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For one who does not know to which port
he is sailing, no wind is favorable.

— Seneca, Moral Letters to Lucilius





Sammanfattning

Kvantitativ mikroskopi syftar till att omvandla optiska mätningar till tillför-
litlig information om mikroskopiska partiklars fysikaliska egenskaper. I biol-
ogiska system ger sådana partiklar ofta svaga och varierande signaler, vilket
begränsar effektiviteten hos traditionella analysmetoder. Denna avhandling
undersöker hur beräkningsmetoder, med särskilt fokus på djupinlärning vägledd
av fysikalisk förståelse, kan förbättra extraktionen av kvantitativ information
från mikroskopibilder och möjliggöra mer exakt karakterisering av partiklar.

Avhandlingen inleds med en genomgång av de teoretiska grunderna för optisk
mikroskopi, djupinlärning och datainsamling som används i arbetet. Därefter
presenteras en självövervakad metod för partikelidentifiering och spårning som
inte kräver annoterad träningsdata. Metoden utökas till off-axis-holografi,
vilket möjliggör tredimensionell lokalisering från råa interferensmönster. En
översiktsdel om märkningsfri mikroskopi följer, där både styrkor och begrän-
sningar hos optiska mätningar diskuteras och praktiska arbetsflöden för kvan-
titativ analys illustreras.

Med denna grund demonstrerar avhandlingen hur hybridavbildning, här i
form av interferometrisk spridningsmikroskopi från två vinklar, kan kombinera
kompletterande information för att förbättra karakteriseringen av nanopar-
tiklar. Den avslutande delen presenterar en djupinlärningsbaserad metod för
rekonstruktion av tredimensionella brytningsindexfördelningar från bilder in-
spelade vid okända orienteringar, vilket ger rikare strukturell och materiell
information om enskilda partiklar.

Sammantaget visar arbetet en sammanhängande utveckling från optiska principer
till beräkningsverktyg som stärker kopplingen mellan det registrerade ljuset
och kvantitativa partikeldata. Resultaten utökar möjligheterna för märknings-
fri mikroskopi vid studier av mikroskopiska partiklar, särskilt inom biologisk
avbildning.

Nyckelord: kvantitativ mikroskopi, djupinlärning, partikelkarakterisering, holo-
grafi, interferometrisk spridning, tomografi, brytningsindexrekonstruktion, märkn-
ingsfri avbildning, biologiska nanopartiklar, bildanalys, AI
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Abstract

Quantitative microscopy aims to convert optical measurements into reliable in-
formation about the physical properties of microscopic particles. In biological
systems these particles often produce weak and variable signals, which limits
the e�ectiveness of conventional analysis methods. This dissertation investi-
gates how computational techniques, with a focus on deep learning guided by
physical insight, can improve the extraction of quantitative information from
microscopy images and enable more accurate particle characterization.

The thesis �rst outlines the theoretical foundations of optical microscopy, deep
learning, and data acquisition used throughout this work. It then introduces
a self-supervised method for particle detection and tracking that does not re-
quire annotated training data. This approach is extended to o�-axis holog-
raphy, enabling three-dimensional localization from raw interference patterns.
A tutorial-style review of label-free microscopy follows, highlighting both the
strengths and limitations of optical measurements and illustrating practical
work�ows for quantitative analysis.

Building on this foundation, the thesis demonstrates how hybrid imag-
ing, implemented through dual-angle interferometric scattering microscopy,
can combine complementary information to improve nanoparticle character-
ization. The �nal part presents a deep learning method for reconstructing
three-dimensional refractive index distributions from images recorded at un-
known orientations, providing richer structural and compositional information
about individual particles.

Overall, this work presents a coherent progression from optical principles to
computational tools that strengthen the connection between recorded light and
quantitative particle data. The resulting methods expand the capabilities of
label-free microscopy for studying microscopic particles, with particular rele-
vance to applications in biological imaging.

