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1 

There are some too who ascribe this heavenly sphere and 
all the worlds to spontaneity. They say that the vortex 
arose spontaneously, i.e. the motion that separated and 

arranged in its present order all that exists.  
This statement might well cause surprise. 

Aristotle, Physics II 350 B.C. [1] 

 

Five century B.C. in Greece arose the concept of atoms.   
Democritus afÏrmed that the soul was a fire consisting of innumerable particles, 
which he termed atoms, perpetually in motion due to incessant collisions [2]. This 
idea has crossed the centuries through a few fragments and subsequent reinterpre-
tations. After Epicurus, Lucretius, in De Rerum Natura, illustrated the continuous 
motion of atoms, using the analogy of dust particles moving unpredictably within 
sunlit beams. These early insights laid the base for the atomistic theory of matter, 
suggesting that all substances are composed of tiny, indivisible particles in perpetual 
motion. 

Approximately 2,500 years later, we refer to this phenomenon as Brownian mo-
tion, named after the Scottish botanist Robert Brown. In 1827, Brown observed and 
meticulously described the erratic movement of pollen grains from various plants 
suspended in aqueous solutions under a microscope. He noted that the particles ex-
hibited a jittery and unpredictable motion, which could not be explained by external 
currents or vibrations. Brown’s observations were pivotal because they provided 
empirical evidence of the kinetic activity at the microscopic scale, bridging a gap 
between macroscopic observations and molecular dynamics. 

Today, we understand that this erratic movement is fundamental to the function-
ing of life itself. Molecular machines within cells exploit this energy at the nanoscale 
to perform all essential tasks required for cellular function. Processes such as enzyme 
catalysis, DNA replication, and protein synthesis rely on the random collisions and 
movements facilitated by thermal energy. The stochastic nature of Brownian motion 
enables molecules to explore their environment rapidly, increasing the likelihood of 
necessary interactions occurring within the crowded cellular environment. At this 
spatial dimension—on the order of nanometres—chemical, mechanical, and elec-
trostatic energies become comparable to thermal energy (Figure 1). This conver-
gence presents unique opportunities for complex physical objects and processes uti-
lized by living organisms. At this scale, the interplay between chance and necessity 
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becomes a driving force for biological functions. Thermal fluctuations can induce 
conformational changes in macromolecules, trigger signalling pathways, and in-
fluence the rates of biochemical reactions, all of which are essential for maintain-
ing life. 

 

Figure 1 The convergence of different energy scales is depicted in this graph, illustrating 

how thermal, chemical, mechanical, and electrostatic energies associated with an object 

vary with its size. All these energy types converge as the object’s size approaches the scale 

at which molecular machines operate (indicated by the shaded area). The thermal energy, 

represented by the horizontal line, remains constant regardless of size, corresponding to 

the thermal energy scale kT. The binding energy (in dark blue) is estimated by considering 

an electron confined in a box, with comparisons to measured binding energies for hydrogen 

bonds (square), phosphate groups in ATP (triangle), and covalent bonds (circle). Addi-

tionally, the graph shows characteristic energies for nuclear and subatomic particles. For 

bending energy (blue), an elastic rod with an aspect ratio of 20:1 bent into a semicircle 

was used. The fracture energy (green) was estimated by calculating the energy in the 

chemical bonds along the longitudinal cross-section of the rod. Lastly, a spherical protein’s 
electrostatic energy (orange) was determined, assuming single-charged amino acids of spe-

cific sizes distributed on its surface. Reproduced from [3] with the permission of the Amer-

ican Institute of Physics. 

In every living cell, millions of nanometric objects float, propelled by thermal 
agitation, and thus move via Brownian motion. These include proteins, nucleic 
acids, lipids, and various complexes critical for cellular operations. Some of these 
objects can become trapped in spatial regions due to interactions with cellular 
structures like the cytoskeleton or membrane compartments. Others are pro-
pelled by active transport mechanisms involving motor proteins such as kinesin, 
which move along microtubules, consuming chemical energy in the form of ATP. 
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Various sophisticated techniques have been developed to study these diffusive 
motions. Among them, Fluorescence Correlation Spectroscopy (FCS) is treated in 
detail in this thesis. FCS is a powerful tool that analyses fluctuations in fluorescence 
intensity within a tiny volume to extract information about the number and dynam-
ics of fluorescent particles. It allows measuring diffusion coefÏcients, concentra-
tions, and kinetic rates of molecular interactions in real time and with high sensi-
tivity down to a single molecule regime. 

In recent decades, technological advancements have enabled the probing of mul-
tiple positions (quasi) simultaneously, gaining the possibility to resolve diffusive het-
erogeneities within complex systems. Techniques such as spatially resolved FCS, flu-
orescence recovery after photobleaching (FRAP), and single-particle tracking (SPT) 
have expanded the ability to observe and quantify molecular movements with un-
precedented precision. These methods recognize and measure that diffusion is not 
always uniform within cells. The environment of cells is highly heterogeneous due 
to obstacles, binding events, and active transport processes. 

In this work, we will present the state of the art of FCS, particularly considering 
the image-resolved FCS (i.e. Image Correlation Spectroscopy, ICS, with some of its 
declinations). We will focus on the pros and cons of these methods to probe and 
quantify these diffusive heterogeneities. Then, we will introduce and propose a new 
concept called local-FCS that aims to increase the accuracy and precision of spatial-
resolved FCS measurements. Coupling local-FCS to different imaging modalities, 
we aim to simplify the FCS analysis by spatially unmixing the system's complexity, 
reducing the possibility of artifacts and leading to a more straightforward interpre-
tation of the autocorrelation functions. This approach will be illustrated and used in 
several biological contexts, clarifying fluorescent probes’ diffusional behaviour. 
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1.1 The diffusion  

The dynamics of diffusion and molecular transport processes are of significant 
importance in biology. In fact, in principle, we can associate each characteristic of 
a biomolecule’s motion with a unique cellular function distinct from others. The 
diffusive modes of molecular motion at the intracellular level can be classified into 
two broad categories [4]: 

1. Brownian diffusive motion, in which molecules or molecular complexes 
move purely due to thermal agitation, and diffusion is exclusively related to 
thermodynamic factors and the size of the molecules themselves. 

2. Anomalous diffusive motions:  

- Subdiffusive or confined motion, in which the movement of 
molecules or molecular complexes is limited or confined by par-
tially permeable or impassable barriers. 

- Superdiffusive motion, in which the movement of molecules or 
molecular complexes is “guided” in a non-stochastic manner by the 
action of other molecules, typically involves energy consumption. 

In addition to these diffusion modes, it is also essential to consider the possi-
bility of binding interactions between the molecule of interest and another mol-
ecule. Modelling these interactions is generally complex, but two relatively simple 
systems can be identified: 

a. The binding interaction occurs with an association/dissociation time that is 
much faster than the diffusive motion. 

b. The binding interaction occurs with an association/dissociation time that is 
much slower than the diffusive motion. 

It is clear that case (a) leads to a “mediated” diffusion between different states 
(bound and unbound, in rapid equilibrium). On the other hand, case (b) results in 
two distinguishable types of dynamics: diffusion and binding. A particular in-
stance of case (b) occurs when the formed complex is immobile, as it is part of an 
intracellular structure, such as a protein-DNA bond. In this case, (b) corresponds 
to a special instance of confined motion where the barrier to movement is also 
“absorbing”. 

In real scenarios, diffusion analysis is typically quite complex and closely tied to 
the specific process at play. However, it is possible to empirically describe confined 
and superdiffusive motions by using Brownian diffusion as a reference [5].  
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1.1.1 Brownian motion 

In the late nineteenth century, Boltzmann introduced an atomistic perspective to 
the natural sciences, aiming to explain thermodynamic phenomena through the sta-
tistical behaviour of individual particles rather than continuous fields or concentra-
tions. Despite facing substantial opposition and criticism from prominent col-
leagues, Boltzmann laid the foundation for what is now known as “statistical phys-
ics”. His search for microscopic explanations of thermodynamic laws also stimulated 
interest in diffusion. In particular, there was interest in developing a theory that 
could explain the Brownian motion phenomenon: the erratic movement of pollen 
grains in water observed by Robert Brown in 1828 [6]. One of the most significant 
advancements came in 1905 when Einstein provided the first consistent microscopic 
interpretation of Fick’s laws [7]. In his seminal paper, Einstein derived the diffusion 
constant from a molecular perspective, marking a major step forward in under-
standing diffusion at the microscopic scale. The key insight of Einstein’s work was 
the observation that small particles when near thermodynamic equilibrium, un-
dergo a movement due to the finite temperature of their surroundings.   

According to Einstein’s theory, the solution to the diffusion equation is a normal-
ized Gaussian distribution, where the variance increases linearly over time and pro-
vides the mean squared displacement (MSD) w2(t): 

w2(t) =  2NDt (1) 

Where t is the elapsed time, N is the dimensionality of diffusion, D is the diffusion 
coefÏcient. 

Einstein’s formulation is based on three key assumptions: (i) particles move inde-
pendently of each other, (ii) their displacements are statistically uncorrelated, and 
(iii) their random movements are caused by thermal collisions with water molecules, 
with no preferential direction, and the distributions of step lengths and waiting 
times have finite means and variances [8]. 

Later, Smoluchowski [9][10] associated Einstein’s model with the theory of ran-
dom walks [11]. This connection highlighted the equivalence between the diffusion 
of a group of particles and the random walk of a single particle, demonstrating that 
the process is ergodic. This propriety means that following the motion of a single 
particle over a long period provides the same information as monitoring an entire 
ensemble of particles.  
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In a real biological context, this ergodic theorem is only weakly satisfied. For 
this reason, other diffusional modalities have been introduced to describe what 
happens inside the cell [12]. 

1.1.2 Anomalous Diffusion 

In cells, it could happen that a molecule that initially exhibited Brownian mo-
tion could become confined within a specific region or may bind to another mol-
ecule, following its movement, breaking the ergodic hypothesis. These different 
types of motion typically arise from interactions between the particle and its sur-
rounding environment. Studying these motions can provide valuable insights 
into the properties of the environment, the kinetics of molecular binding inter-
actions, the presence of structures that influence particle diffusion, or the role of 
molecular motors [13]. To interpret these various behaviours and extract infor-
mation about the surrounding media, significant theoretical work has been dedi-
cated to describing diffusion in complex systems [12]. To describe these anoma-
lous diffusional modalities (sub or superdiffusive) that scale the mean square dis-
placement (MSD) differently due to the heterogeneous environment, this gener-
alization of eq. (1) has been proposed [13]: 

 w2(t) =  2N𝐷𝛼t𝛼  (2) 

Where ∝  is the diffusional anomalous parameter, ∝ = 1  for Brownian mo-
tion, 0 < ∝ < 1 if we have a subdiffusive motion, and ∝ > 1 is superdiffusive. 
Of note, the parameter 𝐷𝛼 where ∝ ≠ 1 loses the physical meaning of the diffu-
sional coefÏcient and holds an empirical ratio between the spatial and temporal 
features of motion. 

In general, anomalous diffusion arises when at least one of the assumptions of 
Einstein’s theory is violated, leading to deviations from the central limit theorem. 
For instance, anomalous diffusion may be caused by broad distributions of jump 
times (the time that a molecule has to wait between steps) or lengths or by strong 
correlations in the diffusive motion (for example in a directional motion). 

1.1.3 How to measure diffusion? SPT, FRAP and FCS 

If we could track a single molecule in real-time - as it happens in a single parti-
cle tracking (SPT) experiment - we could plot the MSD versus time and determine 
the diffusion modality involved (Figure 2). 
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SPT has been used since 1987, when Brabander et al. demonstrated that 40nm 
gold nanoparticles could be visualized on the surface of living cells by optical mi-
croscopy [14]. 

 

Figure 2 The mean-square displacement MSD as a function of time for different diffu-

sional modalities. From the top: directional diffusion and/or flow ∝ > 1, pure Brownian 

diffusion ∝ = 1 , diffusion in the presence of obstacles ∝ < 1 , and confined motion. 

Adapted from [15] with permission of Annual Review of Biomedical Engineering 

Initially termed “particle nanovid microscopy,” this technique relied on the use of 
colloidal gold particles attached to the biomolecule of interest. Ideally, each gold par-
ticle is conjugated with a single biomolecule. Due to their high Rayleigh scattering 
intensity, the spatial coordinates of the central positions of individual particles could 
be determined with nanometer precision through recordings taken at successive 
times using video-enhanced differential interference contrast (DIC) microscopy. 
This straightforward methodology allowed for the first-time tracking of kinesin-
driven movements with nanometer-scale precision [16], thus paving the way for 
studying the tracking of individual molecules in the cell membrane.  

The size of the scattering particle used for tracking imposes significant limitations 
on the biological processes that can be observed and may lead to substantial artefacts. 
Reducing the size of the particle is challenging because Rayleigh scattering decreases 
with the sixth power of the particle’s diameter. Over the past 30 years, the ability to 
detect single fluorescent molecules at room temperature has opened the way to using 
single-particle tracking (SPT) via fluorescence. However, the duration of the trajec-
tories and the precision of spatial positioning with fluorescent reporters are typically 
limited to only a few seconds and 20–50 nm respectively. In the last few years, the 
proposal of tracking fluorescent molecules with minimal photon fluxes (MINFLUX) 
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(Balzarotti, F., et al. 2017 [17] Eilers Y., et al. 2018 [18]) allowed tracking (in 3D) 
fluorescent molecules with few nanometer uncertainties with very few hundreds of 
photons. 

One of the remaining drawbacks of this technique is the difÏculty of preparing 
a living sample with a single molecule level expression in a single cell. This ex-
tremely low labelling density translates to a very long measurement (with respect 
to the typical movement of the cell) to achieve a good spatial statistic (Priest et al. 
2019 [19]).  

Prior to the development of techniques for single-particle tracking, other 
methods for studying dynamics had been proposed and successfully employed. 
Among these, fluorescence recovery after photobleaching (FRAP) made a signif-
icant contribution to cellular biology particularly thanks to its simplicity (Axelrod 
et al. 1976 [20]). This method involves inducing a significant localized change in 
fluorescence signal within the sample and evaluating the system’s relaxation over 
time. More specifically, this technique leverages the photobleaching of the fluo-
rescent marker, bound to the biomolecule of interest, by using an intense short 
and spatially localized excitation radiation. The subsequent fluorescence recovery 
in the photobleached region, driven by the molecular diffusion of non-bleached 
species, provides local dynamic information on molecular motion. The recovery 
is a clear, simple sign of the diffusion of the molecules. If the recovery is not com-
plete, there is an immobile fraction of molecules. From the curve of the recovery, 
it is possible to extract the diffusional characteristics of the molecule [21]. This 
quantitative information requires complex mathematical models to interpret flu-
orescence recovery data and extract the molecular diffusion characteristics, result-
ing in one of the main limitations of this technique [22]. 

FRAP studies the system’s relaxation back to a steady state (or equilibrium). 
The Fluctuation-Dissipation theorem (Kubo, R. 1966 [23]) assures that the infor-
mation obtained via relaxation techniques can also be derived by observing the 
system’s spontaneous fluctuations around its steady-state (or equilibrium) (Elson 
and W. W. Webb 1975 [24]).  

The technique that analyses these spontaneous fluctuations around the steady 
state is known as Fluorescence Correlation Spectroscopy (FCS) and is the main 
topic of this thesis. This technique greatly benefits from the high sensitivity of 
fluorescence, which allows the detection of very small variations in the optical 
signal.  

The key idea of this method for studying diffusion is to probe a volume and to 
record the fluctuation of temporal fluorescence intensity. If few molecules are 
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present in the volume, it is possible to recover the molecules’ permanence time from 
the intensity temporal trace. This characteristic time is linked to the diffusion coef-
ficient by the probing volume size. If the molecules in the solution are diluted, ran-
domly dispersed, and do not interact between them, the number of molecules pre-
sent in a volume follows the Poissonian distribution. Under this hypothesis, the con-
centration fluctuations δc become significant, relative to the mean 〈c〉, only if a few 
tens molecules are present in the volume.  

 
δc〈c〉 = 1√N (3) 

For systems with sub-micromolar biomolecular concentrations (typical of cellular 
environments), the use of a confocal microscope for its femtoliter confocal volume 
is a key point for obtaining sensitive FCS measurements. In a typical confocal sys-
tem, with a confocal volume of 0.2 fl and a concentration of 100 nM, there are ap-
proximately 12 molecules in the volume, corresponding to a 30% fluctuation relative 
to the mean. Because of such a high sensitivity, it was one of the first single-molecule 
techniques proposed. Also, it explains why it is used for detecting very low fluores-
cent molecule concentrations.  

Fluorescence correlation spectroscopy offers several advantages over single par-
ticle tracking and fluorescence recovery after photobleaching methods, especially in 
terms of ease of implementation, analysis versatility, and applicability to a wide 
range of sample densities [25]. A key benefit of FCS over SPT is that while SPT 
provides a highly accurate description of individual molecules’ behaviour, it requires 
extremely low expression levels. Successful SPT tracking relies on having only a few 
emitting molecules within a small field of view (around 5x5 μm), resulting in long 
acquisition times to sample sufÏcient space, obtain a statistically significant number 
of traces, and generate reliable Mean Square Displacement (MSD) curves [26]. This 
requirement makes SPT more labour-intensive, although it offers the distinct ad-
vantage of detailed, molecule-specific dynamics, which are often more straightfor-
ward to interpret compared to the collective behaviour that FCS measures [15]. 

On the other hand, FRAP requires a significant external perturbation, using high-
intensity laser radiation to bleach the fluorophores, which some studies suggest can 
potentially damage cells or induce artefacts like receptor cross-linking [27] (even if 
there is no strong consensus [28]). In contrast, FCS uses much lower laser power 
and studies systems at equilibrium, making it less invasive. While FRAP is valuable 
for large spatial scale dynamics [20], a classical FCS approach offers to probe a single 
small volume (with a typical size comparable with the optical resolution of the 
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microscope), becoming a sensitive method for studying fast dynamics and molec-
ular interactions, with the added advantage of working in both equilibrium and 
steady-state conditions. 

As reported in the next chapter, FCS was initially developed as a technique to 
monitor fluorescence fluctuations just in a single point of the sample. This ap-
proach focuses on studying fluorescence fluctuations in the time domain alone, 
using a specific descriptive function called the temporal autocorrelation function 
of the fluctuations G(τ). However, it soon became clear to explore also the oppor-
tunity given by probing the sample spatially G(ρ) to obtain information about the 
concentration and the shape of the intensity distribution. In a few years, different 
methods have been proposed with the help of technological advancement. The 
possibility to collect, at high temporal resolution, fluctuations as images enable 
the study of the complete spatio-temporal autocorrelation function G(ρ, τ), 
where ρ represents the position vector in the Image Correlation Spectroscopy 
ICS.  
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2 Fluorescence Correlation Spectroscopy 

In fact, many first elements of things, in many ways, 
from infinite time until now, stimulated by collisions 

and drawn by their own weight, are accustomed to move and wander 

and to join together in every way and explore every possible interaction 

by aggregating among themselves, 
 that it is no wonder if they also fell into such arrangements 

 and arrived at such movements as those 

 through which the sum of things, renewing itself, now is realized. 

Lucretius - De Rerum Natura - V vv. 187-1941 

 

In this chapter, we will discuss the state of the art of various techniques related to 
FCS. Specifically, we will focus on techniques that use image correlation spectros-
copy to highlight their potential and limitations with the aim of proposing new 
methods that overcome such limitations (Chapter 3).  

There have been several developments over the years that are relevant to the the-
sis’s focus and have enabled unprecedented insights into biophysical diffusion pro-
cesses. 

The idea to extract diffusional information from the fluorescence fluctuation 
arose in the late sixties from Magde, Elson, Webb. In the first FCS paper, Magde et 
al., 1972 [29] highlighted the limitations of dynamic light scattering (DLS) [30] in 
resolving chemical kinetics. This is primarily because fluctuations in the dielectric 
constant, which DLS relies on, are often too small to detect accurately. DLS analyses 
changes in the refractive index caused by solute concentration fluctuations in a so-
lution. However, beyond the challenge of resolving chemical kinetics, DLS has other 
significant limitations. It requires very low solute concentrations (in the micromolar 
range), its sensitivity is mainly influenced by the size and shape of the scatterer, it 
cannot distinguish between contributions from different biomolecules, and it lacks 
the ability to label specific proteins of interest. Magde, Elson, and Webb addressed 
these issues by extending DLS theory to fluorescence fluctuations, taking advantage 

 

1Translated by the author 

 Namque ita multa modis multis primordia rerum | ex infinito iam tempore percita plagis |ponderibusque suis consuerunt 
concita ferri | omnimodisque coire atque omnia pertemptare, | quae cumque inter se possint congressa creare, | ut non sit 
mirum, si in talis disposituras | deciderunt quoque et in talis venere meatus, | qualibus haec rerum geritur nunc summa 
novando.  
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of the theoretically infinite contrast provided by fluorescence. This innovation 
allowed them to measure concentration fluctuations in a chemically reactive sys-
tem at equilibrium, and in particular, they successfully measured the chemical rate 
constants of ethidium bromide’s reversible binding to DNA and the diffusion co-
efÏcients of the Rhodamine 6G and EtBr. 

A few years later, Ehrenberg & Rigler (1974) [31] developed the theory and built 
a setup capable of resolving the rotational Brownian motion by analyzing fluores-
cence intensity fluctuation after exciting the fluorophores with linearly polarized 
light. In the same year, Koppel [32] developed the first theoretical signal-to-noise 
derivation for the FCS autocorrelation function.  

The first mix between spatial and temporal fluctuations measurement was per-
formed by Weissman et al. (1976) [33], [34] to measure the molecular weight of 
DNA. In this work, the samples were rotated under an illumination beam. Ana-
lysing the autocorrelation, computed at a lag-time equal to the period of the rota-
tion, they recovered the concentration of the DNA, uncoupling the other noise 
source.  

In 1986, Petersen [35][34] suggested to scan over the sample rather than mov-
ing it. This adaptation of FCS for semi-static images (where diffusion or flow is 
slow compared to the scan time) involves measuring intensity fluctuations based 
on position instead of time, allowing the extraction of information about the 
number and size of aggregates. This method was first known as “scanning-FCS” 
since the spatial autocorrelation, from which the number and the size of the ag-
gregations are recovered, is computed on a line obtained from a scanning micro-
scope.  

In 1993, Petersen [36] et al. generalized the spatial autocorrelation from 1D to 
image 2D images, calling it Image Correlation Spectroscopy (ICS). The article’s 
last lines highlight the possibility of rapidly acquiring a sequence of images.  

In 1994, Koppel [33] et al. generalized the concept of Weissman et al. (1976) by 
using a confocal line scan microscope to analyse the autocorrelation decay due to 
diffusion. 

