-free characterization
of individual biomolecules and biological nanoparticles in a wide range of biofluids. The expected
advances of the instrumentation and deep-learning tools wilhpush the performance even further. In
particular, high-throughput, resolution in single-digit kDa regime and at high concentration will find
numerous bioanalytical applications requiringanalysis of highly heterogenous samples. Long-term
monitoring of individual biomolecules diffusing in solution’represents a yet unexplored opportunity
for studies of conformational changes; aggregation processes and interactions between individual
biomolecules. In addition, due to minimized dilution of the sample by the nanofluidic platform, NSM
is highly efficient for transporting ultra-low volumes, such as intracellular content or secreted
metabolites of a single cell, thereby paving the way to real-time label-free single-cell studies.
Moreover, it can be expected that-NSM will find applications outside the field of bioanalysis, such as
characterization of inorganic nanoparticles, particle counting, or single particle analysis.
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16 — Particle tracking

Saga Helgadottir®?

1. SciLifeLab Biolmage Informatics Unit, Dept. of Information Technology, Uppsala University
2. Department of Biochemistry and Biophysics, Stockholm University, Sweden

Status

Tracking the motion of single particles has become a critical tool for probing the microscopic werld.
Particle tracking has come a long way from manually locating particles’ positions overa century ago
to using standard algorithmic approaches to the use of deep learning in microscopy. A pioneering
example of particle tracking is when Jean Perrin proved the physical existence of atoms in 1910.
Perrin projected the image of microscopic colloidal particles in a solution on a sheet.of paper and
manually tracked their positions, managing to quantify their Brownian motion.despite a time
resolution of just 30 seconds [1].

Modern particle tracking has largely been dominated by a technique generally referred to as “digital
video microscopy”, introduced over 20 years ago [2], in which a‘video.of microscopic particles is
acquired and the particles’ positions in each frame are determined using computer algorithms. Until
a few years ago, the standard algorithms have often been based on'the measures of the centroid of
the particles in a black-and-white thresholded version of the image or the radial symmetry center of
the particles [3], and can successfully achieve subpixel resolution when their underlying assumptions
for ideal experimental conditions are satisfied'— generally thatthe particle is spherically symmetric
and imaged with a homogenous and constant illumination. Their performance decreases drastically
with less-than-ideal experimental conditions and significant user intervention is required, which in
turn is time-consuming and can introduee.user bias.

In the last few years deep learning, a kindof machine learning built on artificial neural networks, has
started to be employed for digital video microseepy. In contrast to standard algorithms, deep
learning algorithms autonomously.learn to determine rules to perform specific tasks using a series of
input data and corresponding desired outputs — which, in the case of particle tracking, would be
images of particles and their coordinatesiin the image. Early success of deep learning for particle
tracking has already shown that deep:learning outperforms standard algorithms in accurately
localizing particles in challénging experimental conditions and in many cases is able to eliminate user
bias by simulating training data [4](Figures 16.1a-d). This parallels early progress seen in single-
molecule localization microscopy (Section 14), where DL-based methods significantly improved
localization under challengingconditions. However, there is still a lot of room for improvement and
deep learning for particle tracking has yet to reach its peak potential.
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Figure 16.1 Particle tracking with neural networks. (a-d) Deep-learning algorithms (orange) trained on simulated particle images
outperform standard algorithms (gray) in accurately detecting particle positions in high-noise conditions for simulated image of
symmetrical particles affected by a range of signal-to-noisesratios (a)‘and illumination gradients (b) (here, measured from the mean
absolute error (MAE) in pixels), and experimental tracking of optically trapped particle (c,d). Deep-learning and standard algorithms lead
to the same results under optimal illumination conditions (€),but the tracking from the standard algorithm becomes unstable in
challenging conditions (d). Adapted fro a-d Deep-learning algorithms (orange) trained on simulated particle images outperform standard
algorithms (gray) in accurately detecting particle positions in high-noise conditions for simulated image of symmetrical particles affected
by a range of signal-to-noise ratios (a) and illumination gradients (b), and experimental tracking of optically trapped particle (c-d). Deep-
learning and standard algorithms lead to the sameresults under optimal illumination conditions (c) but the tracking from the standard
algorithm becomes unstable in challenging conditions (d). Adapted and reprinted with permission from [4].

Current and Future Challenges

One major challenge,is the availability of training data, both in quantity and quality [5]. Even though
it is possible to train deep-learning algorithms using experimentally-acquired data, this becomes
increasingly difficult for.the'application of particle tracking. Considerable amount of data needs to be
acquired for each experimental setting, for which it is also extremely difficult to determine the
ground-truth particle positions with sufficient accuracy as they often need to be manually
annotated./This process is.time-consuming and limits the algorithms to human-level accuracy as well
as introducing bias. This has been partly solved by training the algorithms using simulated particle
imagesfor which the ground-truth positions can be known exactly. It is especially useful to be able
to physically simulate particle images replicating each user’s experimental setup, from properties of
the particle to optical properties of the instrument used to capture the data. However, simulating
training data is often not feasible and this is in fact true for non-symmetric and biological objects
acquired in most imaging modalities. Similarly, multimodal microscopy approaches (Section 11) face
challenges in generalizing learning-based models across varying biological structures and
experimental settings. When it is not possible to accurately recreate the experimental setups
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numerically, the original experimental dataset can be artificially expanded using augmentation[6]+A
special type of deep learning algorithm has even been developed that is able to generate additional
synthetic training images as a form of data augmentation. Augmentation can aid in the training
process but cannot replace high-quality training data.

A second major challenge is, as for standard algorithms, that the trained algorithms-are,usually
tuned for a specific problem and are not easily generalizable, meaning that they most often.cannot
be used to analyze data containing different particle types or obtained with another'experimental
setup. This, in addition to the steep learning curve for developing custom deep-learning solutions,
makes deep learning underutilized in particle tracking and digital video microscopy as.a whole. Pre-
trained algorithms have been made available and are in practice easily applied.to new data [7]. The
results are however often acceptable only in the absence of a better alternative customized for the
problem at hand.

Advances in Science and Technology to Meet Challenges

The most obvious way forward for deep learning for particle tracking is to focus on easier access to
high-quality training data in order to custom train algorithms for each setof experiments or even to
be able to train a generalized particle tracking algorithm. In this case, the continuous development
of accurate ways to synthetically recreate more complex experimental setups imaging non-
symmetrical particles with various imaging modalities is;of upmostiimportance. The collaborative
culture of the field provides a prime environment for/a fast growth with open-source software
packages emerging with the possibility of otherresearchers to contribute with additional
functionalities related to their areas of expertise [6]. These software packages also attempt on being
user friendly to allow for the development of custom deep-learning solutions without the need for
special coding skills, making them available for-a,broader audience.

A promising alternative is the new family of single-shot, self-supervised networks (Section 17) that
learn directly from one, completely unlabeled particle image. Such self-supervised approaches are
conceptually similar to recent unsupervised restoration methods for scanning microscopy data
discussed in Section 13, where training without explicit labels has become a major breakthrough. In
these methods—exemplified by the LodeSTAR architecture [8] —the network is trained to output
two numbers that must transform exactly like the particle centre under any in-plane rotation or
translation that is applied to the input image. Because the only solution that satisfies this
equivariance constraint is the true centre itself, the network converges to sub-pixel accuracy without
ever seeing ground-truth coordinates or simulated data (Figure 16.2). This strategy therefore
eliminates the time-consuming step of creating large, labelled training sets and is agnostic to particle
shape, making it:applicable to a wide range of morphologies and imaging modalities. The training
runs in a few minutesion/a standard laptop and the resulting model can be re-trained or fine-tuned
easily, putting.custem, high-precision tracking within reach of non-experts.

Deep-learning approaches have so far followed the conventional way of particle tracking, providing
only a data-driven version of standard algorithms focusing on finding the coordinates of single
particles.in an image. For further analysis, the coordinates are then linked into single particle
trajectories using other standard approaches. New approaches are able to take more advantages of
the possibilities of deep learning to analyze the particles’ dynamics to directly produce linked
trajectories of particle coordinates as well as inferring local and global dynamic properties of the
sample [9]. This has the potential to improve the analysis of samples where particles are lost, new
particles introduced or change shape during the experiment, which is highly relevant in biological
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1
2 samples. When trained with manually annotated experimental data, the algorithm can even learn
2 how to override imperfect annotation of the training dataset.
5
6 1
7 10 :
8
9
1

0 X' 100
1 o
12 d
13 Ll
14 2

= 1071 5
15 o
16
17
18
19 10_2 ! ! iy T T T
0 5 10 15 20 0 5 10 15 20
20
21 SNR SNR
22
23
24 Figure 16.2 Self-supervised P’particle tracking with neural networks. Novel deep-learning:algorithms can be trained using a single
unlabelled experimental image, outperforming standard algorithms for symmetrical (e) and non-symmetrical (f) particles (here measured

25 in root mean square error (RMSE) in pixels) affected by a range of signal-to-noise ratios{(SNR). Adapted from Ref. [8].
26
27 Concluding Remarks
28 Despite its success in recent years, deep learning for particle tracking still has huge potential.
gg Improved physical simulations of particle.iimages will allow for more accurate tracking of single
31 particles, bypassing the time-consuming‘and bias-inducing manual ground-truth annotations. Thanks
32 to increasingly available inference speed, trained algorithms could also be implemented in the
33 experimental setup for real-time particle tracking and decision making. Going one step further, new,
34 fast and easily trained algorithms that only require a single unlabeled training image even give rise to
22 the possibility to train and track particles on the spot during experiments.
37 Tracking particles is usually only the first hecessary step in order to further analyze the dynamics of a
gg system. Deep learning can/be used to go beyond only acquiring particle coordinates and
40 simultaneously calculate other particle characteristics, as well as directly returning single particle
41 trajectories and the underlying dynamics of the whole system.
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g 17 — Single-shot self-supervised object detection
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% Status

g Deep learning is a rapidly growing field in microscopy that aims to improve image analysisiand

10 automate the process of identifying and extracting information from images, enabling more efficient
11 and accurate data analysis (see for example Section 16 for particle tracking). Object detection is one
12 such task where deep learning excels over traditional methods. However, most'deep learning

12 methods for object detection in microscopy require either large manually annotated datasets or

15 highly realistic physical simulations of the experiment [1].

16 For many applications, this is a prohibitively expensive barrier to overcome: Recently, we introduced
1; LodeSTAR, which addresses this challenge by enabling a neural network to learn'to perform near

19 statistically optimal object localization, directly on experimental data, without any annotations [2].
20 This approach builds on the need for minimal training data and annetation, similar to the

21 motivations behind advances in particle tracking discussed in Section 16. This is achieved by devising
22 a novel training scheme, where instead of providing target/ positions-as ground truth, LodeSTAR is

;i trained to produce two scalar values that are equivariant to Euclidean transformations applied to

25 the experimental image. We show that the only solution to such a training scheme is for these two
26 scalars to be the coordinates of the object’s center, provided that the object has a well-defined

27 optical center. Experimentally, we find that LodeSTAR approaches the Cramér-Rao bound of

;g localization error for a range of geometries. This'is particularly useful in applications where precise
30 object localization is critical, such as in'particle tracking,single-molecule localization, or super-

31 resolution microscopy.

gg Next, we show that by carefully considering the'déesign of the neural network architecture, a

34 localization model can be converted into a deep learning model without any additional training. In
35 practice, this means that the localization. model is imbued with translational equivariance through a
36 center-of-mass pooling layer (where the mass is also learned by the model) of a convolutional

37 backbone. By removing this pooling step, the model instead yields a spatially distributed coordinate
gg field and a weight map, where clustered coordinate predictions that coincide with high weights are
40 considered as detections. Wefindthat LodeSTAR can be trained on a single or a small number of

41 unannotated experimental images. In fact, LodeSTAR is shown to match the performance of state-of-
42 the-art cell detection'methods in the Cell Tracking Challenge [3] using 1000 times less training data
43 (Figures 17.1a-b). This makes it an ideal solution for researchers working in fields where annotated
jg datasets are not available, or where the annotation process is time-consuming and costly.

46 Beyond detection, LodeSTAR can also perform certain regression tasks if there is a corresponding

j; relationship'to exploit. In many interferometric modalities, such as holographic microscopes, the

49 focal plane can be numerically changed after-the-fact. This creates a relationship between the z-

50 position of the object and a numerical repropagation transformation. Similarly, in many quantitative
51 modalities, the strength of the signal is directly proportional to some physical property of the object.
52 LodeSTAR has used these relations to position sub-wavelength polystyrene beads in 3D

;31 (Figure 17.1c), and to measure the optical mass of intracellular aggregates (Figure 17.1d).

55

56

57

58

59



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1

limiting factor. Indeed, lo
highlighted for singl

learning,

Anoth

ranslational symmetries of the task of object detection, which may not be as prevalent in larger
bjects. This limitation may be less important for applications such as single-molecule localization,
e objects of interest are relatively small. However, it could be a limitation for other
ications such as detecting large cells or structures in tissue imaging. In these cases, the issue can
be resolved by sampling the image at a lower resolution. This improves detection at the cost of
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positional accuracy. However, for large structures, the notion of a single position is less well-defined
and often less relevant to the applications.

Advances in Science and Technology to Meet Challenges

An important avenue for future research is to expand the set of transformations and symmetries
that LodeSTAR utilizes in its learning process. | expect that exploring modality-specific
transformations may be particularly fruitful. A prime example is imaging modalities capable.of
reconstructing the complex-valued light field, where a rich set of symmetries and transformations in
Fourier space can be exploited. Another avenue would be to train LodeSTAR to produce
morphological information. For example, by incorporating scale transformations, LodeSTAR could be
taught to predict the relative sizes of objects. However, this alone would not be sufficient to provide
absolute sizes without additional transformations.

Another approach could be to use a more interpretable network architecture, such as vision
transformers [4]. These architectures have been shown to naturally’produce segmentations of
objects when solving consistency tasks. However, it's important to,note that replacing the current
convolutional backbone with a vision transformer would likely lead to a.loss of translational
equivariance, which may negatively impact LodeSTAR's positioningperformance.

Currently, LodeSTAR is trained on exclusively positive samples, which are images containing the
object to be detected. One potential area of research/is to expand the training procedure to include
negative samples, which are images with no instances of the abject. This could help improve
specificity in samples with multiple visually similar classes, where only a subset of the classes is of
interest.

Lastly, LodeSTAR is currently designed to trainron.images with exactly one instance of the object per
view, where detection capabilities are an emergent behavior resulting from the design of the model.
Instead, it could be extended to allow multiple instances of the object per view during training,
enabling it to learn from larger datasets where the number of objects in view may vary. However,
this would also decrease the spegificity,of the training, as all objects in view would be detected
regardless of interest. Finding ways to mitigate this would be an important area of research.

Concluding Remarks

LodeSTAR is a deep learning method for object detection in microscopy that is particularly well-
suited for low-data regimes. LodeSTAR exploits the inherent roto-translational symmetries of object
detection to achieve high performance with minimal training data. Its unique self-supervised training
process allows it to learn,from a single or a small number of unannotated experimental images,
making it a cost-effective solution for researchers working in fields where annotated datasets are
not available. Furthermore, LodeSTAR's ability to find the sub-pixel position of objects with high
accuracy is'a key feature that sets it apart from traditional methods. This level of precision is
particularly:dseful in applications where precise object localization is critical, such as in particle
tracking, single-molecule localization, or super-resolution microscopy. This, combined with
LodeSTAR's ability to utilize additional relationships and symmetries to measure additional physical
guantities, makes it a versatile and powerful method in the field of microscopy.

Acknowledgements

The authors would like to acknowledge funweding from the H2020 European Research Council (ERC)
Starting Grant ComplexSwimmers (Grant No. 677511), the Horizon Europe ERC Consolidator Grant
MAPEI (Grant No. 101001267), and the Knut and Alice Wallenberg Foundation (Grant No. 2019.0079).



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1 Page 94 of 190

References

1. B. Midtvedt, S. Helgadottir, A. Argun, J. Pineda, D. Midtvedt, and G. Volpe, “Quantitative
digital microscopy with deep learning,” Applied Physics Reviews 8(1), 011310, 2021.

2. B. Midtvedt et al., “Single-shot self-supervised object detection in microscopy,” Nature
Communications 13(1), 7492, 2022.

3. V. Ulman et al., “An objective comparison of cell-tracking algorithms,” Nat Methods.14(12),
1141—1152, 2017.

4, A. Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for ImageRecognition at

Scale,” CoRR, 2010.11929, 2020.



Page 95 of 190 AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1

oNOYTULT D WN =

18 — Force fields calibration

Aykut Argun?, Tobias Thalheim?, Frank Cichos?, Giovanni Volpe?!

1. Department of Physics, University of Gothenburg, Origovagen 6B, SE-41296 Gothenburg, Sweden
2. Peter Debye Institute for Soft Matter Physics, Molecular Nanophotonics Group, Leipzig University, Linnéstrale 5,04103
Leipzig, Germany
Status
Accurate calibration of microscopic force fields is fundamental for a wide range‘of experiments including
optical tweezers, DNA stretching, and non-equilibrium physics [1]. Traditionally, these force fields can be
characterized by analysing trajectories of Brownian particles that are subjected torthem. This
information then can be used to infer the underlying dynamics, forecast'a futurestate of the particles,
or to calibrate the experimental setup. This calibration sometimes needs to be done even in real-time

[2].

One of the most commonly used microscopic force fields is the harmonieforce field. This can be
generated by an optical tweezer, where the force has the form F,, =—kx with k the stiffness of the
harmonic trap and x the distance from equilibrium. For this'case, there are already many standard
calibration methods, such as the variance method, the attocorrelation method, and power spectrum
methods [1]. The variance method directly determines'the stiffness from the variance of the particle
position in the trap (k = kgT/(x?), where kT represents the thermal energy). The autocorrelation
method determines k by fitting the exponential decorrelation curve of the particle position in the trap.
The power spectrum method is a furtherspowerful method especially at high frequencies, which fits the
power spectrum of the Brownian particle to,a Lorentzian and infers the stiffness. All these standard
algorithms work well if the measurements contain sufficient data points and are error free [1]. However,
the need to develop calibration methods robust to noisy, incomplete data closely parallels the efforts in
particle tracking (Sections 16 and 17), where deep learning has similarly improved robustness under
experimental imperfections. More efficient standard algorithms include linear maximum likelihood
methods, like the FORMA algorithm [3];;that apply a linear regression, which makes a first order
approximation to the force around the equilibrium point. This permits a more accurate and faster
calibration of force fields.compared to standard algorithms [3] as well as the ability to calibrate non-
conservative force fields, such as a rotational force field.

Current and Future Challenges

Due to the need foraveraging, the calibration methods require more data for higher accuracy because
the microscopic trajectories are stochastic. If there is enough statistical information in the data,
averaging of displacements provides accurate force measurements [4]. However, in biophysics, this is
frequently not achievable. Furthermore, the number of non-standard force field calibration procedures
is extremely limited. Examples of such non-standard force fields range from non-harmonic potentials to
rotational‘as.well as dynamic non-equilibrium force fields. For complicated potential landscapes, the
amount of data necessary for a correct measurement grows exponentially as the number of parameters
to becalculated from a trajectory increases. Although the maximum likelihood algorithms like FORMA
can perform better in these potential landscapes, they can solely do so provided that the data is
acquired at a high frequency and the force field is not time-varying. Nevertheless, there are
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experimental systems that need real time calibration, e.g., because they undergo changes or a
degradation of the setup over time. Examples of such systems are forces generated by electrodes inside
liquid environments, by temperature gradients, chemical forces, and bacterial forces, with. some of them
being the results of feedback loops [2, 5] involving additional delays in the control process, which
further complicates the calibration process.

Data acquisition can also be challenging in the fields of soft matter physics, biophysics, and single-
molecule physics. More advanced approaches are enabling faster and more accurate localization of
particles. Recent advances have allowed high-frequency trajectory measurements, where particle
trajectories are also complicated by hydrodynamic memory [6]. In addition, the.advancements in data-
driven image analysis methods facilitated the possibility of enhanced image analysis [7].
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Figure 18.1. Calibration of force fields with deep learning. (a) The trajectory of a Brownian particle in a harmonic trap is given as an input to
the recurrent neural network (RNN) to predict the stiffness parameter of the trap (k). The bottom panel shows comparisons of the predictions
from various methods. As it can be seen, DeepCalib provides the most accurate results through the entire range. (b) Calibrationof adynamical
nonequilibrium force field, where the stiffness of a harmonic trap is oscillating between kj,,, and kyjgp, at a period 7. There are no existing
calibration methods for such a force field that is time-varying. Evidently, DeepCalib successfully predicts all parameters both for simulated (top
panel) and experimental (bottom panel) trajectories. All experimental data were generated employing the versatile feedback mode of a
thermophoretic trap. Adapted from Ref. [8].

Advances in Science and Technology to Meet Challenges

There is currently a growing need for more advanced calibration methods for experimental,purposes. At
the same time, data-driven analysis methods, such as recurrent neural networks, have proven to be a
very powerful tool for extracting information from time series data. This has led to the development of
DeepCalib [8], a free software package that uses deep neural networks to.calibrate force fields from
trajectories. Specifically, DeepCalib uses LSTM (long short-term memory) layersito extract information
from trajectories and uses simulated data to train the neural network. Particularly for shorter
trajectories or smaller force values, when the calibration is challenging, DeepCalib is proven to work
better than other algorithms for harmonic potentials as shown inFigure 18.1a. In addition, DeepCalib
can accurately calibrate non-conservative rotational force fields betterthan the existing methods. In this
case, the force field has two parameters: the central force stiffness'k and the rotational parameter ().
Although being accurate for lower values of k, FORMA struggles at higher forces because of the data
points becoming uncorrelated. DeepCalib is able to estimate the parameters of the force fields better
than FORMA. The difference of DeepCalib turns out to be even.more prominent as we look at further
non-standard cases, such as a double-well potential. Here, the force field is parametrised by the
equilibrium distance L and the energy barrier height Ez. DeepCalib provides more accurate results when
predicting the parameters of this double-well potential. Finally, and most importantly, DeepCalib can
calibrate any force fields, such as time varying force fields that yield a dynamical non-equilibrium
system. In this case, a harmonic potential with switching stiffnesses from kjq, to kpign at a period 7 is
considered. It is shown in Figure 18.1b that DeepCalib can very accurately calibrate all the parameters of
a short trajectory for such a challenging case, both for numerical and experimental data. It is also shown
that DeepCalib is more robust againstimeasurement noise and diffusion gradients [8]. Current
experimental developments also help to reduce the reality gap by testing DeepCalib against complex
force fields generated in the feedback mode of the thermophoretic trap [5]. This setup generates
dynamic temperature fields on circularmanostructures in response to the current position of a Brownian
particle in liquids. The response may thereby follow a user designed protocol that permits almost
arbitrary dynamic free energy'landscapes [5] to test DeepCalib.