Keywords: quantitative microscopy, deep learning, particle characterization,
holography, interferometric scattering, tomography, refractive index reconstruc-
tion, label-free imaging, biological nanoparticles, image analysis, AI
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Chapter 1

Introduction and
Background

From Light to Data: Motivation and Scope

The quest to understand the invisible has driven microscopy for centuries. In
1827, Robert Brown documented the jittering motion of pollen granules, a phe-
nomenon that would later be recognized as Brownian motion [1]. Decades later,
Jean Baptiste Perrin used similar observations to provide quantitative evidence
for the existence of atoms [2]. These milestones transformed the microscope
from a tool for observation into an instrument for measurement and discovery.

Theoretical advances soon followed. Ernst Abbe established the di�raction
limit, demonstrating that resolution in optical microscopy is constrained by
wavelength and lens design [3], and Lord Rayleigh formalized the criteria for
distinguishing closely spaced features [4]. In the mid-20th century, Dennis Ga-
bor introduced holography, showing that the full optical �eld could be recorded
and later reconstructed, paving the way for quantitative imaging beyond simple
intensity measurements [5].

Modern microscopy o�ers an astonishing range of capabilities. Optical methods
such as �uorescence, phase contrast, interferometry, and holography allow high-
throughput imaging under near-physiological conditions, while electron and
atomic force microscopy extend resolution to the nanoscale. While electron
microscopy, X-ray scattering, and atomic-force microscopy achieve superior
spatial resolution, their sample-preparation constraints and often destructive
or surface-sensitive nature make them less suited for the dynamic, particle-level
analyses targeted in this thesis [6, 7, 8, 9]. Yet microscopes do not directly
reveal particle properties; instead they record photons scattered, absorbed, or
emitted by a sample [10]. Translating these signals into size, shape, mass, or
composition remains a challenge. Di�usivity-based size measurements rely on
hydrodynamic assumptions [11], while scattering intensity depends strongly on

1
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geometry and refractive index [12, 13].
The growing complexity of microscopy data has spurred the adoption of

computational approaches, most notably deep learning [14, 15]. Neural net-
works can extract subtle patterns and quantitative features from raw images
[16, 17, 18], enabling particle characterization in situations where traditional
analysis often fails [19]. Recent work demonstrates that deep learning can infer
size, shape, and material information from scanning electron microscopy (SEM)
and scanning transmission electron microscopy (STEM), two high-resolution
electron-based modalities, as well as from optical scattering images, even for
heterogeneous and weakly signaling nanoparticles [20, 21, 22].

Despite these advances, important challenges remain. Microscopy data of-
ten exhibit high variability and low signal-to-noise ratios, and models trained
purely in a data-driven manner may fail to generalize or lack physical inter-
pretability [18]. Moreover, many deep-learning approaches require curated
training data, which can be di�cult to obtain for specialized microscopy modal-
ities. To make deep learning a reliable tool for quantitative particle charac-
terization, models must incorporate physical constraints, support meaningful
interpretation, and remain robust across experimental conditions [23].

From Brown and Perrin's pioneering observations to today's deep-learning-
enabled analyses, the overarching goal is unchanged, to turn light into reli-
able, quantitative data about individual particles, revealing their size, shape,
mass, and material composition, and thereby unlocking new insights into the
nanoscale world.

In this dissertation, the overarching aim is to explore how quantitative mi-
croscopy, in combination with modern computational methods, can be used to
characterize and analyze microscopic particles, thus bridging light and data.
Particular emphasis is placed on developing and applying deep learning�based
approaches to extract information from complex microscopy images, with the
ultimate goal of enabling more accurate, e�cient, and accessible particle char-
acterization.

The �rst part of the dissertation provides consice theoretical and method-
ological background necessary to understand the techniques and concepts used
throughout this work, covering microscopy, deep learning, experimental setups
and data analysis.

Chapter 2 (Learning to Track and Characterize Particles) presents LodeSTAR,
a self-supervised deep learning method for robust particle detection and track-
ing without the need for annotated training data. This approach has been
extended to quantify particles in o�-axis holography and to determine their
three-dimensional positions, enabling more comprehensive and dynamic parti-
cle analysis. In addition to the published work, the chapter includes new results
demonstrating the application of these methods to biological nanoparticles, in-
cluding their detection and tracking inside living cells.