In 1995 Srivastava and Petersen [37] proposed using Temporal Image Correla-
tion Spectroscopy (tICS) to recover the diffusion from the decay of the amplitude 
of the spatio-temporal correlation. Moreover, the same article introduces the use 
of 2-channel Image Cross-Correlation Spectroscopy. 
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In 1999, Brinkmeier et al. [38] proposed cross-correlation of fluctuation at differ-
ent known positions to determine flow properties of velocity vectors in microstruc-
tured channels. This method is referred to as “2-beam cross-correlation”.  

In 2005, Hebert et al. [39] took advantage of analysing the full spatio-temporal 
autocorrelation functions in the so-called stICS analysis (spatio-temporal image cor-
relation spectroscopy). With this approach, it became straightforward to map the 
velocity of the flow or the movement of proteins. 

Kolin et al. (2006 [35]) presented the k-space analysis called kICS. Making the 
temporal autocorrelation in the Fourier space, instead of in the real space, it decou-
ples the dynamics and the photophysical contribution to the autocorrelation decay. 
This is very effective for understanding if the measurement has binding kinetics. 

Digman et al. in 2005 [40], [41] developed Raster Image Correlation Spectroscopy 
(RICS). This technique takes advantage of the hidden temporal information encoded 
in an image acquired with raster scanning. In a classical confocal microscope, the 
sample is probed at different points, collecting the intensity for a few ms. Such a 
time is called dwell time. When the microscope has ended to acquire a row of an 
image, typically, it moves back the mirror and starts to acquire the second row, and 
so on. Using the information of the dwell time and the line time, just performing a 
spatial autocorrelation, it is possible to recover a fast diffusion coefÏcient like free 
EGFP in the cytoplasm. An interesting development of this technique in 2018 by 
Scipioni et al. [42] has permitted the recovery of diffusional heterogeneities from a 
local evaluation of RICS (local-RICS). 

In 2009, Digman and Gratton generalized the concept of 2-beam cross-correla-
tion on a confocal microscope in the so-called Pair correlation [43]. This technique 
allows for detecting diffusion barriers and diffusion heterogeneity by observing a 
delay in the correlation maximum when barriers are present. 

Di Rienzo et al., in 2013 developed another way of interpreting changes in the 
shape of the spatiotemporal autocorrelation in the image-derived mean squared dis-
placement iMSD [4], [44], [45]. 
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Figure 3 An overview of the image correlation techniques (ICS) developed. (A) All anal-

yses are based on images or image series obtained using a confocal or two-photon laser 

scanning microscope or total internal reflection fluorescence (TIRF) microscopy. The typ-

ical sample is a cell membrane with a macromolecule of interest, selectively tagged with a 

fluorophore through antibody labelling or fluorescent protein transfection. (B) Image Cor-

relation Spectroscopy (ICS) is performed on a static image to determine the number density 

and aggregation state of fluorescently labelled particles. (C) k-Space ICS (kICS) focuses 

on measuring particle dynamics, such as diffusion and flow, while being insensitive to 

fluorophore “blinking” and photobleaching. (D) Temporal ICS (tICS) examines an image 

series over time to extract information on dynamics, particle density, and the immobile 

fraction of fluorophores during the observation period. (E) Spatiotemporal ICS (stICS) 

combines spatial and temporal correlations from an image series to identify the flow direc-

tion and speed in the sample. (F) Raster ICS (RICS) applies spatial autocorrelation analysis 

to the rapid and slow components of a laser raster scan to study fast transport dynamics, 

such as cytosolic movement, using images acquired with a laser scanning microscope. Re-

printed with permission from Springer Nature [46]. Copyright © 2007. Springer Nature 

Limited. 
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2.1 FCS Theory 

The use of fluorescence intensity as a source of contrast in Fluorescence Correla-
tion Spectroscopy (FCS) represents a significant improvement over Dynamic Light 
Scattering (DLS). Fluorescence provides a more versatile and sensitive approach, 
particularly for studying biological processes at the molecular level. In brief, some 
of the main advantages of fluorescence in FCS are: 

1. Fluorescent probes can be used to label biomolecules. This approach is 
particularly advantageous in living systems, where fluorescent proteins 
can be genetically encoded, allowing real-time quantification of biomole-
cule’s diffusions in their natural environment without disrupting biolog-
ical processes. 

2. Proportionality between fluorescence intensity and concentration. This 
linearity is crucial for all quantitative fluorescence methods and is verified 
for a typical biological system (where the absorbance is very low < 0.05). 

3. Spectral separation of excitation and emission wavelengths: fluorescence, 
because of Stokes’s shift, decouples excitation and emission wavelengths, 
ensuring that the emitted light can be detected without interference from 
the excitation source. This separation results in a theoretically infinite 
contrast, enhancing the sensitivity of measurements.  

4. Time dependence of the fluorescence signal: The excited state of fluores-
cent molecules typically has an emission lifetime greater than 100 ps. This 
feature enables the fluorescence signal to be modulated based on environ-
mental changes, such as pH or ion concentration variations, making it 
highly responsive to changes in the local chemical environment. 

The fluorescence intensity collected during an experiment is also influenced by 
the optical and physical characteristics of the acquisition system. In the experiments 
described in this thesis, both confocal and wide-field microscopes were used. The 
wide field microscope is coupled with inclined illumination and Total Internal Re-
flection Fluorescence (TIRF) to increase the illumination sectioning. 

The core of FCS analysis lies in fitting experimental correlation functions to the-
oretical models that describe the underlying diffusive processes being studied. These 
models account for several dynamics, such as diffusion in 2D and 3D, flow and active 
transport, multi-component systems, anomalous diffusion, and photo-physical phe-
nomena. Theoretical autocorrelation functions (ACFs) for different diffusive sys-
tems will be derived in the next paragraph based on the experimental optical setup. 
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These correlation functions are further extended to spatial and spatiotemporal 
domains when using confocal scanning or camera-based optical schemes. 

2.1.1 Fluorescence fluctuations in a diffusive system 

To develop a mathematical formulation of FCS for diffusion, we begin by de-
scribing a fluorescent molecular species diffusing isotropically within a defined 
volume. Then, we will compute the correlation function under a general propa-
gator function.  

The concentration of the diffusive molecules 𝑐(𝒓, 𝑡) in the defined volume will 
depend on space and time, denoted respectively by r and t. As highlighted before, 
FCS analyses the system at equilibrium. The concentration for each point in the 
space can be decomposed as a fluctuation around the temporal average.  

 c(𝐫, t) = δc(𝐫, t) + 〈c(𝐫, t)〉t (4) 

As a result of isotropic diffusion, the concentration fluctuations adhere to Fick’s 

second law. 

 
∂∂t δc(𝐫, t) = D∇2δc(𝐫, t) (5) 

With the addition of a set of boundary conditions: 

 𝛤𝒓,𝑡(𝛿𝑐) = 0 for 𝒓 ∈  𝑆 (6) 

Where S represents the geometric boundary of the system, and Γ is an operator 
that describes the boundary conditions (for instance, in the case of complete ab-
sorption at the boundary, the condition will be 𝑐(𝒓, 𝑡)|𝐫 ∈ S = 0; in the case of 
reflection at the boundary, it can be imposed that the derivative with respect to 
the outward normal to the volume S is zero: that is, 𝜕𝑁 𝛿𝑐(𝒓, 𝑡)|𝐫 ∈ S = 0). 

The solution to the Fick’s diffusion equation can be expressed as [47]: 

 δc(𝐫, τ) = ∫δc(𝕣, 0) 𝒢(𝐫, τ|𝕣, 0)d𝕣 (7) 
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Where 𝒢(𝒓, 𝜏|𝕣, 0) is Green’s function of the diffusion equation, i.e., a solution 
to the partial differential equation that satisfies the initial condition 

 𝒢 = δ(𝐫 − 𝕣) for t = 0 (8) 

Due to the time invariance of Fick’s equation, its solution can be written for any 
time interval as follows: 

 𝛿𝑐(𝒓, 𝜏) = ∫δc(𝕣, t) 𝒢(𝐫, t + τ|𝕣, t)d𝕣 (9) 

With 

 𝒢(𝐫, t + τ|𝕣, t) = 𝒢(𝐫, τ|𝕣, 0) (10) 

Thus, Green’s function for diffusion represents the probability density distribu-
tion of the concentration fluctuation displacement of the molecule from position 𝕣 
at time t=t to a position r’ after t=t+τ time. τ it will be called lag time, and it is the 
actual temporal variable. 

If we compute the autocorrelation of the concentration fluctuations, this could 
assume this formulation: 

 

〈δc(𝐫′, t + τ)δc(𝐫, t)〉= ∫〈δc(𝕣, t)δc(𝐫, t)〉𝒢(𝐫′, t + τ|𝕣, t)d𝕣 
(11) 

Where averaging operation is considered with respect to time. 
Assuming the ergodic hypothesis, meaning: 

 

〈δc(𝐫′, t + τ)δc(𝐫, t)〉= limT→∞ 1T∫ δc(𝐫′, t + τ)δc(𝐫, t)dtT
0  

(12) 
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At equilibrium, the fluctuations of the molecules are spatially uncorrelated due 
to the absence of flow processes. Therefore, we have: 

 〈δc(𝕣, t)δc(𝐫, t)〉 = 〈δc2〉δ(𝕣 − 𝐫) (13) 

As stated before, if the molecules do not interact between them, and the con-
centration is relatively low (hypothesis verified for mostly all intracellular bio-
molecules), their concentration follows Poisson statistics, and we have: 

 〈δc2〉 = 〈c〉 (14) 

where 〈𝑐〉 represents the equilibrium concentration of the molecules, assumed 
to be uniform throughout the volume V considered, and obtained (through the 
ergodic theorem) as the limit of the time-averaged instantaneous concentration 
for infinite time. 

Considering this, the equation for the correlation of concentration fluctuations 
can be rewritten as: 

 

〈δc(𝐫′, t + τ)δc(𝐫, t)〉= ∫〈δc2〉δ(𝕣 − 𝐫)𝒢(𝐫′, t + τ|𝕣, t)d𝕣=  ∫〈c〉δ(𝕣 − 𝐫)𝒢(𝐫′, t + τ|𝕣, t)d𝕣=  〈𝑐〉 𝒢(𝒓′, 𝜏|𝒓, 0) 

(15) 

This function, derived in a general manner with respect to the form of Green’s 
function, plays a key role in the theory behind fluorescence fluctuation experi-
ments, as will be demonstrated in the following section.  

One of Green’s most useful analytical functions is related to the case of free 
diffusion. This, within an infinite volume of dimensionality k (k=1,2,3), could be 
written as: 

 𝒢(𝐫′, τ|𝐫, 0) = 1(4πDτ)k/2  exp (− (𝐫′ − 𝐫)𝟐4Dτ ) (16) 
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It is worth noting that, in this particular case, Green’s function depends only on 

the difference between the spatial arguments, namely the mean squared displace-

ment. 

2.1.2 Single-point FCS 

The simplest way to collect intensity fluctuations is to sample the fluorescent mol-
ecules that diffuse in a volume V(r), in a fixed position. 

The source of illumination excites only the molecules that reside in the illumina-
tion volume. I0(r) is the intensity distribution of the excitation light. The collected 
fluorescent signal will be proportional to the concentration of fluorescence mole-
cules, to their molecular brightness b, to I0(r), and to the collection efÏciency of the 
optical system DET(𝒓).  

 F(t) = ∫ I0(𝐫)DET(𝐫)V(𝐫)𝑏〈c(𝐫, t〉 d𝐫 (17) 

In this definition of molecular brightness, b represents the probability of detecting 
a fluorescence photon emitted by a single molecule, combined with contributions 
from the excitation efÏciency of the chromophore, the quantum yield of fluores-
cence, and the efÏciency of the photon detection system. 

At the equilibrium, the fluorescence signal can be expressed as an average value 
around a fluctuation: 

 F(t) = δF(t) + 〈F(t)〉 (18) 

With 〈δF(t)〉 = 0 

It should be noted that, in this context, the averaging is purely temporal. The er-
godic theorem ensures that, at equilibrium, the time-averaged signal from the ob-
served region corresponds to the average fluorescence across all points in the sam-
ple.  

The fluctuation density can be seen in relationship with the local concentration 
fluctuation 

δc(𝐫, t) = c(𝐫, t) − 〈c(𝐫, t)〉t: 
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 δF(t) = ∫ I0(𝐫)DET(𝐫)V(𝐫)δ(c(𝐫, t)𝑏) d𝐫 (19) 

Usually, the molecular brightness b is considered constant over time. This does 
not occur, for example, in the presence of photobleaching, which converts fluoro-
phores into a non-fluorescent irreversible state. Assuming b remains constant, 
meaning there is no brightness reduction due to photobleaching or other phe-
nomena, the equation simplifies to: 

 δF(t) = 𝑏 ∫ I0(𝐫)DET(𝐫)V(𝐫)δc(𝐫, t) d𝐫 (20) 

We now define the normalized autocorrelation function. 

 G(τ) = ⟨F(t)F(t + τ)⟩〈F(t)〉 2 − 1 (21) 

Using the eq. (18) it can be rewritten to 

 G(τ) =   ⟨ (δ F(t)  +  ⟨ F(t) ⟩)(δ F(t  +  τ)  +  ⟨ F(t  +  τ) ⟩) ⟩〈F(t)〉 2 − 1 (22) 

=    ⟨δF(t)δF(t + τ) + δF(t)⟨F(t + τ)⟩ + ⟨F(t)⟩δF(t + τ) + ⟨F(t)⟩⟨F(t + τ)⟩⟩〈F(t)〉 2− 1 

The temporal average over the fluctuation is 0, so all 〈δF(t)〉 = 0. This signi-
fies that, when performing the temporal average, the second and the third terms 
became 0:  

 ⟨δF(t)⟨F(t + τ)⟩⟩ = ⟨δF(t)⟩⟨F(t + τ)⟩ = 0 (23) 



 

 

25 

      ⟨⟨F(t)⟩δF(t + τ)⟩ = ⟨F(t)⟩⟨δF(t + τ)⟩ = 0 (24) 

Since it’s a stationary process ⟨F(t + τ)⟩ = ⟨F(t)⟩: 

 

𝐺(𝜏) = ⟨δF(t)δF(t + τ) + ⟨F(t)⟩2⟩⟨𝐹(𝑡)⟩2   − 1= ⟨δF(t)δF(t + τ)⟩ + ⟨F(t)⟩2⟨𝐹(𝑡)⟩2 − 1 = ⟨δF(t)δF(t + τ)⟩ + ⟨F(t)⟩2⟨F(t)⟩2 − 1= ⟨𝛿𝐹(𝑡)𝛿𝐹(𝑡 + 𝜏)⟩⟨𝐹(𝑡)⟩2  

(25) 

In this way we have demonstrated that  

 G(τ) = ⟨F(t)F(t + τ)⟩〈F(t)〉 2 − 1 =  ⟨δF(t)δF(t + τ)⟩⟨F(t)⟩2  (26) 

The next step is to substitute F(t) with eq. (17). 

 G(τ) = (27) 

𝑏2 ∫∫ I0(𝐫)I0(𝐫′)  DET(𝐫)DET(𝐫′)V(𝐫)V(𝐫′)⟨c(𝐫, t)c(𝐫′, t + τ)⟩ d𝐫d𝐫′𝑏2〈∫ I0(𝐫)  DET(𝐫)V(𝐫)c(𝐫, 𝐭) d𝐫〉t2 − 1 

The only variable that has the temporal dimension at the denominator is the con-
centration. So it can be removed from the integral. Moreover, another very general 
simplification is when the sample occupies a volume V(r) larger than the observed 
volume. This results in considering V(r)=1 in the integral.  

These considerations led the autocorrelation to be the simple as: 
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G(τ) = ∫∫ I0(𝐫)I0(𝐫′)  DET(𝐫)DET(𝐫′)⟨c(𝐫, t)c(𝐫′, t + τ)⟩ d𝐫d𝐫′〈c〉t2(∫ I0(𝐫)  DET(𝐫)d𝐫)𝟐 − 1 (28) 

The product of I0(r) for 𝐷𝐸𝑇(𝒓) is the well know Point Spread Function Ω(𝒓), 
and it’s convenient to use in the formula. Switching to the fluctuation, the eq. can 
be written as:  

 G(τ) = ∬Ω(𝐫′)〈δc(𝐫, t)δc(𝐫′, t + τ)〉Ω(𝐫)d𝐫d𝐫′〈c(𝐫, t)〉t 2 (∫Ω(𝐫) d𝐫)2  (29) 

Moreover, thanks to the general demonstration obtained in the last paragraph 
in eq(15), we can use the propagator to simplify: 

 G(τ) = ∬Ω(𝐫′)𝒢(𝐫′, τ|𝐫, 0)Ω(𝐫)d𝐫d𝐫′〈c〉 (∫Ω(𝐫) d𝐫)2  (30) 

This is a very general formulation of the temporal autocorrelation. Some prop-
erties of the correlation function can be analysed with complete generality with-
out choosing the specific form of Green’s function. For example, Eq. leads to the 
conclusion that:  

 G(0) ≡ 〈N〉−1 (31) 

Where  

 〈N〉 = 〈c〉  (∫Ω(𝐫) d𝐫)2 ∫ Ω2(𝐫)d𝐫  (32) 

Represents the effective average number of molecules simultaneously present 
in the observed volume. 

This general formulation can be simplified for particular optical configurations 
like using a confocal or wide field TIRF microscope and imposing a propagator. 
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The Point Spread Function Ω(𝒓)  for a confocal microscope could be approxi-
mated with a 3D Gaussian. 

 Ω(x, y, z) = 𝐼 exp (−2 x2 + y2ωxy2 ) ⋅ exp(−2 z2ωz2) (33) 

Where 𝜔𝑥𝑦 and 𝜔𝑧 are commonly called waist and represent the 1/e2 radii of the 
3D Gaussian observation volume for the radial and axial directions. I is a parameter 
that considers the power and a normalization factor. 

Using the Brownian propagator in 3D (eq. (16)) 

 

〈𝛿𝑐(𝑟′, 𝑡 + 𝜏)𝛿𝑐(𝑟, 𝑡)〉 =  〈𝑐〉 1(4𝜋𝐷𝜏)3/2  𝑒𝑥𝑝 (− (𝑟′ − 𝑟)24𝐷𝜏 )= 〈𝑐〉 18(𝜋𝐷𝜏)3/2  𝑒𝑥𝑝 (− (𝑥′ − 𝑥)2 + (𝑦′ − 𝑦)2 + (z′ − 𝑧)24𝐷𝜏 ) 

(34) 

In the G(t): 

 𝐺(𝜏) = (35) 

∫∫∫∫∫∫ 𝑒−2(𝑥2+𝑥′2)ω𝑥2 𝑒−2(𝑦2+𝑦′2)ω𝑦2 𝑒−2(𝑧2+𝑧′2)ω𝑧2 𝑒(−(𝑥′−𝑥)2+(𝑦′−𝑦)2+(𝑧′−𝑧)24𝐷 )8(𝜋𝐷 )3/2 𝑑𝑥𝑑𝑥′𝑑𝑦𝑑𝑦′𝑑𝑧𝑑𝑧′
〈 〉 (∫ ∫∫ 𝑒−2𝑥2ωx2 𝑒−2𝑦2ωy2 𝑒−2𝑧2ωz2 𝑑𝑥  𝑑𝑦 𝑑𝑧)2  

The solution of the integral can be written as: 

 𝐺(𝜏) = 1〈𝑐〉𝜋3/2ω𝑥ω𝑦ω𝑧 (1 + 4𝐷𝜏ω𝑥2 )−1/2 (1 + 4𝐷𝜏ω𝑦2 )−1/2 (1 + 4𝐷𝜏ω𝑧2 )−1/2
 (36) 

Since the PSF is symmetric in the xy plane ω𝑥 = ω𝑦 = ω𝑥𝑦, the equation can be 
written as: 
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 𝐺(𝜏) = 1〈𝑐〉𝜋3/2ω𝑥𝑦2 ω𝑧 (1 + 4𝐷𝜏ω𝑥𝑦2 )−1 (1 + 4𝐷𝜏ω𝑧2 )−1/2
 

(37) 

Usually, this is expressed using the characteristic time 𝜏𝐷 = ω𝑥𝑦2 /4𝐷 that rep-
resents the transit time in the probed volume; and using the structure factor 𝜂 =ω𝑧ω𝑥𝑦 that describe the ratio of the shape of the focal volume.  

 𝐺(𝜏) = 1〈𝑐〉𝜋3/2ω𝑥𝑦2 ω𝑧 (1 + 𝜏𝜏𝐷)−1 (1 + 𝜏𝜂2𝜏𝐷)−1/2
 (38) 

The use of the 𝜏𝐷 is convenient because under these hypotheses (gaussian PSF 
and Brownian motion) is the time at which the ACF became halved. The factor 𝜂 
for a typical confocal setup is in the range of 3 to 8. 

Of note, for 𝜏 = 0 eq. (30) leads to a quantification of 

 𝑉𝑒𝑓𝑓 =  (∫Ω(𝒓)𝑑𝒓)2 ∫ Ω2(𝐫)𝑑𝒓 = 𝜋3/2ω𝑥𝑦2 ω𝑧 (39) 

The final formulation for the temporal autocorrelation of fluorescence mole-
cules that diffuse in a Brownian manner, measured using a confocal microscope 
and applied for curve fitting, became: 

 𝐺(𝜏) = 1〈 〉 (1 + 𝜏𝜏𝐷)−1 (1 + 𝜏𝜂2𝜏𝐷)−1/2 + 𝐺∞ (40) 

The use of a bias term of 𝐺∞are demonstrated theoretically recently by Kohler 
et al. 2023 [48]. If the measurement is infinitely long, the autocorrelation con-
verges to 0 and the 𝐺∞became neglectable. Practically, the measurement is lim-
ited, and the estimation of the mean intensity could be corrupted by non-linear 
phenomena like photobleaching. The typical value of 𝐺∞ is below 5% of the au-
tocorrelation, but nevertheless, it is needed to fit the experimental points accu-
rately. When the autocorrelation is computed in a very short time window 
(T<10𝜏𝐷) they demonstrated that 𝐺∞(𝜏) become lag-time dependent, and pro-
posed methods to fit the data that works for one diffusive population or multiple 
(in this last case, only if the brightness of each population is known). 
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Two properties of G(τ) are particularly relevant: 1) G(0)=1/N, meaning that the 
autocorrelation function at zero time decreases in amplitude as the number of dif-
fusing molecules increases; 2) G(τ) decreases as τ increases, indicating that the cor-
relation between fluorescence intensities measured at two different times tends to 
diminish as the time interval between those two points increases, due to the diffu-
sive motion of the molecules as it traverses the confocal PSF. 

The theoretical ACF corresponds to the expression for the mean squared displace-
ment in three dimensions of a particle undergoing Brownian motion. For non-
Brownian motion, the Green’s function should be modified. In particular, since the 
propagator depends only on the difference in spatial coordinates, that is, on the 
mean squared displacement, we can use as mean squared displacement 𝑤2(𝑡)  = 2𝑁𝐷𝑡∝ as introduced before in the paragraph 1.1.2.  