Concluding Remarks

With the introduction_ ef:DeepCalib it becomes evident that a data-driven, neural network approach for
the calibration of microscopic force fields outperforms the standard methods in challenging conditions
and limited available data. More importantly, DeepCalib can be applied to non-conservative or time
varying force fields for whichinosstandard calibration methods exist. With these advantages and the
great robustness/to measurement noise, inhomogeneous environments, and the reality gap between
experimentsand theory, DeepCalib is a very powerful and flexible tool for analysing trajectories to
extract the force fields. It allows for just a minor change in the code to immediately adapt to a new force
field, while standard techniques totally change if a different force field is considered. Therefore,
DeepCalib islideal to calibrate complex and non-standard force fields from short trajectories and it is
readilyravailable as a free Python software package [9]. It also proves that the recurrent neural networks
are a very powerful tool to analyse Brownian trajectories. Similar techniques have also been successfully
applied to characterise, for example, anomalous diffusion [10].
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9 Status
10 . . . . . . y .
1 Live imaging has revolutionised our understanding of biological processes. Resolution and signal-to-
12 noise ratio have steadily improved over the past decades. As a consequence, theitrajectories of
13 single particles can be recorded, enabling detailed descriptions of microscopi¢c dynamics while
14 avoiding some artefacts of bulk labelling. Single-particle tracking (SPT) unveils features of the
12 surrounding environment and of processes that would be lost by ensemble averaging, thus opening
17 an observational window that provides a deeper understanding of many biological processes.
18 To probe the molecular properties in heterogeneous environments and to.enable quantitative
;(9) modelling of biological processes, it is important to tell whether/particles undergo normal or
21 anomalous diffusion (defined by the power-law scaling of thedviean Squared Displacement: MSD ~t%)
22 and to measure their diffusion coefficients or anomalous scaling exponent a. Motion at these scales
23 is inherently stochastic and can involve processes characterised by significant variability in time and
24 space. This makes the study of diffusion from particle trajectories difficult. In Figure 19.1, we outline
25 . L y \ : e . .
2% a typical pipeline to meet the challenges associated with studying diffusion leveraging deep learning
27 techniques.
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54 Figure 19.1 Typical pipeline to characterise diffusion from experimental single-particle trajectories using a deep learning method. The

pipeline starts with data acquisition, followed by data processing, which may include tracking methods and de-noising steps. The
55 processed data is then fed to a pre-trained deep neural network that typically returns a classification of the acquired data or a
56 quantification of its physical properties.
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A first challenge consists in identifying the particles, localising them and reconstructing their
trajectories. Various methods have been developed for these purposes in the past decade [1], and
deep learning techniques are gaining considerable attention [2].

The second main challenge is the extraction of information from the reconstructed trajectories. This
is complicated by the fact that diffusion is a phenomenon related to particle fluctuations; in other
words, the signal is in the noise. Even for simple diffusion, the direct application of Einstein’s, 1905
result MSD ~ Dt can result in severe biases, for example, depending on the localization precision,
track length, number of available tracks, or fluctuations due to movement of the surrounding media.
To tackle these issues, methods accounting for experimental noise and optimal fitting algorithms for
different use cases were developed [3]. Anomalous diffusion dynamics, which can be modelled, for
example, by continuous time random walks (CTRW), fractional Brownianmetion (FBM) and Lévy
walks (LW), are even more challenging to analyse due to long-term correlations in the dynamics and
possible ergodicity breaking [4]. Most of the methods to analyse suchidynamics.rely on asymptotic
behaviour, requiring many long trajectories, which are typically difficult torobtain experimentally.
This has motivated the development of deep learning techniques to measure the diffusion
coefficient, the anomalous exponent and to identify the modél underlying the anomalous behaviour
[4-7]. Such applications of deep learning to infer underlying,physical dynamics from noisy, short
time-series data builds also on advances in particle tracking suchias those covered in Sections 16 and
17. These techniques typically involve artificial convolutional.neural networks (CNN) or recurrent
neural networks named Long Short-Term Memory (LSTM). They have remarkably improved the
analysis of short individual trajectories, also including cases where individual trajectories switch
between different diffusive dynamics.

Current and Future Challenges

A promising feature of deep-learning techniques is that they have the potential to generalise, i.e.,
correctly analyse scenarios that differ from the'training data. For applications to single-particle
trajectories this suggests that algorithms trained on synthetic data, which are cheaply generated by
simulation, can be applied to experiments. The techniques developed in Refs. [4-7] are networks
trained on simulated data, using supervised methods, i.e., the parameters used to simulate the input
data, such as diffusion coefficient, anemalous exponent or the type of model, are known and used to
label the input. The networks are then asked to return a prediction that is as close as possible to the
label. These methods have proventheir versatility, correctly predicting experimental trajectories
that they had not seen during training, and the ability to deal with measurement noise. These
promising examples;however; do not generally guarantee that networks trained on simulated data
can be carried over to experiments. To assess the issue of generalisation, more work is required to
understand what'leads to a network’s decision. This would contribute to making the predictions
more interpretable and transparent. Interpretability can significantly extend the scientific
applicability of deep learning models to diffusion, linking network behaviour to the underlying
physicalprinciples and structures. Much like developing a physical theory provides a mechanistic
understanding of a physical phenomenon and goes beyond measurement and inference, improving
the interpretability of deep learning contributes to deeper physical understanding. Furthermore,
understanding how deep learning methods estimate diffusion from particle trajectories might
contribute to the development of new algorithmic and statistical techniques, which are inspired by
the'solution found by the deep learning methods. Indeed, the progress in interpretability might pave
the.way towards learning from the machines. However, due to their high dimensionality and many
parameters, it is notoriously difficult to unveil the inner workings of deep learning models.
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An additional challenge is related to supervised methods. These methods, by their very construction,
can only predict the labels they were taught during training. For instance, a method trained to only
infer the diffusion coefficient will not be able to detect anomalous diffusion or its scaling exponent.
Similarly, for the classification of the dynamics, typical networks are bound to return an answer
within the classes they have been designed for. Recent work has begun addressing'this issue [8]. A
related challenge concerns the use of deep learning to capture the transient nature of anemalous
diffusion, where different scaling regimes are observed at different scales.

Advances in Science and Technology to Meet Challenges

The field of deep learning is evolving rapidly, providing insights that can be applied to various sub-
domains. For instance, several tools for the interpretability of deep learning techniques are currently
being developed (see, e.g., Ref. [9]). The most promising results in this direetion concern deep neural
networks, such as CNN, employed for the classification of images. Similarly;Self-supervised methods
developed for object detection in microscopy (Section 17) suggest promising.strategies for exploring
structure in unlabelled or weakly labelled diffusion data. These novel toolsiidentify the most
significant parts, or features of the images that led to their respéective.classification. For SPT, one
could apply these algorithms (which should also be extendedito LSTM) to determine which parts of a
trajectory most heavily influence its classification.

In parallel, autoencoder and transformer architectures.have been developed [10]. Transformers are
currently among the best techniques to process natural language, for example, for translation
purposes. They feature attention layers in theirarchitectures; whose role is to identify how much
different parts of an input are related to each other (e.g., learning that the subject in a sentence is
strongly related to the verb). Notably, autoeconders can be used to generate diffusive trajectories
[11].

The combination of the development of tools,to interpret existing deep-learning architectures and of
more interpretable architectures offers the possibility of identifying the parts of a diffusive trajectory
that are the most informative ones to characterise it. One can then perform statistical analysis on
these results to extract information about what features or statistical properties of the trajectories
are the most relevant to characterise their diffusive nature. This sheds light on how the deep
learning methods make theif'predictions, contributing to their interpretability.

Additional advances in deep/unsupervised learning can provide methods that are more insightful
when applied to trajectories belonging to none of the models they have been trained on (see [12]
for a first step in this.directionusing anomaly detection). Indeed, these models are not trained using
specific labels but focus'on reconstructing the input trajectory, thereby learning its salient features.
Unsupervised methods might also successfully address the challenges posed by trajectories featuring
different diffusive scalings at different scales.

The advances discussed so'far concern general improvements for the interpretability of deep-
learning methods. Additional progress is likely to come from the development of physics-informed
methods for the study of diffusion [13]. Such methods are designed to take into account the physical
knowledge about the diffusive dynamics under consideration, for example considering key physical
and statistical properties, such as the self-similarity of certain anomalous diffusion dynamics.

Concluding Remarks
Deep learning methods have proven to be invaluable tools for the study of diffusive dynamics,
displaying remarkable robustness and showing promising potential to generalise results to unseen
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data and experiments. They excellently complement traditional algorithmic and statistical
techniques, providing better performance. This makes it possible to characterise short individual
trajectories, thereby expanding the range of systems for which diffusion can be quantitatively
investigated, including many biological systems, for which track lengths are typically short. At the
current stage, this performance improvement comes at the cost of a lower interprétability of the
results compared to traditional algorithmic and statistical techniques. However, recent’and ongoing
progress in deep learning techniques with the development of novel architectures and methads’to
interpret their prediction together with physics-informed approaches suggest that more transparent
deep learning techniques might be within close reach. These techniques have the potential'to
reliably unveil the physical properties of diffusive particles and the environments in which they
move. These advances provide an important building block for future quantitative. models of
complex biological processes.

Acknowledgements

SB gratefully acknowledges inspiring discussions with Aykut Argun, Giovanni Volpe, Ralf Eichhorn,
Alessia Gentili, Giorgio Volpe and the participants and organisers of the AnDi workshop hosted at
ICFO in December 2021.

References

1. N. Chenouard et al., “Objective comparison of particle tracking methods,” Nat. Methods 11(3),
2014.

2. L. Mockl, A. R. Roy, and W. E. Moerner, “Deep learning in single-molecule microscopy:

fundamentals, caveats, and recent developments [Invited],” Biomed. Opt. Express 11(3),
1633-1661, 2020.

3. C. L. Vestergaard, P. C. Blainey, and HxFlyvbjerg, “Optimal estimation of diffusion coefficients
from single-particle trajectories,” Phys. Rev:’E 89(2), 022726, 2014.

4, G. Muioz-Gil et al., “Objective comparison of methods to decode anomalous diffusion,” Nat.
Commun. 12(1), 1, 2021.

5. N. Granik et al., “Single-Particle Diffusion Characterization by Deep Learning,” Biophys. J.
117(2), 185-192, 2019:

6. S. Bo, F. Schmidt, R.[Eichhorn, and G. Volpe, “Measurement of anomalous diffusion using
recurrent neural networks,”/Phys. Rev. E 100(1), 010102, 2019.

7. V. Jamali et al., “Anomalous nanoparticle surface diffusion in LCTEM is revealed by deep
learning-assisted.analysis,” Proc. Natl. Acad. Sci. 118(10), e2017616118, 2021.

8. A Pacheco-Pozo, D Krapf, "Effectively detecting anomalous diffusion via deep learning" Nat.

Comput.'Sci. 4,(10), 731-732, 2024

9. W. Samek, G. Montavon, S. Lapuschkin, C. J. Anders, and K.-R. Miiller, “Explaining Deep Neural
Networks and Beyond: A Review of Methods and Applications,” Proc. IEEE 109(3), 247-278,
2021.

10. | A.Vaswani et al., “Attention is All you Need,” in Advances in Neural Information Processing
Systems 30, 2017.

11. Ferndndez-Fernandez G, Manzo C, Lewenstein M, Dauphin A and Mufioz-Gil G, “Learning
minimal representations of stochastic processes with variational autoencoders”, Phys. Rev. E
110 L012102, 2024.

Page 102 of 190



Page 103 of 190 AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1

12. G. Mufoz-Gil, G. G. i Corominas, and M. Lewenstein, “Unsupervised learning of anomalous
diffusion data: an anomaly detection approach,” J. Phys. Math. Theor. 54(50), 504001, 2021.

13. Zhangy, ZhuJ, Xie H and He Y “Physics-informed deep learning for stochastic particle
dynamics estimation” Proc. Natl. Acad. Sci. 122 e2418643122 2025

oNOYTULT D WN =



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1 Page 104 of 190

20 — Microscopic motion characterization with MAGIK
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Status
The characterization of dynamic processes in living systems provides essential information for
advancing our understanding of life processes in health and diseases, as well asfor developing new
technologies and treatments [1]. In the past two decades, optical microscopy/has undergone
significant developments, enabling us to study the motion of cells, organelles, and individual
molecules with unprecedented detail at various scales in space and time. However, analysing the
dynamic processes that occur in complex and crowded environments remains a challenge [2,3,4].
Similar challenges regarding variability and complex environmental/interactions are encountered in
the particle tracking workflows discussed in Section 16. The diversity of bielogical motion is a
significant contributor to the complexity of dynamic analysis. Cells, for example, exhibit a high
degree of variability in their motion depending on factors such as cell type and environmental cues.
This variability poses analytical challenges for current methods, which are typically designed for
specific experiments or motion models. Thus, the analysis,of experiments often requires manual
adjustments of parameters to adapt to different dynamics, limiting their utilization and applicability.
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Figure 20.1 Estimation of spatiotemporal features using MAGIK. (a) Sequence of images illustrating the evolution of a group of cells over
two consecutive frames. (b) The movement and interactions of the objects are modelled geometrically using a directed graph. In this
graph, nodes (v) represent detections and edges connect spatiotemporally close objects. Each node contains the object's centroid and
other importantdescriptors, such:as morphological and intensity attributes. Edges (e), in turn, encode Euclidean distance between the
centroids of the connecting objects. Inthis example, the node of interest (labelled with the subindex i and located in frame t) is connected
to neighbouring.nodes in frame t+1 (labelled with the subindex j) within a distance-based likelihood radius. (c) The graph is processed
through an.adaptiveattention-based GNN that estimates the associations among the objects and provides insights into the intrinsic
dynamics of the systems at different scales.

Recently, we'have proposed MAGIK [5], a deep-learning framework for the analysis of biological
system dynamics from time-lapse microscopy. MAGIK models the movement and interactions of
particles through a directed graph where nodes represent detections and edges connect nodes that
are spatiotemporally close (Figures 20.1a-b). The framework utilizes an attention-based graph
neural network (GNN) to process the graph and modulate the strength of associations between its
elements through two mechanisms. The first mechanism is a learnable local receptive field [6] that
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captures the complexity of local particle interactions. The second is a gated self-attention
mechanism [7], enabling MAGIK to derive insights into the dynamics of each particle from regions
within the graph that are not directly connected but provide valuable information about the overall

dynamics.
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Figure 20.2 MAGIK analyses a broad range of time-lapse biological experiments at different scales. (a) MAGIK effectively links
trajectories across various experimental conditions,/MAGIK demonstrates a 99.2% accuracy rate in tracking the movements of Hela cells
from the DIC-C2DH-HELA dataset, despite their changing shape and repeated division. Likewise, MAGIK achieves 98.4% accuracy in
tracking Hela cells from the Fluo-N2DL-Hela dataset, despite the dense sample and frequent mitosis and collisions. (b-c) MAGIK estimates
a spatially modulated diffusion landscape. (b) Fluorescence microscopy simulation of single-object tracking experiment, where molecules
undergo Brownian motion with diffusivity D.randomly varying in space. (c) Ground-truth spatial diffusivity pattern and prediction obtained
by MAGIK using a 100-frame-long video. (d-€) MAGIK unveils global dynamics. (d) Simulated holographic videos, where objects follow
fractional Brownian motion (FBM), annealed transient time motion (ATTM), and continuous-time random walk (CTRW). (e) Confusion
matrix showing the network classification performanceiof the underlying diffusion model presented in 1.496 validation scenarios. (f)
MAGIK predicts the anomalous diffusion exponent governing the motion of ensembles of objects performing FBM in 1.097 holographic
videos.

MAGIK is a versatile tool capable of performing various tasks, from linking coordinates into
trajectories to determining local and global dynamics (Figure 20.1c). As shown in Figure 20.2a,
MAGIK offers reliable performance in tracking Hela cells, despite the challenges posed by the
heterogeneity in cellishape and dynamics. MAGIK accurately identifies cell divisions and estimates
trajectories in edge regions where cells are partially observed and move out of the field of view.
Furthermore, MAGIK delivers outstanding results on several datasets from the 6th Cell Tracking
Challenge across a range of microscopy techniques and cell types [5].

A unique feature of MAGIK is its ability to characterize dynamic aspects without the need for
detection linking. In this way, MAGIK can provide information from high-density experiments, e.g.,
by resolving a spatially modulated diffusion landscape solely from particle localizations

(Figures 20.2b-c). Notably, most spatial features are accurately estimated from a 100-frame-long
video. By skipping the linking step, MAGIK inherently reduces the propagation of linking errors to the
quantification of relevant parameters and can thus unveils global dynamics, as shown for two
relevant examples: the classification of the mode of motion of diffusing particles (Figures 20.2d-e),
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and the quantification of anomalous diffusion [4] from ensembles of Brownian particles
(Figure 20.2f).

Current and Future Challenges

The rapid progress in deep learning has led to the development of various techniques for
characterizing motion in biological systems [2-4]. However, several technical and interpretative
challenges hinder the widespread use of these algorithms.

The scarcity of high-quality annotated microscopy datasets hampers the effective training and
validation of deep learning models. Available datasets are often small and unrepresentative; making
it difficult to create large and dependable models. In addition, the diversity of microscopy data and
limited access pose further challenges to their utilization and integration.

Deep learning models typically learn complex representations of the input dataiin an abstract, high-
dimensional space, making interpretation of these abstractions difficult even for experts. A
comparable issue of interpretability and trustworthiness also arises in force characterization
(Section 18) and diffusion characterization (Section 19) from particle trajectories. This lack of
interpretability is a barrier to the widespread adoption of deepilearningin medical and biological
fields, particularly in contexts outside of research where interpretability is crucial [8]. Moreover, the
proliferation of multiple methods for the same task without a clear evaluation of their performance
can confuse non-experts and limit their usage.

The scalability of deep-learning graph modelsis.a major technical challenge. Processing large graph
representations with numerous interactions is. computationally demanding and requires significant
memory and computing resources. This makes it.challenging to directly use graph neural networks
(GNNs) for analysing dense and lengthy'dynamic experiments.

Advances in Science and Technology to Meet Challenges

The MAGIK framework is continuously improvedto address the limitations in the current deep
learning approaches for motion characterization in biological systems. The focus of MAGIK's
development is to create a framework that is both general and easily convergent. It has shown the
capability to train using just one'labelled video by utilizing tools that maximize information
extraction from limited datagensuringproper representation and stability during neural network
training [5]. MAGIK also uses transfer learning for migration experiments, enabling the trained
network to be applied to other cell data without any reduction in performance, as shown in the
MAGIK GitHub repository,[9]. Further advancements in this regard are desirable through the
implementation ofself-supervised algorithms.

MAGIK is equipped with attention mechanisms that provide users with interpretability into the
specific aspects. of the'data structure that the framework focuses on when making predictions. This
approach resonates with broader efforts in computational microscopy, such as integrating attention
and interpretable learning strategies in fluorescence lifetime imaging (Section 10). This offers a
reliable and efficient method for analyzing dynamics and provides opportunities for discovering new
features in the movement of living systems.

MAGIK is included in the deep learning package for microscopy, DeepTrack 2.1 [10], and is,
therefore, undergoing continuous development and optimization with a focus on scalability and
deployment improvements. Future efforts will focus on developing self-destillation-guided graph
subsampling techniques [11] and resource-efficient GNN architectures [12].
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Concluding Remarks

Deep-learning frameworks for the analysis of biological system, such as MAGIK, can successfully,
handle the complexities of dynamic analysis in complex and crowded environments utilizing an
attention-based graph neural network. MAGIK can perform various tasks, including tracking cells,
determining local and global dynamics, and characterizing dynamic aspects without'the need for
detection linking. Despite these progresses, technical and interpretive challenges that hinder
widespread use of these tools. With the continuous development of the MAGIK framework within
the DeepTrack 2.1 package, we aim to address these limitations and offer a generalizable tool'able
to further provide interpretability into the data structure.
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21 — Quantification of subcellular dynamics from single-particle tracking
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Status
Time-lapse microscopy images of biological processes are widely used to observe the dynamics and
behaviour of live cells and unicellular microorganisms, with applications ranging from fundamental
aspects of molecular and cell biology to medical practice. The development of single-molecule
imaging and super-resolution microscopy has further extended the capability to resolve the
dynamics of biological processes, reaching the subcellular and moleculariscales [1]. The current
technology thus enables the visualization of the motion of organelles, proteins;and lipids in their
native environment. The observations provided by these experiments are valuable to decipher the
interactions between cellular components and to disclose their role‘infundamental processes such
as signalling and function regulation. They are also helpful for biomedical applications related to
pathogen infection and drug design. Nowadays, microscopes capable to perform live-cell single-
molecule imaging are accessible in many research laboratories and,therefore, experiments are
routinely performed. However, mining quantitative informationifrom these experiments still poses
several challenges.

Typically, the analysis pipeline is divided into two steps: single-particle tracking and trajectory
analysis (Figure 21.1). These standard pipelines share important conceptual similarities with those
described for particle tracking (Section 16) and diffusion characterization (Section 19), both of which
face similar challenges of noisy trajectories'and complex dynamic behaviours. In the first step, the
information contained in the image stream is converted into trajectories, i.e., time series of features
associated with imaged particles (such as position, intensity, and size). Considerable efforts have
been dedicated to developing automated algorithms for this task [2]. Relying on the advances of the
research community in computer.vision and multi-object tracking, the tracking-by-detection
paradigm has gained increasingyprevalence for single-particle tracking. Thus, images are first
processed to detect features (detection), then features obtained at different times are connected
using assignment algerithms to.obtain trajectories (linking) (Figure 21.1).

Once the trajectories are obtained, they are analysed using statistical methods to extract
information about the underlying dynamics of the particle, using estimators such as the mean-
squared displacement (Figure 21.1). These analyses aim at providing details about the type of
transport being.observed (Brownian, directed, confined, or anomalous), interactions with other
particles and/or with the surrounding medium. Trajectories are also used to estimate biophysical
parameters (e.g., the diffusion coefficient) or to determine whether the motion is compatible with a
given'theoretical model.