Chapter 3 (What Microscopy Reveals and Conceals)serves as a tutorial
review on label-free optical microscopy, providing guidance on di�erent tech-
niques and illustrating data analysis work�ows with practical examples. This
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chapter emphasizes both the capabilities and limitations of optical methods,
helping readers understand how to extract meaningful quantitative information
from microscopy data.

Building on this foundation, Chapter 4 (A Case of Hybrid Imaging in Prac-
tice) demonstrates the combination of two imaging modalities to obtain richer
particle information. Using dual-angle interferometric scattering microscopy,
this study shows how simultaneous measurements across multiple modalities
can provide a more complete characterization of nanoparticles, revealing prop-
erties that would remain hidden with a single method.

Chapter 5 (Neural Networks for 3D Refractive Index Reconstruction) ad-
dresses the challenge of reconstructing three-dimensional structures from mi-
croscopy images acquired at unknown orientations. By introducing neural net-
works as a powerful tool for volumetric reconstruction, this chapter explores
how knowledge of a particle's full 3D structure has the potential to enable
richer characterization of its properties.

Finally, Chapter 6 (Conclusion and Future Outlook) synthesizes the main
�ndings of the thesis, discussing their broader implications and outlining poten-
tial future developments at the intersection of microscopy, computation, and
quantitative particle analysis. Taken together, these studies illustrate a co-
herent trajectory from foundational theory to methodological innovation and
practical application, highlighting how modern microscopy can be transformed
into a quantitative tool for studying nanoscale particles.

1.1 Introduction to Microscopy

Optical microscopy provides a non-invasive and versatile window into struc-
tures on the micro- and nanoscale. Across its many forms, microscopy relies
on how light interacts with matter and how these interactions are transformed
into images. The aim of this section is not to give a comprehensive theoreti-
cal treatment, but to establish the core concepts and imaging modalities most
relevant to this thesis. These principles underpin the challenges of quantita-
tive microscopy and motivate the computational approaches developed in later
chapters.

1.1.1 Fundamental Concepts in Light Microscopy

Light in a microscope is often described by a complex optical �eld

E(r ) = A(r ) ei� ( r ) ;

where the amplitude A describes the �eld strength and the phase� encodes
the optical path length accumulated as light propagates through materials of
di�erent refractive index. 1 A conventional detector measures only the intensity

1Here we use a scalar-�eld description; polarization and full vector e�ects are neglected
for simplicity.
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I = jE j2, meaning that the phase is lost unless interference-based methods are
used. This missing phase information is particularly important when attempt-
ing to extract quantitative information such as particle size, refractive index,
or axial position.

The appearance of any point-like object in an optical image is determined
by the microscope's point-spread function (PSF), which depends on di�raction
and the numerical aperture of the objective. Even when a particle is far smaller
than the wavelength of light, its PSF may still be bright enough to detect and
track. Much of the particle analysis in this thesis builds on the fact that
particles can be localized with high precision even when they are too small to
be optically resolved.

1.1.2 Light�Matter Interaction and Contrast Formation

When light encounters a microscopic object, the optical �eld may be absorbed,
delayed, or redirected. Absorption reduces the �eld amplitude, while varia-
tions in refractive index modify the phase. Scattering redirects light without
changing its frequency, and for particles much smaller than the wavelength this
scattering can often be approximated as the response of an induced electric
dipole. The scattered �eld depends on particle size, refractive index, geometry,
and three-dimensional position. These dependencies make scattering a rich
source of information, but also introduce nonlinearities that complicate the in-
terpretation of recorded images. Much of quantitative microscopy, including
the methods used in this thesis, can be viewed as an attempt to invert this
mapping from particle properties to measurable optical signals.

1.1.3 Bright�eld Microscopy

Bright�eld microscopy is the most classical form of light microscopy. The sam-
ple is illuminated with broadband light, and the detector records the trans-
mitted intensity. Contrast originates from absorption or scattering within the
specimen, which is why bright�eld is particularly e�ective for stained or natu-
rally pigmented samples. In microbiology and histology, bright�eld remains a
routine tool for identifying cells, tissues, and microorganisms [24].

However, bright�eld provides quite poor contrast for transparent or weakly
scattering particles such as lipid vesicles, nanoparticles, or most biological ma-
terials. Because the detector records only intensity and not phase, axial in-
formation and subtle refractive-index variations remain hidden. These limita-
tions motivate the use of phase-sensitive or interference-based modalities when
studying nanoscale objects.