The autocorrelation then became: 

 G(τ) = 1〈N〉 ⋅ (1 + ( ττD)α)−1 ⋅ (1 + σxy2σz2  ( ττD)α)−1 2⁄
 (41) 

where 

 τDα = σxy24D  (42) 

If multiple diffusive populations are present, the computation of the ACF is direct 

for not interacting molecules. It will necessarily introduce two different concentra-

tions of molecules, with 2 brightness b: 

 𝑐1(𝒓, 𝑡 ) =  𝑓𝑐(𝒓, 𝑡 ); 𝑐2(𝒓, 𝑡 ) =  (1 − 𝑓)𝑐(𝒓, 𝑡 ) (43) 

It can be demonstrated that the ACF became: 

 

G(τ) = 1N(𝑏1f + 𝑏2(1 − f))2 [𝑏12f (1 + ττD1)−1 (1 + τητD1)−1/2
+ 𝑏22(1 − f) (1 + ττD2)−1 (1 + τητD2)−1/2] + G∞ 

(44) 
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It is important to notice that the contribution to the amplitude of the ACF of the 

different populations is proportional to the square number of their brightness. 

This dependence is critical for a quantitative measurement of the fraction of the 

two populations: 

 𝐺(0) = 𝑏12𝑓 + 𝑏22(1 − 𝑓)𝑁(𝑏1𝑓 + 𝑏2(1 − 𝑓))2 + 𝐺∞ (45) 

If we have multiple 𝑁𝑐 population, supposing we are interested only in the contri-

bution of that component to the ACF 𝛼𝑖, eq. (44) can be written as: 

 𝐺(𝜏) = 1𝑁 ∑𝛼𝑖 (1 + ττDi)−1 (1 + τητDi)−1/2𝑁𝑐
𝑖=1  (46) 
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2.1.3 Spot variation FCS 

Spot variation FCS [49] is a technique that allows the analysis of molecular diffu-
sion by varying the size of the observation area (or “spot size”). By doing so, it is 
possible to infer how the diffusion properties of molecules change based on the spa-
tial scale, providing information into the underlying mechanisms of molecular mo-
tion, such as free diffusion, hindered diffusion, or hopping between domains. 

The core principle of spot variation FCS is that molecular dynamics can differ 
depending on the scale at which they are observed (Figure 4). The apparent diffusion 
coefÏcient remains constant across different spot sizes for free Brownian motion. 
However, for hindered or confined diffusion, the diffusion coefÏcient changes as the 
spot size decreases. For instance, if molecules are trapped in domains or transiently 
interact with structures like the cytoskeleton, the diffusion coefÏcient typically de-
creases as the observation spot becomes smaller. This variation in the diffusion co-
efÏcients with spot size can reveal different types of molecular interactions, such as 
trapping in domains, compartmentalization, or temporary binding events. 

 

Figure 4 Spot variation FCS scheme. On the left side, if the diffusion is free, the diffusion 

coefficient computed is independent of the size of the PSF. If the diffusion is confined or 

trapped, the apparent diffusion coefficient decreases with the size of the PSF. If the diffu-

sion is limited in a region, we have different modalities. If the size of the PSF is smaller 

than the size of the domain, we start to measure free diffusion. If the PSF is larger, we 

still find a trapped diffusion.  

 

This technique could be implemented easily by changing the pinhole’s size in the 
confocal microscope. Another way to change the volume size is by shrinking it using 
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a depletion beam, as is done in STimulated Emission Depletion (STED) [50], [51]. 
This super-resolution technique, depleting the fluorescence from the PFS’s outer 
region, can reduce the focal volume to a few tens of nanometers. Using STED, if 
the time of arrival of photons is also collected, it could be possible to use the Sep-
aration of Photons by LIfetime Tuning (SPLIT) approach to obtain different tem-
poral traces with different resolutions a posteriori [52]. Another way to change the 
spot volume is by using an Image Scanning Microscope (ISM) [53][54][55]. The 
spot variation could also be used with imFCS (next paragraph), merging the fluc-
tuation that arises from near pixels [56], [57], [58]. 

2.1.4 Parallelization of FCS 

Single-point FCS provides dynamic information about a single region in space, 
with dimensions equivalent to the PSF. The equilibrium assumption, along with 
the ergodic theorem, ensures that the observed dynamics represent a much larger 
region V, with V≫Ω(r). However, this approach presents significant limitations 
when studying complex environments, such as subcellular regions, where the dy-
namics of a molecule may critically depend on its spatial location.  

The technological advances, with the development of sensitive and fast detec-
tors (like fast and sensitive cameras, resonant scanners, and sensitive single-pho-
ton detectors in a confocal microscope), enable probing a few µm2 in less than 
1ms, collecting the intensity in multiple points. With these sensitive and fast de-
tectors, dynamics slower than 5-10 µm2/s can be easily detected, enabling probing 
multiple points and making multiplexing of FCS experiments possible. One of the 
first idealizations of computing G(τ) is from Petersen et al. in 1993 [36], but the 
first fast measurement using a 2x2 detector was by Blom and Rigler 2002 [59]. 
Ruan et al. in 2004 [60] proposed, with a confocal, to scan a single line multiple 
times as a particular image where performing temporal autocorrelation at a single 
pixel level. Sisan et al. 2006 used a spinning disk [61][62], Kannan et al. 2007 a 
camera TIRF[63], Wohland et al. 2010 [64] used a single plane illumination mi-
croscope. Usually, the analysis at the single pixel level of the ACFs is referred to 
as “image-FCS” (imFCS).  

If a confocal is used to collect images (even when it is a line), the autocorrelation 
function computed for each pixel 𝐺𝑥,𝑦(𝜏) has the same aspect as eq. (38). In this 
thesis, I will call “line-FCS” a repeated acquisition over a line and “circular-FCS” 
over an orbit. 

The ACF functions will change when the microscope technique has a different 
PSF . As an example, following the demonstration by Wohland et al. 2020 
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[52], the case of 2D diffusion with a square pixel camera detector is reported in Fig-
ure 5.  

The detection function as a 2D Gaussian PSF integrated between the size of the 
pixel (a) has this aspect: 

 DET(x, y) = DET(x)DET(y) (47) 

 DET(x) = 1/𝑎 ∫ 𝑃𝑆𝐹(𝑥 − 𝑥0)𝑑𝑥𝑎
0  (48) 

Using a 2D Brownian propagator, a constant illumination 𝐼0=1, the DET(x,y), the 
eq. (28) simplified to: 

Gx,y(τ)
= ∬ ∬ ∬ ∬ e−2(x2+x02)ωxy2 e−2(y2+y02)ωxy2 e−2(x2+x0′2)ωxy2 e−2(y2+y0′2)ωxy2∞−∞ e(−(x′−x)2+(y′−y)24Dτ )4Dτdxdx′dydy′dx0dx0′ dy0dy0′  ∞−∞a0a0

〈c〉 (∬ e−2(x2)ωxy2 e−2(y2)ωxy2 e−2(x2+x0′2)ωxy2 e−2(y2+y0′2)ωxy2∞−∞ e(−(x′−x)2+(y′−y)24Dτ )4Dτ dxdy)2  

Where the integrals are over the whole space from -inf to +inf to obtain the con-
tribution of all fluorescent molecules excited. Then, we integrate over the pixel area 
(0 to a) to obtain the detected fluorescence.  

Then, the autocorrelation can be solved to [58] 

 

𝐺𝑥,𝑦(τ) = 1⟨c⟩a2 [  
 √4𝐷𝜏 + ωxy2𝑎√π (e− a24Dτ+ωxy2 − 1)

+ erf( a√4Dτ + ωxy2 ) ]  
 2

 

(49) 
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Ries J et al. 2008 [65] is a good reference for round pixels and more details. 

I suggest simplifying this formulation by using an effective waist (𝜔𝑥𝑦 𝑒𝑓𝑓 ) that 
takes into account the size of the pixel. Usually, the size of the pixel elements on 
the camera is fixed by the optical setup. The size of the PSF could be measured by 
analysing blinking objects (like DNA paint or specific dye or impurities in the 
glass). By this, it can be recovered the 𝜔𝑥𝑦. To fit the FCS curve it could be used 
eq. (49) or using a 𝜔𝑥𝑦 𝑒𝑓𝑓 with the classical eq. (40). The 𝜔𝑥𝑦 𝑒𝑓𝑓 could be ex-
tracted by a calibration with a note diffusion system (typically by using a mem-
brane model). Another way to compute it is by simulations: a synthetic autocor-
relation obtained with eq. (49) in the diffusional range expected could be fitted 
with the classical eq. (40). Imposing the same, simulated, diffusion coefÏcient the 𝜔𝑥𝑦 𝑒𝑓𝑓  could be computed (Figure 6). 

 

Figure 5 Normalized autocorrelation for D = 1 𝜇𝑚2/𝑠: in red the ACF obtained with a 

confocal with 𝜔𝑥𝑦=240 nm; in blue the ACF of the same identical particles obtained with 

a camera with a pixel size of a=160nm. As it appears clear, the latter curve is shifted to a 

longer lag time. The blue data points can be perfectly fit with eq. (40) using the effective 

waist 𝜔𝑥𝑦 𝑒𝑓𝑓 = 257 nm (black curve). 
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Figure 6 Calculation of the effective waist 𝜔𝑥𝑦 𝑒𝑓𝑓 vs the pixel size obtained for 𝜔𝑥𝑦 =0.24 𝜇𝑚. This data, fitted with a quadratic polynomial, is used to interpolate the 𝜔𝑥𝑦 𝑒𝑓𝑓 

used to fit the data in Figure 5. 
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2.1.5 FCS segmentation 

In live cells, the fluorescence intensity trace is often non-stationary due to cell 
movement or the internal dynamics of cellular components. To address this, the 
trace is typically segmented into shorter, quasi-stationary sections that are ana-
lysed individually [66]. This segmented approach not only helps maintain the sta-
tionarity condition required by FCS theory but also allows for the experimental 
determination of standard deviations in autocorrelation estimators and the calcu-
lation of goodness-of-fit statistics (Wohland et al. 2001) [67]. 

While segmenting the data can approximate stationarity, it comes at the cost of 
reducing the length of data available for calculating the autocorrelation function, 
which can introduce bias. It is known that correlation function estimators are bi-
ased when calculated from short data segments respecting the diffusion charac-
teristic time (Ries and Schwille 2008) [65]. This bias impacts parameter estima-
tion in FCS experiments, with the ACFs (segmented ACF) curve often shifting or 
changing shape if the data acquisition time is too short relative to the character-
istic correlation time of the experiment. Kohler et al. 2022 [48] model this, pro-
posing a formula for fitting the autocorrelation taken in a short intensity trace.  

Following the paper, if T is the total acquisition time, the autocorrelation can be 
written as: 

 𝐺𝑇(𝜏;  𝑇)  =  𝐺𝑇=∞(𝜏)  +  Γ𝐶(𝜏;  𝑇)  +  Γ𝑆(𝜏;  𝑇) (50) 

Where 

 Γ𝑆(𝜏; 𝑇) = − 𝑇𝑆(𝑇 − 2𝜏)⟨F⟩(𝑇 − 𝜏)2 𝐻(𝑇 − 2𝜏) (51) 

Takes in account for the influence of shot noise, 𝑇𝑆 is the sampling time, H(t) 
the Heaviside function, ⟨𝐹⟩ the average fluorescence counts 

 Γ𝐶(𝜏; 𝑇) = −𝐺0 𝐵2(𝑇) + 𝐵2(|𝑇 − 2𝜏|) − 2𝐵2(𝜏)2(𝑇 − 𝜏)2  (52) 
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With 𝐵2 represents a function called “second-order Binning function”. In partic-
ular, if the diffusion is Brownian and the PSF is a 3D Gaussian, it is demonstrated 
that for one diffusive species, this function can be written as: 

 𝐵2,2𝐷𝐺(𝑡; 𝜏𝐷) = 2𝜏𝐷2((1 + t/τd) ln(1 + t/τd) − t/τd) (53) 

This Γ𝐶(𝜏; 𝑇)  describes the effect caused by correlations in the photon counts 
across the data segment. The contribution of these function is presented in Figure 
7. 

 

 

Figure 7 In red, the autocorrelation of a diffusional species with τD = 0.5 ms with a 

total acquiring time of A) 6.6 s B) 13ms C) 3ms. In blue the ACF ground truth. In yellow Γ𝑆(𝜏; 𝑇) in green Γ𝐶(𝜏; 𝑇). Reprinted from Kohler et al. 2022 [48] Copyright 2022, with 

permission from Elsevier. 

 

These formulae should be used to fit ACFs if the T<50τd. For T>50τd a constant 𝐺∞ (like what is proposed in eq. (40)) and a temporal threshold to the ACF (𝜏 <𝜏| 𝜕𝐺𝜕𝜏 = 0) can lead to good accuracy in the fitted parameters. 

This can be shown by analysing the Γ𝑠(τ; 𝑇) and Γ𝐶(τ; 𝑇) as in Figure 7B: in this 
case T=26τd. where the 𝜕𝐺𝑇𝜕𝜏 = 0 for 𝜏 ~ 0.8ms. Before this lag-time both Γ𝑠 and Γ𝐶  
depend very weakly on 𝜏 and can be approximated as a constant 𝐺∞. This became 
even more accurate when T>50τd. This approximation to a constant is very conven-
ient when there are presents multiple species; in this case Γ𝐶(τ; 𝑇)  became very 
complex and, to be computed, it is needed a priori information about the brightness 
of each species. 
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To avoid these biases, as previous studies highlighted (an example in Figure 8), 
it is recommended to acquire data for a time long from 102 to 104 times the char-
acteristic correlation time (Ries & Schwille 2008[65], Di Bona et al. 2019 [66], 
Wohland et al. 2020 [68]).  

 

Figure 8 Statistical accuracy in dependence of the total acquisition time Taq. A) simu-

lated 2D ACF with Taq > 1000 𝜏𝐷. Although the parameters are the same, the individual 

ACFs differ dramatically due to particle noise. B) Mean and standard deviation of the 

extracted diffusion coefficient from the fitted simulated ACF versus the acquisition time. 

Reprinted with permission from Ries and Schwille 2008 [65] Copyright 2008 Royal Society 

Of Chemistry. 
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2.1.6 Pair-correlation spectroscopy 

The fluctuation measured in different pixels holds diffusional information. The 
first work is represented by two-beam cross-correlation (Brinkmeier et al. 1999 
[69]) analysing the sample in r and r+ρ (Figure 9).  

 

Figure 9 Two beam cross-correlation method. GPAC is the autocorrelation of one beam 

measurement, G1,2
c is the cross-correlation between the two beams. Gc is the differential 

curve. Reprinted with permission from Brinkmeier et al. [38]. Copyright 1999 American 

Chemical Society. 

A generalization easily implemented in any confocal system is the pair-correlation 
spectroscopy [43]. This involves an experiment in which a biological sample is re-
peatedly scanned over one dimension using a confocal microscope system, as in mul-
tiple point FCS (like in what we have called line-FCS and circular-FCS in 2.1.4). 
More specifically, the image consists of a line of N points, with the acquisition re-
peated a very high number of times (typically 100,000-200,000 for correctly sam-
pling the diffusion). In this case, the collected fluorescence image can be described 
by a function F(p,n), where n represents the n-th acquired line and p represents the 
p-th pixel of the n-th line. If Δr and Δτl are the pixel’s linear dimension and the time 
between two successive line acquisitions, respectively, p and n can be easily con-
verted into a spatial variable and a temporal variable by x=Δr⋅p and t= Δτl⋅n (an 
example of a carpet F(p,n) is represented by Figure 13). This setup will be used ex-
tensively in the thesis because it is relatively straightforward. 

The pair correlation function (pCF) is then defined as: 
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 pCF(δp, δn) = ⟨F(p, n) F(p + δp, n + δn)⟩〈F(p, n)〉 ⋅ 〈F(p + δp, n + δn)〉 − 1 (54) 

Where the averaging is applied over both the number of pixels and the number 
of lines (time). Essentially, pCF(δp,δn) measures the temporal correlation be-
tween the fluorescence measured in two pixels separated by a certain distance δp. 
Using 𝜏 =  Δτl𝑛  

The autocorrelation could be fitted by [38] [70]:  

 

G(x, τ) = 1〈N〉 ⋅ (1 + ττD)−1
⋅ (1 + ωxy2ωz2  ττD)−1 2⁄ exp (− (x)24𝐷𝜏 + ωxy2 ) 

(55) 

 

An interesting propriety of this kind of curve is that for x> ωxy the function is 
no longer a monotonic descendent curve but holds a maximum for 𝜏 = 𝜏𝑀 where 

 

2𝑥2(ωxy2 + 4𝐷𝜏𝑀)−2 − 2(ωxy2 + 4𝐷𝜏𝑀)−1
− ( ωz2ωxy2 + 4𝐷𝜏𝑀)−1 = 0 

(56) 

Eq. (56) can be further simplified if the diffusion is 2D or ωz2ωxy2 > 5 (like typically 

in a 2D STED microscope). 

Under these hypotheses, we can write: 

2𝑥2(ωxy2 + 4𝐷𝜏𝑀)−2 − 2(σxy2 + 4𝐷𝜏𝑀)−1 ≃ 0 (57) 

That leads to 

𝐷 = 𝑥2 − ωxy24𝜏𝑀  (58) 

If x>3σxy the numerator could be approximated to 
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𝐷 ≃ 𝑥24𝜏𝑀 (59) 

Committing an overestimation of D of around 10% 

In recent years, pCF has been widely applied to the analysis of diffusion processes 
around physical barriers that separate intracellular regions [43] [71] [72].  

Remarkably, if the system is spatially oversampled, this is one of the most effective 
and robust methods to compute the ωxy of the system [43]. 

A special case and a very simple application of pCF, occurs when δp=0: in this 
case, pCF(0,δn) represents the average of N single-point FCS analyses, one for each 
pixel, under the assumption of chemical equilibrium. 

Although the temporal resolution of pCF analysis is generally lower than that of 
a typical single-point FCS, as it is determined by the line scanning time Δt, 
pCF(0,δn) offers two main advantages: 1) easy implementation in a CSLM system 
(in many cases, it is possible to reach Δτ = 10 − 100 μs, allowing measurement of D 
values in the range of 1-10 μm2/s); and 2) the ability to average single-point FCS 
information over a large number of pixels, thereby increasing the sensitivity for de-
tecting dynamic processes. 

This method will be used to show the characterization of liquid and order phase 
separation from the diffusional point of view in chapter 3.1.1. 

This method could be used in coupling with STED depletion, as in Bianchini et 
al. [70]. This setup will be used in the study of PDL1 dynamics using a gated STED 
acquisition, as shown in Chapter 3.2.2. 

Moreover the pCF(0,δn) is equivalent to 〈𝑝𝐶𝐹(𝛿𝑝, 𝛿𝑛)〉𝑝 plus an offset due to 
the immobile fraction (as it will be discussed more in detail in the tICS approach 
paragraph 2.1.10). 

2.1.7 Image correlation spectroscopy 

Image Correlation Spectroscopy (ICS) was developed as the imaging counterpart 
of FCS, where the autocorrelation is computed from the spatial fluorescence fluctu-
ation (Petersen, 1993). The analysis of spatial fluctuations on one-dimensional im-
ages, such as line scans or orbital scans, also falls within this category (e.g., scanning 
FCS). ICS provides information on the density of clusters (Petersen, 1993) [36][73], 
their size, and the degree of aggregation (Wiseman, 1997) [74][75]. 
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In ICS the autocorrelation function is just computed over the space, so for each 
image (with 𝜏 = 0): 

 G(𝛒, τ = 0) = ⟨F(𝐫, t)F(𝐫 + 𝛒, t)⟩〈F(𝐫, t)〉〈F(𝐫 + 𝛒, t)〉 − 1 (60) 

Where 𝝆 is the radial spatial shift 𝝆 = (𝜉, 𝜒). F now no longer corresponds to 
the fluorescence intensity recorded at a single point, but rather to the spatial dis-
tribution of fluorescence over a much larger region. This is represented by a con-
focal image obtained by scanning the entire field of view of the sample. 

The spatial autocorrelation could be fitted with a 2D Gaussian plus an offset if 
the image is obtained with a confocal microscope. 

 𝐺(𝜉, 𝜒) = 1〈𝑁〉 exp(−𝜉2 + 𝜒2𝜔𝑥𝑦2 ) + 𝐺∞ (61) 

As derived before in the general form (eq. (31)) the zero-lags amplitude of the 
G is proportional to the number of independent fluorescent particles per probing 
volume. 𝐺∞ is the long-spatial lag offset used to account for the incomplete decay 
of the autocorrelation.  

It is important to mention that the zero-lag space (as the zero lag-time in clas-
sical FCS) holds the noise contribution and must be discarded or interpolated 
from the nearest neighbours before performing the fit. [39] [25]. 
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2.1.8 RICS 

Raster Image Correlation Spectroscopy (RICS) [41] extends ICS by exploiting the 
inherent time structure of images recorded with a confocal microscope to extract 
dynamic system information. In confocal microscopy, a laser beam scans the sample 
in a raster way. If we want to acquire the intensity in a matrix of positions, the galvo-
scanner starts to probe the first point. It excites and collects the photon in that po-
sition for a fixed time called pixel dwell time 𝜏𝑝. After this time, it moves to the next 
point. This procedure is repeated till the last point in the first row. Then, the galvo 
scanner repositions the x axis to the starting point and moves the y axis to scan the 
second row. The time intercurred between the first points in the rows is called rep-
etition time 𝜏𝑙 .  

If we perform ICS autocorrelation on a sample in which the particles diffuse 
significantly on the time scale of image acquisition, the ICS autocorrelation will not 
be isotropic: the Gaussian shape will be stretched in the fast scan axis. We can re-
cover the diffusional coefÏcients by analysing this shape. 

The spatial autocorrelation will be the product of the correlating function of the 
diffusion Gdiff(𝜉,𝜒) and of scanner 𝑆(𝜉, 𝜒). 

 GRICS(τ) = Gdiff(ξ, χ) S(ξ, χ) +G∞ (62) 

Gdiff(ξ,χ) = 1N(1 + 4D(τp|ξ| + τl|χ|)wxy2 )−1 (1 + 4D(τp|ξ| + τl|χ|)wz2 )−1/2
 

S(ξ, χ) = exp(− a2(|ξ|2 + |χ|2)  4D(τp|ξ| + τl|χ| + ωxy2 ) ) 

Where “a” is the distance between two probed point.  

The times 𝜏 in 𝐺𝑅𝐼𝐶𝑆(𝜏) are determined by the recording time difference between 
two spatial points, expressed as the product of the spatial lags and the characteristic 
scanning times for both columns and rows, 𝜏𝑝|𝜉| + 𝜏𝑙|𝜒|. The exponential term rep-
resents the correlation of the PSF, which is broadened by diffusion and varies over 
time, depending on both 𝜏𝑝 and 𝜏𝑙. 