Life scientists dispose of a variety of algorithms to precisely track individual particles in living
biological systems as well as many methods to interrogate trajectories. Recently, approaches based
on deep learning have also been proposed, claiming remarkable improvements. The objective
assessment of the performance of these methods is thus required to help end-users to pick the
suitable tool.
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Figure 21.1. Steps of the analysis of live-cell single-molecule imaging experiments. The imaging experiments record the motion of
individual particles. In the conventional analysis pipeline, images correspondingto individual frames are first processed to detect features
(detection). Then, features are connected to obtain trajectories (linking). Finally, trajectories are analysed to obtain quantitative
information, e.g., by the calculation of the mean-squared displacement (MSD). Deep-learning approaches are providing substantial
improvements with respect to classical statistics and might further enable the direct extraction of dynamic features from unprocessed
videos.
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Current and Future Challenges

Live-cell single-molecule imaging experiments typically record the motion of a subpopulation of
individual particles (molecules, viruses, organelles) taking place in heterogeneous environments with
the objective of detailing the molecular mechanism of transport and interactions with the
environment. Technical and instrumental drawbacks impose limitations on the experimental
conditions (e.g., the density.of imaged particles and the temporal resolution) and affect quantitative
parameters (e.g., the localization precision and the trajectory length) that eventually impact the
precise characterization of thesystem [2]. A current challenge entails deploying approaches that can
improve the performance of the methods that carry out the individual steps of the traditional
analysis pipeline. In the last years, machine learning and single-molecule localization microscopy
have producedia surge of methods for single-molecule detection and localization, mainly based on
convolutional/neural networks [3,4]. More recently, deep learning approaches have also been
proposed forthe trajectory linking task [5]. These methods aim to provide an automated, unbiased,
and reliable analysis of the image stream. The improvement of their performances enables
experiments to be performed at faster image acquisition rates and higher labelling densities,
increasing the temporal resolution and the spatial sampling. Similar advances aimed at enabling
dense, high-speed data acquisition are also central in the development of motion analysis
frameworks like MAGIK (Section 20).
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Because of the variety of phenomena taking place inside living cells, numerous approaches focusing
on different aspects of particles’” motion have been proposed to analyse trajectories. A challenging
aspect is the characterization of individual trajectories, in particular when experimental conditions
limit their length or localization precision. Very recently, pioneering works using machine learning
have shown substantial improvements with respect to classical statistics and have demonstrated the
ability of several architectures (random forest, convolutional, and recurrent neural networks) to
provide the precise estimation of parameters (such as the diffusion coefficient for Brownian metion
and the anomalous diffusion exponent for anomalous diffusion) as well as trajectory classification,
either with respect to the diffusion mode (described as immobile/confined/Brownian/directed or
sub-/Brownian/super-diffusive) or to the underlying physical model [6-9]. These results have led to
the organization of the first Anomalous Diffusion (AnDi) challenge [10], a competition to objectively
assess these methods, which fostered the development of novel approaches.with outstanding
performance [10]. The challenge also featured a task on trajectory segmentation for the detection of
changes in dynamic behaviour associated, e.g., with interactions with the environment.

Due to its implications for the characterization of biological systems, the development of trajectory
segmentation methods for the detection of transient and short-lived events has recently gained
further momentum, leading to the organization of the second AnDi challenge, which aims to
evaluate and benchmark computational tools that can detect dynamic state transitions within
individual trajectories, uncovering short-lived interactions that may indicate binding events or
transient confinement [11].

Advances in Science and Technology to Meet Challenges

Deep-learning methods developed for both single-particle tracking and trajectory analysis
outperform classical statistics counterparts in,a wide range of conditions and promise to relax
experimental constraints, providing more information at a faster speed from live-cell single-molecule
imaging. However, several of the proposed methods remain stuck at the stage of proof-of-principle
and do not reach a widespread application.dn actual experiments. Various reasons might be
contributing to this process. Most.of the methods introduced so far involve supervised learning, but
the lack of annotated data for this kind of experiment forces the training and validation over
simulated datasets. Despite the realism of the simulations, the transfer learning to actual data might
generate concerns from end-users, in addition to the black-box model concern. As done in other
fields, progresses in this'sense might be obtained by creating community efforts aimed at i)
producing public datasets to evaluate novel methods; ii) periodically benchmarking existing methods
using objective metrics to determine the state-of-the-art. It must be also considered that to work
optimally, deep-learning-architectures must be trained on simulations reproducing the specific
experimental conditions. Itis'thus recommendable to implement user-friendly interfaces to help
non-expertsto train and fine-tune the model.

The deep-learning approaches implemented for single-particle tracking have incrementally improved
on existing methodologies but have so far been bound to follow the standard analysis pipeline,
providing data-driven versions of conventional approaches. A leap forward might be taken by
developing “tracking-free” methods capable of directly extracting dynamic features from
unprocessed videos. Such approaches might be based on geometric deep learning or physics-
informed machine learning architectures that include informative priors, i.e., physical constraints
and inductive biases, on top of the observational data. This mirrors broader efforts across
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microscopy, such as physics-informed learning in computational phase microscopy (Section 8) and
particle tracking (Section 17). In fact, besides producing faster training and more accurate
predictions, these architectures will also increase the interpretability of the model. The direct:use,of
raw data would also prevent the propagation of errors generated at the different steps of the
pipeline that finally impact the extraction of dynamic information.

The development of techniques not requiring labelled datasets might further accelerate the
application of deep learning to real data. Both unsupervised and self-supervised learning methods
are advancing at a very rapid pace. In combination with innovative network architectures such as
transformers, self-supervised techniques have demonstrated the ability to learn representations
from unlabelled data, achieving outstanding results for image-based analysis.'As such, they
represent a promising approach for the development of the next generation of tools for single-
particle tracking and analysis.

Concluding Remarks

The deep learning revolution is yielding exciting perspectives for the quantitative analysis of live-cell
single-molecule imaging. Yet, while recently developed tools are demonstrating their gain in
performance, they still have important challenges to overcome to reach a widespread use of data-
driven methods over classical tools. In this sense, it is advisable to promote community-driven
actions to benchmark and validate methods [2,10,11]. Stepping beyond the tracking-by-detection
paradigm might lead to a boost in performance by digging infermation directly from raw data. The
integration of physical constraints and inductive biases into deep learning models can improve
performance and interpretability. It is foreseeable that novel techniques not requiring labelled
datasets will further boost this field and enable the study of molecular dynamics in living cells
beyond current capabilities.
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8 Status

?0 Life likely began in the oceans 3.8 billion years ago [1]. Early cyanobacteria spread across the oecéans
11 and oxygenated the atmosphere [2]. Since then, the phytoplankton — the microscopic equivalents
12 or terrestrial plants — have played a pivotal role in the Earth’s ecosystem. Phytoplankton generate
13 approximately half of the oxygen produced on Earth and fix 50 Peta-grams (Pg) of carbon from

14 carbon dioxide, around five times the total emissions from fossil fuels [3], every year:Yet, because of
12 their smaller size, our understanding of the lower aquatic food-web in many aspects is limited.

17 In order to effectively interrogate these organisms at a closer level, we depend on microscopy-based
12 methods. Some of the application scenarios in this direction are plankton detection and counting,
20 plankton segmentation and species classification, and long-term tracking of plankton cells. However,
21 manual identification of single cells is a labour-intensive procéssiconsidering the extraordinary

22 diversity among plankton taxa that require trained taxonomists [4]. This also limits the possibilities
23 to monitor and follow plankton communities with adequate resolution in time and space. Over the
;g past decade, a multitude of computer vision-based imaging methods have been developed for

26 object detection from microscopy images. These techniques range from traditional approaches that
27 follow segmentation and binary thresholding metheds, to'more advanced techniques based on deep
28 learning [5]. These trends parallel the shift from handcrafted to deep-learning-based segmentation
29 and classification methods observed inthiomedicalimicroscopy, particularly in single-particle tracking
2(1) and cellular imaging (see, for example, Sections 14 and 21).

32 Particularly, deep-learning-based methods for plankton analysis have seen considerable success in
2131 recent years. Emerging as an alternative approach to established methods, deep learning offers

35 objective schemes for investigating microorganisms in different environments. For example, a family
36 of convolutional neural networks (CNNs) such as Faster R-CNN, U-Net, and YOLO are widely used for
37 object detection, classification.and segmentation problems [5]. The convolutional layers in these

38 networks help to identify the high-level and low-level morphological features of cells in the image in
39 - . . . .

40 contrast to traditional approaches/A family of generative models known as generative adversarial
41 networks (GANs) are being used for generating new plankton imagery data from the existing data, to
42 better evaluate the-existing models and to further improve the accuracy in measurements [6].

43 Efforts are also being directed towards new problems such as quantitative tracking of planktons, and
jg biomass estimationithrough deep learning [7].
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a Zooplankton b Phytoplankton

Figure 22.1 Plankton. Example of brightfield microscopy images of zooplankton (left) and phytoplankten (right) organisms. Plankton, as a
broad term includes morphologically diverse organisms with complex geometries and deviating life stages that challenge Al driven
classification and segmentation of images.

Current and Future Challenges

The rapid development of Al inspires applications in plankton analysis, such as automatic
identification and high volume and throughput in-situ,monitoring efforts. In parallel there is a more
demand-driven development to fine-tune anddmprove existing'methods and identify techniques
that work with the limited amount of labelled data, which'is;typically the bottleneck with deep
learning based methods. Below we discuss the most pressing challenges.

Manual annotation of data: To train adeep.learning network, one needs labelled data. Which means
if an image contains an organism, we need experts identifying the organism to species level based on
taxonomic knowledge from the literature and'experience. This is a laborious task and often prone to
errors. The problems with manual annotation of'data can be tackled with unsupervised and self-
supervised deep learning algorithms.\Unsupervised classification of organisms, for example, can be
performed by investigation the latent spacé distribution of variational autoencoders, followed by a
subsequent evaluation of the predicted clustering by taxonomic experts.

Expanding the scope towards applications: Deep learning applied research in plankton ecology is
mostly restricted to detection, counting, and segmentation problems. This needs to be leveraged for
more practical application scenarios to better understand the plankton dynamics. For instance, there
is need to developAlbased tracking algorithms, that can track individual plankters over extended
time periods. Mechanistic understanding of individual interactions such as predation, and resource
exploitation are unexplored areas where boundaries are being pushed by deep learning algorithms.
This ambition'to move beyond static classification toward dynamic behavioural analysis is shared by
efforts like MAGIK (Section 20), which also seeks to uncover spatiotemporal patterns in biological
motion:

Practical constraints: In field experiments and ship-based monitoring efforts, plankton communities
aresampled at too low temporal and spatial resolution. Which means, plankton communities in
ocean are rapidly evolving, and short-lived features such as blooms can easily form and disappear
between two discrete sampling events. Apart from infrastructural difficulties, there is also a
bottleneck in image analysis speeds. With the development of marine profiling instruments with Al
based real time classification without manual annotations, the lower marine food web can be
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sampled at the appropriate spatial and temporal resolution. Furthermore, successful classificationvis
a challenge given the overlapping morphologies in plankton cells (Figure 22.1). While some can be
accurately classified, there are other where overlapping morphology will prevent accurate
classification even with large training sets.

Usability: Though deep learning methods are becoming increasingly accessible, most often they are
not production-ready and are not packaged in a ready-to-use interface. Efforts in this direction
would benefit technicians and users with minimal programming knowledge.

Advances in Science and Technology to Meet Challenges
Below we discuss the recent developments in deep learning that can be used|to tackle some of the
challenges in plankton ecology and likely open the doors for new applications.

Labelled data: Obtaining the labelled ground truth data is an undisputed problem in many deep
learning applications. Lately, unsupervised and self-supervised deep learning algorithms have shown
some promising results in this direction. Cycle-GANs, which belongto the:family of generative
adversarial networks are widely used in style-transferring the images.from one domain to different
domain with unpaired images and ground truth data. From ansimage segmentation viewpoint of
planktons (Figure 22.2), this indicates that Cycle-GANs can be used for.segmentation tasks when
there is a limited amount of manually annotated data. Since the plankton images and the
corresponding segmentation masks needed not be paifed in order to train a cycle-GAN, synthetically
generated masks with comparable morphologies can'be used as the ground truth data for real
plankton images.

Additionally, microscopy imagery data of planktans can itself be synthetically generate either by
GANSs [6], or by simulating plankton-like'objects. By.employing the state-of-the-art computational
optics and replicating the optical properties of the experimental devices that are used to record the
data, a representative set of microscopy images.can be generated on a large scale [8]. The advantage
of synthetically generated data is,that the ground truth is known beforehand and can be easily
controlled. This has the potential to.overcome the challenges that arise with manual annotation of
data, specifically for the segmentation tasks where careful labelling of cell borders is crucial. As an
example, the segmentations of plahkton/species shown in Figure 22.2 are obtained by a U-Net
model trained on simulated plankten data. This methodology also offers cell classification based on
morphological properties, apart from the segmentation.

Recently, self-supervisedideep learning algorithms have also shown some promising results in object
segmentation and«detection tasks. These advances are conceptually aligned with self-supervised
methods explored for microscopy object detection (Section 17) and for diffusion characterization
(Section 19), where minimal manual annotation is a key advantage. Unlike supervised algorithms
where learning is based on labelled examples, self-supervised algorithms are provided with labels
which are transformed versions of input images themselves. Particularly, Vision transformers (ViTs),
which.employ an attention based mechanism to emphasize different regions of input image, have
outperformed CNNs in many computer-vision tasks [9]. Belonging to the family of ViTs, DINO
(distillation-with no labels), a self-supervised vision transformer [10], was able to successfully
segment objects from images without any labelled data with a higher accuracy. Considering the
diversity in plankton morphologies, self-supervised vision transformers can used for segmentation
and classification of complex taxa.
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Figure 22.2 Plankton segmentation and counting using U-Net. (a) Simulated microscopicimage containing plankton species, Noctiluca
scintillans (Larger cell) and Dunliella tertiolecta (Smaller cells), are processed through (b) a U-Net model pre-trained on simulated data to
obtain binary masks corresponding to N. scintillans cells (left) and D. tertiolecta cellsi(right). (d) Experimental test image presented to the
trained network. (e) Network outputs: predicted masks of the N. scintillans cells (left)and.of the D. tertiolecta population (right). (f) Post-
processing for quantification: identification of N. scintillans cell (green outline on.the left)and centroids of individual D. tertiolecta cells
marked with red circles for automated counting (right).

Concluding Remarks

Al driven microscopy is a rapid developing field of research. The automatic identification,
segmentation, and tracking of individual plankton organisms provides mechanistic insights beyond
the current state and will revolutionize our understanding of the lower aquatic food web and allow
observations of high numbers of organisms at the relevant spatial and temporal scales. Moreover,
recent combinations of well-established techniques such as digital holography with deep learning
algorithms will facilitate individual resolution of plankton organisms and interactions in a way that
will catalyse plankton ecology infcomingyears.
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Status

Micro Physiological Systems (MPS) lying at the interface of microfluidics and biology are a promising
tool for better understanding human biology, physiology and physiopathology. Otherwise termed
organ on chip (0oC) devices, these systems exploiting physical and chemical phenomena at'the
microscale, are able to replicate biological cellular and biomaterial ensembles as well as their
conditions in the human body [1]. They provide functional units, emulating organs, that can be
interconnected together [2], as is done by the blood and lymphatic streams insthe naturally
occurring systems, to provide simplified versions of the human body leading to a better
understanding of complex multifactorial behaviours [3].

MPS are hybrid devices in which cells and biomaterials status during the experiments play a
fundamental role on the accuracy and the relevance of results. Guaranteeing time-dependent spatial
conditions and the monitoring of experimental events require gathering, managing and processing
complex data in a non-invasive way while preserving the validityof the biological in vitro model
(phenotype) at least in functional terms. The capability to provide large amounts of time-dependent
data is inherent of the MPS which are potentially ready to integrate multiple sensors [4,5] and to be
imaged with sophisticated microscopy techniques [6]. This provides the means of controlling and
analysing biological complexity of several interconnected units, working synergistically, to gain
insights into their systemic response.

The usage of machine learning techniques'{4,7] to control and to evaluate specific behaviours of
MPS when disturbed by stimuli, such as drug compounds, could provide a reliable tool to predict the
behaviour of new potential therapies, to stir therapies discovery, to enable personalized medicine,
or to spot processes that remain hidden to the human eye due to the complexity and volume of data
that should be simultaneously evaluated. This vision shares strong conceptual links with the
autonomous microscopy and.modelling@pproaches seen in Section 10 and Section 18, which also
aim to extract meaningful dynamic'patterns under experimental perturbations. This could open a
paradigm shift in the pharma.and biotech industries with important socioeconomic positive impacts
and the substitution,\at least partially, of the current in vivo animal models [3,8,9]. The current
parallel advancement.of machine learning, MPS, sensing and imaging technologies provides a fertile
field to achieve autonomous MPS platforms providing the necessary high-throughput and
robustness to be used as true human physiology and physiopathology emulators. Despite current
limitations,the combination of these technologies is already providing encouraging scientific results
[7]. An example of how such a system could work is presented in Figure 23.1.
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22 Figure 23.1. Example of a MPS system incorporating machine learning. This MPS system is focussed onto unveiling the mechanisms of
23 breast cancer metastasis into the liver potentially usable to serve as a model to find new.therapies or to personalize the treatment of this
24 pathology.
25
26 Current and Future Challenges
27 Human physiology has a strong dependence on local physicochemical parameters. For long-term
28 studies on MPS accurate control is critical to provide reliable and meaningful data. This control,
;9 when aimed massively, particularly forpotential applications related to therapeutic screenings,
3(1) cannot be done by human operators. Automated control systems able to take decisions in real time
32 to fine-tune and maintain MPS parameters, such as dissolved oxygen contain, pH, temperature,
33 fluidic profiles or induced mechanical forces, will be critical (Figure 23.1). Furthermore, they could
34 assess how the system is respondingto specific stimulus and also provide an indicator of validity of
;2 the MPS model after each experiment based on monitored media components and metabolites as
37 well as other events occurred.
38 The combination of sensing and imaging technologies with machine-learning approaches provides a
ig promising tool to achieve such a degree of control and evaluation in these complex systems [5-7].
41 However, sensing and imaging techniques need to be chosen wisely not to alter the MPS biology
42 itself. Chemical and-physical conditions that introduce bias (e.g., phototoxicity, genetic alterations,
43 molecule absorption) have to be avoided to keep the models viable and realistic. Some of these
44 undesirable effectsican be also eliminated by machine-learning techniques using advances coming
42 from microscopic imageanalysis such as virtual staining [10] that could avoid the use of chemical
47 staining and eliminate phototoxicity in some applications. These non-invasive approaches have also
48 been explorediincell imaging pipelines (see, for example, Section 27, where virtual staining
49 enhances label-free analysis and preserves biological viability).
50
51 Nevertheless, acquiring and labelling massive input data to train future autonomous decision-
52 making'systems is a tedious and user-intensive task that is subject to certain bias. Also, continuous
53 monitoring of the development and the function of these biological models implies real-time
gg comparison and integration of multiple data sources from heterogeneous conditions which is a
56 challenge by itself. The machine learning evaluation system should be able to classify time-
57
58
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dependent events expressing in different dimensional scopes. This is another considerable challenge
linked to evaluate simultaneously cellular level characteristics, such as phenotypes, migration (e.g.,
immune and tumoral) or distant communication (e.g., extra cellular vesicles), as well as overall-larger
multicellular functional units and systemic responses.

The model proposed in Figure 23.1 illustrates the degree of complexity that can be attained in‘an
MPS. Recently, cell-derived vesicles secreted by breast cancer cells have shown to travel and activate
liver sinusoidal endothelial cells (LSEC) in a liver MPS promoting the destruction of yessel barriers
and unveiling metastatic mechanics [11]. At imaging level, higher resolution microscopy.could be
also required on top of conventional one to follow the morphology and density of fenestrations,
nanostructured apertures present in the liver LSEC.

Multisource automated study of multidimensional time-dependent data’is stillin its youth for MPS.
So far, machine learning for automation of single-sensor measurements, imaging systems or
identification of key candidates in a drug screening procedure have/been implemented, but a long
road has to be paved to achieve reliable, usable and feasible multiplexed and complex MPS.

Advances in Science and Technology to Meet Challenges

Machine-learning techniques have already demonstrated their value:and feasibility in simple MPS to
generate virtual staining, to study cells phenotypes or to track migration events [7] both in
supervised and non-supervised approaches. Howeversthe usage of machine-learning techniques to
control the multiple parameters of MPS microénvironments to guarantee their viability and
phenotype has so far not been demonstrated. Furthermoreylimited data sources have been used to
evaluate the MPS, such as a unique time-lapsediimaging approach or a limited number of combined
analytical sensors, reducing the true potential capabilities of the approach and dismissing important
physiological and physio pathological data.

MPS systems improvements in terms of usability, repeatability, high-throughput and robustness
have to go hand in hand with imaging, sensing and machine-learning advances. The provision of
completely automated MPS systems with these characteristics for continuous, standardized,
condition-controlled and reliable data provision for researchers should be the main aim of current
developments. This will allow test and optimization of different machine learning strategies and
mechanisms leading to exploit the full potential of these technologies. It will also lead to facilitate
high-throughput analysis which is critical to generate the envisaged healthcare disrupting system
that are aimed to be. Eventually, other data obtained by sampling the MPS fluids and tissues, such as
genetic information, or by'medical evaluation of human sources could be added to improve the
results when therapeuticevaluation outcomes are targeted.

From the pure machine-learning algorithms point of view, data augmentation, semi-supervised
learning and transfer learning can be explored as means to reduce the amount of data needed for
the training. Similarly, automatic data annotation can be used to reduce the cost of manual labelling.
Furthermore, specific requirements for deep learning algorithms applied to the MPS field involve the
development of novel customized architecture and layout designs. Different approaches to
automate.design and gain efficiency have to be explored and catastrophic interference has to be
prevented in any explored iterative upgrading. Also, the large amount of real-time data gathered by
these systems coupled to sensors and imaging devices implies an accurate study of how to improve
inference speeds by compressing the model volume while ensuring accuracy. Equivalently, the
hardware utilized for training the deep learning algorithm and evaluating MPS systems needs to be
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1

2 chosen wisely and performance of the overall system optimized. Finally, interpretable deep learning
z technologies, mitigating the “black box” effect, should be developed to facilitate the generation of
5 meaningful physical explanations from a biological point of view.

? Concluding Remarks

8 Combination of MPS and machine learning techniques is an emerging field holding a great potential
9 to impact human biology understanding, medical therapies development and personalized medicine.
10 Ideally, the application of machine-learning techniques to those multiparametric complex systems
1 should in the future provide currently unattainable biological insights by using unsupervised learning
g approaches. On the other hand, by comparing results obtained with well-known and characterized
14 therapeutic compounds libraries to the ones resulting with novel compounds'and to the real in vivo
15 outcomes these algorithms could also achieve good levels of prediction in‘drug discovery and

16 therapy personalization. Eventually, medical and biological data coming from the-human subjects
17 providing tissue or cells in the studies, and obtained by other means;'could be also included in the
12 machine learning models providing extra information in therapeutic discovery and personalized

20 medicine applications.

;; In the years to come, efforts into automatizing and standardizing the MPS data sources, providing
23 experimental robustness, high-throughput and scalability, should improve the machine learning

24 outcomes in this domain. The need of condition-controlled, massive and reliable data is paramount.
25 Besides this, the specificities of MPS devices, their data heterogéneity and its multiples sources, have
26 to be considering when designing and exploringstrategies for any machine or deep learning

;é approaches.