ˆ Advantages: simple, fast, compatible with live samples, minimal instru-
mental complexity.

ˆ Limitations: poor contrast for transparent particles, no phase informa-
tion, not quantitative for nanoscale samples.
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1.1.4 Fluorescence Microscopy

Fluorescence microscopy achieves contrast by detecting light emitted by molecules
that have been optically excited. Because the emitted photons originate from
an electronic transition, �uorescence provides molecular speci�city. Fluores-
cent reporters such as GFP and organic dyes enable visualization of proteins,
organelles, and viruses in complex environments [25, 26]. Single-molecule �u-
orescence imaging has become routine, allowing tracking of individual labeled
particles even inside living cells [27].

In this thesis, �uorescence serves primarily as a complementary imaging
method by providing validation for particle detection and tracking but is not
the basis of the quantitative analysis.

ˆ Advantages: high speci�city, excellent contrast, ideal for tracking la-
beled structures in crowded environments.

ˆ Limitations: photobleaching and phototoxicity, signal depends on label-
ing e�ciency and local environment, no phase information, not inherently
quantitative.

1.1.5 O�-Axis Holography

O�-axis holography enables quantitative imaging by recording the interference
between the �eld scattered by the sample and a coherent reference beam in-
troduced at a slight angle. This o�-axis geometry shifts the interference terms
away from the center of the Fourier domain, allowing them to be separated
computationally. The raw hologram therefore contains spatial fringes whose
frequency encodes the phase di�erence between object and reference beams.
By isolating one of the sideband terms and numerically reconstructing the cor-
responding optical �eld, one can recover both amplitude and phase at di�erent
axial positions. This makes o�-axis holography a powerful tool for volumetric
particle localization and quantitative phase imaging [28, 29].

Figure 1.1 illustrates a typical reconstruction work�ow used throughout this
thesis. Minor variations exist, but the fundamental components are common to
many approaches reported in the literature (e.g., [30]). The recorded hologram
(A) contains �ne interference fringes generated by the mixing of reference and
scattered �elds, highlighted in the magni�ed inset. Taking the Fourier trans-
form (B) spatially separates the zero-order background term from the two o�-
axis sidebands. By applying a spatial �lter around one of these sidebands (C)
and performing an inverse Fourier transform, we obtain the complex optical
�eld whose real and imaginary components are shown in (D)�(E). After phase
correction and unwrapping, the reconstructed �eld becomes suitable for quan-
titative analysis, including numerical refocusing and three-dimensional particle
localization, as illustrated in (F)�(G).

Applications of digital holography range from live-cell imaging and dry-mass
quanti�cation to tracking colloidal particles and microorganisms in three di-
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mensions [30]. In this thesis, holography forms the foundation for the compu-
tational approaches developed in Chapters 2 and 5.

ˆ Advantages: quantitative phase retrieval, single-shot 3D localization,
label-free, suitable for weakly scattering particles.

ˆ Limitations: sensitive to noise and coherence artifacts, requires careful
optical alignment, reconstruction involves computational processing.

Figure 1.1: Reconstruction of the complex optical �eld in o�-axis
holography. A) Raw hologram recorded on the camera, containing inter-
ference fringes between object and reference beams; inset shows a magni�ed
region of the fringe pattern. B) Fourier transform of the hologram, showing
the central zero-order term and the two o�-axis sidebands. C) Spatial �ltering
isolates one sideband containing the object�reference interference information.
(D�E) Inverse Fourier transform yields the complex optical �eld, shown as its
real and imaginary parts. (F�G) After phase correction and unwrapping, the
�eld becomes suitable for quantitative analysis, such as numerical refocusing
and particle localization.

1.1.6 Interferometric Scattering Microscopy

Interferometric scattering microscopy (iSCAT) enhances sensitivity by mixing
the weakly scattered �eld from a nanoparticle with a strong reference �eld,
typically the re�ection from a glass�water interface. The detected intensity
contains an interference term proportional to the product of the object and
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reference �elds, which greatly ampli�es the e�ective signal. This allows iSCAT
to detect nanoparticles as small as a few nanometers and to track them with ul-
trahigh temporal precision. Applications include tracking single viruses in three
dimensions [31], label-free detection of individual proteins [22], and quantita-
tive analysis of weakly scattering nanoparticles [32]. Comprehensive reviews of
the methodology and its physical foundations can be found in Refs. [33, 34].