Taking advantage of this temporal information of the raster scans, RICS can ex-
plore very fast diffusion coefÏcients in a standard confocal system. 
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It is important to highlight that it is crucial, as a preprocess, to remove the slow 
or immobile population that can mask the correlation function.  

2.1.9 Local-RICS 

The standard RICS method provides only a single averaged diffusion coefÏ-
cient for large regions, typically on the micron scale, but it lacks the spatial reso-
lution necessary to capture the heterogeneity of diffusion within smaller cellular 
regions. 

L-RICS, proposed by Scipioni et al. [42], overcomes this limitation by dividing 
the entire image into smaller sub-regions, or masks, of around 25 × 25 pixels 
(which corresponds to spatial resolutions in the range of 800 to 1000 nm). Such a 
subdivision allows for a localized calculation of the autocorrelation function 
(ACF) at each pixel, producing a more detailed map of molecular diffusion prop-
erties. The method also incorporates phasor analysis (Scipioni et al. [76]), a fit-
free approach, to facilitate quick and efÏcient processing of the ACF data across 
all pixels. 

The key benefit of this advanced approach over classical RICS is the possibility 
to resolve heterogeneities at micron scale: in the first paper, it has been used to 
map heterogeneous diffusion within the nucleus of live cells, highlighting differ-
ences between the nucleoplasm and nucleolus. Therefore, such an approach is par-
ticularly suited for understanding the complex, compartmentalized environments 
inside cells. 

The major limitations rely on the autocorrelation curve’s deformation when 
sampled over a small ROI (for a detailed description [77]), which limits this ap-
proach to near micrometre size. Another important point is that it simplifies the 
analysis by focusing on an apparent diffusion constant, potentially missing more 
complex diffusion phenomena like spatial confinement, binding reactions, or 
more than one diffusive component. This leads to potential biases, decreasing the 
accuracy of the measurement and the description of what happens at the single-
pixel level.  
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2.1.10 tICS stICS & iMSD 

The ability to capture images faster than ten times the characteristic diffusion 
times allows for the study of diffusion across larger biological regions. This results 
in an analysis that averages all diffusion occurring within the region of interest. 
Such averaging yields the highest signal-to-noise ratio in the autocorrelation curve 
when analysing intensity fluctuations. 

The complete spatio-temporal autocorrelation, which holds the three spatial di-
mensions and the temporal one, can be written as [46]: 

 

 G(𝛒, τ) = ⟨F(𝐫, t)F(𝐫 + 𝛒, t + τ)⟩〈F(𝐫, t)〉〈F(𝐫 + 𝛒, t + τ)〉 − 1 (63) 

Where 𝝆 is the radial spatial shift and 𝜏 the temporal lag-time. Like in ICS, F 
represents the images of fluorescence intensity. This formulation of the autocorre-
lation is at the basis of Spatiotemporal Image Correlation Spectroscopy (stICS). The av-
erage must be over the space and time. 

Using the convolution ⨂ it can be demonstrated that the spatio-temporal auto-
correlation can written as: [4]: 

 G(𝛒, τ) =  1〈N〉 𝒢(𝐫 + 𝛒, τ|𝐫, 0) ⨂ [Ω(𝛒)] ⨂ [Ω(𝛒)] (64) 

Where Ω(𝝆) is, as eq. (33), the system’s PSF. And 𝒢(𝐫 + 𝛒, τ|𝐫, 0) as in eq. (16) 
is the Brownian propagator.  

Typically, the temporal acquisition is only in the 2D plane; for this reason, the 
radial shift becomes only on the 2D plane 𝝆 = (𝜉, 𝜒)  

Under the hypothesis of 3D Brownian motion and Gaussian PSF the autocorre-
lation can be written as:  
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G(ξ, χ, τ) = G(0,0,0) ⋅ (1 + 𝜏𝜏𝐷)−1 ⋅ (1 + 𝜎𝑥𝑦2𝜎𝑧2  𝜏𝜏𝐷)−1 2⁄
⋅ 𝑒𝑥𝑝 [(− 𝜉2 + 𝜒2𝜎𝑥𝑦2 ) ⋅ (1 + 𝜏𝜏𝐷)−1] + G∞ 

(65) 

Where G(0,0,0) is the correlation at 0 time-lag with 0 spatial shift.  is the 
characteristic diffusion time liked to the D with the already cited: . 

The equation (65) can be rewritten in a simpler formula using the characteristic 
Gaussian shape following Di Rienzo et al. [4] 

 G3D(ξ, χ, τ) = G3D(0,0, τ)  ⋅ 𝑒𝑥𝑝 [(− 𝜉2 + 𝜒2𝜎𝑟2(𝜏) )] + G∞ (66) 

Where the amplitude of the autocorrelation is: 

 G3D(0,0, τ) = G(0,0,0) ⋅ (1 + 𝜏𝜏𝐷)−1 ⋅ (1 + 𝜎𝑥𝑦2𝜎𝑧2  𝜏𝜏𝐷)−1 2⁄
 (67) 

And the variance of the Gaussian function is: 

 𝜎𝑟2(𝜏) = 4𝐷𝑡 + 𝜎02 (68) 

(0,0, τ) represents the value of the spatiotemporal autocorrelation calcu-
lated with zero spatial displacements, meaning it is independent of the spatial 
component. For this reason, (τ) is referred to as temporal Image Correlation 
Spectroscopy (tICS) and provides information analogous to single-point FCS, alt-
hough it is averaged over the entire image. (𝜏) is called image-derived MSD (iMSD) and represents the mean squared dis-
placement in the lateral plane of the focal point (i.e., the confocal image plane). 
The correlation function is thus Gaussian, decreasing in amplitude and broaden-
ing over time, following the characteristics of the motion and the PSF.    represents the variance of the correlation function at time zero, and it can 
be written as:  



 

 

47 

 𝜎02 = 𝜎𝑝2 + 𝜎𝑥𝑦2  (69) 

where  is a characteristic parameter related to the size of the diffusive particle. 
For particles much smaller than the PSF ), as is the case with individual 
proteins, the variance of the correlation function corresponds exactly to the lateral 
dimension of the PSF. 

 indicates the residual correlation at an infinite time. This parameter arises 
from the difference in normalization of G(𝛒, τ) compared to G(τ). A simple exam-
ple can explain this effect. In an FCS experiment, if we consider a fixed molecule 
with constant emission, without photobleaching effects, localized in the observation 
volume, the intensity fluctuations 𝛿𝐹(𝑡) = 𝐹(𝑡) − ⟨𝐹(𝑡)⟩  are purely caused by 
noise and are uncorrelated. Thus: 

 〈δI(t)δI(t)〉 = 0 ⇒ G(τ) = 0 (70) 

This is not true for G(𝛒, τ): if there is an immobile molecule in the image, some 
pixels will always be brighter than others, and consequently, there will be a position 
with a temporally averaged intensity significantly higher than the spatial average of 
the image. Similarly, pixels further from the immobile molecule will have lower in-
tensities. Therefore, the average fluctuations for these pixels are not zero, leading to 
a systematic deviation from zero: 

 〈δI(𝐫, t)δI(𝐫 + 𝛒, t + τ)〉r > 0 ⇒ G(𝛒, τ) > 0 ∀ τ (71) 

Due to this sensitivity of the autocorrelation function, G(𝛒, τ) will have an addi-
tive constant, usually referred to as , which indicates the residual correlation at 
infinite time. 

For correcting this G∞ it has been proposed different methods. The first holds in 
the moving median subtraction. The problem of this method, also when used as a 
detrend tool, is that the autocorrelation is forced to go at zero with the selection of 
the temporal window in which the average is computed. Hebert et al. [39] propose 
removing the DC component from the temporal trace for each pixel. This leads to 
an overcorrection of the 𝐺∞ resulting in negative values for comparable ρ~wxy. 
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A method that I proposed in my master’s thesis relies on the subtraction from G(𝛒, τ) the 𝐺∞ ≔ 〈G(𝛒, τ ≫ τD)〉τ. This results in positive ACF, correcting for also 
fixed noise patterns that lead to a deformation in the correlation function. 

As previously explained, in biological contexts, the assumption of isotropic 
Brownian diffusion is not always sufÏcient to model the studied phenomena, and 
it is convenient to generalize the motion by introducing the parameter α. In this 
case, the amplitude and variance of the autocorrelation function (eqs. (67)-(68)) 
take the following form: 

 G3D(0,0, 𝜏) = G(0,0,0) ⋅ (1 + [ 𝜏𝜏𝐷]𝛼)−1 ⋅ (1 + 𝜎𝑥𝑦2𝜎𝑧2 [ 𝜏𝜏𝐷]𝛼)−1 2⁄
 (72) 

 𝜎𝑟2(𝜏) = 4𝐷𝑡𝛼 + 𝜎02 (73) 

Finally, an analytical form of G(𝝆, 𝜏) does not exist for a heterogeneous context 
containing different diffusion regimes simultaneously, as found in living cells. An 
empirical approach consists of considering the total autocorrelation function as a 
“weighted” sum of individual autocorrelations [45]:  

 Gtot(𝛒, τ) = 1〈𝑁〉∑𝐴𝑖𝑖 G𝑖(𝛒, τ) + G∞ (74) 

with = 1 

Here, N is the average number of particles present,  characterizes the fraction 
of molecules of the i-th species and (𝛒, τ) represents the corresponding correla-
tion function. This approach typically works for identifying well-distinguished dif-
fusive regimes from a tICS perspective (e.g., dynamics with diffusion coefficients 
differing by at least 2x).  

Identifying more than one component by stICS, especially by iMSD, is challeng-
ing and realistically impossible.  

An useful approach for unmixing the dynamics in single components is the so-
called "FRET filter," applicable when an interaction between one of the diffusing 
species and another molecule is known. Förster Resonance Energy Transfer is a 
technique based on the non-radiative energy transfer from an excited fluorophore 
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(called the donor) to a chromophore (the acceptor) via dipole-dipole interactions 
[78]. The efficiency of energy transfer depends inversely on the sixth power of the 
distance between the particles: 

 EFRET = 𝑅06𝑅06 + 𝑟6 (75) 

R0 is called the Förster radius and represents the donor-acceptor distance at which 
the efÏciency is EFRET=0.5 considering all other physical parameters contributing to 
the energy transfer. For good D/A pairs, R0 typically ranges from 3 to 7 nm; since 
energy transfer occurs on a nanosecond scale, FRET detects only molecules that 
form stable molecular complexes. For example, FRET has been used to visualize the 
complexation between proteins by labelling molecular partners with fluorophores 
capable of performing non-radiative energy transfer at a scale of less than 10 nm. 
The stICS-FRET approach relies on analysing fluorescence signal fluctuations re-
sulting from the molecular complexation process, thus selectively identifying the 
diffusion dynamics of the complex "convoluted" with the dynamics of complexation 
when this latter causes a fluorescence signal fluctuation (flickering). More precisely: 

 GFRET(𝛒, τ) = G3D(0,0, τ) exp [(− ξ2 + χ2σr2(τ) )] gΦ(τ) (76) 

where 𝑔𝛷(𝜏) = exp (− 𝜏𝜏𝛷) is the flickering process function, and  is the char-
acteristic flickering time, i.e., the association/dissociation time of the complex. The 
diffusive part refers to the complex itself. It is important to note that flickering only 
affects the amplitude of the Gaussian distribution, i.e., the tICS, but not its variance, 
i.e., the iMSD. This decoupling allows for the "deconvolution" of the two processes 
(complexation and diffusion of the complex), representing one of the key advantages 
of the iMSD approach. 
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2.1.11 The effect of photobleaching and detrending 

Each fluorophore, when excited, is subject to photochemical and photophysical 
processes that may lead to its deactivation, known as photobleaching. This effect 
increases with higher excitation light intensities, yet some fluorophores experi-
ence photobleaching even at relatively low intensities due to specific characteris-
tics of their local environment (such as pH or oxygen concentration). In fluores-
cence correlation studies, it is crucial to implement a correction algorithm for 
photobleaching to prevent significant distortion in the results. 

From a general perspective, photobleaching becomes a problem when it causes 
a substantial decrease in fluorescence over time. In such cases, measurements re-
flect an apparent loss in fluorophore concentration, which the autocorrelation 
function records as an additional dynamic process. This can lead to significant 
alterations in the correlation curve, giving misleading interpretations regarding 
the concentration and mobility of the fluorescent molecules. Therefore, it is nec-
essary to apply corrections to ensure the accuracy of the analysis (Figure 10). 

 

Figure 10 Intensity fluctuation with photo-bleaching (blue) and after the detrending 

(black) with the corresponding autocorrelation functions. Reproduced with permission from 

Ries et al. [79] Copyright 2007 Biophysical Journal 

One of the most effective methods to correct photobleaching in the FCS con-
text is the one proposed by Ries et al. [79]. This algorithm models the decay of the 
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global mean intensity trace 𝐼(𝑡𝑖) = 〈𝐼(𝑥, 𝑦, 𝑡𝑖)〉𝑥,𝑦 where the average is taken over 
the spatial coordinates x and y. For photobleaching effects causing less than a 50% 
decrease in initial counts, the decay is modelled using a single-exponential function 
of the form 𝑓(𝑡) = 𝑓0𝑒−𝑡/𝑡𝑏 . However, for more intense photobleaching, it is pref-
erable to section the data stack into smaller segments for better handling.  

The analytical photobleaching function is then applied to correct the temporal 
fluorescence trace on a pixel-by-pixel basis. In detail, this is done by imposing a con-
stant average concentration for each pixel through a transformation, assuming that 
the particle distribution follows a Poisson distribution, meaning that the temporal 
variance is constant and equal to the mean: 

 𝐼𝑐(𝑥, 𝑦, 𝑡) = 𝐼(𝑥, 𝑦, 𝑡𝑖)√𝑓(𝑡𝑖)/𝑓(0) + 𝑓(0)(1 − √𝑓(𝑡𝑖)/𝑓(0)) (77) 

It is important to note that sectioning the stack before applying the photobleach-
ing correction is often beneficial, allowing part of it to be excluded from analysis. 
This is particularly useful when there are pronounced discontinuities in the inten-
sity trace or when applying the correction to the entire stack, which would either be 
ineffective or introduce artefacts into the data. By selecting only the portions of the 
stack that are more stable, the correction process becomes more robust, ensuring 
better accuracy in preserving the fluorescence signal dynamics. 

Especially when dealing with CMOS camera-based measurement, it could be use-
ful to fit each pixel independently instead of fitting the global spatial mean intensity 
because of different gain/offset for different pixels.  

Another important consideration is to use a trimmed average, where the brightest 
and dimmest pixels are discarded, instead of relying on a simple average. This ap-
proach helps exclude outlier pixels, such as those that may correspond to bright ves-
icles or regions outside the cell. 

Other methods based on moving temporal averages force the autocorrelation to 
zero for a time equal to the moving window. This could be useful, but if not done 
correctly, it could also lead to artefacts in the analysis. One particularly effective 
method is adding random numbers to the intensity trace that restores the constant 
value of the fluorescence [80].  

We could also use a new method based on the Single Value Decomposition com-
putation, which we have introduced in detrending Single Molecule Localization Mi-
croscopy dataset to estimate the trend [81]. 
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2.1.12 Model Selection 

When selecting the most appropriate model for fitting Fluorescence Correla-
tion Spectroscopy (FCS) data, it is essential to balance simplicity and biological 
relevance. Even with perfect signal-to-noise ratios and ideal data, choosing the 
right model for diffusion can still be challenging due to the intrinsic complexity 
of cellular environments. Biological systems often exhibit phenomena like mac-
romolecular crowding or sub-diffusion, which can deviate from idealized Brown-
ian diffusion.  

An important statistical tool to guide model selection is the F-test [68]. This 
test compares two competing models, assessing whether adding a new parameter 
is justified. In practical terms, the F-test compares the goodness-of-fit of two 
models by analysing their reduced chi-squared values (χ²). If the F-statistic ex-
ceeds a critical value (which is based on the degrees of freedom and the desired 
confidence level), the more complex model is justified. For example, if Model 1 
has fewer parameters but a higher χ² than Model 2, the F-test helps decide if the 
additional parameter(s) in Model 2 significantly improve the fit. 

However, the F-test has limitations. It only allows pairwise comparisons and 
relies on assumptions about the normal distribution of errors, which are not al-
ways valid in FCS data. FCS measurements often produce autocorrelation func-
tions with non-normally distributed data points.  

In cases where multiple models need to be compared, Bayesian model selection 
can be more effective than the F-test, as it allows for a broader comparison across 
different models [82] [83]. 

In model selection, starting with simpler models and gradually increasing com-
plexity is a good strategy, ensuring that the residuals and goodness-of-fit improve. 
For instance, in living cells, where crowding and subdiffusion are common, add-
ing parameters to account for anomalous diffusion or confinement could yield a 
better fit.  

Calibration measurements also play a significant role in model selection. Pa-
rameters such as the structure factor (𝜔𝑧/𝜔𝑥𝑦) and confocal volume size, which 
are critical to FCS analysis, can be predetermined using standard dyes or ICS tech-
niques. Fixing these parameters reduces uncertainty in fitting more complex bio-
logical systems. In cases where multiple diffusive pools are present (for instance, 
when both free diffusion and confined diffusion occur), calibration simplifies the 
fitting by eliminating potential sources of ambiguity. 
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SESAME Method 

During my PhD, we developed an alternative model selection approach based 
on a Bayesian framework. We successfully applied such a method, named SESAME 
and originally developed by Sorrentino and Sommariva [84], to FCS [85].  

The SESAME method (SEquential Semi-Analytic Monte Carlo Estimation) is a 
Bayesian framework that is able to address the limitations of classical fitting tech-
niques in FCS. While traditional approaches, like least squares fitting, require the 
number of diffusing species to be predetermined, SESAME allows for simultaneous 
estimation of both the number of species (i) and their associated diffusion times (τDi) 
and the fraction (ρi). This flexibility is key to its advantage over methods relying on 
an F-test, which compares only two models at a time. 

Another advantage of the SESAME approach is that it provides a full posterior 
distribution for all parameters. This allows, not only for a point estimate of the pa-
rameters but also for uncertainty quantification.  

Moreover, contrary to fit based on the chi-square minimisation, this approach 
does not require a normal distribution of errors. This is very useful in FCS context 
in which the data are correlated in time.  

By leveraging the full posterior distribution and prior information, SESAME can 
use the data more efÏciently, potentially reducing the required acquisition time 
without sacrificing accuracy. 

In future generalizations, we also want to extend the research space, including the 
anomalous diffusion. We would also like to improve the prior distribution of τDi, 
instead of a constant distribution, by taking advantage of other information, i.e. the 
cross-correlation introduced by Chapter 3.4. 
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2.1.13 MEM on Autocorrelation functions 

Another method to extract diffusive characteristics from the autocorrelation 
curve is to apply the Maximum Entropy Method (MEM). This algorithm was de-
veloped firstly in the eighties by Skilling et al. [86] in astrophysics and then ap-
plied to analyse dynamics by Steinbach et al. [87][88]. 

Traditionally, the fits rely on models that assume few components (one or two), 
inferring the diffusion coefÏcient of each population. However, the problem can 
be reframed by setting a high fixed number of components (more than 100) each 
with a fixed diffusion coefÏcient, subsequently inferring each population's 
amount. In this way, among the possible distributions, we seek the one that best 
fits the data.  

The autocorrelation function will be described as a sum of diffusive popula-
tions as eq. (46): 

𝐺(𝜏) = 1𝑁 ∑𝛼𝑖 (1 + ττDi)−1 (1 + τητDi)−1/2𝑁𝑐
𝑖=1  

(78) 

Where we have 𝑁𝑐 diffusive pool with a fixed characteristic time τDi. These 
diffusive populations have a logarithmically equidistributed τDi from a minimum 
(τD1) and maximum (τDNc ). The parameter to infer with this method is 𝛼𝑖. 

The definition of best fit depends on prior information. Typically, if we were to 
minimize only the chi-squared (𝜒2), multiple solutions, with this such high 𝑁𝐶, 
might exist. Therefore, the chi-squared will be weighted using the Maximum En-
tropy criterion: among all the distributions that minimize the chi-squared, we 
choose the one that maximizes entropy S defined as: 

 𝑆 = −∑𝛼𝑖ln (𝛼𝑖)𝑖  (79) 

The entropy value of a distribution is inversely proportional to its degree of 
structure. A flat, uniform distribution has the highest entropy, while a distribu-
tion with many peaks has a lower entropy.  
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To achieve accurate fits, the relative weight of the entropy must be adjusted ex-
perimentally. This adjustment balances the influence of the entropy against the chi-
squared minimization, preventing overfitting or underfitting of the data [89].  

For a better understanding, a theoretical description of the algorithm will follow. 
For Bayes’ theorem: 

 p(Θ|y)∝ π(Θ)p(y|Θ) (80) 

Where p(Θ|y) is the posterior probability, representing the likelihood of having 
the collection Θ given the data y. In this specific context Θ refers to the collection of 𝛼𝑖; π(Θ) is the prior distribution of Θ; p(y|Θ) is the likelihood of obtaining the data 
y given the collection Θ.  

If we have τ points and the ACF data y, which are affected by Gaussian noise with 
variance 𝜎𝑛𝑜𝑖𝑠𝑒2  

 p(y|Θ) ∝ ∏exp(− (∑ 𝛼𝑖𝑓τ,𝑖𝑖 − yτ)22𝜎τ𝑛𝑜𝑖𝑠𝑒2 )τ  (81) 

where 𝑓τ,𝑖 = (1 + ττDi)−1 (1 + τητDi)−1/2
 

We can define different a priori functions. Maximum Entropy methods assume 
that the prior is:  

 π(Θ) ∝ exp(𝑆(𝛼𝑖)) (82) 

With S is the Entropy as defined by eq. (79) 

Inferring is equivalent to maximizing the probability of having a collection of pa-
rameters given a set of data. In statistical terms, this involves determining the most 
likely set of parameters that could have generated the observed data. Eq. (80) could 
be maximized as: 
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𝒎𝒂𝒙(p(Θ|y))  = 𝒎𝒂𝒙(exp(𝑆(𝛼𝑖))
∙ ∏exp(−(∑ 𝛼𝑖𝑓τ,𝑖𝑖 − yτ)22𝜎τ𝑛𝑜𝑖𝑠𝑒2 )τ ) 

(83) 

Applying the natural logarithm, it translates in [86]: 

 

𝒎𝒂𝒙(ln(p(Θ|y)))  = 𝒎𝒂𝒙((𝑆(𝛼𝑖))−∑ ((∑ 𝛼𝑖𝑓τ,𝑖𝑖 − yτ)22𝜎τ𝑛𝑜𝑖𝑠𝑒2 )τ ) 
(84) 

From this equation, it appears clear that to maximize the function it has to 

maximise the entropy and minimise the chi-squared ∑ ((∑ 𝛼𝑖𝑓τ,𝑖𝑖 −yτ)22𝜎τ𝑛𝑜𝑖𝑠𝑒2 )τ . 