29 Acknowledgements

30 The author would like to thank the Edropean Commission for continuous research and innovation

;; financial support to Cherry Biotech SAS in theisubjects treated in this article through different

33 initiatives and programmes (MSCA-ITN-2018-812780, HORIZON-EIC-2021-PATHFINDEROPEN-01-01-
34 101046928, HORIZON-EIC-2021-PATHFINDEROPEN-01-01-101046620, HORIZON-EIC-2022-

35 TRANSITIONOPEN-01-101099775).

;? References

38 1. P.Zarrintaj, M. R. Saeb,/F. J. Stadler, M. K. Yazdi, M. N. Nezhad, S. Mohebbi, F. Seidi, M. R. Ganjali,
39 M. Mozafari, “Human Organs-on-Chips: A Review of the State-of-the-Art, Current Prospects, and
j? Future Challenges,” Adv. Biology 6, 2000526, 2022.

42 2. S.Lee,J. Ko, D. Park, S.-RuLee, M. Chung, Y. Lee, N. L. Jeon, “Microfluidic-based vascularized

43 microphysiological systems,” Lab Chip 18, 2686-2709, 2018.

44 3. A.Roth, “Human microphysiological systems for drug development,” Science 373(6561), 1304—
45 1306, 2021

j? 4. A.T.Young, K. R.Rivera, P. D. Erb, M. A. Daniele, “Monitoring of Microphysiological Systems:

48 Integrating,Sensors and Real-Time Data Analysis toward Autonomous Decision-Making,” ACS

49 Sensors 4(6), 1454-1464, 2019.

50 5. H.Kavand, R. Nasiri, A. Herland, “Advanced Materials and Sensors for Microphysiological

51 Systems: Focus on Electronic and Electrooptical Interfaces,” Adv. Mater., 2107876, 2022.

gg 6. S. Peel, M. Jackman, “Imaging microphysiological systems: a review”, Am. J. Physiol. Cell Physiol.,
54 320 (5), pp. C669-C680, 2021. https://doi.org/10.1152/ajpcell.00186.2020

55 7. J.Li, ). Chen, H. Bai, H. Wang, S. Hao, Y. Ding, B. Peng, J. Zhang, L. Li, W. Huang, “An Overview of
g? Organs-on-Chips Based on Deep Learning,” AAAS Research 2022, 9869518, 2022.

58

59



oNOYTULT D WN =

8.

10.

11.

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1 Page 122 of 190

S. Youhanna, A. M. Kemas, L. Preiss, Y. Zhou, J. X. Shen, S. D. Cakal, F. S. Paqualini, S. K. Goparaju,
R. Z. Shafagh, J. U. Lind, C. M. Sellgren, V. M. Lauschke, “Organotypic and Microphysiological
Human Tissue Models for Drug Discovery and Development—Current State-of-the-Art and«Future
Perspectives,” Pharmacological Reviews 74(1), 141-206, 2022.

L. Ewart, E.-M. Dehne, K. Fabre, S. Gibbs, J. Hickman, E. Hornberg, M. Ingelman<Sundberg, K.-J.
Jang, D. R. Jones, V. M. Lauschke, U. Marx, J. T. Mettetal, A. Pointon, D. Williams, W/=H:
Zimmermann, P. Newham, “Application of Microphysiological Systems to Enhance Safety
Assessment in Drug Discovery,” Annual Review of Pharmacology and Toxicology 58(1), 65-82,
2018.

S. Helgadottir, B. Midtvedt, J. Pineda, A. Sabirsh, C. B. Adiels, S. Romeo, D./Midtvedt, G. Volpe,
“Extracting quantitative biological information from bright-field cell images usingdeep learning,”
Biophysics Rev. 2, 031401, 2021.

J. Kim, C. Lee, I. Kim, J. Ro, J. Kim, Y. Min, J. Park, V. Sunkara, Y.-S. Park, I. Michael, Y.-A. Kim, H. J.
Lee, Y.-K. Cho, “Three-Dimensional Human Liver-Chip Emulating’Premetastatic Niche Formation
by Breast Cancer-Derived Extracellular Vesicles,” ACS Nano 14(11), 14971-14988, 2020.



Page 123 of 190 AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1

oNOYTULT D WN =

24 — Self-learning thermofluidics

Martin Franzl}, Tobias Thalheim?, Frank Cichos?
1. Peter Debye Institute for Soft Matter Physics, Leipzig University

Status

In microfluidics, liquids and suspended objects are manipulated in tiny channels to,trigger chemical reac-
tions, assemble new materials, analyse single cells at high throughput, or to imitate organs on a chip [1].
Its innovation potential for fields like biology, chemistry, drug design, and medicine is driven by the su-
perior mass and heat transport at these small length scales combined with an'easy experimental accessi-
bility and control. Most fluid manipulation approaches are pressure-based and require external pressure
differentials applied at the inlet/outlet of complex channel systems. Such'methods allow for complex
flow designs, but need to move the fluid throughout the channel to affect thelocal composition, though
other local approaches based on electro-kinetic (electrophoretic) actuation exist. In recent years new
techniques for the manipulation of nano-objects and flows in a fluidic environment have been devel-
oped that are remotely controlled by light and go beyond the force generation of optical tweezers.
These approaches employ local temperature gradients to drive the migration of species suspended in
liquids by thermophoresis [2], thermo-osmosis [3], or thermo-viscous [4] or other secondary effects [3]
and may be summarized as thermofluidics (Figure 24.1)»In/this way, schemes for manipulating colloids
[5] and single molecules [6] have been developed to.even provide new access to the study of protein
aggregation [7]. Temperature gradients at liquid—solid boundaries in simple fluidic slit pores allow the
generation of local flow patterns to guide;manipulate, and separate objects suspended in liquids with-
out any external pressure [3]. Thermo-viscous effects allow dynamic flow generation by dynamic local
heating of the liquid. Due to the small dimensions of microfluidic systems, heat-transfer is fast paving
the way for feedback-controlled techniques in fluid manipulation [8]. This real-time, closed-loop strategy
strongly aligns with similar efforts in.autemated microscopy and adaptive calibration described in Sec-
tions 13, 18 and 23. A combination|of all these effects would allow to stir, mix, separate, compress, and
even heat/cool in microfluidic systemsibased on the simple application of light. Yet, large scale integra-
tion and application in microfluidics is'still missing.

Figure 24.1 Colloidal motion through thermos-osmotic flows. Colloidal motion induced by controlled thermo-osmotic flows (left) and a combi-
nation of thermo-viscous and thermo-osmotic flows (right). Adapted from Ref. [3].
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Current and Future Challenges

The increasing complexity in the phase composition of liquids, in the objects suspended, in multimodal
sensing techniques used together with the specific goal of microfluidic applications raises the need for
new machine-learning-based analysis and control schemes that harvest the advantages of microfluidics
[1] (Figure 24.2). One of the current challenges that, for example, is often met in various applications is
the appearance of heterogeneities in samples, which hampers the data analysis of molecular species.
Such heterogeneous samples are, for example, highly relevant in the study of protein aggregation in as-
says to understand the origins of neurodegenerative diseases [7].

The experimental investigation of heterogeneous ensembles leads to ensembleaverages that are domi-
nated by the most abundant species, which, however, might not be the most important ones for the
specific disease. The new local approaches of thermofluidics can be size- or'even species-selective in
their action allowing the spatial dispersion of the different species. Yet, their interaction with the tem-
perature fields is often unknown. This mirrors challenges faced in‘dynamic imaging settings such as mi-
cro-physiological systems (Section 23) and fluorescence lifetimesimaging(Section 10), where the meas-
urement and control of local environments must be managed without.disrupting system behavior. Ma-
chine learning approaches, for example, for real-time visual classification and localization of species in a
sample [9] combined with reinforcement learning [10] seemwell-suited to meet this challenge of a self-
learning variant of thermofluidics. Together with local spectroscopic information in real-time to improve
the local homogeneity while increasing the spatial' heterogeneity will readily lead to new reconfigurable
self-learning tools to tackle chemical, medical, or physicalguestions with high flexibility.

thermo-fluidic action space realtime'classification and localisation object/event-based manipulation

. spot
n ring-shaped
elliptical
Rod-Like
Janus-Type

Figure 24.2 Machine-learning-based thermo-fluidic control. Machine-learning-based thermo-fluidic control of species using an action space
that is determined by thermal-gradient-induced drifts of objects and liquids, a classification and localization of objects in space as well as an
object and event-based manipulation thatis adaptive due to a learning process. Adapted from Refs. [3] and [9].

Advances/in Science and Technology to Meet Challenges

The maintadvances to meet these challenges constitute on one side the large-scale integration and test-
ing ofthermofluidic approaches into conventional microfluidic systems. This includes simple absorptive
layers to induce laser-controlled local temperature increments to yield strong boundary flows that can
be combined with additional fields such as electric fields to deliver even stronger effects of thermo-elec-
trohydrodynamics. These approaches shall be studied with pressure-driven flows as they will provide
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many new variants, such as temperature-driven flow field fractionation. On the other side, the key.ap-
proach that is suggested here is, however, the use of the freely configurable dynamic temperature fields
with newly developed machine learning approaches (Recurrent Networks, CNNs, Reinforcement Learn-
ing) that pick up local signals with chemical resolution at a high sensitivity and speéd. The'machine
learning techniques make use of the local character of the temperature perturbations to yield a goal-
driven microfluidics. This further requires highly sensitive detection techniques, that deliverat’best
chemical resolution in real-time to allow the adaptive improvement suggested by machine learning such
as deep reinforcement learning. Such highly sensitive experimental techniques'may, for example, in-
volve new variants of photothermal infrared microscopy, which recently revolutionized infrared micros-
copy but still have to be adopted for microfluidic applications.

Concluding Remarks

Local thermofluidic effects have the potential to drive new approaches of. machine-learning-driven mi-
crofluidics as they provide a rich action set that can be applied tofluids of almost any type to manipulate
suspended objects, but also to induce local flows that separate.or. mix different constituents. While the
individual interactions of species with temperature fields might not'be known in detail, machine learning
of actions to yield specific outcomes directly during the experiment, will provide new approaches to ma-
nipulate species for applications in physics, chemistry, biology, and medicine.
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; 25 — Digital pathology
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% Status

g Microscopy-aided visual assessment of tissue samples, such as biopsies and cytological smears, has
10 been essential for diagnosing cancer and other disease for more than 100 years. Grading disease

11 severity is critical to the clinical management of patients. It is however a difficult task,and the

12 variability between pathologists poses clinical challenges, leading to both under-and overtreatment,
12 which impacts patient morbidity, mortality, and healthcare costs. The first approaches to machine-
15 aided diagnostics in pathology were made already in the 1930s, and moresrecently;efficient slide

16 scanners and automated sample handling has boosted digital pathology and.the:development of

17 deep learning-based image analysis systems for assisting pathologists.in sample evaluation [1]. Such
18 systems have the potential to increase both accuracy and cost efficiency in cancer screening, and are
;g a prospective solution to the problem of high inter-pathologist variability [2]. Some of the most

2 impressive results have been reached by global challenges suchias the PANDA challenge [3],

22 including training- and test-data from multiple hospitals and|countries,leading to deep-learning-

23 based solutions based on ensembles of diverse models, featuring, for example, different data

24 preprocessing approaches and different neural network architectures. Similar large-scale efforts to
;2 develop generalized models across diverse biological'samples are also highlighted in Section 21 and
57 Section 27, in the context of single-particle dynamics and label-free virtual staining.

;g At the same time, automated systems based on'deep learning are often very sensitive to sample-to-
30 sample variation and artifacts stemming froem.processes during sample collection, sample handling,
31 staining, and scanning. While a human is very efficient in adapting to such variability, very subtle

32 variations, sometimes not even possible to notice by the human eye, can have catastrophic effects
33 on automated detection and grading. Large multi-site efforts such as the PANDA challenge can

gg overcome these issues simply by ensuring that the massive amounts of data included during training
36 cover as much as possible of the samplevariation that can be expected during model deployment in
37 the clinic. However, such large-scale.efforts are costly, and may be difficult to organize for rare

38 disease where sample availability is limited. Another bottleneck is the reliability of the training data,
39 depending heavily on the inter-pathologist variability in visual annotation of samples. With robust
2(1) approaches for image noermalization, augmentation, and novel learning-regimen that ignore non-
42 essential variability, deep learning has the potential to become a broadly applicable and reliable tool
43 in the clinic.
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Figure 25.1 The need of deep learning in digital pathology. In digital pathology, sample-to sample variation, as well as ambiguities in
annotations, call for methods that can handle unification of samples and generalizationiof deep learning models, at training, inference, or
both.

Current and Future Challenges
The two largest challenges in deployment of deepilearning for digital pathology is the availability of
reliable training data, and sample-to-sample variability:

Another word for training data is ‘ground truth’, an.expression that comes from remote sensing,
where data is collected from imaging devices attached to satellites or aircrafts, and automated
analysis results, such as mapping of roads or classification of tree species, are compared to ‘the
truth’ collected from observations.made on the ground. Such observations of ‘the truth’ are not
straight forward in digital pathology. Typically, the ‘ground truth’ is manual visual annotations by
pathologist. Many times, people ask the question ‘What precision does a learning-based decision
system have to reach to be useful?’sThis number must always be answered in relation to the ‘truth’
to which it is compared, and since pathologists often disagree in their visual assessments, both
training and evaluation has to be done with care. One approach is to compare automated result
from a learning-based decision system to multiple manual annotations, and in the same way also
compare each of thesmanualhannotators to one another [4]. One can also use other metrics as a
means of evaluating method’s performance. Patient survival is such a metric. This is however a very
noisy metric, especially since a mm-sized tissue sample may not at all be representative of the cause
of death of apatient. This challenge of defining meaningful ‘ground truth’ echoes difficulties in
subcellular dyhamics analysis (Section 21), where ambiguity and variability in manual labels similarly
limit model reliability.

Sample-to-sample variability and limited generalization performance is a fundamental problem
when usingdeep learning applied to digital pathology, and lack of generalization may even introduce
bias. For example, digitized tissue samples may be collected from a number of different hospitals. If
one of these hospitals is specialized in, e.g., a severe type of breast cancer, there is a risk that the
system learns to associate irrelevant hospital-specific image effects with sever breast cancer, rather
than learning the actual features of the tissue morphology. This is typically approached by some
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form of unification of data from different sites to each other, for example by normalization [5],,or by
generalization of the model during training by creating artificial data so that samples from different
sites span the same parameter space, see Figure 25.1. The simplest approach to stain normalization
is to separate the RGB-image into its stain components and scale each channel to a fixed intensity
interval. More advanced methods, such as sparse non-negative matrix factorization have been
successfully used to normalize individual stains [6].

Advances in Science and Technology to Meet Challenges

When training a deep learning model, the input data influences the model’s ability to'learn relevant
features of the data and generalize to new data. A standard technique is to use color and texture
augmentation of the training data, artificially generating more variations for the network to learn.
However, it is typically difficult to produce a dataset without some bias teward any specific feature.
Deep learning models used in digital pathology have a tendency to overfit.to'the stain appearance of
the training data. If a model is trained on data from one lab only, it will usually not be able to
generalize to data from other labs.

Recent advances in Generative Adversarial Networks (GANs) can reduce. the effects of sample
variation by being trained to mimic what an observed image/would:have looked if it was captured in
a different batch or at a different site [7]. This type of neural hetwork-based sample unification can
transfer images from one ‘mode of variation’ to anotherwhile preseérving the phenotype of the
tissue morphology. In this way, the training data can be extensively expanded to represent a feature
space spanning both the non-important variation due to sample handling, and the disease-related
variation that is to be learned. It is however important to note that false structures that could
influence grading may be added.

Another promising approach is to usé so-called domain-adversarial neural networks, which are
designed to prevent the model from being biased towards features that in reality are irrelevant, such
as the origin of an image. Ultimately, such a system would adapt in a similar fashion as a human,
resulting in no need for normalization or augmentation, as indicated by promising results on
prostate cancer grading on datasets from.different hospitals [8].

New molecular methods have the potential to bring deep learning in digital pathology beyond
mimicking ambiguous manual annotations. Recently, new transcriptome-wide analysis technologies
have enabled the study of RNA molecules directly in tissue samples, thus maintaining spatial
resolution and complementing histological information with molecular information important for
the understanding of many biological processes and potentially relevant for the clinical management
of cancer patients [9]. Parallel application of standard clinical staining techniques and novel
molecular methods,introduces a novel type independent sample annotation that can be used for
model trainingpwith the potential to discover of previously unseen but medically relevant tissue
patterns.

Concluding Remarks

Limited generalization across diverse multinational cohorts is one of the central barriers to
implementation of deep learning in clinical practice. Strict protocols and quality control, all the way
from sample collection to staining and scanning has the potential to reduce variability. At the same
time, deep learning approaches that can adapt to shifted domains much like a human, learning to
discriminate between image features relevant or irrelevant for decision making, are starting to make
their way into digital pathology. Another recent approach to data-efficient models that can
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generalize and transfer to a wide range of diagnostically challenging digital pathology tasks is the use
of foundation models, such as UNI [10], pretrained on more than 100 million images from over
100,000 diagnostic H&E-stained whole slide images.

As spatially resolved novel multiplexed and target-specific molecular methods can be directly
correlated with prognosis and strategies for treatment, they may function as useful'tools by
themselves. They may however also function as a means to molecularly ‘annotate’ parallel slices of
tissue samples exposed to standard clinical stains, thus providing input for deep learning systems
that have the potential to go beyond mimicking what a human observer could do. This principle of
using spatially resolved, multiplexed data to annotate microscopy inputs aligns with recent work in
micro-physiological systems (Section 23), where multimodal fusion is becoming crucial for biological
insight.

Despite many challenges still remaining before deep learning will be widely used in clinical practice,
the attitudes are generally positive: A survey with 487 pathologists.practicing'in'54 countries [11]
showed that nearly 75% reported interest or excitement in Al as adiagnostic tool in pathology.
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26 — Virtual staining of histological tissue sections
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Status

The histochemical analysis of tissue samples is used as the gold standard for diagnosing diseases. Itis
a hundred-year-old practice based on microscopic analysis of 5- to 10-micron-thin tissue sections
stained to provide contrast optimized for the human visual system. While the most commonly used
stain is hematoxylin and eosin (H&E), a wide variety of stains are used to give different contrast to
different tissue constituents. This staining process can be time-consuming and expensive and can
create a significant amount of chemical waste, some of which is toxic. Thesstainingsprocess is also
destructive to the specimen, so typically only a single stain can be performed©onieach tissue section.
Two different deep-learning-based methods have been recently developed to computationally
generate an accurate artificial/virtual stain: 1) virtually staining label-freeitissue sections, and 2)
transforming one stain into another.

Virtual staining of an unlabelled tissue section can be used to eliminate the need for chemical
staining altogether. It involves using a deep neural network te computationally transform images of
label-free tissue into various stains (Figure 26.1i). This technique has been developed using different
imaging modalities as the input to the neural network, with. many different stains being developed.
For example, autofluorescence microscopy [1],,quantitative phase imaging (QPI) [2], and reflectance
confocal microscopy [3] have all been used to'image.the label-free tissue and achieve virtual
staining. Furthermore, this label-free strategy aligns closely with the goals described in digital
pathology (Section 25), where reducing'chemical variation and standardizing stain appearance is
essential for clinical applicability.

Stain transformations — the second class of methods that can be used as an alternative to
histochemical staining — use deepineural networks to perform transformations from one chemically
labelled stain to another[4,5] (Figure 26.1ii). While these methods rely on images of chemically
stained tissue as input to the neural networks, they can be used to avoid the need for as many stains
to be performed, without changing existing clinical pathology workflows. Furthermore, H&E, which
many of the transformations are based on, can be performed consistently and is already used in
nearly every clinical case. Therefore, the virtual stain transformation technique can be targeted to
replace more difficult and.costly special stains with their virtually stained counterparts.

Both the label-free virtual staining and stain transformation techniques have been proven to create
highly accurate/computationally generated stains, which are equivalent in quality to histochemical
stains, and allow foraccurate diagnoses to be performed [1,4,6]. In addition to avoiding the need for
chemical labelling (reducingosts and eliminating chemical waste), these techniques have several
advantages over standard histochemical staining. For example, virtual stains are standardized, as the
same/transformation is performed by the neural network every time. This results in stain-to-stain
variations being minimized. Another major benefit is that multiple stains can be performed on a
single tissue cross-section, allowing pathologists to view the same area (and therefore the exact
same cells) with multiple stains rather than relying upon staining of serial tissue sections.
Furthermore, when performing virtual staining of an unlabelled tissue, the tissue is also preserved
for future use if more advanced (e.g., molecular) analysis is needed.
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Figure 26.1 Example virtual staining workflows. Example workflows that can be used to computationally_generate stained tissue images
by (i) digitally transforming histochemically stained H&E tissue images into various other stains (here, (a) Jones silver stain, (b) Masson’s
trichrome, and (c) PAS), or (ii) virtually staining the tissue, transforming autofluorescence images of the unlabelled tissue into the various
stains (here, (d) H&E, (e) Jones silver stain, (f) Masson’s trichrome, and (g) PAS).

Current and Future Challenges

One of the challenges posed during the creation of virtual staining models is the generation of the
image data required to train the neural networks. These.data often'heed to go through an extensive
pre-processing workflow, which can be time-consuming, particularly if manual steps such as data
cleaning are necessary. Furthermore, a significant amount.of data from various sources/labs is
needed to allow the models to generalize to new patients or different sample processing
procedures. This is a particular pain point for stain transformations, as there can be significant
variations between the stains performed at'different labs or even within a single lab. For these
models to be useful, they must be able to generalize to any given stain (that is correctly performed).
The challenges of generalization across heterogenéous data sources are also echoed in virtual
microscopy workflows for plankton imaging (Section 22) and multi-site diagnostic grading systems
(Section 25).

Image-to-image translation techniques such as virtual staining are often performed by deep neural
networks trained using supefvised learning, taking advantage of loss functions that directly teach the
network to perform a mapping between pixels. These structural loss functions ensure that an
accurate transformation is learned. However, supervised learning techniques rely upon images of
the same tissue section captured before and after the staining being matched at the pixel level. This
image registration'task can be difficult, particularly when the tissue is damaged or structurally
altered during the staining process. Furthermore, for the stain transformation technique, the input
to the neural networkiis.a stained tissue image. This further complicates the image registration
process, as'destaining andrestaining of tissue is very difficult. While there has been some success
with using unsupervised learning (e.g., with distribution matching losses) to perform transformations
between stains [5], they may be limited as networks trained only using distribution matching losses
are prone to potential hallucinations [7].

Advances in Science and Technology to Meet Challenges

These limitations have left room for technological advancements to improve upon previously
developed virtual staining techniques. For example, techniques such as data augmentation through
stain style transfer are effective at allowing stain transformation networks to generalize across a
large sample distribution [4]. By developing and incorporating data augmentation techniques for
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other modalities such as fluorescence, virtual staining techniques may become more effective and
generalizable. This push toward multimodal data fusion and augmentation resonates with
approaches taken in micro-physiological systems (Section 23), where multimodal integration.helps
mitigate variability and expand applicability.