The dual-angle iSCAT con�guration explored in Chapter 4 enriches the
information content by modifying the illumination geometry, allowing more
robust extraction of particle properties.

ˆ Advantages: extremely high sensitivity, label-free detection of nanoscale
objects, fast imaging, indirect access to phase.

ˆ Limitations: contrast depends strongly on axial position, interpretation
can be nonlinear, susceptible to background scattering and drift.

1.1.7 Other Microscopy Techniques

Many additional optical modalities have been developed to enhance contrast
or extract speci�c physical information. Phase-contrast and di�erential inter-
ference contrast (DIC) microscopy convert phase shifts into intensity di�er-
ences, providing excellent contrast for transparent samples without staining
[35, 36, 37]. Confocal microscopy improves axial resolution by rejecting out-
of-focus light and enables optical sectioning of thick samples. Super-resolution
techniques such as STORM and SIM surpass the di�raction limit, allowing
imaging at the tens-of-nanometers scale [38, 39].

These techniques are not used directly in this thesis, but they illustrate the
diversity of contrast mechanisms available in optical microscopy and provide
context for the strengths and limitations of the methods developed here.

1.1.8 Motivation for Quantitative Microscopy

Quantitative microscopy seeks to extract numerical, physically meaningful pa-
rameters such as size, refractive index, dry mass, or three-dimensional posi-
tion from recorded images, beyond providing purely qualitative visual con-
trast [37, 40]. Achieving this is challenging because the relationship between
particle properties and measured intensity is highly nonlinear and sensitive to
imaging geometry, background �uctuations, and noise.

Although modern microscopes produce visually rich images, recovering quan-
titative particle properties such as size, refractive index, mass, or three-dimensional
structure remains challenging. The mapping from particle characteristics to
recorded intensity is typically nonlinear and dependent on imaging geome-
try, background �uctuations, and noise. Interference-based techniques such as
holography and iSCAT encode more information by preserving phase, but the
resulting patterns are frequently too complex for classical analysis to interpret
reliably.
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These challenges motivate the use of computational approaches, including
deep-learning methods that incorporate physical insight and can learn robust
mappings between complex optical signals and quantitative particle descriptors.
The following chapters build on the concepts introduced here to develop such
methods for improved particle characterization.

1.2 Introduction to Deep Learning

Classical image analysis has long served as the foundation of quantitative mi-
croscopy. Techniques such as �ltering, edge detection, thresholding, morpho-
logical operations, Gaussian �tting, and rule-based tracking algorithms remain
widely used [41, 42, 43]. These methods are e�ective when contrast is high, op-
tical conditions are stable, and particle appearances are well modeled. However,
many microscopy modalities explored in this thesis, including o�-axis hologra-
phy and interferometric scattering produce image structures that are nonlinear,
noise-sensitive, and highly dependent on sample morphology and imaging ge-
ometry. Under such conditions, traditional handcrafted features or empirical
thresholds often fail to generalize, motivating the shift toward learning-based
approaches.

Deep learning provides a �exible framework for learning mappings from raw
microscopy data to quantitative particle descriptors. The goal of this section
is not to o�er an exhaustive treatment, but to introduce the key concepts
necessary to understand the methods developed in later chapters.

1.2.1 Arti�cial Neural Networks

Arti�cial neural networks (ANNs) approximate functions by composing linear
transformations with nonlinear activation functions. A single neuron computes

y = g(w � x + b);

where g(�) is an activation function such as ReLU or sigmoid. When many
neurons are arranged in layers, the resulting network can approximate highly
nonlinear, high-dimensional mappings [44]. In fact, under mild assumptions,
multilayer networks can approximate any continuous function to arbitrary ac-
curacy, giving them remarkable expressive power. This universality is key to
their success in learning complex physical relationships directly from data.

Training is performed via backpropagation [45], which uses gradient descent
to adjust weights so that network predictions match target outputs.