As anticipated before, to get better-fit convergence, it has been proposed to 
weight the entropy of a constant factor p [86]: 

 𝒎𝒂𝒙(𝑝 𝑆(𝛼𝑖)−∑((∑ 𝛼𝑖𝑓τ,𝑖𝑖 − yτ)22𝜎τ𝑛𝑜𝑖𝑠𝑒2 )τ ) ≔ 𝒎𝒂𝒙 𝑄 (85) 

To search for the optimum, it can be used the iterative search for the gradient 
to maximize Q  

 𝛼𝑖(𝑛𝑒𝑤) = 𝛼𝑖(𝑜𝑙𝑑) + 𝑠𝑡𝑒𝑝 ∙ 𝛼𝑖(𝑜𝑙𝑑) ∙ 𝜕𝑄𝑖/𝜕𝛼𝑖 (86) 

Where  

 𝜕𝑄𝑖/𝜕𝛼𝑖 = (p
𝜕𝑆𝜕𝛼𝑖 − 𝜕𝜒2𝜕𝛼𝑖 ) (87) 
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𝜕𝑆𝜕𝛼𝑖 = −1 − ln(𝛼𝑖)      𝜕𝜒2𝜕𝛼𝑖 = 2∑ [(∑ 𝛼𝑖𝑓τ,𝑖𝑖 − yτ)(𝑓τ,𝑖)]τ 𝜎𝑛𝑜𝑖𝑠𝑒2 τ  (88) 

After a sufficient number of iterations, that have to be selected according to the step 

size, from each ACF will be extracted a spectrum of diffusive populations that de-

scribe the curve. This approach will be used for the first time, coupled with imFCS, 

in the next chapter.  



 

 

58 

3 Local-FCS 

Both the microscopic and macroscopic viscosity of the protoplasm are of 

importance; the first in relation to diffusion processes and the second in 

relation to the organization of the cells. 

Gregorio Weber, PhD Thesis 

The cellular world, with its spatial organization and dynamic interactions, is an 
extremely complex system. The physical approach aims to simplify the problem 
by focusing on a few measurable observables through experiments on living cells. 
From this perspective, studying dynamics on a global scale using image-based 
methods (such as Image Correlation Spectroscopy) offers a significant advantage: 
for a given area, one or two diffusion coefÏcients can be assigned to populations 
of fluorescent molecules. Knowing the molecular brightness allows us to deter-
mine the stoichiometric ratios of different populations. The signal-to-noise ratio 
is typically good, making the analysis relatively straightforward analysis.  

As discussed in the theoretical chapter, the analysis is based on the assumption that 
the system is ergodic and spatially invariant. This leads to the selection of a region 
where a coherent biological function is present, such as the cellular or nuclear mem-
brane. In a first approximation, this could also extend to the nucleus or cytoplasm. 
Within an entire area (typically a few square microns), a target biomolecule has a 
limited number of functions. The analysis will detect at least a free diffusion compo-
nent and other diffusive features related to specific biological functions of this bio-
molecule within the spatial context. Each biological function can be associated with 
a subpopulation of the labelled biomolecule, characterized by its diffusion coefÏ-
cient, as outlined in the first chapter.  

Verifying the assumptions of ergodicity and spatial invariance is notably challeng-
ing. While some techniques and applications, such as studying cellular movements 
with spatiotemporal image correlation spectroscopy (stICS) [90][91], do not strictly 
depend on these criteria, they remain essential in most other contexts, particularly 
when analysing autocorrelation functions. If these conditions are not met, artefacts 
may arise, which are not always apparent through visual inspection of the autocor-
relation curve alone. This interpretative challenge is one of the main limitations of 
applying FCS techniques, particularly in living cells, where these assumptions are 
only weakly verified. 

As discussed earlier, the main causes for the failure of these assumptions include 
photobleaching, insufÏcient temporal sampling, cellular movement (even local), 
spatial heterogeneity (e.g., the presence of regions where different processes occur, 
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such as inside and outside an organelle), nonspecific signal, and the presence of ag-
gregates/vesicles. Some of these issues can be mitigated by reducing the area of in-
vestigation: for instance, if a bright vesicle passes through a region or the cell moves 
at a certain point in the recording, the stack can be cropped in both time and space 
to minimize artefacts. How can we ensure that no other artefacts are yet present? It 
may happen that some spatiotemporal regions are “invisible” in terms of contrast 
when only studying the mean intensity. In this work, various methodologies will be 
proposed to identify potential artefacts and, ideally, isolate them from the analysis. 
The simplest solution is to reduce the area over which the assumption must be sat-
isfied. 

Another challenge with these ICS techniques when transitioning from in vitro to 
living cells is the oversimplification required to describe what happens in a given 
region within a complex biological context. From a biological perspective, how 
many functions does the biomolecule perform in this region? Mathematically, this 
question translates into selecting a model to fit an autocorrelation curve. As pre-
sented in 2.1.12, there are techniques, such as Bayesian algorithms, which aim to 
select the best model (but only after an a priori definition). Unfortunately, stICS 
iMSD RICS fails to describe more than one diffusive component.  

We can confidently state that fewer events occur in smaller spaces. Therefore, 
reducing spatial dimensions may simplify the model selection problem by minimiz-
ing biological complexity. 
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Figure 11: Scheme of local techniques. The heterogeneities could lead to a bias in the 

extracted parameters in ICS techniques (tICS stICS iMSD RICS). Some of the Local-ICS 

techniques suffer from oversimplified models (especially RICS and iMSD); the precision 

depends on how many pixels are used to compute the correlation functions. imFCS has a 

low precision in the fitted parameters caused by the low S/N ACFs (*improved by PCA 

filter in chapter 3.5). This single-pixel analysis has higher accuracy since it analyses the 

minimum complexity / smallest region accessible. Local-FCS exchange some spatial de-

scription ability for higher precision.  

Naturally, as the area used for ICS analysis is reduced to the single-point level (im-
FCS), the signal-to-noise ratio (S/N) becomes critical [92]. We move from a curve 
with an excellent S/N—though it mixes multiple biological functions and artefacts 
due to the challenge of satisfying assumptions over larger areas—to curves with a 
lower S/N, where fewer biological functions (and thus fewer artefacts) are expected 
to coexist. According to Koppel’s (1974) [32] theory of FCS noise, the S/N is in-
versely proportional to the acquisition time fixed by the sample movement in both 
approaches. Furthermore, in ICS, this ratio is divided by the squared number of pix-
els used for analysis, which increases the precision of the inferred diffusional param-
eters. For these reasons, using an ICS approach on small images seems to be a good 
compromise between precision and accuracy. But how much can the area for stICS 
or l-RICS be reduced? Malacrida et al. (2018) [93] claim that it is possible to recover 
a single diffusion coefÏcient (with a CCD camera) in the range of 400 µm²/s to 3 × 
10⁻⁴ µm²/s for regions of interest (from 64 to 8 pixels – 6.4 µm to 1 µm) used in the 
iMSD analysis. 

Scipioni et al. (2018) [42] noted that the size of the regions analysed must not be too 
small, as the ACF would deviate from its theoretical shape, leading to inaccurate 
fitting results for regions of interest smaller than 128 × 128 pixels. With typical pixel 
sizes used for RICS (30–50 nm), this corresponds to a spatial resolution of approxi-
mately 5 μm. 
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Longfils et al. (2019) [77] recently proposed a modified function for fitting the RICS 
autocorrelation when evaluated in regions of interest smaller than 50 × 50 pixels, 
accounting for the bias caused by insufÏcient spatial sampling. They demonstrated 
that this method works for areas as small as 6 × 6 pixels (1 × 1 μm). Compared to 
classical single-point FCS, Local iMSD and Local RICS methods offer the advantage 
of generating diffusion maps across large areas. Additionally, unlike approaches that 
only analyse the temporal autocorrelation decay of each pixel (such as imFCS), these 
methods can resolve faster diffusion coefÏcients using a standard confocal micro-
scope. However, the limitation of these local ICS techniques is the oversimplified 
analysis. In detail, iMSD extracts only a few diffusion parameters [93] and after var-
ious attempts during this thesis, it is impossible to discern more than one diffusive 
pool. (Local-)RICS provides only a single diffusion coefÏcient for each ROI and can-
not distinguish between different diffusion modalities. This oversimplification 
makes it difÏcult to quantitatively analyse and describe the complex diffusion net-
work inside a living cell.  

A bridge from the “little image” approach and a single point FCS is represented by 
the work of Scipioni et al. 2018 [53]. In this work, the authors develop a method to 
take advantage of image scanning microscopy (ISM) to recover the modality of dif-
fusion in a single spot of FCS data using a spot variation approach. Additionally, 
they used the concept of pair correlations to analyse the diffusion modalities. Slen-
ders et al. [54] extended the concept for a square detector 5x5. Currently, these mi-
cro-images are not collected at multiple points over an area but just in a single spot. 
Using a posteriori filtering with the collected micro-images over the scans would 
surely lead to extracting the diffusion modality with l-RICS (one of our future pro-
jects). Another way to do it is with a SPLIT-STED approach followed by spot vari-
ation analysis (Lanzanò et al. 2017 [52][94]). 

In this work, we present a different strategy to overcome some of the ICS and 
single-pixel level problems: 

The key idea of this work is to merge the autocorrelation data from regions 
where similar biological events occur. 

In this way, we reduce the area in which the ACF is computed to the smallest 
possible unit (a single point/pixel) minimising the underlying biological complexity 
and simplifying the model selection. Moreover, this approach reduces the probabil-
ity of including artefacts, as exposed above, ensuring the typical high accuracy of the 
single-pixel approach. To resolve the problem of the fitted parameters’ precision, we 
merge (by simply averaging) the ACF that arise from similar points.  
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ICS methods rely on a “squared” proximity concept to define similarity. These ap-
proaches group pixels by a fixed ROI size in which the global ICS correlation func-
tions are computed. By contrast, single-pixel analysis enables the exploration of a 
wider range of similarity criteria. 

The linearity given by fluorescence between collected photons and concentra-
tion is one of the easiest sources of contrast in microscopy: it is possible to sepa-
rate regions by sorting the intensity. Using this similarity definition, Chapter 3.1.1 
will show measurements on lipid bilayers, and using this method, we can recover 
slightly diffusional features in multiple phases. The fluorescence probe has a 
higher afÏnity to one phase, resulting in a clear identification just by looking at 
the intensity.  
Different biophysical aspects, such as fluorescence lifetime, could provide contrast 
and other similarity definitions. 
An example of defining similarity could be comparing the shape of the autocorrela-
tion in different positions. As shown in the previous chapter, the ACF contains a 
diffusion fingerprint. The evaluation of the shape could be addressed in several 
ways. 
The simplest way consists of just fitting the ACFs with a theoretical model and 
merging the ACFs that share some parameters. This has been successfully used by 
analysing the dynamics of different proteins linked to EGFP, segregating the pixel 
where slow vesicles pass through the focal volume of excitations or related to clus-
ters that move along with the cell membrane (chapter 3.3.4).  

Another way of fitting explored in this work is the Maximum Entropy Method 
(MEM) [86][89][88]. For each spatial point, this method computes a spectrum of 
Brownian diffusion coefÏcients as the description of the autocorrelation curve. 
MEM is advantageous because it does not require a priori information. These spec-
tra represent quantitative diffusional information that could be used to aggregate 
pixels that share a similar diffusional spectrum. In the chapter 3.3.2, MEM will be 
described in detail. 

Clearly, it is possible to combine different techniques to increase the level of infor-
mation in the concept of similarity. In this work, I explored a new, fast way of com-
puting the radial pair correlation. This pair correlation could be fitted with a classi-
cal fit, or by MEM, alone or as a global fit with the ACF. The analysis of the shape 
of the ACF can also be addressed by a mathematical transformation that reduces the 
dimensionality instead of fitting. This has been done elegantly by a phasor transfor-
mation in different contexts first by Gratton's group (Digman et al. 2008 Phasor on 
Fluorescence Lifetime Intensity Microscopy FLIM [95]; Ranjit et al. 2014 Phasor on 
short ACF [96]; Scipioni 2016 phasor ICS [76]). Applying the phasor transfor-
mation, a similar normalized shape ACFs become near in the phasor plot. We have 
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used this method to automatically discard rare bright events in different biological 
measurements (Civita et al. 2024 [97], chapter 3.2).  

Local-RICS and other local ICS techniques could be understood in this framework: 
in these cases, similarity is defined by the proximity distance in real space. The re-
duction of dimensionality could also be addressed in other ways, such as using Prin-
cipal Component Analysis (PCA). This has been used on the fitted parameters or on 
the diffusional spectra from MEM. By clustering methods, it is possible to separate 
different pixels into different classes, making it less user-dependent on selecting the 
pixels and permitting the exploration of multidimensional distances between diffu-
sional features.  

Another way of sampling better the similarity is by having better S/N curves. This 
is a critical step that is involved in all the previous methods. Because the ACFs have 
a strong structure (shared among all ACFs) and the data points are typically corre-
lated, we considered using this information as a naïve filter to estimate the noise of 
a measurement. Besides this deterministic method, we tried to use a deep neural 
network to extract diffusional parameters directly from the fluctuation. This work 
is ongoing, but recent findings by Wohland et al. 2023 [98] encourage further ex-
ploration.  

To summarise: after this single-pixel analysis, we mapped the heterogeneity of the 
sample, discovering which region satisfies the ergodicity hypothesis and avoiding 
artefacts in the analysis. Then, we can proceed using the local-FCS approach to cre-
ate classes of pixels. These higher S/N groups’ ACFs, which respect single pixels, can 
be used to recover diffusion coefÏcients with higher precision and accuracy (Figure 
11). 
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3.1 Intensity as simple similarity measurement 

The use of fluorescent markers is particularly effective in resolving the spatial 
heterogeneity of different biomolecules. The contrast provided by variations in 
fluorophore concentration is, in fact, the simplest measurement obtainable with flu-
orescence microscopy. Other means of contrast, such as polarization state, lifetime, 
emission spectrum, or pH, represent more complex measurements. To begin the 
discussion on local-FCS, we use the concept of fluorescence intensity as a feature to 
identify regions where similar phenomena occur. 

A classical single-point FCS measurement could be easily performed in a rela-
tively simple system where different intensity levels can identify distinct phases. 
However, to achieve statistically significant results, multiple measurements are re-
quired. Moreover, most commercial setups are not designed to halt the galvo-scan-
ner at a fixed position to record intensity fluctuations necessary for a traditional FCS 
analysis. In some cases, there is also the issue of not knowing the precise size of the 
PSF (point spread function) in advance, which adds complexity when attempting to 
measure diffusion. 

To address these limitations, if the characteristic diffusion times are slower 
than the repetition rate of a scan line and there is no need to investigate rapid 
photodynamic transitions, a “temporal line-FCS approach” can be used effectively. 
For cases where the diffusion is faster, a spatial local-RICS approach could be ap-
plied, but it will not be shown. The temporal line-FCS method has already been 
successfully employed in Di Bona 2019 [66] to measure the differing mobility of 
GFP across various chromatin regions. In the following section, this method will 
be resumed with additional considerations regarding the experimental protocol. 

This method involves calculating the temporal autocorrelation function G(x,τ) 
at each position, treating each location as an independent measurement. The 
G(x,τ) function becomes particularly insightful when the scan (whether along a 
line or a circular path) crosses multiple compartments or phases. In such cases, the 
resulting G(x,τ) image will capture the distinct dynamics as a function of the po-
sition x, as illustrated in the next paragraph. 

This method is useful for several reasons: 

1. Signal-to-Noise Improvement: By averaging the autocorrelations corre-
sponding to those that come from the same region, there is an increase in 
the S/N of the autocorrelation curves. This improvement is proportional 
to the square root of the number of positions averaged. 
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2. Bleaching Reduction: respect the single pixel FCS measurement, the scans 
over a region reduce the excitation dose, providing a better ACF curve (if 
the dynamics are slow enough)  

3. Calibration-Free Measurement: It provides a calibration-free way to as-
sess the ratio of diffusion between different phases. This is useful when a 
precise calibration measurement is not practical, such as in cases where 
differences in substrate thickness or other experimental limitations pre-
vent accurate calibration. 

In this modality, in which each position is considered an independent measure-
ment, the user can choose the sampling distance for the measurement without 
strictly adhering to the Nyquist criterion. Oversampling could be discouraged as it 
can lead to increased photobleaching. With this temporally resolved method, if the 
aim is to analyse only a few discrete points (without utilising pair correlation anal-
ysis to estimate the PSF size), measurements can be taken at fewer points spaced 
more than one PSF apart to ensure independent measurements. Using the same 
scanning frequency, reducing the number of pixels increases the dwell time in a con-
focal system and yields more photons. This leads to an improvement of the S/N of 
the resulting curves. A camera-based system can also achieve this by acquiring a sin-
gle line at a high frame rate using a de-magnifying lens, as is commonly done in 
Single Molecule Localization measurements. In a confocal setup, multiple lines can 
be acquired, although returning to the same point will naturally take longer, reduc-
ing the effective frame rate. If the backward scan is also acquired, it is typically nec-
essary to calibrate the phase shift between forward and backward scanning. A more 
straightforward approach is to offset the even-numbered lines (those acquired on 
the mirror's return) to create a seamless continuation of the odd-numbered lines. 
This way, losing the possibility of spatial cross-correlation analysis, it can effectively 
expand the probed points virtually. This produces a data carpet with dimensions 
(number of repetitions/2)×2×number of pixels. It is also possible to define two or 
more thresholds to group similar pixels and analyse the dynamics within these re-
gions, focusing on their distinct diffusional behaviours, as shown in the next para-
graph. 

3.1.1 Characterization of phase separation in supported lipid bilayer 

A relevant case study where we applied the approach of combining FCS curves 
based on the collected fluorescence intensity was for an investigation of viscosity 
within a supported lipid bilayer (SLB). SLBs are model membranes that are formed 
over a solid substrate (typically mica). They are convenient systems for studying the 
physical properties of a phospholipidic membrane [99]. The measurements per-
formed are particularly useful and interesting within a broader biological context, 
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particularly in relation to photodynamic therapy (PDT). In recent years, PDT has 
been proposed as a treatment for various viruses, including SARS-CoV-2 [100]. 
Specifically, the photodynamic agent under examination is hypericin, a molecule 
derived from a plant called Hypericum perforatum [101].  

Hypericin is a lipophilic molecule with a high afÏnity for biological mem-
branes. When irradiated, it can emit fluorescence and trigger the production of 
singlet oxygen, a very strong oxidant able to damage membranes [102]. It exhibits 
antiviral properties on enveloped viruses, with light irradiation and unexpectedly 
also in the absence of light (Delcanale et al. 2022 [103]). One biologically relevant 
question to which FCS can contribute is whether specific properties, such as vis-
cosity, change after hypericin administration. The model membranes used in this 
study have a composition that mimics the viral envelope (Mariangeli et al. 2024 
[104]). Prior to hypericin treatment, this composition leads to the formation of at 
least two distinct phases, which are easily detectable through AFM measurements 
[105]. Specifically, one can refer to an ordered phase (enriched in cholesterol and 
sphingomyelin) and a liquid phase (composed of unsaturated lipids, such as DOPC 
and DOPS). The use of DPPE ATTO 647N, a fluorophore with a higher afÏnity 
for the liquid phase, highlights this phase separation, as illustrated in Figure 12. 
The first step of this study is to measure the viscosity of the ordered and disor-
dered phases before applying the treatment. A challenge in these measurements 
is that the mica substrate beneath the lipid bilayer affects the PSF (point spread 
function), distorting it based on the thickness of the solid support [106]. The ex-
tent of these distortions, and consequently the size of the PSF, varies depending 
on the position and the sample being examined. This is where the line-FCS 
method proves to be particularly useful. By scanning along a line, we can gather 
data from different points within the same measurement, allowing us to sample 
both phases—ordered and disordered—over a region of several tens of microns, 
where we can assume the PSF size remains constant. This method allows us to 
compare the diffusion coefÏcients (and, by extension, the viscosity) of the two 
phases without requiring external calibration, making the analysis more straight-
forward. 

Very recently, we have been using this approach to quantify changes in viscosity 
following the administration of hypericin. While experiments are still ongoing, 
preliminary results highlight a higher viscosity in the presence of hypericin with-
out excitation. 
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Figure 12 Supported lipid bilayer deposited on mica. Composition: DOPC 66%, DOPS 

13%, Sphingomyelin 20%, Cholesterol 1%, fluorophore DPPE ATTO 647N. A) Fluores-

cence image of liquid-ordered (violet area) and liquid-disordered phases (red area). The 

dashed line defines where line-FCS is performed. B) single pixel autocorrelation 𝐺(𝑥, 𝜏) of 

the line FCS. It is clear the autocorrelation with higher G(x,0) that belongs to the liquid-

ordered (lipid raft) phase. C) fit of 1c for each 𝐺(𝑥, 𝜏): in red the diffusion coefficient vs 

position, in blue the G(0). From this analysis, it appears that the diffusion coefficient in 

the raft is slower, but the precision of the fits is lower than the difference. D) line intensity 

profile, in which the phases are divided. E) the autocorrelation for the liquid disordered 

(τ=0.0112 ±0.0008 s) and ordered (τ=0.0126 ±0.0008 s) phases fitted with one compo-

nent. From this measurement, the ratio between the hydrodynamic viscosity is 
𝜇𝐿𝑂𝜇𝐿𝐷 = 1.13 

± 0.10 
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3.2 Phasor filter to remove rare events 

Quite often, during an FCS measurement, a rare bright event occurs. Numer-
ous case scenarios could cause this: i.e. an aggregation of beads in a calibration 
measurement, a bright and slow vesicle that passes through the confocal volume 
etc. These events appear as high amplitude ACF shifted to longer lag-time. Aver-
aging the curves that belong to the pool of interest with these rare events strongly 
deforms the averaged ACF and leads to biased inferred diffusive parameters. The 
typical procedure to solve this problem is to remove the chunks in which these 
events occur. For example, in SimFCS, the most advanced program for FCS anal-
ysis (available at www.lfd.uci.edu), this is possible through hand selection.  

In this thesis, we use a simple phasor transformation inspired by Scipioni et al. 
[76] to separate the pixels where these slow events occur. 