Significant improvements to the quality of virtual staining and ease of dataset development can be
achieved by advancing the multimodal image registration techniques used to match tissue images
before and after labelling. Synthetic data can be used to avoid the image matchingyprocess, and have
effectively been used to train stain transformation networks in a supervised manner[4].More
advanced loss functions can also be developed to make the networks less reliant on perfect image
registration. Finally, by modifying the chemical labelling process (i.e., the ground truth generation
step), the stains may be optimized to reduce the physical damage to the tissue, making any image
registration pipeline more accurate and easier to perform.

There is also room to expand upon the unique opportunities afforded by computationally generated
stains rather than using histochemical staining. For example, oneftransformative aspect of virtual
staining is the ability to multiplex stains by performing multiple stains all.from a single scan (as
shown in Figure 26.1, where four different stains are generated from autofluorescence images of a
single tissue section). When a single network is trained to perform multiple stains, the stains can also
be blended to digitally generate new artificial stains, giving different levels of contrast to different
tissue constituents [8]. Such multiplexing of virtual transformations is reminiscent of cross-
parameter mappings explored in the MAGIK framework (Section 20), where multiple dynamic
models are predicted from shared data streams. Multiplexed staining also enables micro-structured
staining, where different tissue areas in a single image of a tissue sample appear as different stains
[8]. In contrast, histochemical staining is a destructive process, so each tissue section can only be
stained a single time and by a single type of stain. Researchers may exploit these and other unique
aspects of computational stains enabled by deep.léarning to improve the speed and accuracy of
diagnoses, with further research being able to determine the best opportunities for virtual staining
to improve existing clinical workflows.

There is also significant room for this technology to advance by taking advantage of the symbiosis
between virtual staining and‘image analysis algorithms. Some preliminary studies have begun to
show this potential, for example, by demonstrating that the information extracted by a stain
transformation network can be:used to improve image segmentation algorithms [9]. This same
technology can be adapted.to improve other downstream image analyses, such as automated
diagnostic algorithms, by.incorporating virtual staining into machine learning-based disease
detection workflows.

Concluding Remarks

The use of virtual staining of label-free tissue, and stain transformations between histochemical
stains is.a rapidly-developing field with significant potential to improve the field of pathology. These
technologies can improve the speed of diagnoses while reducing costs and chemical waste. While
this is still anemerging field of research, with continued advancements and regulatory approvals,
there are many opportunities for it to assist both human and computer-based diagnoses.
Furthermore, as the field of pathology continues to move away from manual inspection of glass
slides’and toward digitization, there will be more and more opportunities for alternative imaging
modalities and digital visualization technologies to make their impact and improve upon standard
pathology workflows.
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27 — Cell phenotype determination
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Status

Identifying cell types and following their dynamic behavior is crucial when delingating
biological mechanisms. Whether in vitro or in vivo, cell-environment interactions result in
stimuli-dependent cell responses. These can constitute, e.g., stem cell differentiation during
embryogenesis, cellular defense responses due to altered extracellular @nvironment, or
malfunctioning behaviors due to pathological circumstances. Typically, intracellular gene
and protein expression profiles are obtained only after cell isolatioh, whereby the spatial
cell-environment interaction is lost. Instead, phenotypic characteristics can rely on visual
traits or cell morphology captured by imaging. The classical methodology uses a probe to
target the cell, protein, or even particle of interest, which is‘detected and visualized by
microscopy. The probe can constitute a dye that binds to.a specificprotein or subcellular
organelle, a fusion protein expressed in genetically modified cells, or another type of
particle or substance that provides information about the cell's'phenotype or behavior. Any
structural or behavioral cell differences are then analyzed via image processing, clustered,
and commonly confirmed with additionalbiochemical analyses. The temporal and spatial
resolution can be modulated depending on theiimaging setup and the probe used. Some
probes can be applied to and are compatibleiwith living cells with minimal impact during a
limited period. Others are harmful@nd will.affect the cells and possibly the response,
therefore are better used on terminated cell cultures or “dead” tissue. Regardless, the
specificity and sensitivity of the methodologyfely on many different parameters, some hard
to control. Further, analyzing the microscopy image outcome of sometimes subtle changes
or variations is far from straightforward,that may be misleading, especially if using rigid,
more traditional image analysis,tools, not to mention the risk of being biased.

With the advancement of imaging techniques and artificial intelligence approaches, a new
era of biological screening has emerged. Deep learning mimics humans' learning process
and includes statisticsiand predictive modeling. This growing trend toward label-free
classification and-analysis strongly complements the virtual staining techniques discussed in
Section 26, which similarly aim to reduce invasiveness while maximizing phenotypic insight.
The technology hassbeen successfully applied in a wide range of biological contexts,
including clinical diagnostics (reviewed in Ref. [2]), and the quantification of dynamic
information from/single cells and their subcelllar components (reviewed in [3]). It is also
central in developing probe-free cell identification and tracking analysis tools. The raw input
data'can stem from various microscopy modalities: bright-field [4], fluorescence [5],
structured illumination [6], scattering [7], or phase contrast [1] (see Figure 27.1), to mention
a few. The abovementioned models are trained using supervised learning, which is suitable
when the input and the corresponding output are known. The network develops a strategy
to.transform an input image into the correct output from labeled training data. Another
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possibility is to train models using unsupervised learning. Unsupervised learning aims te find
hidden patterns from the unlabeled dataset. It carries significant uncertainty about the
features the model considers crucial but is supposed to be less biased compared to
supervised learning models and is foreseen to be the next generation of software models
for complex image analysis.

calcein AM caspase-3/7
(live) (apoptotic)

phase contrast

- - .
o - -

Figure 27.1 Virtual staining performed on phase-contrast images of endothelial cells. Virtual staining performed using a conditional
generative adversarial neural network (cGAN). For each phase-contrast image, there are the corresponding ground-truth (obtained via
chemical staining) and virtually-stained images. The left column shows staining for live cells with calcein AM, and the right column, staining
with caspase-3/7 to detect apoptotic cells. Virtualstaining enables dynamic cell behavioral monitoring on the same cell sample and have
great potential for in vitro studies using sensitive and, or limited cell samples. The scale bar is 50 um. Adapted from Ref. [1].

Current and Future Challenges

Despite the usefulnessiand many available applications of deep learning in cellular
phenotyping, thereare stillichallenges to overcome to improve the efficacy of the
technology in coamplex biological settings. One aspect regards attaining dynamic ground
truth data; the other regards choosing or developing optimal imaging modalities for distinct
purposes.

For examplepwhen targeting specific proteins, cell cultures must be fixed prior to the
addition of immunofluorescent antibodies. This approach was used to generate ground
truth'data, which — when combined with a deep-learning-based method — enabled
successful prediction of progenitor cells' future differentiation direction paths from bright-
field microscopy images [8]. However, this approach makes it impossibility to monitor the
same sample over time. If the goal is to study dynamic behaviors, live-cell data is required,
along with alternative ways to generate ground truth. This can include using dyes
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compatible with live cells, fusion proteins expressed by the cells themselves, or other non#
invasive staining method. Such an approach is not always applicable, e.g., when focusing on
unique protein expressions or using cells that are difficult to manipulate genetically.

The next hurdle is to image and monitor cells in more complex and physiologically relevant
settings, e.g., 3D cell cultures. Such volumetric cultures are often very dense with.,complex
cell-cell interaction patterns, resulting in problematic staining and imaging processes. First,
dyes targeting specific cell structures or proteins might not even reach their targets, a
common scenario seen for organoid staining where dyes have difficulties‘penetrating the
sample. Second, the dense structure scatters the illumination light, limiting the/resolution
and focus, which masks the readout. For instance, this is the case when using fluorescent
probing in a classical setup of light-sheet-based microscopy, where abérrations, and low-
intensity illumination, as a result of scattering, limit the sample'thickness.range. Similar
imaging constraints and penetration challenges are also discussed inithe context of micro-
physiological systems in Section 23, where deep tissue monitoring without perturbation is
critical.

Another relevant challenge is the simultaneous monitoring,of dynamic morphological
changes on both population and subcellular-scale’levels. Such information is relevant for,
e.g., understanding the importance of hetérogeneous versus synchronized cell responses in
cell communication studies or cancer cell screening. In'the latter scenario, discriminating
cells' behavior based on migration speed and directioh, differentiation, and replication
frequency over time will be necessary:

Moreover, although new neural networkimodel architectures require only a few or even just
one image for training, many.currently best-working networks require high computational
power for training and data analysis. Unfortunately, not all users interested in switching to
Al-based software have access to suchicomputational clusters or powerful computers with
GPUs.

Advances in Science and Technology to Meet Challenges

Meeting these challenges requires progress both in imaging techniques—to provide data
rich in information forinput into deep learning models—and on the theoretical side, to
develop models/capable of accurately interpreting the often non-grid structured and
interconnected nature of biological information (see Figure 27.2).

Powerful imaging techniques across multiple modalities—such as high-speed light-sheet
microscopy for live tissue [9], 3D-structured illumination microscopy for subcellular imaging
of thick'samples [10], and 3D single-molecule super-resolution microscopy using a tilted
light sheet combined with microfluidics [11]—have the potential to overcome current
limitations’in volumetric imaging, enabling time-resolved monitoring of dynamic cell
behaviar across scales from large to small. These methodologies could benefit from
combining with Al, such as graph neural networks (GNNs), to classify and predict the
outcome. Such use of advanced neural architectures for modeling spatially distributed
biological phenomena aligns well with recent applications in multimodal motion
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classification (Section 20) and in single-cell dynamics (Section 21). Especially in the
biomedical field, GNNs have recently attained much attention, due to their ability to, by
signal processing, model unstructured and structured relational data (reviewed in [12]).

Recently, a CNN-transformer network, known as a U-net integrated transformer (Ul<Trans),
was recently applied for long-term 4D imaging of zebrafish heartbeat dynamics inwvivo [13].
It enabled high-resolution imaging across developmental stages with minimal light exposure
and acquisition time. The model successfully captured both fine details and'global
structures, outperforming existing deep learning methods.

GNNs have also been utilized in an alternative approach where photoactivatable fluorescent
probes target annotated cells, and live cell spatial transcriptomics data is attained [14]. The
approach provides spatial structure and high-throughput gene expression profiles for
individual cells in parallel, successfully clustered by implementing/GNNS:

Instead of using expensive and sophisticated microscopy sétups.for 3D imaging, there is also
the possibility of applying different reconstruction appreaches that augment, e.g., light-field
microscopy images, to circumvent this technology’s limitations of nonuniform resolution
and slow reconstruction speeds. A so-called view-channel-depth (VCD) neural network [15]
yielded artifact-free volumetric image sequences with consistent spatial resolution, allowing
real-time reconstruction of biological dynamics.

Regarding the efficacy with which different networks run, improved network architectures
will reduce the computational speed.and, ovetall, the computational load on local
computers. Further, relying on completely unsupervised or semi-supervised machine
learning networks, where a small numberof labeled data is mixed with unlabeled data and
used for training, will be especially useful when analyzing large data sets that, in turn, will
require less computational power.
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Figure 27.2 Methodological outline of probe-free cellular phenotype classification using 3D microscopy and deep learning image
analysis. An organoid is a 3D in vitro cell culture that constitutes a complex, self-assembled cluster of organ-specific stem cell-derived cells
(diameter size ranging from approximately tens of micremeters to a few mm). The culture system is a powerful tool in biomedical studies,
especially when monitored dynamically and would‘benefit from live 3D cell imaging and deep learning phenotype identification. Novel
imaging modalities are required to provide high temporal‘and spatial imaging of the dense organoid structure, and the downstream deep
learning-assisted image analysis is foreseen to permit extracting quantitative cellular phenotype information.

Concluding Remarks

Al for cell biology and biomedicine is.a rapidly developing interdisciplinary field that urges
tight collaborations across disciplines. The field should focus on developing new tools and
providing them in a form_ that users can modify and retrain the networks for custom image
processing with minimal effort. Hence, there is an urgent need for user-friendly software
interfaces. Without'them, itiisvery challenging to incorporate Al-aided software in biological
laboratories where there.are often no programming experts. Reliable, probe-free analysis
methods are here to stay and will probably alter many biological laboratories' standard
routines. By novel imaging techniques combined with Al, not only single cells in 3D will be
possible to.distinguish.and classify, but complex self-assembled patterns where multiple cell
phenotypes,organize themselves due to environmental cues are foreseen to be tracked over
time.
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28 — Neuroimaging analysis
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Status

Neuroimaging techniques such as magnetic resonance imaging (MRI), computed tomography (€T)
and positron emission tomography (PET) have been widely used to understand the structure and
function of the healthy brain as well as the brains of patients with neurodegenerative and psychiatric
disorders. The recent technological advancements in these techniques have led to the/collection of
larger amounts of higher quality brain imaging data, which has been challengingto.analyze using
traditional machine learning approaches due to the complexity of brain/anatomy.as well as the
inherent variability in the images, e.g., due to different scanners or scanning protocols. As a result, it
is imperative to create novel, efficient and generalizable methods capable of processing this
increased volume of available data [1].

Deep learning models are a promising tool to integrate, assess and make predictions from brain
imaging data by using artificial neural networks with multiple layers (Figure 28.1) that extract more
meaningful information compared to conventional methods. While its application in clinical practice
has not been extensive, there are multiple examples showing its benefits [2], e.g., in the case of
assisted reporting, where deep learning methods are'used to pinpoint or quantify pathological
changes in medical images. These diagnostic classification strategies share a conceptual foundation
with digital pathology (Section 25), where deep'learning,similarly learns subtle morphological
markers to support clinical decisions. Insneuroimaging research, deep learning tools have also been
applied to image acquisition and preprocessing by improving the speed of image reconstruction [3],
creating higher-resolution images from the originally obtained low-resolution ones or detecting
artefacts in the images [1, 4]. Furthermore, one of the most important applications of deep learning
has been in image segmentation, i.e;;dividing the image into several regions with comparable
properties, allowing for their subsequent gquantification [5] (Figure 28.2). Finally, deep learning has
been used in disease diagnosis and.prediction, where subjects are classified into different disease
groups based on shared behaviors or biomarkers [2].

Despite the enormous potential of/deep learning tools, the growing availability of high-quality data,
facilitated in part by the creation of many large-scale open-access databases, suggests that it may
play a more significant,role inffuture research. Since these tools are not based on any prior
assumptions about the data, deep learning methods can identify novel and unique traits in the data
that could provide new knowledge, and therefore allow changing currently established practices,
e.g., in studying diseasesior categorizing patients.
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Figure 28.1: Depiction of commonly used deep learning architectures in neuroimaging studies. Panel A demonstrates the structure of a
typical convolutional network for accurate binary or multi-class.elassification using neuroimaging data. Panel B represents a U-Net
architecture commonly applied in skull-stripping.
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Figure 28.2: Examples of deep learning applications in neuroimaging pipelines. Deep learning has been utilized in neuroimaging studies
extensively due to its ability to detect abstract and complex patterns. This figure provides several common examples of applications, the
most common of which are A) segmentation, B) denoising, C) image or 3D reconstruction, and D) detection of abnormal intensity patterns.
Segmentation and detection examples are from the authors’ previous work and depict the automatic segmentation of a subdural
haematoma in a CT scan and the identification of abnormal tau deposition patterns in a PET scan.

Current andFuture Challenges

The benefits of using deep learning methods in data analysis are clear, nevertheless, several
limitations hinder their widespread application. Some of these limitations are technical, e.g., the
higher dimensional methods needed to analyze the three- or four-dimensional medical images are
computationally expensive and computer memory intensive. Furthermore, the lack of understanding
of.therigorous mathematical framework and underlying theory by end-users can lead to problems
with the interpretability of the models, which could limit their applications and lead to wrong
conclusions [1].
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One of the most frequently encountered obstacle for deep learning is obtaining the data needed to
test and validate the model [4]. These models need a large number of training data to achieve a
good prediction and to prevent overfitting to the training sample. However, especially in the context
of supervised learning, producing labelled data is difficult and expensive [2]. Furthermore, the
training data needs to be general and representative of the population data that the model'is
expected to assess. Most implemented models are tested on local datasets, which could have a
distribution that is different from real-world data, leading to decreased generalizability and
reproducibility of the particular model and difficulties in the comparison of its performance against
alternative models. Finally, even if the model’s application is limited to a certainfimaging modality or
disease, there is a variability in the quality of the image, e.g., due to the use of different hardware or
imaging protocols, which could again lower the generalizability of the specific model{1, 4].

However, the main issue of deep learning models is their lack of validation.in clinical settings. Model
performance has traditionally been evaluated using statistical measures that.are/frequently obtained
from synthetic data. Several visual explanation approaches (e.g., occlusionianalysis, gradient-
weighted class activation mapping) have been proposed to obtain the heatmap from deep learning
models, and therefore, further the understanding of the biomarker representation from
neuroimaging data via deep learning. However, in some cases, suchmetrics can be difficult to
interpret by clinical experts and may not be in agreement with experts’ predictions, leading to some
doubts in the models’ predictions. Furthermore, analyses iniresearch are commonly performed on
more standardized, high-quality images or even on synthetic data, which greatly differ from the real-
world data acquired from patients in the clinic. This.distinction between research-grade and real-
world data, and the associated generalization gap, is alse.emphasized in the context of virtual
staining and histopathology transformation (Section 26), where sample preparation inconsistencies
can derail predictive performance. Hence; this could present an important obstacle for the
generalization and practical application of deep learning models in clinical settings [2, 3].

Advances in Science and Technology to Meet Challenges

To overcome the technical challenges, several methods to reduce the dimensionality of the data
and, in turn, decrease the computer load have been proposed, e.g., training on only a part of the
image, or representing 3D images asiasstack of 2D images and use lower dimensionality models to
analyze them. The computational time can be further decreased by employing transfer learning [6],
a widely used methad that'€ntails pre-training the model on a large dataset, recording the obtained
weights and finally, applying them to the neural network assigned to the current task. Transfer
learning and data augmentation strategies are likewise employed in subcellular microscopy tasks
(Section 21), where labeled datasets are scarce and simulation-based methods are needed to train
robust models. Therecording of the pre-trained weights allows researchers to train only a subset of
layers for the current task, which requires less data; also performing the pre-training on a large data
set can lead t0 more robust results. Another benefit of transfer learning is the ability to share the
well-trained deep learning models between researchers, which can be an important step to improve
the generalizability and robustness of these models.

Another broadly used technique to increase the training set and prevent overfitting is training data
augmentation [7]. Using this technique, the size of the dataset is effectively increased by introducing
some random variations in the data, e.g., random transformation of the image by translation,
rotation or deformation, introducing intensity shifts or scaling factors. In addition to augmentation,
other techniques have also been developed with the aim of preventing overfitting, including dropout
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(i.e., randomly removing nodes from the network at different layers during training) as well as
regularization of the network that ascribes weight penalties to different nodes.

To increase the level of use of deep learning methods in clinical settings, it would be necessary to
include the end-user in the process of design and testing the model, enabling the user’s
understanding of the model and allowing an easier interpretation of the results. Steps have already
been taken in that direction, including attempts to integrate the different deep learning frameworks
into the commonly used analysis pipelines and the scanner itself [3]. If successfullyjintegrated, such
approaches would allow for multi-site testing and validation for a given method, improving its
generalizability.

Finally, there are several ongoing studies aimed at obtaining and providing large, publicly available
data sets, e.g., UK Biobank [8], Human Connectome Project [9] or OASIS3 [10]. The availability of
these data sets is extremely important for the design of novel deep learning methods as they can
provide a single setting in which different methods could be compared.and benchmarked against
each other.

Concluding Remarks

Despite the number of challenges that need to be overcome by deepilearning algorithms so that
they can be more widely applied to neuroimaging analyses both.in research and clinical practice,
there is already overwhelming evidence showing their/potential in producing very valuable results.
With the current advancement in image acquisition technology, increase in the knowledge of the
theoretical underpinnings of the models and understanding:of the environment where they would
be applied, it is feasible to expect that the current limitations will be addressed in the near future.
This will allow researchers and clinicians to agree ‘on the exact protocols of applying these
techniques to clinical data, e.g., whether.the deep'learning algorithms should be applied as a sole
method to tackle a given analysis or if they should be combined with alternative methods or human
expertise. Therefore, deep learning applications’in neuroimaging are likely to achieve even more
impressive results in the next few years.

Acknowledgements

The authors are funded by a Swedish.Research Council grant (#2022-01108); Alzheimer Foundation;
Brain Foundation (#2022-014); by European Union — NextGenerationEU and the Romanian
Government, under National Recovery and Resilience Plan for Romania, contract no.
760250/28.12.2023, cod PNRR-C9-18-CF109/31.07.2023, through the Romanian Ministry of
Research, Innovation and Digitalization, within Component 9, Investment 18; Strategic Research Area
Neuroscience (StratNeuro); Kl Consolidator grant, Center for Medical Innovation (CIMED); Konung
Gustaf V:s och Drottning Victorias Stiftelse; Foundation for Geriatric Diseases at Karolinska Institutet;
Gamla Tjanarinnor; Stohnes Foundation; Lars Hiertas Memorial Foundation

References

1. [ A.S. Lundervold and A. Lundervold. "An overview of deep learning in medical
mmaging focusing on MRL." Zeitschrift fiir Medizinische Physik, vol. 29, no. 2, p. 102-
127, 2019.

2. __T. Ching, D. S. Himmelstein, B. K. Beaulieu-Jones, A. A. Kalinin, B. T. Do, G. P.
Way, E. Ferrero, P. M. Agapow, M. Zietz, M. M. Hoffman, W. Xie. "Opportunities and



Page 147 of 190

oNOYTULT D WN =

10.

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1

obstacles for deep learning in biology and medicine." Journal of The Royal Society
Interface, vol. 15, no. 141, p. 20170387, 2018.

J. Montalt-Tordera, V. Muthurangu, A. Hauptmannand and J. A. Steeden. "Machine
learning in magnetic resonance imaging: image reconstruction." Physica Medica, vol.
83, p. 79-87, 2021.

M. A. Mazurowski, M. Buda, A. Saha and M. R. Bashir. “Deep learning in'radiology:
An overview of the concepts and a survey of the state of the art with focus on

MRI.” Journal of magnetic resonance imaging, vol. 49, no. 4, p.939-954,2019.

Z. Akkus, A. Galimzianova, A. Hoogi, D. L. Rubin and B.J. Erickson. "Deep learning
for brain MRI segmentation: state of the art and future directions." Journal of digital
imaging, vol. 30, no. 4, p. 449-459, 2017.

K. Weiss, T. M. Khoshgoftaar and D. Wang. "A survey of transfer learning." Journal
of Big data, vol. 3, no. 1, p. 1-40, 2016.

C. Shorten and T. M. Khoshgoftaar "A survey on image data-augmentation for deep
learning." Journal of Big data, vol. 6, no. 1, p. 1-48, 2019.