While ANNs are universal function approximators, fully connected layers
scale poorly for image data. A256� 256image contains more than 65,000 pixels;
connecting each of these to a single hidden layer already requires millions of
parameters. More importantly, dense networks ignore the spatial structure that
de�nes images. These limitations motivate architectures designed speci�cally
for spatially structured data.
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1.2.2 Convolutional Neural Networks

Convolutional neural networks (CNNs) [46] address the limitations of fully
connected networks for image data by replacing dense weight matrices with
convolutional kernels: small learnable �lters that slide across the image. This
architectural shift:

ˆ preserves local spatial relationships between pixels,

ˆ drastically reduces the number of trainable parameters,

ˆ and enables hierarchical feature extraction.

Early convolutional layers typically learn simple structures such as edges or
gradients, while deeper layers capture increasingly abstract features. This hi-
erarchical representation is well documented in natural-image analysis stud-
ies [47, 48] and is equally important in microscopy, where deeper layers may
encode fringe geometry, particle-like signatures, or depth-dependent interfer-
ence patterns. Pooling layers further introduce a degree of translational invari-
ance, a desirable property for microscopy applications in which particles may
appear anywhere within the �eld of view.

Figure 1.2 illustrates a typical CNN architecture: stacked convolution and
pooling operations extract progressively richer feature maps, which are then
mapped to task-speci�c outputs via one or more dense layers. The entire model
is trained end-to-end using backpropagation to adjust both kernel weights and
dense-layer parameters.

CNNs form the backbone of most modern deep-learning approaches in mi-
croscopy, supporting tasks such as particle detection, localization, denoising,
and image-to-image prediction [49, 18].

Figure 1.2: Conceptual overview of a convolutional neural network
(CNN). Convolutional layers apply learned kernels across the input image to
extract spatial features, pooling layers reduce spatial resolution while preserv-
ing salient information, and dense layers combine the learned features into a
�nal prediction. The entire model is trained end-to-end using backpropagation.
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1.2.3 Encoder�Decoder Architectures and U-Nets

Many microscopy problems require producing an output image, such as a seg-
mentation map, an optical-�eld reconstruction, or a predicted depth map.
Encoder�decoder architectures are well suited for these pixel-wise prediction
tasks. They originate from autoencoders [50, 51], which learn compressed la-
tent representations of images by reconstructing their inputs. A standard au-
toencoder consists of an encoder that progressively reduces spatial resolution
and a decoder that attempts to rebuild the original image from the compressed
representation.

U-Nets [17] extend this idea by introducing skip connections between cor-
responding encoder and decoder layers. These connections preserve �ne-scale
spatial information that would otherwise be lost during downsampling. The
U-Net architecture therefore consists of:

ˆ a contracting path (encoder) that extracts hierarchical spatial features
through convolutions and pooling,

ˆ an expanding path (decoder) that restores spatial resolution via up-
sampling and convolution,

ˆ skip connections that transfer �ne-grained details directly from encoder
to decoder layers.

Removing the skip connections yields a classical autoencoder, whereas including
them allows U-Nets to retain precise localization while still capturing large-
scale context. This capability is essential for microscopy tasks involving weak
signals, small particles, and heterogeneous backgrounds. U-Nets have become
a standard tool for biomedical image segmentation, denoising, and image-to-
image translation, and are widely used in particle detection and quantitative
phase imaging.

A related class of models, Variational Autoencoders (VAEs) [52], extends the
autoencoder framework by placing a probabilistic prior, typically a multivariate
Gaussian on the latent representation. During training, the encoder learns to
produce latent variables that follow this distribution, enforcing structure and
regularity in the latent space. This constraint enables smoother interpolations,
improved robustness, and principled generative modelling. Although VAEs are
not used directly in this thesis, the idea of constraining or regularizing latent
representations is closely related to methods that integrate physical priors or
enforce interpretable embeddings in quantitative microscopy.

1.2.4 How Neural Networks Learn

Training a neural network involves minimizing a loss function that quanti�es
the di�erence between predicted and target outputs. In supervised learning,
this is typically formulated as the optimization problem

� � = arg min
�

L
�
f � (x); y

�
;
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where f � denotes the neural network with parameters� , x is an input image, y
the corresponding target output, and L a loss function such as mean squared
error, L1 loss, or cross-entropy. For microscopy, specialized physics-based or
regularization losses may also be used.