By the element-wise multiplication of the ACF with the sine and cosine func-
tion, we compute respectively the s and g: 

 s = ∑ G(τ) ∙ sin (2π[log(τ) − log(τstart)][log(τend) − log(τstart)])τ ∑ G(τ)τ  
(89) 

 g = ∑ G(τ) ∙ cos (2π[log(τ) − log(τstart)][log(τend) − log(τstart)])τ ∑ G(τ)τ  
(90) 

 

Where 𝐺(𝜏)  is the ACF, 𝝉  the lagtime at which the autocorrelation is com-
puted. 𝜏𝑠𝑡𝑎𝑟𝑡  and 𝜏𝑒𝑛𝑑  are the limits of the range between the autocorrelations 
considered for the phasor transformation. These parameters are usually the 𝜏𝑠𝑡𝑎𝑟𝑡 = 𝜏𝑟𝑒𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛 and 𝜏𝑒𝑛𝑑 ≈ 15𝑠 (long lag time at which no Brownian diffu-
sion is ongoing). 

After these element-wise multiplications, the ACF became a point in the phasor 
plot. The position of a Brownian diffusive pool appears on a circle; if the diffusion 
is confined, the circle becomes wrung, while it is inflated if the diffusion is super-
diffusive. For simplicity, we will define the “circle of diffusion” the circle of 
Brownian diffusion. The position of the circle's centre depends on the τx selected; 
for this reason, the code computes, for each dataset, the position of the diffusive 
circle, then the circle’s centre and the relation between angle and diffusive 

http://www.lfd.uci.edu/


 

 

69 

coefÏcients. In Figure 14 C there are present the circle of diffusion and the positions 
for super-diffusive (α=1.5) and sub-diffusive (α =0.5).  

Remarkably, the transformation leads to a normalisation of the ACF and the posi-
tion in the phasor plot is related only to the shape of the ACF, losing the information 
on the amplitude.  

Using this method, isolating the chunks that belong to rare events is simple and fast 
as they appear as separated points in the phasor plot. 

If only one diffusive population is present in an ACF, this is a fit-free method to 
recover the diffusive coefÏcient by just multiplications. An arctangent transfor-
mation makes this from the ratio of s and g. This angle is then projected on the 
diffusion circle, decoding a diffusion coefÏcient. 

Contrary to what happens in the FLIM phasor plot (where the functions are expo-
nentials), the presence of more than one diffusive population does not lead to a po-
sition in the phasor plot between the population's diffusion coefÏcients. In this case, 
the position is related to a weighted average diffusion coefÏcient. For this limitation 
that could not be resolved by increasing the harmonics used in the phasor approach, 
the phasor method has to be considered a qualitative method for discriminating 
where the diffusion is faster or slower on average.  

This does not preclude the method's effectiveness in excluding rare events from the 
averaged ACF and having a fast visualisation of the average diffusion coefÏcient pre-
sent in a chuck by just looking at the shape of the ACF. 
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3.2.1 Simulation Example 

 

Figure 13 Carpet of the simulation with rare bright aggregates (highlighted by the white 

arrows) at three different temporal scales. The x position is relative to the position of the 

scan. On the y-axis, the time of acquisition. The first graph represents the whole temporal 

acquisition, the second is a zoom of the first chunk (represented by the dashed line in the 

first graph) and the third graph represents the first 0.75 s of the acquisition (dashed line 

in the second graph).  

In this simulation, two diffusive populations with the parameters are present 
in the table. These parameters are chosen to simulate the case scenario of a fast 
diffusive pool with some rare and bright aggregates, similar to the one found in 
the real measurement presented in Chapter 3.2.2. The total length of acquisition 
is around 60s with a repetition time of a line of 125 us (500 000 repetitions), with 
1kcps of background. At the end of the simulation, we added Poisson noise. 
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 1st Component 1 2nd Component 

Diffusive coefÏcient (µm2/s) 0.5 0.05 

Brightness (kcps per molecule) 1 10 

Concentration (molecules/µm2) 24 1.2 

 

As is clear from the carpet in Figure 13, where the x and y axes refer to the pixel 
position along the scanning line and the acquisition time, there are some bright col-
umns that represent the brighter aggregates in a sea of faster-moving beads. Apply-
ing the phasor transformation (Figure 14), it is clear that two populations of chunks 
are present: 1) less populated in the upper part of the phasor plot (faster diffusion) 
signed by a black circle, 2) a more populated near the middle of the circle of diffusion 
(slower diffusion) signed by a green circle. Confronting Figure 14A and B, the posi-
tions of the slower brighter beads colocalise perfectly with the slower chunks iden-
tified by the "phasor radial transformation". This last map colours each chunk's angle 
position in the phasor plot. We could cluster all the ACFs by distance in the phasor 
plot to get quantitative measurements of these two diffusional pools. The chunks 
not affected by the slower diffusion beads are the ones encircled by black. The 
chunks selected are displayed in D. In F is present the averaged ACF with the fit that 
reports that is present only one component with D=0.44 µm2/s. Analogously, figures 
E and G are for the chunks with an average slower diffusion behaviour, which was 
selected by a green circle in C. From the fit, it is clear that there are two diffusive 
pools: one with 0.52 µm2/s and one with 0.049 µm2/s. 
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Figure 14 Phasor plot filter to segment the diffusional species. A) Intensity carpet. B) 

Phasor transformation that highlights the presence of slower beads (red pixels) against 

their absence (green pixel in which faster dynamics occurs). C) Phasor Plot of the diffusion: 

in the upper part (s > 0.4) are present, as small orange dots, the chunks in which only a 

fast diffusion pool is present (encircled by black). On the lower part (s around 0.2) are 

present the majority of the chunks (the histogram reports > 50 chunks) in which both 

populations are present. The green circle selects these chunks. D) Selected chunks for “only 
fast diffusion” pool black circle. E) selected chunks for “mixed pools” green circle. F) Au-
tocorrelation of the “only fast diffusion” pool autocorrelation function fitted with 1 compo-

nent with D=0.44 µm2/s. G) Autocorrelation of the “mixed diffusion” pools autocorrelation 
function: 2 components with D1=0.52 µm2/s and D2= 0.049 µm2/s. 

For this simple example, it could be possible to sort the autocorrelation with 
the average intensity instead of using the phasor. This would select the same 
chunks for the mixed and unmixed species. The advantage of the phasor method 
is that contrary to the intensity-based approach, it also works if the average in-
tensity is very similar, as it will be shown in 3.3.1. 
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3.2.2 Study of PDL1 by spot variation STED-FCS 

This phasor approach of selecting and discarding rare events has been used with 
profit in Civita et al. [97].  

In this study, we focused on investigating the distribution of PDL1, a membrane 
protein that plays a significant role in immune regulation, especially in different 
cancers. We used a combination of fluorescence microscopy techniques, such as sin-
gle-molecule localization microscopy and FCS, to discover how PD-L1 organizes it-
self in nanoclusters on the membrane. These clusters, which we have observed in 
various experimental setups, are believed to be associated with the lipid-rich regions 
of the membrane, such as cholesterol-enriched lipid rafts. Understanding this or-
ganization helps clarify PD-L1's role in cellular signalling and its potential as a target 
in immunotherapy.  

More in detail, we conducted studies on fixed cells using various super-resolution 
techniques (SPLIT-STED [107] and directSTORM [108] [109]). This led us to dis-
cover a nanometric clustering organization of this protein, with a typical radius of 
30 nm. Furthermore, functional colocalization measurements revealed a co-pres-
ence, at a resolution scale of 150 nm typical of Image Scanning Microscopy [110], 
with proteins commonly associated with lipid rafts (glycosylphosphatidylinositol 
(GPI) and caveolin-1 (Cav-1)). 

These results were obtained on fixed cells, and to gain a deeper understanding of 
this protein’s behaviour in living cells, we decided to explore the dynamic aspects 
through FCS. We employed the Spot Variation approach (par 2.1.3) to determine 
whether the movement of the protein was confined, free, or super-diffusive, com-
paring it to GPI, a protein with known sub-diffusive behaviour reported in the lit-
erature. To achieve this, we induced the expression of the PDL1+EGFP protein via 
transfection and performed line-FCS measurements under confocal and time-gated 
STED (gSTED [111]) modes (confocal: ωxy = 210 nm; gSTED: ωxy = 80 nm) on living 
cells. In comparison with classical STED measurement, gated STED relies on dis-
carding the photons that arrive in a determined temporal window. Since the prob-
ability of the emission of the photons is linked with the intensity of the depletion 
beam, the emitters that are in the zero intensity centre of the depletion beam will 
have a longer lifetime. On the other hand, the emitters not in the centre of the de-
pletion beam will be favoured for emitting at a faster temporal scale. Using this in-
formation makes it possible to shrink the STED resolution further.  

As shown in the fluorescence carpets in Figure 15, the analyses revealed at least three 
diffusive components. This complexity will be further unmixed using the phasor 
filter. The carpet a) is long around 220s and there are present quasi-vertical lines 
representing very slowly diffuse aggregates. The diffusion coefÏcient is estimated to 
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be <0.001 µm2 /s, which corresponds to a 𝜏𝑑 >  15 𝑠  compatible with the move-
ment of the cell. We will refer to these aggregates as clusters. If we segment the FCS 
traces with a chunk length 15 s, we will have excluded this component from the 
ACFs' contributions. Moreover, a good practice is to detrend before doing the seg-
mentation to correct slow xy drift/photobleaching/very slow movement of the 
cell/very slow movement of aggregates. In this case, we used a random number ap-
proach with a moving average of 8 s [80]. With this setting, we are sure that this 
contribution will not affect the analysis. Besides this filtered cluster, other slow and 
bright objects appear on the carpet, highlighted by the black arrows. By microscope 
images not reported here, they are presumably vesicles. Since they are not every-
where in the carpet, the phasor approach can efÏciently filter the chunks in which 
they are present. By phasor selection, reducing the contribution of these slow and 
bright objects, the diffusion coefÏcient of the PDL1+EGFP on the membrane can be 
recovered more precisely, unmixing different diffusional contributions. Typically, 
more than 60% of the chunks are conserved.  

 

Figure 15 Comparison of PD-L1 diffusion at different temporal scales at confocal reso-

lution according to “carpet” representation, where the x and y axes refer to the pixel posi-
tion along the scanning line and the acquisition time, respectively. The pseudocolour scale 

accounts for fluorescence intensity. a) Carpet of whole acquisition (around 220 s): very 

slowly moving aggregates (possibly clusters) are visible as quasi-vertical brighter lines. The 

arrows show brighter slow-moving spots that may be identified with vesicles (diffusion 

coefficient < 0.05 µm2/s). b) First 15 s of acquisition, where vesicles are still visible. c) 

The first 750 ms of acquisition shows the PD-L1+EGFP slow-diffusing component as 
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brighter lines. In this last carpet a Gaussian filter with 𝜎 = 𝜔𝑥𝑦 was applied for better 

visualization. Scale bar 1 µm. 

The autocorrelation using a time-gated STED-FCS (gSTED) for squeezing the 
PSF to 𝜔𝑥𝑦 = 80 nm makes the ACF signal-to-noise very low. For this reason, we 
keep only the autocorrelation chunks with a value of G0>0.1 (Figure 16). The results 
obtained from analysing the autocorrelation are confirmed by the cross-correlation 
approach (in which no chunks are discarded) (Figure 17). In particular, we fit the 
ACFs obtained with a confocal volume FCS with a two components model (for both 
GPI and PDL1) and with only one component for the gSTED measurement. This is 
because the strong reduction of the xy waist of the focal volume by gSTED prevented 
the observation of the faster component of PD-L1+EGFP and GPI+EGFP, given the 
maximum time resolution of our apparatus (0.125 ms/line).  

With these strategies we measure for confocal setup Dfast=5±1 µm2/s Dslow 
=0.24±0.02 µm2/s, for PD-L1+EGFP; Dfast=5±1 µm2/s, Dslow =0.48±0.05 µm2/s for 
GPI+EGFP. Appling the gSTED we found for the slower components PD-
L1+EGFP: D=0.19±0.02 µm2 /s; GPI+EGFP: D=0.31±0.03 µm2 /s.  

Spot-variation analysis revealed a statistically significant reduction of the diffu-
sion coefÏcient with spot size for GPI+EFGP (Figure 18), in agreement with the 
confined motion reported for raft-associated GPI [51]. For PD-L1+EGFP, we indeed 
observed a D reduction upon squeezing the diffusion spot, albeit the statistical sig-
nificance was borderline (Figure 18). 
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Figure 16 Representative ACF from line FCS measurements of PD-L1+EGFP without 

a) and with b) gSTED. After detrending, the general autocorrelation G(τ) was obtained 

as the average of the 128 single autocorrelation functions, filtered with the phasor approach 

to remove the brighter slow-moving (Figure 15), and recovered for each pixel along the 

scanning line. (a) In confocal mode, G(τ) was fitted with a sum of a fast (pink curve) and 

a slow (black curve) 2D isotropic diffusion functions (red dashed line); Dfast = 3.0 µm2/s 

and with Dslow = 0.3 µm2. (b) In gSTED mode, G(τ) was fitted to a single slow 2D 

isotropic diffusion (red dashed line) with D = 0.22 µm2/s. The residual panels are shown 

at the bottom. 

 

      



 

 

77 

 

Figure 17 Cross-correlation analysis of the same measurement presented in Figure 16. 

a) cross-correlation computed at a distance of 500nm vs time-lag in the confocal setup: 

purple dots are the average of 57 pixels (coloured semi-transparent dots). b) The same 

cross-correlation with the error bar represents the standard error of each point vs the 

diffusion coefficient. Cleary visible the peak at Dslow = 0.26 µm2/s (where the autocorrela-

tion reported 0.3 µm2/s). c) cross-correlation computed at a distance of 300 nm in a 

gSTED setup: the purple dots are the average of 25 pixels. d) the same dots with the error 

bar of the SE. The first peak is at D = 0.20µm2/s (where the autocorrelation analysis 

reports 0.22 µm2/s) 
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Figure 18 Spot-variation analysis of PD-L1+EGFP (red) and GPI+EGFP (blue). The 

diffusion coefficient of each protein is plotted at confocal (210 nm) and gSTED (80 nm) 

xy resolution, together with the linear fits (full lines) and the 95% confidence range (dashed 

lines). 
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3.3 Diffusional maps 

The concept of local-FCS is based on the hypothesis that similar molecular be-
haviours are present within certain spatial regions. By quantifying diffusional char-
acteristics on a pixel-by-pixel basis, we can generate maps for each feature. Similar 
dynamics occur in pixels that share comparable values across different maps. 

Creating diffusion maps can be seen as a method to reduce the complex infor-
mation stored in fluorescence fluctuations into a few easily interpretable parame-
ters, a dimensional reduction from millions (billions) of intensity points to a couple 
of physical parameters. The first dimensional reduction occurs through the compu-
tation of the autocorrelation function (ACF), which reduces the data space by a fac-
tor of about 100 to 1000.  

During my PhD, we explored an alternative approach for data reduction using 
neural networks, specifically Long Short-Term Memory (LSTM) algorithms, to 
quantify the persistence of molecules within the probing volume and classify the 
diffusional behaviour into 16 different categories (like a MEM approach). Recently, 
Wohland’s group published methods utilizing convolutional neural networks 
(CNNs) to extract a single diffusion coefÏcient for each fluctuation series [112]. This 
method creates diffusion coefÏcient maps from fluctuation matrices, and they 
demonstrated that it reduces the acquisition time required by a factor of ten com-
pared to traditional autocorrelation methods while maintaining precise and accurate 
inferred values. These successes of the Neural Networks approaches rely on the fact 
that fluorescence fluctuations contain a vast amount of information that cannot be 
fully compressed by calculating the autocorrelation function. Indeed, other deter-
ministic methods that do not rely on the ACF computation have been proposed. 
Among them, Number and Brightness (N&B) [113] or higher-moment analyses [114] 
extract relevant information by the temporal traces through the momenta compu-
tations. Undoubtedly, future developments with neural networks will aim to extract 
more information directly from fluorescence fluctuations beyond the current auto-
correlation approaches.  

Typically, autocorrelation curves contain approximately a few hundred logarith-
mically equally binned points for each spatial location. The subsequent information 
compression in a few maps can be done in different ways, depending on the specific 
biological question. A typical question might be: How fast does the biomolecule 
move at this position, on average? This could be represented by describing the dif-
fusion using a single-component model. By fitting the autocorrelation functions 
with this theoretical model (eq. (40)), we can obtain three diffusion maps: the num-
ber of molecules present in each position (represented by N), the diffusion coefÏ-
cient D, and the goodness of fit quantified by the chi-squared value or the coefÏcient 
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of determination (R²). However, as previously explained, in a cellular context, 
molecules are unlikely to exhibit purely Brownian motion. Therefore, obtaining 
information on where molecules diffuse freely and where they do not could be 
interesting. The degree of freedom represented by the anomalous diffusion pa-
rameter α allows for a better description of the autocorrelation curves (eq. (41)). 
In this case, an additional map of α is generated. The vast temporal range probed 
by FCS techniques enables the investigation of different phenomena or dynamics 
at the same spatial position. The contributions of some of these, such as photo-
bleaching or cellular movement, can be mitigated, as discussed in detail in Section 
2.1.11. However, having multiple diffusive populations coexisting at the same lo-
cation is common. Therefore, describing the autocorrelation functions using a 
generic bi-component model for each pixel is often necessary. In cases where only 
one population is present, the algorithm should report a low fraction for the sec-
ond population. For typical imFCS curves, the signal-to-noise ratio does not al-
low for precise inference of the diffusion coefÏcients obtained. In this model, we 
are utilizing five parameters. In the context of a low signal-to-noise ratio, incor-
porating prior information can be beneficial to enhance this procedure, as will be 
explained in detail later in this chapter. The phasor transformation previously in-
troduced provides an entirely different approach to answering the first question. 
The autocorrelation curve is compressed into two coordinates, which can be as-
sociated with an effective diffusion coefÏcient. 

Another, more quantitative alternative to the phasor method is the use of the 
maximum entropy method. This technique enables the generation of diffusion 
maps by fitting the autocorrelation curves as introduced in 2.1.13.  

As will be shown, there is no universally superior method; each has advantages 
and disadvantages. The following paragraphs present simulations and a biological 
case study using these methods. We will explain the pros and cons of all methods 
in these two case scenarios. 
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3.3.1 The simulation 

To validate and rigorously test our analysis methods, we developed a comprehen-
sive platform for simulating FCS experiments and analysing their results. For this 
purpose, we created a simulated temporal stack with distinct regions, each display-
ing unique diffusional behaviour. The simulation consists of 40,000 frames with an 
exposure time of 2 ms. Three types of molecules are present in the simulation, all 
having the same brightness of 10 kcps, which is compatible with EGFP brightness 
[115] in living cells. The molecules diffuse bidimensionally across a square surface 
of 16 𝜇m per side. The diffusion coefÏcients of the three species are as follows: 

a = 1 𝜇𝑚2/𝑠 for fast molecules 

b = 0.1 𝜇𝑚2/𝑠 for slow molecules  

c = 0.5 𝜇𝑚2/𝑠 for medium-speed molecules 

Figure 19 presents the temporal average intensity of the stack that clarifies the 
following geometry. 

The average density of the faster molecules is 31 molecules/μm², corresponding 
to approximately 2 molecules per PSF, and these are present everywhere except in 
the regions C3 and E. 

The central circle C1 is populated by 75% of a molecules and 25% of b molecules. 

The triangle T contains 50% a and 50% b molecules. 

The small circle C2 contains 25% a and 75% b molecules. 

The ellipse E is populated solely by c molecules. 

The circle C3 contains only b molecules. 

These last two regions are populated in a way that preserves the overall average 
density, making them indistinguishable when analysing only the intensity. Addi-
tionally, 24 slow molecules (species b) move inside a tube L with a width of 20 nm, 
corresponding to a very low linear density of 1.5 molecules per μm.  

The dynamics of the individual molecules were simulated using a Monte Carlo 
simulator called MCell (Stiles, JR, et al. [116]). Using this tool, the dynamics of indi-
vidual molecules were simulated, with the output being a list of the positions of the 
molecules for each frame. In MATLAB, a matrix representing the fixed-size photo-
sensitive elements of a camera was created. The molecular positions were imported 
and convolved with a Gaussian representing the PSF. This probability density was 
then multiplied by the number of photons each molecule emits per unit acquisition 
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time. To simulate a noisy measurement (paragraph 3.3.3) a Gaussian noise of a 
variance of 10 times the signal is added. The Poissonian noise is added to all sim-
ulations. 

 

Figure 19 Temporal average intensity of the simulations, with the different diffusive 

regions highlighted in white. 

tICS & iMSD 

Even with an extremely high signal-to-noise ratio, it is still very challenging to 
accurately select the mathematical model that correctly describes the diffusion 
process. By observing the curves in Figure 20, it seems that both the models, 
anomalous single component and Brownian two components, fit the data almost 
perfectly. The subtle trend present in the first fit is nearly negligible in a real meas-
urement, where the PSF is not perfectly Gaussian, and/or there is some level of 
correlated noise within the acquisition system or from dynamic factors within the 
sample (such as bleaching, sample movement, autofluorescence, etc.). Despite 
this, the tICS measurement provides a global and accurate description of the sys-
tem when described using a two-component model (Fig. b), yielding diffusion 
coefÏcients of D1 = 0.988 ± 0.001 μm²/s, with G1r = 92%, and D2 = 0.0692 ± 
0.0005 μm²/s. If, on the other hand, the system is modelled as a single component 
undergoing anomalous diffusion, the curve is characterized by an α value of 0.860 
± 0.005 and an effective diffusion coefÏcient Deff = 0.54 ± 0.02 μm²/s. However, 
this latter description is less consistent with the original simulation parameters. 
A summary of the iMSD analysis is shown in Figure 21. As for the tICS analysis, 
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the immobile fraction is subtracted by the novel filter method described in 2.1.10. 
iMSD fit reports a diffusion coefÏcient of 0.75 ± 0.01 μm²/s in the first second of 
lag time. It has to be highlighted that the considerable compression of all diffusion-
related information over such a large area makes it challenging to obtain accurate 
measurements from a global iMSD analysis, even though the signal-to-noise ratio is 
remarkably high. The inferred diffusion coefÏcient represents an average of the dif-
fusion coefÏcients of the simulated populations. 

 

 

Figure 20 tICS curve fitted with different models: on the left with a single component 

model with anomalous diffusion (α = 0.75 ± 0.01 μm²/s Deff = 0.54 ± 0.02 μm²/s), on 

the right with two components (D1 = 0.988 ± 0.001 μm²/s, with G1r = 92%, and D2 = 

0.0692 ± 0.0005 μm²/s). The vertical lines indicate the characteristic times of each com-

ponent. The residuals are displayed at the bottom. The  𝐺(𝜉, 𝜒, 𝜏) is filtered with the novel 

method proposed in 2.1.10 to remove the immobile fraction. 
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Figure 21 𝐺(𝜉, 𝜒, 𝜏) fitted with stICS formula. The first and third rows show 𝐺(𝜉, 𝜒, 𝜏) 
computed at different lag-times 𝜏. The correspondent residuals are displayed in the second 

and fourth rows. At the bottom right, the plots show the fitted parameters vs time (s). 