K. L. Miller, F. Alfaro-Almagro, N. K. Bangerter, D. L. Thomas, E. Yacoub, J. Xu, A.
J. Bartsch, S. Jbabdi, S. N. Sotiropoulos, J. L.Andersson and L. Griffanti. "Multimodal
population brain imaging in the UK Biobank prospective epidemiological study."
Nature neuroscience, vol. 19, no. 11 p. 1523-1536;2016.

D.C. Van Essen, S. M. Smith, D. M{Barch, T. E. Behrens, E. Yacoub, K. Ugurbil and
Wu-Minn HCP Consortium. "The WU-Minn human connectome project: an overview.'
Neurolmage, vol. 80, p. 62-79, 2013.

P.J. LaMontagne, T. L. Benzingeryd..C. Morris, S. Keefe, R. Hornbeck, C. Xiong, E.
Grant, Hassenstab, J., K. Moulder, A. G. Vlassenko and M. E. Raichle. "OASIS-3:
longitudinal neuroimaging, clinical, and.cognitive dataset for normal aging and
Alzheimer disease." MedRxiv, 2019.



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1 Page 148 of 190

29 — Bio-analytical and diagnostic transmission electron microscopy
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Status

Transmission electron microscopy (TEM) offers the only means of directly seeing and analyzing
biological nanoparticles and structures at the nano-level. The recent focus ongene therapy and revival
of vaccine development has contributed to an increased interest in TEM as:an analytical tool of
biological nanoparticles in drug development and formulation, in addition torits established use in
disease understanding and clinical diagnosis. The advent of automation capabilities in image acquisition
in combination with the expectations of deep learning provide possibilitiesiand promises for making
TEM more accessible. An overview of deep learning used in various electron microscopy applications
(biology as well as material science) can be found in Ref. [1].

As repeatedly demonstrated in computer vision applications and.many medical and microscopy proof-
of-concept studies, deep learning offers the great possibility.to learn relevant information from
examples. Thereby, the human’s limited capability to instruct the computer on what information to
extract can be excluded. It has the general drawback that a priori expertise and information not
represented in the examples will not be incorporated'in the;model unless explicitly added. It is also
difficult to decipher and validate what infermation is used to reach a decision. This leads to
interpretability and reliability issues which'practically limit deep learning deployment in real-world TEM
bio-processing and clinical applications. These applications often face a scenario with a limited amount
of training images, lack of or unreliable ground truth, non-representative or too narrow training sets, as
well as regulatory requirements. Such'limitations also arise in neuroimaging (Section 28), where high-
dimensional but scarce labeled datasets and clinical validation challenges limit widespread adoption. In
addition, for image data in clinical situations, there is also a fear of missing “other” and unexpected
information obvious to the experienced eye.

Commonly used Al networks are very self-confident in their predictions, also when the evidence for a
certain decision is dubious. This results in so-called silent failing i.e., misclassifications and unreliability
due to too narrow training sets, as well as missing structures in the sample not directly asked for. For
certain applications, this is a showstopper. However, in other applications, a model doesn’t need to be
extremely accurate,or genéralize to be useful. They can solve or contribute to a particular step in the
analysis pipeline, be interactively fine-tuned by the user for each dataset to be analyzed, or serve as a
detection or.segmentation step further processed or validated by the user. Thus, in many practical
scenarios, tools that reduce rather than remove human input are in demand.

Current:and Future Challenges

Common to all types of microscopy is the need to adapt and modify deep learning methods to the
prerequisites and characteristics of the different imaging techniques. Some general issues that need
TEM domain-specific attention are:
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Quality and amount of annotated image data. The training dataset has to be carefully prepared
to represent all variations that can be observed in the application. It is, however, easy to.miss rare
albeit important instances. In a real setting, the models will not only have to face all varieties of
data appearances but also anomalies unlike anything in the training set. Typical supervised
models fail when presented with a sample from a different class or appearanceithan those'in the
training set. This is exemplified in Figure 1. What might be obvious to a human expert requires
careful consideration when training and verifying deep learning models.

Design of performance and evaluation criteria that are relevant for the.imagery:and application.
A TEM is a complex scientific instrument used to gain information about nano-scale features. In
contrast to many computer vision applications, looking pleasant is net interesting while being
correct is crucial.

Adaptation of network architectures to focus on the characteristics of TEM. For example,
features at the single-pixel level in combination with large-scale.information are usually key for
what is studied. The images can in general not be down sampled as’is done as a pre-processing
step to many standard deep learning models without severeloss of information.

Development of TEM-specific augmentation techniques that incorporate variations in
instrument settings and properties, as well as modality-specific artifacts. This is especially
important for complex imaging techniques such as;TEM since generating real data representing a
lot of variation (instrument makes and models, instrument settings, sample preparation, etc.) is
difficult due to the low abundance of microscopes and high cost. The value of appropriate
augmentation has e.g., been shown in stain'noermalization in pathology [3]. Comparable efforts to
overcome domain shift and limited annotations have been extensively discussed in Section 25
and Section 26 on digital pathology.and virtual staining, respectively.

Lower the expectations to gain real value. Shift the focus from trying to apply and “market” deep
learning as the magic answer to all problems/to seeing it as a tool in the toolbox to aid the imaging
and analysis process. For example, to automate instrument control as exemplified in [4] to
simplify imaging and increase robustness, or to assist the sample analysis and thus reducing the
manual input for corrections or verification provided by a human expert.
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Figure 29.1 lllustration of the importance of representative training data. Most of the dengue images [2] with more than 2 virus particles were
randomly assigned to the test set. They were confused with astrovirus and/or West Nile Fever due to the untrained context.

Advances in Science and Technology to Meet Challenges

As described above, many of the challenges.are common and general for microscopy and medical
imaging techniques but require a specific modality orinstrument focus. Therefore, theoretical deep
learning advances, as well as insights gained in other.imaging domains and applications, are also of
interest to TEM. Incorporating physics and constraints in the deep learning models and/or loss function
is one such technological advancement that has proven useful in other domains [5], but is yet to be
widely explored in TEM instrument control and applications.

Another example is the Humansin-the-loop trend [6], meaning that the user or expert guides the model
training, evaluation, or use (soametimes referred to as human-in-the-loop data analytics — HILDA). This is
particularly useful in applications with limited (annotated) data, or when fine-tuning or human
validation is required for each'new sample/dataset. One example of such a human-in-the-loop approach
also showcased on EM data'is [7]. The user interactively marks the type of objects to search for in a
dataset and then validates suggested objects in iterative steps.

The lack of training data and EMrbenchmarking datasets is being addressed to some extent via
competitions or.“challenges” such as the ISBI 2021 challenge “large-scale Mitochondria 3D Instance
Segmentation from Electron Microscopy Images” and the 2012 challenge “Segmentation of neuronal
structures.in EM stacks”. This benchmarking and community-based validation echoes initiatives like the
AnDi challenge described in Sections 21 and 36. In addition, the recent requirements by journals and
conferences/to publicly share image data will naturally lead to increased availability of also TEM images.
Recently-authors Matuszewski and Sintorn published a virus classification data set and deep learning
benchmark performance [2], focusing on discussing the importance of training and test sets
répresentativeness and its impact on performance and reliability in real-world applications.
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In recent years, following a large interest in understanding deep learning decisions, more attention has
been put on designing models producing confidence scores [8], anomaly detectors [9], and interpretable
models, all to strengthen deep learning reliability and trustworthiness. A sign of technology maturation
of deep learning in medical imaging along those lines is to apply deep learning to smaller interpretable
parts (cf. as a tool in the toolbox) contributing to the decision support with additional sources of
information rather than constructing a deep learning black box total solution [10].

Concluding Remarks

Many of the issues with deep learning deployment in real situations are common to all imaging
modalities, e.g., lack of sufficient amounts and variations of realistic and annotated training data, as well
as reliability and interpretability of the results. General advances in deep/learning methodology and
making more TEM image data publicly available will of course transfer to and benefit users also in the
TEM field. In addition, incorporating electron imaging physics and instrumentation properties into deep
learning models and data augmentation properties is a foreseeable adaptation from other imaging
fields.

Perhaps somewhat more specific to TEM, we foresee that deep learning will play a big role in instrument
control and automation and hence make this complex imaging technique more accessible and available.
We also believe that theoretical deep learning development focused on the prerequisites in TEM will
lead to better and more efficient architecturesforhandling the large-scale spanned in TEM imaging and
analysis. Often the interplay and correlation of image features at multiple scales including information at
the finest pixel level is needed to gain insight, and multiple scales need to be traversed to find objects or
regions of interest in the huge search space a sample in TEM constitutes.
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Status

With modern optical, electronic and chemical technology, imaging experiments.can berun efficiently
in high throughput to address pressing research questions in drug discovery and functional genomics.
Given the massive amounts of imaging data generated by such experiments, accurate software
platforms are also necessary to transform images into high content quantitative data for downstream
research. Phenotypic high content imaging assays have been used to determine mechanisms of action
of drugs, predict toxicity, and even predict the outcomes of other,/nen-imaging assays (reviewed in
[1]). While deep learning approaches are not currently universal within high'¢ontent/high throughput
screening(HCS/HTS), work in recent years has illustrated several ways in.which deep learning can add
value to these assays (Fig 1).

The computational workflow to transform images into biological insights typically begins with
segmentation - that is, providing an exact boundary for each,desired object within the image. This
area has progressed the furthest in recent years; thanks to foundation models that generalize to new
experiments [2], and successful tools becoming widely available to the community [3].

When the objects of interest — typically single cells — have been identified by segmentation, the next
challenge is feature extraction. This involves quantifying the unique properties of cell state, cell
structure, and phenotype observed in the images.using multi-dimensional representations [4]. Recent
advances in representation/ learning may ‘automate data-driven optimization of feature
representations, instead of requiring analysts to manually create feature sets.

The quality and content of images:themselves can now be enhanced and expanded using image
generation and modification strategies. Generative models (such as some deployed in [5]) can now
improve the resolution,and signal-to-noise ratio of images, which improves the quantitative data
obtained. Similarly, networks can predict the staining pattern of many biological stains from unstained
images, allowing one.to generate measurements of biological structures that were never directly
stained (reviewed in [4])..Generative models can also reduce the effects of technical variation (e.g.
well or plate effects) by modeling and then removing them; this can allow the researcher to calculate
how an observed image:would have looked if it was captured in a different batch [6]. Similar batch
correction| strategies are also explored in virtual staining workflows (Section 26), where domain
transferand harmonization are essential for consistency across staining protocols.

Finally).deepflearning has the potential to change the scale at which assays must be run: training
models to predict the outcome of one assay based on already-collected data from an orthogonal assay
has been shown to enhance secondary screening hit rates up to 200X [7].
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High performance computing
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Figure 1 - Left panel: Five ways deep learning can add value to high.content assays. Clockwise from
top left: predicting outcomes of other non-imaging assays; removing blur, noise, or batch-induced
variation from images; segmenting objects; extracting‘numerical feature data; and predicting stains
not acquired. Methods are not mutually exclusive - any or several may be used on any high content
assay. Nuclear images courtesy of the Broad Bioimage Benchmark Collection BBBC022. Right panel:
high performance computing is necessary for,processing imaging screens. Deep learning models
usually benefit from graphical unit processing (GPU) acceleration (top). When processing HCS/HTS
data, the processing load can be distributed among multiple machines both during training and
deployment of models, resulting in linear scaling of compute requirements as the number of images
increases; this is favorable compared to other applications where compute requirements increase
exponentially as data size does. (bottom). Note that GPU acceleration is significantly more expensive
than CPU computing, both when/purchasing hardware and in the cloud.

Current and Future Challenges

With recent advances.in deepilearning research on bioimage, the problem has shifted from assessing
whether deep learning could help to choosing which aspects of your workflow benefit most from deep
learning. As deep learning can potentially improve many aspects of the HTS/HCS process (see above),
at each step one must assess which options are available, how much they stand to improve the final
data, and what the compute, person, and opportunity costs are to implement them.

Compute considerations are critical in HTS/HCS: assays typically involve dozens or hundreds of plates
with thousands of fields of view per plate [1]. At this scale, speed matters: each second of analysis
time equals ~1 CPU hour per plate. While deep learning techniques can be orders of magnitude faster
than conventional approaches [8], these increased speeds often rely on access to GPUs, which are at
a premium compared to CPUs in most on-premises and cloud environments.

Person and opportunity costs are harder to predict or measure, since one must investigate options
(and therefore partially incur these costs) in order to assess the potential benefit. For tasks where
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tools already have been made for a “substantially similar” task, care must be taken to assess how
similar the external training data is to one’s own data; differences invisible to the human eye can'still
require retraining. If the external training data is sufficiently large and varied, publicly available:imodels
may be appropriate without further training; this assessment is often easier if the developers have
released performance statistics on public benchmarks. Even when existing tools require no retraining,
many require advanced computational skills to use and/or scale; a 2022 conference poll'en “Barriers
to entering HCS” identified “access to knowledge” as the largest barrier and “Python” as the thing'they
most wished new employees knew (Cimini, personal communication). This concern over accessibility
and tool usability mirrors the call for user-friendly Al interfaces raised in Sectioni27 on cell')phenotype
determination, particularly for non-programming biological users.

If one decides that no existing tools are appropriate, many more decisions emerge - should one adapt
an existing bioimaging tool, or seek out new computational architectures? If using an existing tool,
should one train from scratch or fine-tune an existing model? Are‘there existing biological data sets
that you can use for training, or must you generate your own? How should the ground truth be
defined, how can it be made efficiently, and what are appropriate metricsof success? These questions
are difficult for experts to answer and will take even longer for newusers.

Advances in Science and Technology to Meet Challenges

The success of deep learning for natural images is partly explained by the careful curation of datasets
with ground truth annotations. Ground truth collection.has been slower for microscopy analysis tasks,
but the field is making progress for problems such as cell segmentation [2], [3]; more coordinated
efforts are necessary to expand the availability of well annotated data for training foundation models
under different experimental conditions. Since creation of these sets is costly and time consuming,
training strategies that do not require supervisionior explicit annotations for learning should be deeply
explored. Such semi-supervised and.contrastive learning approaches have also gained momentum in
single-particle tracking (Section 21) and.neuroimaging (Section 28), where labeled data is difficult or
costly to obtain. For instance, a family of self-supervised learning techniques, including contrastive
learning, use image matchingmunder different transformations (such as cropping or color adjustment)
to capture machine-useful (though not human-interpretable) features that make an image unique.
These features have'shown to.be-highly informative to recognize objects in natural images and could
be used for phenotypic analysis in images of cells or to accelerate training of segmentation and/or
classification models by.requiring significantly less ground truth to fine-tune.

While more powerful,networks are needed, these tools will not gain wide adoption if users find them
too challenging to use. Educational materials, tutorials, guides and documentation for non-experts on
how to make decisions (about models, hyperparameters, and more) and use these tools in practice
are reduired to reach the scientists that will ultimately use them to drive biological discovery. This will
require tools to create easy to use user interfaces [9] or plug-and-play API libraries that can be loaded
indupyter,Notebooks[5] or similar environments to support the development of quick and reusable
processing pipelines.

Finally, once an approach is finalized by the scientist, deep learning architectures require significant
computing resources; while these needs are greatest during training, they may also be significant for
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processing new datasets in inference mode, which provides an especial challenge for the scalesof
HTS.New advances in model compression and efficient architectures must be developed and adopted
for bioimage analysis. Energy efficient architectures can run on mobile devices and could be useful to
accelerate processing where GPUs are available or to allow deployment where they are not. To serve
HTS-scale data, tools must also be developed to allow easier parallelization of models across remote
servers or cloud computing services [5], [9], [10]. The community also needs guidelines'to navigate
these computational choices and to make architecture and platform decisions in practice.

Concluding Remarks

While it advances rapidly, deep learning continues to have great potential.to revelutionize the entire
HCS/HTS process, from assay design to compound selection to segmentation-and feature extraction.
As new tools are created and/or refined to tackle these and other as-yet-unimagined possibilities, we
believe that emphasizing reusability, interpretability, and scalability wilbhelp the entire community.
Training on diverse image sets, while more time consuming, leads.to reusable tools which require
minimal hand configuration[2], [3], and comprehensive documentationrincreases practical ability to
reuse. Tools should maximize interpretability: for some tools, thissmay involve disclosure of failure
modes; for others it may involve adding attention maps so users understand what led the network to
a particular conclusion; and for others creation of grotnd. truth'benchmarks to better align results
across experiments. Finally, reusable and easy ways to generically scale new approaches must be
developed to ensure adoption at HTS scale. If such tools'are/created and made widely available and
user-friendly, it is easy to imagine that in a very few years there will be no steps in HCS/HTS that do
not routinely incorporate deep learning models.
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Status

The success of diagnostic and interventional medical procedures is deeply rooted in the ability of
modern imaging systems to deliver clear and interpretable information. One of the most widespread
imaging systems available in hospitals and clinics around the world is the ultrasound imaging system.
With its 60+ year history, ultrasound imaging has four major benefits in comparison to other medical
imaging and microscopy systems: (1) safety, (2) portability, (3) cost-effectivenessyand (4) real-time
delivery of images.

While sound is transmitted and received in ultrasound imaging systems, when augmented with lasers
and other light sources to create photoacoustic imaging systems, light is transmitted and sound is
received. This alternative approach provides optical absorptieminformation, rather than the acoustic
reflectivity information that is provided with traditional ultrasoundiimaging system, while retaining
the four major benefits noted above. Ultrasound and photoacoustic’images may also be interleaved
to improve the overall clinical experience.

In both ultrasound and photoacoustic imaging systems, the'sound received by an array of acoustic
sensors is typically converted to an interpretable image through the beamforming process, which is
often the first line of software defense against poor quality images. However, the beamforming
process has historically suffered from' recurring limitations that produce poor image quality in a subset
of patients. In particular, traditional beamforming procedures rely on assumptions about wave
propagation (e.g., sound speed, acoustic pathways) that are not true in the presence of significant
inter- and intrapatient variations: For example, a single, direct path from an ultrasound or
photoacoustic source to the acoustic receiver is often assumed, but this assumption does not consider
the presence of multi-path acoustic scattering or reflections that occur in the presence of acoustic
impedance differences.

While deep learning/is impacting ultrasound and photoacoustic image formation through
improvements to beamformers, image quality, and diagnostic interpretability [1,2], no historical
advance prior to this impact has combined multiple benefits in a single image formation or signal
processing step/[3]. As a result, potentially useful information provided by the same raw data is either
absent or prolonged, considering that advanced methods may be time consuming to implement and
are typically applied in succession, rather than in parallel. Alternatively, a deep learning approach has
the benefit of learning from multiple training examples, rather than relying on flawed assumptions.
This benefit opens the door for the delivery of clear, interpretable images that combine multiple
benefits in parallel, based on a single input of raw sensor data [3]. An example of this approach is
presentediin Figure 31.1.

Page 158 of 190



Page 159 of 190

oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JPPHOTON-100480.R1

Input:
Raw
Sensor
Data

Figure 31.1. Deep-learning enhanced ultrasound or photoacoustic imaging. General concept of supplying a single input of
raw ultrasound sensor data, from which multiple outputs are simultaneously produced in parallel with the assistance of deep
neural networks (DNNs).

Current and Future Challenges

Three significant challenges surround the capability of deep learning to create ultrasound and
photoacoustic images that combine:multiple image formation and signal processing techniques in a
single step. First, ultrasound and photoacoustic sources must be localized and detected in the
presence of noise and artifacts.'Based on the Hyugens-Fresnel principle [4], this challenge can be
reduced to detection of point-like sources, which can represent single scatterers within tissue, needle
or catheter tips, photoacoustic signals from an optical fiber tip, or individual microbubbles. When the
acoustic response from a point'source travels outward from the source to the transducer, the shape
of the recorded wavefrontiis determined by the distance from the source to the acoustic receivers.
Thus, sources that are closer to an array of acoustic receivers will have a different recorded wavefront
shape than sources that are farther away. This unique shape-to-depth relationship can be learned by
deep neural networks (DNNs) [5,6]. Advantages include the ability to spatially locate acoustic sources
with high precision and accuracy in comparison to images created within the diffraction limits imposed
by the beamforming process [6,7].

The second challenge is accurate segmentation of an imaging target or disease feature of interest. The
underlying goal is to produce an image that emphasizes structures of interest for a particular
application and deemphasizes surrounding structures. Segmentation is typically performed after
image formation, but if the image quality is poor, then the segmentation will also suffer. This is
additionally problematic when ultrasound or photoacoustic imaging systems are operated by less
experienced users or when automated tasks rely on segmentations to deliver a diagnosis, treatment,
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or medical assessment. Similar concerns regarding operator variability and automation reliability are
echoed in the digital pathology domain (Section 25), where inter-observer disagreement can hinder
model training and interpretation.

The third challenge is the time required to create images with advanced beamforming methods, such
as coherence-based images. For example, the short-lag spatial coherence (SLSC) [8] beamformer
successfully reduces acoustic clutter in cases where traditional clutter reduction methods, such as
harmonic imaging, fails. SLSC beamforming also has the ability to determine the fluid er solid content
of suspicious masses [9]. Despite these benefits, SLSC and similarly advanced<beamformers can be
computationally intensive to implement, which has hindered integration into existing clinical systems.

Additional challenges that must be overcome to enable widespread future impact include the ability
to understand, interpret, and predict expected network outcomes and failure paints. This ability will
enable systematic development of new deep learning approaches. In addition, providing the most
optimal speed up of advanced beamforming approaches will expand existing potential, and smart
integration with robotic approaches will promote future possibilities forfully automated procedures.

Advances in Science and Technology to Meet Challenges

DNNs were either applied or created to address the three, significant challenges noted above. Point
source detection was demonstrated with multiple networks, including AlexNet, Resnet, and VGG-16
[7]. Segmentation and feature detection from raw.data was.demonstrated with U-Nets [3]. CohereNet
[10] was created to calculate coherence functions for the advanced SLSC beamformer. CystNetl
[11,12] and CystNet2 [12] each consist of one encoderand two decoders, and these networks were
built to simultaneously image and segment cysts from raw ultrasound data in parallel, rather than
perform the traditional sequential approachuFigure 31.2 shows the architecture of a selection of these
DNNs.
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Figure 31.2. Examples of neural networks applied to photoacoustic and ultrasound imaging. DNN architectures were
applied or created to address challenges with photoacoustic source detection, spatial correlation calculations, and segmentation.
Each DNN accepts various versions of raw channel data. Adapted from Refs. [6,10,12].