During training, gradients r � L are computed through backpropagation [45]
and used to update the parameters via gradient descent or one of its variants.
Through repeated exposure to training examples, the network adjusts its in-
ternal representation so that predictions progressively align with the desired
outputs. This learning process enables deep networks to infer quantitative pa-
rameters such as particle position, size, or refractive-index variations, quantities
that may be di�cult to extract using analytical models alone.

1.2.5 Supervised, Unsupervised, and Self-Supervised Learn-
ing

Depending on the availability of labels and the nature of the prediction task,
deep-learning methods in microscopy fall into several learning paradigms, each
with distinct advantages and limitations.

ˆ Supervised learning relies on labeled training data to learn a mapping
from images to outputs. It is widely used for segmentation, localization,
and regression of physical parameters. In microscopy, however, obtaining
accurate labels often requires manual annotation, specialized algorithms,
or destructive assays, making large labeled datasets di�cult to acquire.

ˆ Unsupervised learning discovers latent structure in unlabeled data,
for example through clustering, dimensionality reduction, or generative
modeling. Classical unsupervised architectures include autoencoders and
variational autoencoders, which learn compressed latent representations
by reconstructing the input data without requiring ground-truth annota-
tions. While useful for exploring dataset variability or learning compact
embeddings, unsupervised methods do not directly provide quantitative
particle descriptors without additional supervision.

ˆ Self-supervised learning constructs supervisory signals directly from
the data itself, enabling training without manual annotation [16]. This
paradigm is particularly powerful in microscopy, where physical symme-
tries, redundancy across focal planes, or the structure of interference pat-
terns can serve as implicit labels. The self-supervised LodeSTAR frame-
work introduced in Chapter 2 exempli�es this approach by learning to
detect and localize particles without annotated training data[53].

1.2.6 Emerging Methods Relevant to Quantitative Mi-
croscopy

Several recent developments have broadened the role of deep learning in quanti-
tative optical microscopy, particularly in settings where traditional algorithms
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struggle with noise, weak contrast, or the nonlinear nature of interference-based
imaging.

ˆ Physics-informed neural networks embed optical propagation mod-
els, physical constraints, or consistency conditions into the learning pro-
cess, improving interpretability and enabling networks to generalize be-
yond the distribution of the training data [54].

ˆ Synthetic and simulation-based datasets use forward models of im-
age formation to generate training data with known ground truth. Such
datasets are especially valuable in holography and scattering microscopy,
where manual annotation is impractical or ambiguous [55, 18].

ˆ Implicit neural representations and neural �elds (including NeRF-
like methods) model images or volumes as continuous functions repre-
sented by neural networks. These approaches have recently enabled high-
quality 3D reconstruction from sparse or unknown viewpoints [56], mak-
ing them particularly relevant for microscopy modalities where objects
are imaged at multiple orientations or through complex optical transfer
functions.

ˆ Cross-modality learning leverages complementary imaging contrasts
by mapping information between �uorescence, phase, and scattering modal-
ities, enabling networks to infer physical properties that may not be vis-
ible in a single modality.

ˆ End-to-end architectures unify multiple stages of the analysis pipeline,
including detection, reconstruction, tracking, and/or parameter estima-
tion into a single optimized model or framework, reducing the need for
handcrafted intermediate steps.

These approaches re�ect a broader shift toward physically grounded, data-
e�cient deep learning. They provide essential conceptual tools for the meth-
ods developed in later chapters, where neural networks are used not merely
to automate analysis, but to extract quantitative and physically meaningful
information from complex optical measurements.

1.3 Deep Learning and Data Analysis in Mi-
croscopy

Modern microscopy increasingly relies on computational processing to trans-
form raw images into quantitative physical information. The recorded image
is often only an intermediate representation, where interference patterns must
be demodulated, optical �elds reconstructed, particles localized, and trajecto-
ries linked across time. Figure 1.3 illustrates a typical analysis work�ow used
in label-free holographic microscopy and shows the progression from raw data
acquisition to quantitative particle trajectories.
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