Including the variance analysis (iMSD). While the fitting is highly accurate for τ<1, the 

variance fitting (iMSD analysis) demonstrates limited accuracy, yielding a diffusion coeffi-

cient D=0.75 ± 0.01 μm²/s and failing to capture insights for a two-component model. 

Fit 1C 

A more accurate way to investigate diffusion characteristics is to analyse them 
at the single-pixel level. Various diffusion models can be selected to describe the 
dynamics. As mentioned earlier, reducing the complexity of the analysis to a sin-
gle spatial point allows for the use of simpler theoretical diffusion models com-
pared to what is required for analysing larger areas (as in the case of ICS ap-
proaches). For this reason, we chose to fit the autocorrelations with a single-com-
ponent (1C) model that includes the anomalous diffusion parameter α (eq. (41)). 
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In this simulation, the signal-to-noise ratio is very high, so we do not attribute 
the failure to accurately describe the dynamics in different regions to noise. As 
shown in Figure 22, the diffusion coefÏcients in regions with a single component 
are correctly identified on average. In the homogeneous region, there is a deviation 
from the simulated coefÏcient of 1 μm²/s: an increase in the effective diffusion coef-
ficient is correlated with a reduction in α, suggesting confinement effects. This is 
particularly interesting as it demonstrates FCS's ability to identify barriers simply by 
detecting a less steep decline in the ACF shape. In this simulation, reflective walls 
are present at the edges of the image. Additionally, the region where the tube con-
taining 24 confined molecules is correctly described by a confined diffusion. The 
amplitude G0 correctly reflects an inverse relationship to the number of molecules 
present in each area. 

In the Triangle region, the average diffusion coefÏcient is 0.5 μm²/s. This value 
is a weighted average between the diffusion coefÏcient of the a molecules (1 μm²/s) 
and that of the b molecules (0.1 μm²/s), similar to what is observed in region C1. In 
C2, where the slow population is dominant, the coefÏcient shifts towards slower 
diffusion values. The coefÏcients for E and C3 are correctly determined. The R² map 
shows that the fits are generally good across all regions, with a slight reduction in 
accuracy within the triangle (consistent with the two diffusive populations). 
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Figure 22 Maps of the fitted parameters, D  𝛼  𝐺0 𝑅2, obtained using the single-pixel 

FCS applied to the noise-free simulation dataset. The dataset is described with a single 

component with anomalous diffusion model. 

 

Fit 2C 

Although the description using a single component with the anomalous diffu-
sion parameter α appears highly accurate on average, it cannot describe situations 
where two components are present in the same location. The implementation of 
two diffusion components can be approached in various ways. The method cho-
sen here ensures that the two diffusion coefÏcients differ by at least 1.5 times, 
favouring the existence of two distinct components, even with fractions as ex-
treme as 1:0. This approach is useful because when only one component is pre-
sent, rather than identifying two diffusive populations with the same diffusion 
coefÏcient, it accurately reflects the presence of a single population with a 100% 
fraction. 

In real biological experiments, a free-diffusing component (representing free 
fluorescent biomolecules) is almost always present and can be identified through 
techniques such as line-FCS or RICS. If the temporal sampling is sufÏcient, this 
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component can also be derived from tICS analysis. For this reason, an effective 
method for fitting at the single-pixel level is to impose a constraint on the diffusion 
coefÏcient, fixing the fast component within a user-configurable interval. This also 
increases the method's reliability by using prior information in a higher-noisier sin-
gle-pixel context. For these reasons, the faster diffusion coefÏcient obtained from 
tICS was constrained within a ±20% range in these fits.  

In Figure 23 the maps of the two components fitting parameters are shown. G1 
and G2 represent the fractions of the two populations, respectively. G1r, defined as 
G1/(G1+G2), represents the relative abundance of the faster population. The offset, 
as defined in eq.(40), corresponds to the amplitude of the autocorrelation at the 
longest lag time; on the other hand, G(τ=0)) corresponds at zero lag time. τ1/2 is a 
calculated parameter that estimates the autocorrelation halving time. This parame-
ter is useful for speeding up the fitting process by providing a starting point and 
generating a map of the effective diffusion coefÏcient for a single component. In 
detail, this estimation is done using the PCA filter discussed in 3.5. τ1 and τ2 are the 
characteristic times obtained from the fit. 
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Figure 23 Maps of the fitted parameters obtained using the single-pixel FCS method 

applied to the noise-free simulation dataset. The dataset is described with a two Brownian 

component model.  

As can be seen in Figure 23, all regions are correctly identified. The G1r map is 
the most significant in this panel, as it accurately reflects the stoichiometric ratios 
of the different populations. The two components model effectively describes all 
the simulated characteristics. Of note is that the offset map shows higher values 
for slower diffusion processes. As explained in paragraph 2.1.5, this is due to the 
longer acquisition time required for slow dynamics. In the context of local-FCS, 
we will leverage the information from the G1r map to select only the fits where 
fast dynamics occur, allowing for a more precise estimation of the fast component. 
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Phasor approach 

Phasor analysis can be viewed as a fit-free method for obtaining an average diffu-
sion coefÏcient that describes the ACF. In summary, the ACF is decomposed into 
two components, s and g, whose position in the phasor plot is linked to the dynamics 
present in the ACF. The projection onto the phasor plot serves as an effective di-
mensional reduction to describe the ACF, and, as explained in Chapter 4.2, it can be 
used to map the diffusion coefÏcient onto the diffusion circle (Figure 24). This efÏ-
cient method, without any fitting and in just a few tenths of a second, provides an 
effective diffusion coefÏcient for each pixel. The resulting map is similar to the one 
obtained using a one-component model with α = 1. One of the key advantages of 
this method is the ability to group autocorrelation curves that are close to each other 
in phasor space. This proximity ensures a high degree of similarity in the shape of 
the ACF. As previously mentioned, regions can be defined within the phasor plot to 
identify similar ACF curves. These curves can then be averaged, resulting in a single 
high signal-to-noise (S/N) curve that effectively captures the underlying dynamics 
of that region in the phasor plot. In this approach, similarity is determined purely 
by the shape of the ACF, independent of spatial proximity in real space or from the 
amplitude of the ACF. In Figure 25, three circles have been defined in phasor space, 
each corresponding to different diffusion regions in real space (Figure 26). By ag-
gregating the ACFs from these positions in the local-FCS framework, the diffusion 
coefÏcients can be obtained with high precision, even in the presence of low signal-
to-noise ratios. 
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Figure 24 Effective diffusion coefficients (Deff) obtained from single pixel FCS method 

applied to the noise-free simulation through phasor transformation. The histogram displays 

the distribution of Deff values, with the majority of pixels correctly showing Deff = 1μm²/s. 

The triangle highlights a Deff = 0.2 μm²/s, representing a weighted average of 1 and 0.1 

μm²/s. In the circle C3 (at the top left) Deff =0.1 μm²/s is accurately identified. 
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Figure 25 Phasor plot of the single-pixel FCS method applied to the noise-free simulation 

dataset. The yellow circle is the diffusion circle (defined in 3.2) in which the Brownian 

diffusion ACFs lies. The bi-dimensional histogram highlights the regions in which most 

ACFs are present. The angular position of the ACFs in the phasor plot, calibrated using 

the diffusion circle, is used to generate Figure 24. We can identify multiple regions on the 

phasor plot, and, using a local-FCS approach, we can average the ACFs that arise from 

those pixels. In this case, three regions are highlighted (in green, cyan, and red circles). 

Figure 26 illustrates their respective positions in real space along with the corresponding 

averaged ACFs.  
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Figure 26 Local-FCS by phasor plot: On the left the maps show the pixels selected by 

the circles in Figure 25, respectively green, cyan and red. The selected pixels here are 

represented as the mean intensity value, and blue pixels are discarded. On the right side, 

the corresponding averaged ACFs fitted by the 2c model. In the first row, the green circle 

selects the autocorrelations that are, in the real space, belonging to the triangles and circle 

C2. This refers to an ACF correctly described by two equally populated diffusive compo-

nents with the correct D values (0.9 and 0.01 μm²/s). The points inside the diffusive circle 

in the phasor plot (Figure 25), here selected by the cyan circle, correctly represent the 

pixels which show a sub-diffusive modality. These occur especially at the border of the 

diffusional shape. To describe this modality with a 2c, a low amplitude and very slow 

component (black curve) is needed. The majority of the pixels are easily selected by the 

red circle in the phasor plot. The averaged ACF can be described clearly by a single com-

ponent with 1 μm²/s (black curve). 
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3.3.2 Maximum Entropy Method: from ACF to diffusional spectra 

Paragraph 2.1.13 introduces the Maximum Entropy Method. This approach has 
been used since the nineties to fit ACFs. An interesting approach is represented by 
the work of Steinbach et al. [88] that binds NLS fitting and MEM. In this paragraph, 
we implement the MEM in imaging FCS measurement.  

The key advantages of this MEM method are: 

1. It is easy to apply with no other priori information 

2. For each ACF it will extract a spectrum of diffusive populations 

3. A sub-diffusive diffusion 2D (with α < 1 ) can be represented with a more 
dispersed spectrum with the same peak position with α =1. This is not the 
case for a super-diffusive case. 

Following the eq. (78), if we have used a parallel FCS measurement, MEM will 
export multiple spectra 𝜶𝑖(𝒙, 𝒚, 𝝉). These spectra can be analysed in different ways. 
The easiest is to merge up all spectra ∑ 𝜶𝑖(𝒙, 𝒚, 𝝉)𝒙,𝒚 . Since the spectra are normal-
ized, for having representative spectra proportional to the number of the molecules, 
they could be weighted with the reciprocal of 𝐺(𝜏 = 0)𝑥,𝑦. One problem with this 
approach is that positions with very low 𝐺(𝜏 = 0)𝑥,𝑦 could be places where a large 
number of molecules or no molecules are present. In this latter case, the inverse of 
the G(0) would lead to a very large value, ruining the weighted averaged spectra. 
Another way of weighting is performing a N&B analysis [117],[113], [118], [119] and 
using the extracted N. An even simpler method is to suppose the Brightness constant 
over the space and weigh the spectrum with the average number of photons col-
lected for each pixel. If we sum up all the spectra weighted, we will have a global 
diffusion spectrum of the molecules. The spectra peaks should be similar to the ones 
found with tICS, without the need to choose the theoretical model. This could be a 
better model selection than the F-test (Chapter 2.1.12). Another way to analyse the 
spectra is in an orthogonal view: the spectra can be binned temporally in 2 or more 
temporal windows: ∑ 𝜶𝑖(𝒙, 𝒚, 𝝉)𝝉𝟐𝝉=𝝉𝟏 . The sum of these windows can be considered 
as the contribution of those timescale molecules to the diffusion population.  

A critical aspect of this method, as highlighted in the theoretical MEM derivation, 
is the estimation of 𝜎𝑛𝑜𝑖𝑠𝑒2 (𝜏). This is not straightforward in FCS measurement. The 
first theoretical noise estimation was done by Koppel, considering the correlation 
function of fluorescence under assumptions of Gaussian statistics [32]. Another way 
of calculating the noise is to split the ACF into different chunks and measure how 



 

 

94 

much, for each lag-time, the ACFs are dispersed over the chunks [67]. Saffarian 
& Elson extended the theoretical framework and for the first time they computed 
also the “particle noise” that is relevant for long lag time[120]. Indeed, when the 
concentration is low, there are very few possibilities that the same configuration 
will reappear after a very long lag time. Moreover, in a biological context, we must 
consider that we are near the situation of 𝜏𝐷 < 100  time of acquisition. This 
leads to the bias expressed in chapter 2.1.5, one of the major problems in this kind 
of analysis, even when the S/N is very high. A simple way of considering the noise 
when applying the MEM method to imFCS is by considering the standard devia-
tion of the 4 nearest points for each lag time. Unfortunately, this method leads 
only to an estimation of the shot noise because the origin of “particle noise” should 
disappear, at least, only after 3 𝜔𝑥𝑦. A new approach that relies on the use of the 
Principal Component Analysis will be presented in the subchapter 3.5. Using this 
method as an estimation of the noise-free ACF, it could be used to compute the 𝜎𝑛𝑜𝑖𝑠𝑒2 (𝜏) as a moving variance. 

 

MEM on simulated data 

Through MEM approach, each curve is transformed into a spectrum of diffu-
sive populations 𝛼𝑖, each associated with a fixed diffusion coefÏcient (𝐷𝑖), which 
populate the corresponding pixel. By summing these populations for each pixel, 
we obtain the graph shown at the top of Figure 27. As expected, the population 
with τ = 0.14s, corresponding to D = 1 μm²/s, is by far the most dominant, in 
agreement with the theoretical predictions. By examining the fractions of popu-
lations with different diffusion coefÏcients, we can identify the regions with the 
correct diffusion rates Figure 27. 

An interesting method to visualize the contributions of the different popula-
tions is shown in Figure 28. Here, the different parts of the spectrum are coloured 
in R, G, and B, with the slowest populations in red and the fastest ones in blue. 
This is similar to how a camera with three bandpass filters interpolates a real col-
our. Below the figure, the logarithmic calibration curves and the averaged spec-
trum across all pixels are shown. The yellow colour can be the result of the com-
bined contributions of the green population with τ = 0.1 s (D = 0.1 μm²/s) and the 
red population with τ = 0.014 s (D = 1 μm²/s). In regions where only one compo-
nent is present, such as in C3, or where one component dominates, such as in C2, 
the colour reflects the corresponding population (e.g., green). These false colours 
can be used to separate different spatial regions based solely on dynamic infor-
mation, similar to the approach used with phasors. 
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Figure 27 MEM panel for noise-free simulation. At the top, the weighted average of all 

spectra is presented. In this case, the weights used are the Numbers obtained through N&B 

method. The resulting spectrum shows two peaks. These are similar to the ones found with 

tICS approach and to the simulated values (black lines). It worth noting that the interme-

diate component (middle line) is only slightly represented in the simulation stack and 

appears to be missed by the averaged MEM spectra. Nonetheless, MEM allows for the 

extraction of the pixel’s contribution at different temporal windows. For each temporal 

window, depicted with different colours, it is reported which position gives the major con-

tribution. As it is clear, all the shapes containing the different diffusion coefficients are well 

represented (the fast component in the triangle is recognized slightly faster than simulated). 

 

Figure 28 Hyperspectral view of MEM spectra. Different parts of the spectra are coloured 

in Red, Green, and Blue, with the slowest populations in blue and the fastest ones in red. 
In this representation, yellow pixels may indicate the presence of two equally populated 

components (one fast in red and one slower in green) or a single intermediate population. 

At the bottom, the logarithmic graph represents the weighted averaged spectra superim-

posed to the calibration colourimetric curve. This is an alternative map with respect to 

Figure 27. 



 

 

97 

 

These diffusion spectra can be used as multidimensional spaces on which dis-
tances can be calculated to perform clustering of regions with similar characteristics. 
A possible execution of this approach is shown in Figure 29. Six distinct diffusion 
regions were identified using a clustering algorithm applied to the diffusion spectra. 
By employing the concept of local-FCS, the ACFs originating from these regions 
can be aggregated and fitted with high precision. Remarkably, this automatic 
method analyses only the shape of the MEM spectra. Other information can be 
added, like the number of molecules present in each pixel or the mean intensity, etc. 
The challenge in that case would be to weigh each biophysical quantity differently. 
This will be one of the future explorations.  
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Figure 29 Automatic segmentation of diffusive regions by clusters analysis over the MEM 

spectra. Through a principal component analysis, the dimensionality of the spectra has 

been reduced to a few (10) components. Then, computing the distance of the spectra in 

this hyperspace with 10 dimensions, 6 classes are defined and depicted in different colours. 

At the bottom, the fitted curves for each class are shown. This automated approach effec-

tively classifies all simulated diffusional regions solely based on the spectral shape. 
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3.3.3 High-noise simulation 

To evaluate the robustness of these analysis methods, we simulated a scenario 
where the measurement is affected by a Gaussian noise centred in zero with a stand-
ard deviation approximately ten times the signal amplitude. As shown in Figure 30 
this significantly reduces the signal-to-noise ratio (S/N) of the ACFs. 

 

Figure 30 Single pixel autocorrelation function (blue points) of the noise-free simulation 

(par 3.3.1) and the high-noise simulation. The ACF filtered using PCA is shown in orange 

(chapter 3.5), while the yellow curve represents the fitted data using a two-component 

model. Due to the low S/N ratio, the second fit underestimates the characteristic diffusion 

time τD from 0.014 s to 0.002 s.  

This chapter will show how the previously introduced methods perform in this 
low signal-to-noise context. Although the two-component tICS analysis is noisier 
with respect to the noise-free simulation, it still accurately reports the simulated fast 
diffusion coefÏcient. 

Using the single-pixel approach, some tuning can be made to improve results. 
The most effective is the application of a spatial Gaussian blur to the ACFs. This 
helps to restore the S/N at the cost of reduced spatial resolution. To avoid losing 
resolution, the noise suppression algorithm presented in the final chapter based on 
Principal Component Analysis could be implemented (Figure 30). Since the two-
component method with a fixed fast diffusion coefÏcient effectively describes the 
experiment better than the one-component model, we will focus on that. From the 
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tICS curves, a diffusion coefÏcient of 1 μm²/s is recovered, and this value is used 
as a constraint in the two-component fits. 

 

Figure 31 Maps of the fitted parameters obtained using the single-pixel FCS method 

applied to the high-noise simulation dataset. The dataset is described with a two Brownian 

component.  

 

 



 

 

101 

 

Figure 32 On the left, in red, the single-pixel ACF of the high-noise simulation. In blue 

the ACF is averaged over one PSF. In green the ACF is filter by PCA (chapter 3.5). All 

the autocorrelations are fitted with two components fixing the faster component from tICS 

(yellow curve). By selecting only the pixel in which the faster component is dominant 

(G1r>75%), we recover a very high signal-to-noise curve that could be fitted precisely and 

accurately (right panel). Local-FCS of the only fast diffusional pixels panel reports the 

correct simulated values even in this critical high-noise context (D = 1.07 ± 0.07 μm²/s). 

Of note 90% of the pixels are selected.  

In the first panel of Figure 32, the spread of the data to be fitted is evident, high-
lighting the need for at least a PSF-level filter to improve the S/N (blue data points). 
By applying the PCA method, we obtain the green data points. The resulting fit is 
shown in yellow. The fitting parameters of the ACFs, filtered with the size of a PSF, 
are summarized in Figure 31. Although the fitted τ values are quite noisy, we still 
achieve a good contrast in the G1r map. Using this, it becomes possible to obtain a 
highly accurate fit for the faster component by excluding areas populated with mixed 
molecules (Figure 32). For instance, the theoretical diffusion coefÏcient D = 1 μm²/s 
is measured as D = 1.07 ± 0.07 μm²/s. 
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Similarly, the triangular region can be easily identified by examining the inten-
sity (or the G0=G1+G2 value), allowing us to average all the internal autocorre-
lations. Despite the poor signal-to-noise ratio for fitting the ACFs at individual 
pixels, this approach enables us to accurately retrieve the simulated parameters 
(D1theoretical = 1, D1measured = 1.03 ± 0.05 μm²/s; D2theoretical = 0.1, D2measured = 0.100 ± 
0.005 μm²/s, G1rtheoretical = 0.5, G1rmeasured = 0.54 ± 0.05). 

Similar to the approach used with MEM, clustering algorithms can also be em-
ployed to leverage these maps, segmenting them into different regions for further 
fitting. 

 

 

Figure 33 MEM and Phasor Maps obtained for high-noise simulation. On the left, by 

MEM, all the diffusive shapes are recovered. These regions can also be clearly identified in 

the phasor space. In the “RGB phasorplot”, the pixels are coloured by the hue of the 
belonging circle.  
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Even through phasor and MEM analysis, the diffusion coefÏcients and relative 
populations for C3 and the Triangle can be obtained using the local approach. The 
L structure becomes slightly visible through MEM analysis. 

In summary: even when the autocorrelation curves present a signal that is too 
weak to reliably infer a diffusion model/coefÏcients, they can still be used to gener-
ate maps. These maps can then be employed to identify regions with similar dynamic 
behaviours. Combining the autocorrelations from spatial points within these similar 
diffusion regions makes extracting precise and accurate dynamic information pos-
sible. 
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3.3.4 Increasing the precision and accuracy in studying ACE2+EGFP 

The simulations have demonstrated the effectiveness of local-FCS even in low 
signal-to-noise ratio contexts. By applying this approach, we significantly im-
proved the precision and accuracy of our measurements compared to the conven-
tional tICS method, particularly when studying ACE2 dynamics on the cell mem-
brane.  In this study, we focused on ACE2 tagged with EGFP in VERO-E6 cells. 
ACE2 is a membrane-bound protein that plays a critical role in various biological 
processes and is especially important as it is the receptor for SARS-CoV-2, inter-
acting with the receptor-binding domain (RBD) of the viral spike protein. Using 
TIRF microscopy, with high temporal resolution (18 ms per frame over 1000 to 
2000 frames), we were able to capture real-time diffusion of ACE2 on the cell 
membrane. By observing the temporal evolution of fluorescence intensity and ap-
plying a moving median to improve the signal-to-noise ratio, distinct luminous 
structures, comparable to clusters, become evident on the cell membrane. An in-
itial iMSD analysis indicates a globally confined diffusion pattern in the sub-sec-
ond scale. Furthermore, the tICS analysis reveals at least two distinct diffusive 
populations: 1) a faster population with a diffusion coefÏcient around 0.1 µm²/s, 
and 2) a much slower population with a diffusion coefÏcient around 0.001 µm²/s. 

To better understand these dynamics' spatial distribution, we adopted a single-
pixel approach. All previously developed and demonstrated methods were de-
signed to extract dynamic information in this low signal-to-noise ratio context. 
In the following section, we will present the analysis of two individual measure-
ments and demonstrate how the use of local-FCS approach improves the preci-
sion and accuracy of the results. As can be observed from the average intensity 
(which is more evident when looking at the moving average of the video), several 
bright regions are present, displaying very slow dynamics related to cellular 
movement (first panel of Figure 34). The tICS analysis was performed (Figure 35 
A) using a two-component fit. As described in the simulations paragraph, the 
faster diffusion coefÏcient is imposed in the single-pixel two-component fit. The 
fitted 2c parameters are present in Figure 35. Except for the bright and slow struc-
tures, the signal from the fast component (G1) correlates well with the average 
intensity. The relative abundance of the first component (G1r) accurately de-
scribes areas where the cell is present (notably, the cell does not seem well-adhered 
in the upper right region) and where no bright, slowly varying structures are ob-
served. 
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Figure 34 Mean intensity and corresponding parameters obtained from the two-compo-

nent Brownian fit model of the first EGFP+ACE2 measurement. A scale of 20 pixels 

corresponds to 3.2 µm. 