These advances either‘independently or collectively demonstrate the feasibility of creating multiple
outputs from a single input of raw channel data with DNNs. The collective demonstration exists
because it is possible torconcatenate multiple DNNs in parallel, thus providing an approach to input
raw data to each concatenated network and achieve simultaneous outputs from each input. While
many of the_networks,noted above were trained with simulated data that mimicked the physics of
wave propagation[7,11,12] or in vivo breast data which contains variability arising from highly
heterogeneous breast tissue [10], it is a critical advance that each DNN operated on sufficiently
variable data sources relative to the training data. This generalizability highlights the success of the
training process. This physics-informed training paradigm aligns with modelling approaches used in
neéuroimaging (Section 29) and TEM (Section 28).

An.apparent tradeoff between providing human-interpretable images and integrating advances with
robotics has also emerged as a direct outcome of the science and technology implemented to meet
existing challenges. For example, a DNN can be created to achieve a specific task for robotic
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integration, such as implementation of visual servoing to find and stay centered on a target of interest.
The output of this DNN can be coordinates, rather than a human-interpretable image that is then used
to extract coordinates [13]. On the other hand, a human-interpretable image is useful for supervising
the automated procedure, intervening if necessary, and providing interpretable reports if there isa
runtime error. Thus, the two seemingly competing approaches between robot’and human, data
formatting have symbiotic advantages when operating in parallel [11].

The availability of resources is anticipated to further advance the field with regard to open-source
implementations that lower entry barriers into an otherwise specialized field. One such resource was
made possible through the Challenge on Ultrasound Beamforming with Deep Learning [14,15].
Outcomes of this challenge include freely available datasets, code, and, trained.nétwork weights,
which may collectively be employed to benchmark new approaches.

Concluding Remarks

Ultrasound and photoacoustic imaging are two technologies that use the same sensing hardware to
make images. After raw sensor data is received by ultrasound.and photoacoustic imaging systems,
there are multiple signal processing and beamforming steps that can be implemented to address a
variety of healthcare challenges across multiple organs, diagnoses, and procedures. Deep learning
provides a viable pathway to implement multiple appfoaches in parallel, possibly in a single signal
processing step. This pathway is promising to/overcome /previous barriers to producing high-quality
images for all patients.
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Status

The machine learning field has been a critical ally in advancing and improving micrescopy image
analysis, with several machine learning algorithms automating common/tasks-such as image
segmentation and classification. Recently there has been an incredibly rapid development of new
microscopy image analysis approaches, thanks to the current boom in developing deep learning (DL)
techniques. A DL algorithm will look at data, labelled in the case/of supervised learning or unlabelled
in the case of unsupervised learning, and through self-optimisation, will'infer data features that it
can then use to perform the desired task. When correctly implemented, it can provide its users
access to expert-level performance at unprecedented speed. However, the implementation of DL
approaches is highly dependent on the quality and quantity.of data used for training and, typically,
on the availability of high-performance computers. When usedappropriately, DL techniques have
shown incredible performance in several image analysis proeblems such as segmentation (U-Net (1);
StarDist (2)), classification (YOLOv2 (3)), denoising (Noise2Void (4)), restoration (CARE (5)), and
super-resolution, either via super pixelation or improving reconstruction algorithms (DeepSTORM

(6)).

Although there is no question about the high impact potential that DL has in image analysis, users
are often required to either payfor closed-source tools or have programming knowledge to take
advantage of these approaches poses.a barrier to the widespread adoption of DL techniques in most
research fields. In recent years, several efforts have been made to bring these techniques to the
non-expert scientific community to,tackle these issues. Notorious examples include Deeplmagel (7),
which focuses on implementing pre-trained DL models as plugins for Imagel/FlJI (8,9), the most
widely used tool for image analysis/(Figure 32.1). Another example is ZeroCostDL4Mic (10), which
provides easy-to-use Google Colab notebooks that allow users to train and use DL models for their
microscopy image analysis without programming knowledge (Figure 32.1). Considering
ZeroCostDL4Mic runs on Google Colab, it provides users with a cloud-based solution that eliminates
the need for dedicated hardware to use DL approaches for their image analysis tasks. Similar
strategies aimed at lowering the technical threshold for adoption are emphasized in Section 30 and
Section 27, which highlight plug-and-play interfaces and user-centered design to broaden access to
deep learning.in high-throughput screening and cellular phenotyping. DL4MicEverywhere (11) uses
the same philosophy of ZeroCostDL4Mic allowing users to train and test DL models without having
to interact with code but using their local resources instead of Google Colab. Besides these three,
many other projects make available tools using DL microscopy image analysis tools, such as Cellpose
(12), CSBDeep (5), DeepMIB (13), and many others.
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Figure 32.1 ZeroCostDL4Mic, DLAMicEverywhere and Deeplmagel provide deep learning implementations that require no programming
knowledge. ZeroCostDL4Mic, through the combined use of Google Drive and Colab, allows users to upload their data, train their models,
and use the trained models in their image analysis workflows. DL4MicEverywhere allows users to.train and implement their models using
their available hardware. Deeplmage) integrates several pre-trained models as part of @n.lmagel/FlUI'plugin that users can use without
having to train deep learning models with their data.

Current and Future Challenges

While DL has been providing researchers with new approaches to’enhance their image analysis
capabilities, it is still a technology with its shoftcomings that makes it not easily accessible to every
researcher around the globe. As of February 2025, the number of publications containing “deep
learning microscopy” as search keywords compared to publications with only “microscopy” as
keyword shows that even with access toiimage acquisition equipment, access and adoption of DL
approaches is still not widespread, with US and China leading the way (Figure 32.2).
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Figure 32.2 Number of publications including either “microscopy” or “deep learning microscopy” as keywords. Source: Web of Science
for publication records (February 2025) and Geopandas for plotting. White colouring corresponds to no publication records found.

Deep learning algorithms require high computational power, which is expensive and poses a barrier
for researchers with limited access to research funds. ZeroCostDL4Mic, which can be run entirely on
Google Colab which currently hasia free usage plan. However, this plan limits the amount of
computational power and storage space that can be used, and there are no guarantees that this
might not change or that DL approaches will not evolve to a point where they require more than
what is currently provided forfree. DL4MicEverywhere features a no-code interface that allows
users to train and test DL models in their own hardware, however this means users are required to
have access to hardware powerful enough to run these models. In addition to this, there is also the
question of environmental impact of implementing and using DL approaches, as not only the energy
consumption is considerably high, but there is also the issue of carbon emissions along with
hardware production and distribution.

One of the major frameworks for developing DL approaches, TensorFlow, is mainly funded and
developed by, a private company. While currently it might operate with an open-source model, this
might change in the future. This could create a first access problem and further increase the
economic burden of implementing DL solutions. However, it should be noted that this might not be
very likely as the company also benefits from keeping TensorFlow open source. Furthermore, as the
efforts of DL developments are spread across multiple DL libraries, a major breakthrough in one of
them might force users and developers of the alternatives to migrate, leading to additional costs. In
addition, to use DL as a tool in their research, researchers must have technical knowledge of
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programming and image analysis. Although ZeroCostDLAMIC, DLAMicEverywhere and Deeplmage)
remove the need for users to know programming, users are still limited to using the included DL
models. Recently, the Biolmage Model Zoo (14) project, together with its community partners
(2,7,8,10,11,15-21), have created a standard for deploying DL models for image analysis and a
community-driven database of pre-trained models. Nonetheless, even with accesso pretrained
models and frameworks that require little to no programming knowledge, users still needito know
when to use specific DL models, how to generate/access and pre-process the necessary data, how to
analyse the output of these models, and how to validate the results (22). This echgeschallenges
seen in digital pathology (Section 25), where clinical users must also grapple with'understanding
model limitations and interpretation in high-stakes settings. Considering how DL approaches rely on
proper datasets for training the models, generating, accessing, and storing datacan.also be an issue
due to the associated costs. All of this can be especially challenging for researechers who are not yet
versed in the DL field.

Advances in Science and Technology to Meet Challenges

Deep learning is a technology that, although very powerful, carries with it a considerable economic
burden to its potential users. Due to this, it is not yet accessible to.researchers worldwide, especially
those where funds for scientific research are not easily obtained. Projects like Deeplmage) (7) help
alleviate this burden by providing users with the means to use already established pretrained
models. However, researchers must have their own sglutions if they want to work or use new DL
models. Google Colab, as used by ZeroCostDL4Mic (10), is an option. However, its free usage plan
has limitations and is still entirely reliant on a'service provided by a private company with its own
financial interests. As such, creating publicly funded cloud-based solutions that can be commonly
used by researchers worldwide will betkey.to making DL accessible to every researcher. The
European project Al4Life is focused on bringing sustainable quality research infrastructure and
services to enable life sciences researchers totaccess DL image analysis tools by creating a bridge
between life and computer sciénces. The Chan Zuckerberg Initiative is also contributing to bring DL
to life sciences researchers by funding several projects that focus on implementing DL approaches in
Napari (23), a Python based open-source image processing tool. As a key factor in DL, data access
can also be a constraint in using DL.in microscopy. Ensuring that the acquired data follow the FAIR
principles (Findable, Accessible, Interoperable, Reusable) can promote data sharing to the whole
scientific community and enable DL solutions to research groups that might not have the means to
generate the required'data. An example of how sharing data can have a real impact is the work
developed by Abdurahmaniet al. (24), in which by using a publicly available dataset they were able
to implement a DL strategy to detect malaria parasites in thick blood smear microscopic images.
Sharing data and pre-trained models will also be key in reducing the carbon footprint inherent to the
need for high-computational power required for DL. This emphasis on FAIR data principles and
sustainability also aligns with community-driven model hubs like Deeplmagel and Biolmage Model
Zoo (Sections.33 and 35).

In addition toithe economic burden that implementing DL approaches entails, the knowledge
required.to take advantage of this technology hinders the adoption of DL for image analysis. The
image.sc forum is an example of a community-driven knowledge network that can help and guide
new users who want to deepen their knowledge in image analysis, including with DL
implementations. Online courses and training sessions will also be fundamental to bringing DL to
every researcher, as they inherently have fewer associated costs, making them more inclusive than
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courses requiring in-person attendance, and reducing the carbon footprint associated with travelling
to in-person events.

Concluding Remarks

There is no question that deep learning revolutionised the field of microscopy image analysis. DL
approaches have outperformed many classical image analysis tasks, providing researchers with
state-of-the-art performance at unprecedented speeds. However, due to the need for specific
knowledge and equipment to implement a DL approach, it is still a tool that is not easily accessible to
all researchers. Several recent projects have contributed to make DL approaches more accessible by
removing the need for programming knowledge to use DL for microscopy image analysis.
Nevertheless, there are more challenges to be solved. Having access to quality.data is a fundamental
prerequisite for DL model training. However, accessing the data requiredfor a DLapproach is not
always possible for all research groups. Understanding when and how to.use DL'and what pre-
processing is needed can also be a limiting factor that could be solved.by creating a community-
driven knowledge network and training in using these approaches. As a scientific community, we
need to join efforts to develop and implement strategies that can make DL equitable and available to
the global scientific community.
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Status

Due to their extraordinary performance, deep learning models have gained rapid popularity in
microscopy image analysis. While deep neural networks are performant in a wide range of tasks, they
pose unprecedented challenges in software design and deployment due to the.amount of data and
computation required for running them, especially in the training phase. Under the hood, most of the
deep learning methods are implemented using one of the few popular deepilearning frameworks
including PyTorch [1] and Tensorflow [2], which are implemented in Python. Soufrce code for these
methods is wrapped into repositories and shared via online platforms such as GitHub under permissive
licenses. The openness of the deep learning field greatly contributes toithe wide spread of popular
models and further development, it has become a common practice.

In addition to the raw python code, Jupyter notebooks [3], which:split the source code into sections and
are surrounded with explanatory text in an executable document, are often provided for demonstrating
the usage of the interface functions in the companion code repository. Notebooks are widely used for
educational purposes and provided in hands-on'waorkshops-and tutorials in microscopy image analysis.
To improve the reproducibility, container-based cloud execution services such as Binder [4] and Google
Colaboratory are provided for free and beécome. valuable resources in the deployment of deep learning
applications. Colaboratory in particular, provides free' GPU which is ideally suited for distributing deep
learning tools and it is in fact used by ZeroCost4Mic [5], which provides a collection of curated
notebooks for running deep learning,based microscopy image analysis configured via interactive user
interface elements in the Colaboratery notebooks. This aligns with accessibility-focused platforms
discussed in Section 32, where deployment strategies aim to overcome hardware limitations for global
adoption.

While it is flexible to use Python/source code or Jupyter notebooks, users with little programming
experience can easily adapt the tool according to instructions provided by the developers. For users
without programming skills, itis.still challenging to adapt the code or notebook to work with
conventional software, e.g. Imagel [6], in a more complete analysis workflow. Despite it being
challenging to run deep.learning in programming languages other than Python, Java solutions such as
Deeplmagel [7]/have been proposed. To address the need, napari8, which is a trending Python-based
image analysis'software supported by Chan Zuckerberg Initiative, is being developed and gaining
traction in the community. The aim of the project is to provide a fast, interactive, multi-dimensional
image viewer for browsing, annotating, and analyzing large multi-dimensional images.

Furthermore, due to the data- and computation-hungry nature of deep learning methods, web and
cloud computing has become increasingly important for the further scaling of the applications to handle
massiverdatasets with almost unlimited access to data storage and compute power. On that front, web
based platforms such as ImJoy [9], CDeep3M [10], and DeepCell Kiosk [11] are developed for supporting
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deep learning applications running on the server side. Since the computations are carried out on remote
servers that are maintained by IT experts or developers, users can use these tools with little orno setup;
in most cases, using a web browser to access the user interface. This type of deployment approach is
more scalable compared to the conventional desktop software, however, it requirés transmission of
potentially large amounts of data to remote servers which can be limited by the bandwidth of the
internet connection, it poses challenges on server-side data confidentiality and privacy concerns. In
practice, the user will also require more feature-rich software running fully in the web'browser or in the
cloud to avoid moving data between local vs remote in a more complete analysis workflow.

Public Cloud

Al Model Repository
Y

Deep Learning
Applications

Data Repository

Web & Desktop Apps )
Sync data & perform computation

Real time analysis & control

Manager

1

Users with thin.client computers Augmented Microscopy

Figure 33.1 Scalable web-powered computational systems for deploying deep learning tools for microscopy. To build and deploy deep
learning tools for handling massive data with computational heavy models, we need to design distributed systems in a public or private cloud
environment. Local workstations are used to control the microscope and acquire data, potentially in an augmented microscopy setting where
deep learning tools (built with, e.g., Pycro-Manager or napari) are used in real-time to perform real-time image analysis and generate feedback
signals for controlling the.microscoperWithin the same institutional network, data will be synchronized into central data management systems
and further analyzediusing deep learning tools deployed as containers in the private computing cluster managed by kubernetes. Data
accompanied with publi¢ations can be further published to the public cloud (the internet) in data repositories such as Biolmage Archive or
Zenodo, and the corresponding deep learning models can be published to the Biolmage Model Zoo (at Biolmage.lO). Tools are deployed to
public cloud sefrvers to provide services for data management and annotation, deep learning model training and inference etc. Users with a
thin client computer including portable laptops and mobile devices use web or desktop applications to access the web services running in public
or private cloud servers/Due to the fact that heavy computation and massive data are handled by servers, users can use a web browser to do
data management;annotation and analysis tasks, e.g., in ImJoy.

Current and future challenges
Currently, it is a pressing need for the community to work together to solve the challenges in the
deployment of deep learning tools. For desktop software, the challenges include figuring out how to
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ship the software packages, complex dependencies, making it easier to install, and reliably work under
the several types of mainstream operating systems. Web and server-based deployment options.are
becoming more common. It alleviates the deployment issues by delegating the task to IT experts for
setting up the complex software environment and accessing cloud storage and computationalresources.
At the same time, sustainable funding models and long-term political commitment are'needed to keep
these cloud resources openly available to the research community.

Future-proof Al systems for microscopy require a scalable human-compatible framework.To work with
the ever-increasing amount of data, it is inevitable to utilize a centralized computing cluster hosted by
an institutional IT department or in the cloud. In the meantime, users tend to use a “thin” client such as
a laptop, tablet, or mobile devices for accessing the services. Different from conventional desktop
software with user interface and the computational code coupled to the same software module, cloud-
facing software requires a major change in the design pattern that separates the user interface and the
compute parts. As shown in Figure 33.1, while the user interface parts runinthe user's web browser or
a desktop client, the main parts contain deep learning models and other'heavy computation runs in one
or multiple remote servers in a public or private computing cluster. Thetwo parts need to be
synchronized via communication over the internet, and often implemented in different programming
languages, e.g., HTML/CSS/Javascript for the interface and Python for the compute part. To make the
transition smoother for the next generation of tool developersfor microscopy image analysis, we will
likely need coordinated efforts in the community to create tools and platforms, and produce educational
materials to simplify the process.

In addition, reducing the computational‘costs and making machine learning training more
environmentally friendly is an important aspect to consider when distributing deep learning tools.
Meanwhile, for patient related microscopy images, data confidentiality and privacy represent another
dimension of challenges in the deployment of deep learning tools.

Advances in science and technology to meet challenges

To address the challenges in shipping desktop software with complex dependencies, conda-like virtual
environments or container-based solutions are used as an alternative with the price of an increased
package size. For example, to takefadvantage of the existing Java-based developers in the Image)
community, there is an ongoing effort of building bridges between Python and Java in the pyimagej project
to allow easy integration'of deep learning models in Imagel. Pycro-Manager is another software which
connects python with micro-manager and further enables real-time deep learning powered image analysis
and feedback control during image acquisition (Figure 33.1). In the meantime, since it contains binary
compiled for a/specificioperation system, it does not guarantee that it works for all the cases. For cloud
based solutions;/Container orchestration platforms represented with Kubernetes are becoming the de-
facto standard for institutional IT and academic cloud providers to provide a managed environment for
developers to deploy their deep learning tools. Al model training and serving software such as KubeFlow
and Nvidia Triton inference server makes it easier to serve Al models for production and executed
remotely via HTTP-based interface. For data confidentiality, while private computing clusters (as shown
in Figure33.1) may address some of the challenges, federated learning [12] enables the training of
powerful. models while keeping data private in their own data lakes.
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To facilitate the sharing of Al models, repositories such as the Biolmage Model Zoo [13]
(https://bioimage.io) are developed to facilitate the sharing of pre-trained models, and softwares.is joined
by a consortium to define common model formats to enable cross-compatibility. These efforts make it
easier to distribute deep learning models and can be used in multiple softwarel Meanwhile, re-using
existing models either as is or a warm start for training can greatly reduce efforts in producing models and
further contribute to climate change. These model-sharing initiatives are central to the sustainability and
democratization goals also emphasized in Sections 32 and 36. In addition, model compression techniques
such as knowledge distillation are used to reduce the model size and accelerate'the model execution in
e.g. augmented microscopy to provide real-time feedback.

In the browser, building a rich and powerful user interface is becoming easier and more reliable.
WebAssembly, which enables compiling and running foundational scientifieSoftware packages written in
C/C++, Rust, etc. in the browser. It makes it possible to reuse Python libraries such’as numpy, scipy, pandas
and scikit-image for loading and processing images directly in the web browser and paves the way for
creating powerful in-browser image analysis tools with easy-to-use user interface. ImJoy is a framework
built for taking advantage of the web ecosystem and providing a remote procedure call layer to connect
plugins running in the browser or in a remote server. On top of ImJoy, Imagel.JS (https://ij.imjoy.io) is a
tool we developed by comping Imagel in java to javascript.which is’Tnow being used by ~1000 users per
day.

Concluding remarks

With massive natural language models such as OpenAl.GPT-3, Codex [14] or ChatGPT, it allows generating
executable source code in various programming languages such as Python and Javascript from plain
English. This opens a new door for future deep learning tool developers to create simplified voice or chat-
bot like interfaces for reducing the complexity of.user interface design and making the tools more flexible
and human-compatible. However, the sheer size and computation required to run massive models
virtually rejects the access for low-budgeted research entities, and it makes tech giants become the
“natural monopoly”. The wider Al community will need to join efforts and explore the way forward.
Overall, the wide adoption of Al solutions.in‘microscopy imaging is leading to the paradigm shift to a future
of augmented microscopy powered by human-in-the-loop Al, and generating profound changes in the
way we understand biology ‘and contribute to precision medicine and healthcare. Ultimately, the
“democratisation” of deep-learning microscopy will hinge as much on political will as on code quality. A
concerted global effort==uniting researchers, national facilities, and funding agencies—can create a
federated, publicly accountable cloud that rivals commercial offerings and guarantees that scientific data
remain a public good.
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34 — DeepTrack 2
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Status

The ability to quantitatively analyze the microscopic world was enabled by two relatively recent
advances [1,2]. First, digital video microscopy has allowed researchers to numerically represent
visual data and record it for later analysis. Second, the explosive growth of computing power has
made the expensive, high-dimensional analysis of video recordings possible.

Recently, we have seen a new wave of developments in the analysis of microscopy video data,
thanks to the power of deep learning. Indeed, deep learning has shown rémarkable performance on
many common tasks in microscopy, such as cell counting, object detection;cell morphometry,
trajectory reconstruction, super-resolution microscopy, diagnostics,/object classification, and cross-
modality transformations [3,4]. However, deep learning has not yet been broadly adopted as an
analysis tool in digital microscopy, mainly because of the significant barrier-to-entry to the
development of custom deep learning solutions for microscopy data.

Here, we present DeepTrack 2, an open-source Python libraryequipped with all the necessary tools
to produce a full, end-to-end microscopy-analysis pipeline,[1]. A common example of such a pipeline
designed to extract mechanistic and spatio-temporaliinformation from biological data entails the
following steps:

The image is prepared for analysis.
Objects of interest are detected _and measured to extract morphological and intensity
information.

3. Detections in different video frames are connected into trajectories.
Time-resolved information is combined to gain both measures of both local and global
properties.
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Figure 34.1 DeepTrack 2 integrates a deep learning ecosystem for end-to-end microscopy data analysis. (a) An input image is optionally
processed by an image-to-image neural network to, forexample, highlight regions of interest. (b) Structures of interest (here, the nuclei of
the cell) within each frame of a video are detected’and marked (orange markers). (c) The detections in each frame are linked to form
trajectories over time using graph neural networks.

DeepTrack 2 provides deep-learning solutions for each step of this processing pipeline, allowing
users with varying programming experience to use and optimize the available solutions to their data,
goals, and challenges. For step 1., DeepTrack 2 integrates tools for data normalization, noise
suppression, augmentations, and even more advanced methods such as virtual staining to produce
high-contrast and high-spegificity images (Figure 34.1a). For step 2., DeepTrack 2 ships with state-of-
the-art models ready for training, such as LodeSTAR [5] for label-free particle detection, U-Net for
semantic segmentation, and YOLO for simultaneous detection and classification (Figure 34.1b).
These capabilities directly support workflows described in Section 21 (cell dynamics) and Section 14
(single-molecule localization), where tracking and segmentation across time are essential for
capturing cellular behaviour. For step 3. and 4., DeepTrack 2 uses MAGIK [6], a state-of-the-art
graph-based network which both connects observations into trajectories and extracts information
about the dynamics of the system from spatio-temporal data (Figure 34.1c).

Recent.research-has demonstrated the benefit of DeepTrack 2 to analyze microscopy data. For
example, Figure 34.2a shows how virtual staining can unveil high-quality visualizations of complex
biological systems from cheap-to-capture brightfield images using conditional generative adversarial
neural networks (cGAN) [7]; Figure 34.2b demonstrates that close-to-perfect object detection can be
achieved from just a single unannotated image using LodeSTAR [5]; and Figure 34.2c shows how
graph neural networks such as MAGIK can be used to connect detections into traces even if the cells
divide [6]. Furthermore, DeepTrack 2 has been used for the characterization of microplanktons from
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Holographic microscopy images [8] and the monitoring of active droploids, a new class of active
matter systems [9].
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Figure 34.2 DeepTrack 2 analyses experimental data. (a) Brightfield images of adipocytes are virtually stained to highlight the lipid
droplets, cytoplasm and nuclei [7]. (b) LodeSTAR learns unsupervised to detect mouse stem cells (despite the high variability between
cells), pancreatic stem cells (despite the densely packed sample),and.intracellular polystyrene particles (orange markers), and biological
structures (blue markers), despite the low signal-to-noise ratio [5]. In all cases, LodeSTAR was trained on the single crop shown in the
respective inset and then applied to the wholeiimage. ¢ MAGIK learns to track Hela cells (despite being shape-varying cells), even when
cells are dividing [6].

Importantly, DeepTrack 2 provides a hardware-agnostic APl so any analysis pipeline is instantly
reusable, reproducible and future-proof across microscopes and laboratories. These are critical
advantages necessary for any/microscopy-oriented deep learning frameworks.

Current and Future Challenges

The transition to deep-learning-enhanced analysis has not been without challenges. Firstly, the high
variability between imaging modalities and object samples has made publicly available datasets an
unreliable source of training data. The dataset would need to contain the same object of interest,
imaged through a near-identical optical device, and annotated with the desired ground truth. The
likelihood of these toinciding is slim-to-none. Comparable difficulties in sourcing compatible training
data are encountered in Section 29 and Section 31 (TEM and ultrasound/photoacoustic imaging),
where instrumentation-specific constraints create barriers to generalized model reuse.

Secondly, for'many applications, the expected quality of analysis exceeds human precision. Examples
include sub-pixel localization of objects for super-resolution microscopy and force calibrations,
object detection in noisy images, 3d-microscopy and more. Consequently, even high-quality human
annotations are insufficient for training these neural networks.

Page 178 of 190
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Thirdly, neural networks have deservedly gained a reputation as black-box functions, calling into
question their reliability for clinical and industrial use. Consequently, deep learning has struggledto

gain traction beyond a research tool. A similar concern about black-box models hindering clinical

adoption is expressed in Section 28 (neuroimaging), where interpretability is a key requirement for

clinical deployment. Fundamentally, this is because neural networks only yield answers with'little

explanation of how that answer was acquired.

Finally, the rapid development of methods and model architectures has resulted in.a scattered field

without a unified interface. Consequently, comparing methods is prohibitively difficult.:Moreover,

reusing deep learning methods for new data often requires re-implementing them from scratch,
which is a daunting task for non-experts.

These four challenges combined have resulted in a slow adoption of new deep_learning methods,

despite their significant advantage in performance. DeepTrack 2 attempts to address these issues
through a three-pronged approach:

1. The use of synthetic data for training neural networks to help reduce the reliance on
annotated data while generating perfect ground truths:1,8].

2. The development of label-free, low-shot, and interpretable models to promote low-cost
methods with less opaque neural networks [5,6].

3. The unification of methods into a consistent interface, by continuously implementing state-

of-the-art methods and encouraging authors'to contribute their methods [10].

Advances in Science and Technology to Meet Challenges

We identify three avenues of research essential'to bring.out the full potential of deep learning for

quantitative microscopy:

1.

Further development of unsupervised or self-supervised methods, particularly for tasks such
as segmentation, trajectory reconstruction, and classification. While the scaffolding exists for
these developments through methods such as self-distillation and contrastive learning, they
have yet to be optimized. forthe specific challenges of microscopy.

Development of interpretable neural networks. The recently popularized attention-based
neural networks have allowed‘much more transparent neural networks than previously
possible. Attentive neural networks can highlight the parts of the data that lead to a particular
conclusion, providing insight into the reason behind an answer. This echoes interpretability
efforts in human-in-the-loop imaging systems, as discussed in Section 27, where Al is expected
to augment.user trustthrough transparent decision-making. Currently, this is mainly used for
classification tasks. However, we see no reason why attention-like mechanisms cannot be
incorporated into neural networks designed for other tasks in microscopy, significantly
increasing theinterpretability and thereby the trustworthiness of the neural networks.

Design of advanced simulation methods for various optical devices. Unlike the impossibly
complex=-macroscopic world, the physics of the microscopic world can feasibly be fully
simulated. As such, the need for annotated data can be done away with entirely by developing
faster and more accurate simulation techniques.

Concluding Remarks

Deep learning is undeniably a powerful tool for quantitative microscopy. Nonetheless, it has
remained a research tool instead of reaching the hands of clinicians. We identify four key challenges
that'need to be overcome to reach the full potential of deep learning for quantitative microscopy.
These are: a reliable source of training data that is general enough to match the specific problem
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and experimental device of the end user, a method of training neural networks beyond the limit of
human accuracy for annotation, the development of less opaque models, and a unified interface for

using these models.

We also consider the field in a good state to tackle these problems. Self-supervised methods are on
the rise, and interpretable layers such as attention layers are taking over the field. Targeted

development of these two approaches for microscopy may lead to the widespread adoption,of

reliable deep learning methods, revealing physical and biological insights encoded in the data'in an

unsupervised manner.
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Status

As in other scientific fields, deep learning (DL) has demonstrated outstanding perfoermance for many
microscopy image processing tasks [1,2]. Its potential to reveal visual featuresiin.complex images has
changed the game in microscopy image analysis; especially the case when the visual features are
unexplainable by humans, like for image restoration (e.g., CARE [3]), for dense nuclei detection (e.g.,
StarDist [4]), for super-resolution localization microscopy (e.g., DECODE [5]), or for correlative
microscopy imaging. Although recent contributions translating:DL to microscopy imaging have
empowered researchers with the capacity to build powerful pipelines, the IT barrier is still too high
for most end-users. It requires technical competencies and programming expertise to fully exploit
this new technology. Similar concerns about accessibility:and user interface limitations were
highlighted in Section 32 and Section 33, where the need/for GUl-based and cloud-integrated
frameworks like Deeplmagel) and ImJoy is seen asikey to equitable deployment. Life scientists are
usually uncomfortable with Python, the preferred language for DL frameworks (TensorFlow,
PyTorch). Instead, they significantly prefer the friendly user interface of Java-based software like
Imagel [6], Icy [7], or QuPath [8]. Imagel.is currently.the most used software in cell imaging, as it
provides a rich palette of bioimage analysis teols. Moreover, it can interoperate with many other
platforms in a unique ecosystem, including drivers for microscopy or data analysis packages.
Nevertheless, the hardware restrictions of Java have prevented its use as a reference tool for
bioimage analysis with machine learning: Hence, the users of ImageJ have been restricted from
deploying DL technology in theirimage analysis pipelines.

In the last few years, several initiatives have already been taken to integrate DL features in Image).
Several teams (DeepClass4Bio [9], £SBDeep [3], deeplmage) [10], JDLL [11]) are working to provide
access to pre-trained DL models through ImagelJ plugins or Imagel macros. In the context of ImageJ,
deeplmagel is the generic consumer of pre-trained DL models. On the other hand, well-established
Imagel plugins have also'integrated DL in their pipelines. For instance, TrackMate [12] has included
cell segmentation with CellPose or StarDist to extend the versatility of the tracking pipeline. Finally,
the Biolmage:Model Zoo [13] is a community-based initiative that gives effective access to DL
technology. It/proposes a standardized format tailored for life scientists to share and deploy trained
DL models across.open bioimage analysis software in a reproducible manner (e.g., ImageJ, llastik
[14], dmJoy [15], ZeroCostDL4Mic [16], QuPath [8], biaPy [17], DL4MicEverywhere [18]).
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Figure 35.1 Image analysis workflows and missing niches. (a)General workflow to get a functional DL model and the corresponding steps
of development. (b) Identified niches missing and areas to push for Dl=empowered bioimage analysis in Image): Computer resources to
exploit steps Il to IV; Big data management to enable additional functionalities in step IV; User-friendly deep learning frameworks to
enable steps II-1V. (c) Strategies to obtain the data needed for DL model training: Realistic simulations by using a physical model; Content-
aware approaches to design the microscopy acquisition; Tedious expert annotations or crowdsourcing annotation; Publicly available
datasets through image-analysis challenges and opén publications:

Current and Future Challenges

We identify challenges at two levels for the full integration of DL in microscopy image analysis.
Current DL approaches have the capacity to boost the limits of microscopy image acquisition [3,5].
Still, their performance relies on'the quality and the quantity of data, both acquired raw images and
annotated or reference images (Figure 35.1c). Usually, scientific images are acquired to answer
specific biological questions. Unfortunately, researchers look for a suitable method to analyze once
all the images are acquired. We envision that integrating the data analysis at the initial steps of the
project could significantly improve the imaging workflow’s robustness (Figure 35.1a). This is
particularly demanding for data-centric approaches where the images are the heart of the image-
analysis task. The/acquisition protocol should be appropriately designed for this purpose, including a
large variability/of examples to reduce the time and effort needed to obtain scientific results.

The deployment of DL methods routinely is not straightforward. Important technical niches in the
Imagel ecosystem (Figure 35.1b) are 1) the lack of user-guided training, 2) the easy use of DL models
on largerimages; for which approaches such as BigDataViewer [19] could potentially be a powerful
solution, 3) the connection to high-performance computing resources (GPU) in line with Fiji HPC
Workflow Manager and HPC-Parallel Tools, and 4) the interactive insertion of DL models in complex
bioimage analysis pipelines. Likewise, more optimal integration of DL into bioimage analysis
pipelines relies mainly on the education of the practitioners in machine learning and image analysis.
In‘practice, it is essential to train the researchers on the appropriate use cases and warn them about
the limitations and risks of the DL technology. The pandemic significantly increased participation in
recorded online courses (NEUBIAS Academy, EMBO, and EMBL) and the edition of user guides of
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good practices. The community needs to keep the momentum for transferring this knowledge.
Therefore, this is a crucial challenge to tailor the current DL knowledge and technology to usersiin
terms of data acquisition and usable computational tools for analysis.

As part of Artificial Intelligence (Al) technology, DL is a very active field. Preparedness for the
integration of upcoming new methods in Imagel is still a bottleneck. Some still missing techniques
are 1) human-in-the-loop, 2) auto machine learning (AutoML), 3) self-supervised or weakly
supervised training, and 4) tracking of biological particles. Ultimately, the next generation of DL
approaches seeks smart workflows capable of embedding the prior knowledge (e.g., with prompt
engineering) to a guided analysis through largely generalizable foundation models [20], as well as
sparse information to run weakly supervised and few-shot training. All these developments require a
deep understanding of both DL and bioimaging and, therefore, the close collaboration between
developers and end-users. This mirrors the collaborative development challenges described in
DeepTrack 2 (Section 34), which emphasizes standardization, interpretability, and the integration of
community-driven contributions. Thus, it is a great challenge to push DL toits full potential for smart
imaging in biomedical research.

Advances in Science and Technology to Meet Challenges

DL is data-hungry, and its reusability can only be accomplished through model training or fine-
tuning. Aware of this, the focus on acquiring findable, accessible, interoperable, and reusable (FAIR)
data is notoriously growing in academia. The number of publicly'available databases tailored for DL
model training is increasing more quickly in computer vision than in microscopy (Data Science Bowl
[2], MONAI (https://monai.io)). Data generators and'simulators are another source of microscopy
images for training; they are specifically suitable' when'the physical laws of the image formation
model are well identified.

The performance of the neural networks depends on the amount of data available or on the
accessibility to validated trained models. For example, the resolution and signal-to-noise ratio
needed for a specific measurementwill vary according to the structures to analyze. Some works
provide guidelines about these féatures so.researchers can optimize their image acquisition [3-5].
Furthermore, recent approaches focus on adjusting the content in the image — content aware
approaches [3]. The aim is to'push the limits of data acquisition and virtually recover biologically
relevant information from simpler or more sample-friendly acquisitions [3, 5, 21]. Ultimately, the
ability of DL algorithms‘to encode’a large amount of information from the images in latent spaces
enables the discovery of different biological behaviours.

Existing user-friendly software for DL typically targets a specific step of a general DL-based image
analysis workflow. For example, ZeroCostDL4Mic has democratized the training procedure and the
assessment.ofiseveral neural network architectures. It allows most of the steps in Figure 35.1a using
the free cloud’computing Google Collaboratory. ImJoy [18] proposes a framework to interact with
virtual content.beyond DL directly in the browser without the need for any technical installation
steps. This is a big step towards connecting with cloud computing. llastik is the reference tool for
image 'segmentation using machine learning, and now, it can also run DL-trained models. For ImageJ,
we foundthird-party plugins, mainly for prediction, DeepClass4Bio [9], CSBDeep [3], StarDist [4] and
deeplmagel [10]. The harmonization of pre-trained models across these tools strongly connects to
efforts in the Biolmage Model Zoo (Section 26 and Section 30), where reproducibility and
accessibility are central design goals. The latter has enabled the generic use of trained models of the
Bioimage Model Zoo and their combination to deploy advanced bioimage analysis pipelines [22].
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As the need for more powerful computational hardware increases with new Al-based approaches,
cloud computing or network-embedded infrastructures are becoming essential to ensure
translational technology in microscopy imaging [18]. This direction is aligned with cloud-enabled
deployment strategies described in Section 33, where browser-based and containerized models are
the foundation of modern DL scalability. Shared infrastructures may be the key to féducing the
carbon footprint of energy-intensive training. The new European infrastructure Al4Life
(https://www.eu-openscreen.eu/projects/aidlife.html) aims to provide sustainable, intuitive, and
highest-quality research services and infrastructures that will enable all life scientists to exploit
machine learning to improve the utility and interpretability of image data.

Concluding Remarks

Integrating DL in Image) as the initial steps provided by Deeplmage] is crucial for the computational
microscopy imaging area. Friendly access (up to zero code) and accessibility'to DL tools are required
for democratized access to powerful DL solutions. By open access tofpre-trained/models and related
data, the users can test them and understand their potential and the limitations of this new
technology. Such testing and reusability workflows are also exemplified in Section 30 (high-content
screening), where pretrained architectures are adapted with/minimal training for broad biological
utility.

Community-driven initiatives, such as the Bioimage Model Zoo, aressignificantly expanding the reach
of DL in open-source bioimage analysis software. Among these efforts, deeplmagel plays a pivotal
role, bridging the gap between pre-trained DL models and ImageJ users and facilitating a more
seamless integration of DL capabilities into the Imagel ecosystem.

The Biolmage Model Zoo [13] initiative.is activelyaddressing key challenges outlined in the previous
section. In particular, standardizing model formats enhances cross-compatibility across different
platforms, contributing to the broader dissemination of robust DL models. The growing availability of
advanced DL tools supports the.adoption of holistic approaches in life-sciences research. As
technological advances continue tardrive innovation in this field, we are approaching the next major
breakthrough- one that could be'as transformative for microscopy imaging as AlphaFold has been
for structural biology.
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36 — Hackathons to spur innovation

Ebba Josefson Lindqvist!, Johanna Bergman?
1. Al Sweden, Gothenburg, Sweden

Status

Research and innovation do not happen in isolation. Existing and acting within an ecosystem is
becoming increasingly important for organisations as Al is becoming a key technologyin almost all
industries [1]. Few organisations have all the competence, data, and infrastructure needed to fully
apply machine learning at scale. To address real world research and innovation_ehallenges, both
extensive domain knowledge and machine learning expertise is needed. Hackathons are one way of
addressing this issue and facilitate collaborations.

The machine learning community has a long tradition of hackathons and competitions [2]. There are
several platforms, the most famous being Kaggle and Codalab [3,4]. Hackathons are traditionally
focused on either a specific problem within machine learning or a problem formulation around a
dataset. Al Sweden, the Swedish national centre for applied artificialintelligence has hosted several
hackathons focusing on industry data and problem formulatiens.from industry partners [5]. The key
success factors have been, top management commitment from industry, a clear problem
formulation, close collaboration with domain experts, accessible data, well defined evaluation
metrics, and access to the computational resources needed.

One example within microscopy was the Adipoeyte Cell Imaging Challenge, hosted together with
AstraZeneca. The problem formulation and data was provided by domain experts at AstraZeneca. Al
Sweden invited researchers and Al experts, provided a collaborative platform, access to data and
computational infrastructure. The task was:to.utilise machine learning to predict the content of
fluorescence images from the corresponding bright field images [6] (see figure 1 for example
images). This task closely parallels the goals ofwirtual staining discussed in Section 26, where deep
learning models are trained to/predict high-information content from label-free microscopy data.
Results from this specific hackathon resulted in new industry-academia collaborations, publications
[7], and most importantly solutions that could be directly applied by AstraZeneca benefitting their
research.

Figure 36.1 Adipocyte Cell Imaging Challenge. Example images from the Adipocyte Cell Imaging Challenge hosted by Al Sweden and
AstraZeneca in 2021.
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Current and Future Challenges

There are several challenges that need to be addressed in order to make open hackathons more
beneficial for the application of machine learning to microscopy. Namely:

Data access

Access to data is key for developing machine learning applications for microscopy. In‘lmany cases the
data needed is collected within industry. Such data is rarely accessible for academicresearchers,
startups or other companies. At the same time, these organisations typically hold,a lot ofithe
machine learning competence needed but still may not be able to use all the resources needed to
make the full potential use of the data collected.

The main reasons for industry data to not be shared are e.g. the traditional way'of thinking of the
data as proprietary and too valuable to share openly as, most of the time, considerable investments
have been made in collecting the data. Sharing data also opens up for questions concerning legal
issues, uncertainty regarding business models for data, and how'ta know the value of your data.
Legal considerations may include questions regarding Intellectual Property, GDPR (General Data
Protection Regulation), and what is the appropriate copyright licence,te be used. In general the
more openly a dataset may be used the more it opens up fornew advances in research. To open up
for access to a dataset may also be crucial to enable publications in ML and microscopy to enable
peer-reviews. This tension between proprietary datasets and the need for open access to enable
reproducibility and reuse has been discussed'in Section 32 on equitable access to deep learning
solutions. This requires an open and new mindset for many industry actors.

Domain knowledge and cross-disciplinary-research

To understand the data, problem formulation, and interpret the results, extensive domain
knowledge is needed. During a hackathon, access'to domain knowledge and possibility to work in
cross-functional teams is of criticahimportance. From the Adipocyte Cell Imaging Challenge, we could
see that teams with cross-disciplinary expertise performed better than teams coming solely from the
machine learning field. This despite the fact that all teams had the opportunity to have daily contact
with the domain experts from:AstraZeneca.

Traditionally pharmaceutical/companies have a relatively long-time perspective for research and
focus a lot on their internal resources and established academic research collaborations.

The trends in appliedsmachinelearning research are diverging in two directions. One direction
towards being as/open as possible with strong community efforts, collaborations, and grass-root
research initiatives where data, code, and models are typically shared openly and where open
source is the'default option. On the other hand many advancements in the field are seen within big
companies with a lot of resources, in this case models and data are typically not shared. Common for
both directionsiis'the speed and amount of resources needed (both in terms of researchers, data,
and computational resources).

Naturallyyrésearch that also has a large component of data collection or even physical experiments
(for example microscopy) have a longer time frame. As machine learning is becoming an important
part ofother research fields with the potential to lead to disruptive advances, the different
traditions, trends, and time perspectives need to be addressed. This cultural gap between fast-paced
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ML development and domain-specific biomedical research was also highlighted in Section 28 and
Section 34, where clinical interpretability and reproducible pipelines remain ongoing challenges.

Ecosystem

Value

creation

Facilitator

Figure 36.2 Innovation ecosystem. Illustration of the components needed for successfully applying machine learning to research fields
such as microscopy.

Advances in Science and Technology.to Meet Challenges

We see two main topics for advancements-to further benefit from hackathons and competitions in
the intersection of machine learning and/microscopy research, especially around facilitating
collaboration between industry, startups, and academia, and the broader machine learning
community.

Data sharing & data business models

Industry data sharing is challenging for several reasons. Our experience is that the organisation of
the hackathon itself forces the participating parties to come up with pragmatic solutions for data
access, from both atechnical and a legal perspective, a process that is often lengthy in other
projects. Taking a different.and more open approach in such a process potentially accelerates the
development of new best practices for data sharing. Similar community-driven strategies have been
key to'the success of platforms like the Biolmage Model Zoo and Deepimagel (Section 30 and
Section 35), which also promote reproducibility through standardized models and shared
benchmarks.

In addition to data access we see a strong need for developing business models and legal
frameéworks to share data and code to create lasting effects of hackathons and competitions. It is
equally important to change the mindset of the data being proprietary and create an understanding
of the value of sharing data more openly.
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1

; Community building and cross-disciplinary research

4 To succeed with hackathons, building a strong community and platform for collaboration is key.

5 Building a strong community of researchers from different disciplines and organisations will benefit
? the research field and development of machine learning applications for microscopy. Orgahising

8 hackathons could be one way of building such a community.

9 Concluding Remarks

1(1) To conclude, we see that hackathons have potential to further integrate the microscopy research
12 field with machine learning as one way of exploring new collaborations, methods; and ways’of

13 working. In addition, we see an opportunity to build a strong research community around

14 microscopy and machine learning. To enable such a community, collaborative platforms, data

15 access, legal frameworks and business models around data are needed. Furthermore, cross-

1? disciplinary collaboration and strong domain expertise is key to success when machine learning is
18 applied to research questions in other fields.

;g Shorter challenge driven competitions or hackathons should be seen.as a way of exploring and

2 initiating new (sometimes unexpected) research collaborationsithat have the potential to lead to
22 continued long term collaborations. This could also be one way of addressing and challenging the
23 different time perspectives and research traditions of industry and academia, accelerate data

;g sharing, and invite a broader community to take part in applied research.

26 Collaborative research will be increasingly important as machine learning becomes an important tool
27 for microscopy research. Based on the experience from the Adipocyte Cell Imaging Challenge,

;g hackathons could be one enabler for accelerating accessito industry data developing the

30 collaborations needed within machine'learning research for microscopy. They also serve as testbeds
31 for prototype deployment strategies described in Section 33, where cloud-based solutions and

32 containerized workflows are central to real-world scalability. Neutral organisations, such as Al

33 Sweden, or dedicated challenge platforms (e.g., Kaggle, Codalab), can play a facilitating role and

gg reach a broader community.
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