To more precisely estimate the movement of ACE2 on the membrane and subse-
quently assess whether biochemical treatments affect its dynamics, we selected all 
the autocorrelations where the fast component was dominant (G1r > 0.75). This al-
lowed us to obtain the curve shown in Figure 35 B, taking into account 66% of the 
total pixels. When comparing the two curves in Figure 35, a clear reduction in the 
second component is observed. This reduction effectively unmixed the fast compo-
nent from other dynamics. The diffusion coefÏcient shifted from 0.097 ± 0.05 
µm2/s in the tICS analysis to 0.110 ± 0.005 µm2/s. In this measurement, the bright, 
stationary structures did not excessively distort the ACF; however, in other more 
common experiments, the difference is much more pronounced, as shown in a sec-
ond measure Figure 37. 
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Figure 35 tICS (right) and local-FCS based on high G1r (left) data fitted with a two-

component model of the first EGFP+ACE2 measurement. In these plots the magenta curve 

is related to the contribution of fast component to the ACF, the black to the slow compo-

nent. The vertical lines indicate the characteristic times of each component. The residuals 

are displayed at the bottom. 

This procedure of imposing the tICS value and selecting the 75% threshold can 
be criticized for being highly user-dependent. However, as shown in Figure 36, 
similar results can be achieved using MEM analysis and a clustering algorithm 
based on colour classification from the figure. The red pixels, equivalent to those 
where the fast component's contribution is dominant, return a similar diffusion 
coefÏcient. The same can be achieved through phasor analysis combined with 
manual selection. Nevertheless, the selection based on G1r is straightforward, ef-
fective, and computationally accessible, taking approximately one minute for 
256x64 fits. 
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Figure 36 Hyperspectral MEM visualization on the first EGFP+ACE2 measurement. 

Vertical axis length 10 µm. Red indicates pixels where faster diffusive molecules are present, 

green corresponds to regions with slower molecules, and blue represents pixels containing 

very slow molecules. 

In the following presented measurement (Figure 37), the number of clusters is 
higher, and the use of local-FCS becomes crucial for obtaining an accurate descrip-
tion of the dynamic at the play. In this case, the diffusion coefficient improves 
from 0.030 µm2/s with tICS to 0.10 µm2/s with local-FCS. Notably, we discarded 
63% of the pixels during the analysis. 
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Figure 37 tICS (right) and local-FCS based on high G1r (left) data fitted with a two-

component model of the second EGFP+ACE2 measurement. In these plots the magenta 

curve is related to the contribution of fast component to the ACF, the black to the slow 

component. The vertical lines indicate the characteristic times of each component. The 

residuals are displayed at the bottom. 

We used this method to analyse a set of 20 ACE2-EGFP measurements, achiev-
ing a 50% reduction in the standard deviation and ensuring more accurate results 
by excluding areas with bright spots (Figure 38). The characteristic times are 
shifted from 0.15 ± 0.07 s (D=0.10 ± 0.05 µm2/s) with the tICS analysis to 0.108 ± 
0.028 s (D=0.13 ± 0.03 µm2/s). 
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Figure 38 Characteristic time of ACE2+EGFP’s fast component by tICS (yellow) and 
local-FCS (red) for 19 different cells. 

Furthermore, we observed that the proteins moved more rapidly at 37°C com-
pared to 25°C. This temperature-dependent increase in mobility is consistent with 
the general principle that molecular motion accelerates at higher temperatures due 
to enhanced kinetic energy. However, the lack of significant changes in response to 
the biochemical treatments suggests that the protein mobility may not be strongly 
influenced by the cytoskeleton or lipid membrane alterations under the conditions 
tested. 

We applied several biochemical treatments (Figure 39) to assess potential changes 
in protein mobility. Among these, nocodazole, which disrupts microtubule 
polymerization; sphingomyelin depletion, which alters the lipid composition of the 
membrane; methyl-β-cyclodextrin, which extracts cholesterol from the membrane; 
were used to affect membrane organization and dynamics. Additionally, cyto-
chalasin D, which disrupts actin filaments, was employed to explore the role of the 
actin cytoskeleton in protein mobility. Despite these treatments, no substantial 
modifications in protein mobility were observed. The only significant change in dy-
namics occurs when the ACE2 protein is conjugated with the RBD. The RBD is a 
crucial part of the spike protein of the SARS-CoV-2 virus, responsible for binding 
to the ACE2 receptor on the surface of host cells. This interaction allows the virus 
to gain entry into the cell, making ACE2 a key target in viral infection mechanisms. 
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When ACE2 binds to the RBD, it alters the dynamics of ACE2's mobility, likely 
due to changes in its spatial configuration and interactions with the surrounding 
membrane, as well as potential downstream effects on the cytoskeleton or mem-
brane microdomains. To avoid the entrance of RBD inside the cell, the measure-
ments are acquired at 25°C. 

 

 

Figure 39 Characteristics time, obtained by local-FCS, of ACE+EGFP’s fast component 
under different biochemical treatments. From left: nocodazole, sphingomyelin depletion, 

cholesterol depletion, cytochalasin D, Physiological condition 37C, Physiological condition 

25C, addition of RBD. From the t-test the measurements with and without RBD statisti-

cally differ.  
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3.4 Cross-correlation Ring function 

In this chapter, we propose a novel, faster and more efÏcient (in the case of an 
isotropic scenario) method to perform the pair correlation function over images. 
Moreover, this method will lead to quantitative maps related to the presence or the 
absence of barriers. From the local-FCS perspective, this could be used to have new 
information to discriminate pixels that present different diffusion modalities. This 
information can also help to discriminate how many diffusive components are pre-
sent by looking at the numbers of peaks in the cross-correlation functions (CCFs). 

In the classical generalization 2D-pCf of the method exposed in 2.1.6, the pair 
correlation function computed for the pixel (x,y) is just a cross-correlation com-
puted with a fixed space-distance (ξ, χ): 

 

pCFx,y((ξ, χ), τ) =  Gx,y((ξ, χ), τ)= ⟨Fx,y(t)Fx+ξ,y+χ( t + τ)⟩〈Fx,y(t)〉〈Fx+ξ,y+χ(t)〉 − 1 
(91) 

Remarkably 𝜉 and 𝜒 has to be an integer. This formulation is recently used by 
Malacrida et al. 2018 [93], [121] 

If the special case that diffusion is isotropic  

 

Gx,y (((x + ξ, y + χ)), τ)=  Gx,y((x − ξ, y + χ), τ)= Gx,y((x + ξ, y − χ), τ)= Gx,y((x − ξ, y − χ), τ) 

(92) 

In this case, it could be used to merge these CCFs to increase the S/N of a CCF 
computed in x,y at a distance of 𝜌 = (ξ, χ).  

The approach explored is to cross-correlate the raw image with the fluorescence 
intensity that arises at a distance 𝜌 = (ξ, χ). This Fx+ξ,y+χ(𝑡) could be computed as 
a spatial average over a ring with radius 𝜌 and with 𝑤 < 𝜔𝑥𝑦/2 

An analytical formula for this ring can be derived as a convolution (⨂) of a Dirac 
Circle D(r) with 𝜌 = 𝑟 − 𝑟0 with a Gaussian beam Ga(x,y) 
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 𝐷(𝑟 − 𝑟0) = 12𝜋𝑟0 𝛿(𝑟 − 𝑟0) (93) 

 Ga(x,y)= 2πw2 e-2(x2+y2)/w2
 (94) 

Writing the Gaussian beam in polar coordinates 

 Ga(r)= 2πw2 e-2(r2)/w2
 (95) 

The convolution over the radius r and the angle θ can be written as: 

𝐺𝑎(𝑟)⨂D(r-r0) = 𝑟0 ∫ 𝐺𝑎 (√𝑟2 + 𝑟02 − 2𝑟𝑟0 cos 𝜃)𝑑𝜃2𝜋
0  

𝐺𝑎(𝑟)⨂𝛿(𝑟 − 𝑟0)2𝜋𝑟0 = 𝑟02𝜋𝑟0 ∫ 𝐺𝑎 (√𝑟2 + 𝑟02 − 2𝑟𝑟0 cos 𝜃)𝑑𝜃2𝜋
0= 𝑟02𝜋𝑟0 ∫ 2πw2 𝑒𝑥𝑝 (− 2

w2 (𝑟2 + 𝑟02 − 2𝑟𝑟0 cos 𝜃))𝑑𝜃2𝜋
0= 𝑟0𝜋2𝑤2𝑟0 𝑒− 2𝑤2(𝑟2+𝑟02) ∫ 𝑒𝑥𝑝 (4𝑟𝑟0 cos 𝜃

w2 ) 𝑑𝜃2𝜋
0= 𝑟0𝜋2𝑤2𝑟0 𝑒− 2𝑤2(𝑟2+𝑟02)2𝜋𝐵 (4𝑟𝑟0𝑤2 ) 

 𝐺𝑎(𝑟)⨂D(r-r0) = 2𝜋𝑤2 𝑒− 2𝑤2(𝑟2+𝑟02) 𝐵 (4𝑟𝑟0𝑤2 ) (96) 

 

Where 𝐵(𝑧) is the zeroth order, modified Bessel function of the first kind. 

 K(r0,w,x,y)=Ga⨂D= 2πw2 e-2(x2+y2+r02)/w2B(4r0√x2+y2w2 ) (97) 
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K(𝑟0, 𝑤,x,y) is the new normalized filter that depends on the size of the radius of 
the Dirac disk 𝑟0 = (ξ, χ). Fixing the radius 𝜌 we can now write the cross-correla-
tion as: 

 Gx,y(𝑟0, w, τ) = ⟨Fx,y(t)Fx,ỹ( 𝑟0, t + τ)⟩〈Fx,y(t)〉〈Fx,ỹ(𝑟0, t)〉 − 1 (98) 

Where Fx,ỹ = 𝐹𝑥,𝑦⨂ K(𝑟0, 𝑤,x,y) 

 

Figure 40 On the left, the classical 2D Pair correlation procedure with the CCF com-

puted for the yellow pixel and the white pixels at a discrete distance 𝜌. The size of the 

PSF of the microscope is represented by thin circle. Using this method, if the PSF is larger 

than a single pixel, some fluctuations are not used in the computation of the CCF, which 

does not consider all the accessible information. In a Brownian context, to increase S/N, 

all the CCFs computed between the yellow pixel and the white pixels can be averaged. On 

the right is presented the new approach, which consists of convolving the image of fluctu-

ation with the ring having a width 𝑤 and a radius of 𝜌. Then the new CCF is obtained by 

cross-correlating the raw intensity fluctuations with the filtered one. 

This approach, with respect to the classical one, could be helpful in several con-
texts: 

1. Resolve the problem of having a limited and discrete distance to compute 
the pair correlations. For example, in the classical method, if we want to 
compute the cross-correlation at a distance of 3 pixels we can average only 
4 CCFs. At a distance of √3 pixels we can average 8 CCFs. We can choose 
a distance from a continuum space with the new ring method. Averaging 
more points will increase the S/N of the correlation curve.  
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2. In ICS measurement, typically, the images are oversampled. Tuning 𝑤 it 
is possible to not lose any fluctuations in the spatial grid. Again, this in-
creases the S/N of the CCFs. 

3. Reduced computational cost and the complexity of the analysis focusing 
only on the parameter 𝑟0. 

For a theoretical derivation of the Gx,y(𝑟0, τ) it should be started from eq. (29) 
imposing: 

 Ω(𝐫′) = Ω(r′, z)̃ = exp(−2 (𝑟′ − 𝑟0)2(𝜔𝑥𝑦2 + 𝑤2)) ⋅ exp (−2 z2ωz2) (99) 

We can simplify by introducing 𝑤𝑒𝑓𝑓 as the average between the measurement 

PSF (𝜔𝑥𝑦2 ) and the convoluted one with the ring by defining 𝑤𝑒𝑓𝑓2 = 1/2(𝜔𝑥𝑦2 +(𝜔𝑥𝑦2 + 𝑤2)) and writing the cross-correlation as: 

 

Gx,y(𝑟0, τ) = G0 (1 + 4Dτ𝑤𝑒𝑓𝑓2 )−1
⋅ exp (− 𝑟024𝐷𝜏 + 𝑤𝑒𝑓𝑓2 ) 

(100) 

In Figure 41, the advantage of this method becomes clear. Here, the light and 
the dark blue curves represent the classical method. In particular, the light blue 
curve represents the cross-correlation computed at a single pixel level in the sim-
ulation (noise-free) presented in chapter 3.3.1. It is not possible to recover any 
precise information from this noisy CCF. If we average around 300 CCFs, it ap-
pears clear that only one component is present, represented by a single peak. The 
peak is perfectly described by eq. (58) and represented by the blue vertical line. 
The Ring correlation functions, represented by the orange (the single pixel CCF) 
and red (the average over 300 CCFs) curves, have a higher S/N because they use 
information that arises from more than 4 points. In this case, the single-pixel 
curve can also be used to fit diffusional parameters. Using the eq. (58), with the 
substitution of 𝑤𝑒𝑓𝑓2  over 𝜔𝑥,𝑦, it can be recovered the diffusional coefÏcient as-
sociated with the peaks. In the figure the simulated maxima is represented by the 
red vertical line, and it is perfectly matched by the CCFs maximum.  

This analysis is advantageous for identifying how many diffusive pools are pre-
sent for each point in the space because it links such an amount to the number of 
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peaks in the CCF. Of course, this is limited at the border of the image because of 
critical padding when performing the convolution. 

 

 

Figure 41 Comparison of the classical cross-correlation method (blue and light blue 

curves) and the cross-correlation curve computed with the new ring method, at a distance 

of 4 𝜔𝑥,𝑦 (red and orange curves). In light blue the CCF is computed by the classical 

method in a single pixel. In dark blue the CCF is averaged over 324 pixels. In orange the 

CCF is computed by the new ring method in one pixel. In red, the CCF is computed over 

the same pixels as for the blue curve. The width of the ring is  𝑤 = 𝜔𝑥,𝑦. The blue and red 

vertical lines represent the maximum expected from eq. (58) for the classical and the ring 

methods, respectively. 
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Figure 42 Mean temporal cross-correlation of the noise-free simulation (chapter 3.3.1) 

computed at a distance of 4 𝜔𝑥,𝑦 for classical cross-correlation on the left and ring cross-

correlation on the right. In the first row, the maps of the CCF average for lag-times 𝜏 <0.022𝑠, while in the second row the CCF average for 𝜏 > 0.022𝑠. Remarkably the signal-

to-noise ratio of the ring method is higher, enabling to define different diffusive regions. 

The ellipse, at the bottom left, almost invisible to the sole autocorrelations and intensity, 

is recognized clearly.  

 

The most critical limitation of this method, with respect to the classical single 
pixel cross-correlation, is when a strong pattern is present in the stack that is not 
completely corrected (i.e., dark and read noise of the camera). If the fluctuations 
are of the same order of magnitude as the pixels' offset variance, they become av-
eraged out. Another assumption made is that all the samples are probed at the 
same time. If the acquisition speed is comparable to the diffusional time, this 
would lead to a more complex autocorrelation function, and the idea of the circu-
lar disk would have the wrong geometry. An interesting aspect of this method is 
creating maps to identify different diffusion behaviours, such as confined motion, 
where cross-correlation amplitude became neglectable as displayed in Figure 42. 
Alternatively, it could be used to add information to the model selection since the 
CCF holds a peak for each number of diffusion pools. In the context of MEM, a 
transformation in the time of cross-correlation could be used as the starting 
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spectrum for each pixel. The transformation retakes advantage of the eq. (58): if we 
have a maximum at 𝜏𝑀 it will be highly probable that in the MEM spectrum, there 
will be a peak around  

 𝐷 = 𝑟02 − 𝑤𝑒𝑓𝑓24𝜏𝑀  →  𝜏𝐷 = 𝜏𝑀𝑤𝑒𝑓𝑓2𝑟02 − 𝑤𝑒𝑓𝑓2  (101) 

The same approach could be applied on the prior distribution of the τDi of the 
SESAME approach (chapter 2.1.12). 

Moreover, it is possible to couple MEM with a global fitting of the ACF and the 
CCF. The weight for the auto and the cross-correlation must be decided. It has been 
used with a profit ratio of 50:50. 

For analysing the anisotropy could be proposed, instead of the Dirac Disk 
K(r0,x,y), different geometrical shapes. In particular, it could be coupled with other 
techniques like stICS. 
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3.5 ACF shapes and PCA filtering 

The ACF curve computed for each pixel has a strong “structure”, i.e., it is a 
monotonic decent curve and can be described as a sum of functions plus a noise. 
Furthermore, when dealing with high parallelized acquisition, we have multiple 
ACFs which share this similar structure. This is the a priori information we want 
to use to filter the data without making any fit.  

The core idea is to use the Principal Component Analysis (PCA) to decompose 
the data on an orthonormal basis and reconstruct the signal truncating the com-
ponent related to the noise. PCA is a powerful method for dimensionality reduc-
tion and noise filtering. PCA operates by identifying the underlying patterns in 
the data in terms of orthonormal vectors on which the spread of data is maxim-
ized. These orthonormal bases can be computed as eigenfunctions of the covari-
ance data matrix. When applied to autocorrelation matrices typical of imFCS 
(x,y,τ), PCA decomposes the data into principal components, where each compo-
nent is represented by an eigenfunction and its associated eigenvalue that repre-
sents the variance of the data in that direction. In mathematical terms, PCA seeks 
to transform the data into a new coordinate system where the axes are the eigen-
functions of the covariance matrix of the data. The covariance matrix captures 
how different variables in the dataset co-vary with each other. The eigenvectors 
of the covariance matrix point in the directions where the data has the most var-
iance. These are the principal directions that PCA identifies. This relies on the 
fact that the data can be represented by a linear combination of orthogonal basis 
functions that describe the underlying dynamics. 

Given a matrix 𝐺(𝑥, 𝑦, 𝜏), where G represents the autocorrelation function at 
each spatial position (𝑥, 𝑦) over time 𝜏, the data can be reshaped in a matrix hav-
ing dimension 𝑖, that represent the coordinates (x,y), and 𝜏. The covariance ma-
trix C is calculated from this data, and PCA involves solving the following eigen-
value problem: 

 𝐶𝜈𝑗 = 𝜆𝑗𝜈𝑗 (102) 

Where: 
C is the covariance matrix, 𝜈𝑗 are the eigenfunctions (or principal components), 𝜆𝑗 are the eigenvalues corresponding to the eigenfunctions. 

The eigenfunctions 𝜈𝑗 represent the principal modes of variation in the data. 
Eigenvalues 𝜆𝑗 indicate the amount of variance captured by each principal com-
ponent. Large eigenvalues correspond to components that capture the significant 
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dynamics of the system, while smaller eigenvalues typically correspond to noise or 
less important variations in the data. 

The process of noise filtering in this context involves keeping only the principal 
components associated with large eigenvalues, which correspond to the dominant 
dynamic modes of the autocorrelation functions, while discarding components with 
small eigenvalues, which are likely to represent noise. 

This is done in a sequence of steps: 

1. Computation of the eigenvalues and eigenfunction of the covariance ma-
trix of a dataset  

2. The data matrix 𝐺𝑖(𝜏) is projected onto the eigenfunctions 𝜈𝑗, described 
as a function of a set of principal components.  

3. Eigenvalues are examined, and a threshold is applied to determine which 
components to keep. Typically, components with smaller eigenvalues are 
discarded as they contribute minimally to the overall variance and are pre-
sumed to represent noise. 

4. The filtered data are reconstructed using only the principal components 
associated with the largest eigenvalues. This reconstruction ensures that 
the filtered data retains the significant autocorrelation features of the sys-
tem while minimizing the impact of noise. 

In the context of the autocorrelation function, we often have prior knowledge 
that the data should be describable as a sum of known functions (eq. (46)). The ei-
genfunctions computed through PCA will approximate these known functional 
forms, providing a compact representation of the autocorrelation data. Interestingly, 
these eigenfunctions can be computed on a large set of synthetic noise-free data to 
have a coordinate system that does not account for the noise.  

The autocorrelation reconstructed 𝐺̃(𝑥, 𝑦, 𝜏) will be obtained by: 

 𝐺̃𝑖(𝜏) = 𝜇𝐺(𝑖,𝜏)(𝜏) + ∑𝜃𝑖,𝑗𝜈𝑗(𝜏)𝑅
𝑗  (103) 

Where the position (x,y) at which is computed the ACF is represent by the index 𝑖, 𝑗 the number of eigenvalues used, 𝜇𝐺(𝑖,𝜏)(𝜏) is the mean autocorrelation value, R 
is the total number of eigenvectors used for the reconstruction and 𝜃𝑖,𝑗 are the pro-
jection coefÏcients of the data 𝐺𝑖(𝜏) on the base 𝜈𝑗. Remarkably it is good practice 
to normalize the data by subtracting the mean 𝜇𝐺(𝑖,𝜏)(𝜏): 
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  𝜃𝑖,𝑗 = ∑𝜈𝑗(𝜏)(𝐺𝑖(𝜏) − 𝜇𝐺(𝑖,𝜏)(𝜏))𝑘  (104) 

If the summation is over all eigenvectors, the input curve is completely described 

without loss of information.  

For an estimation of the number of eigenvectors needed to be used, we per-
formed different evaluations, as represented in Figure 43 and Figure 44. In these 
examples, we simulated 256 temporal traces with a diffusion coefÏcient of 1 𝜇𝑚2/𝑠. In orange one ACF and in blue the ACF filtered with different numbers 
of PCs. In the dashed vertical line, the fitted characteristic time has to be compared 
to the black simulated one. As it appears clear in all cases, the parameters inferred 
by the fitting on the PCA-filtered data are better than those on the raw, noisier 
dataset. Figure 44 shows the histograms of all the diffusion coefÏcients recovered 
from fits. The fitted parameter on PCA is always more precise and accurate, par-
ticularly with a PCs’ number minor than 7.  

As shown in Figure 45 this method can be used to estimate the noise present at 
each τ of the autocorrelation function. This method can also clean the distortion 
of the ACF due to the short sampling (“particle noise”) without using deep learn-
ing algorithms like Wohland 2024 [112].  

This approach is general and could also be used to filter cross-correlation da-
tasets, as shown in Figure 46. 
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Figure 43 Different numbers of principal components (PCs) used to reconstruct the ACF. 

The orange point represents the raw ACF data of a single pixel in a 10 s line FCS experi-

ment with a repetition time of 0.125 ms, dwell-time of 0.4 µs, 𝜔𝑥,𝑦=0.24µm. The simula-

tion consists of one population with D = 1µm2/s with molecular brightness of 10 kcps. In 

blue, the reconstructed ACF with different numbers of PCs. The black vertical line repre-

sents the simulated characteristic time. The dashed red is the characteristic time fitted 

using the raw data, and the blue is the PCA-filtered data.  
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Figure 44 Histogram of the diffusion coefficient obtained with a 1 component model fit 

on 256 ACF -different points in a line FCS simulated experiment (same in Figure 43)- with 

different numbers of Principal Components (PCs) used to reconstruct the ACF. Red histo-

grams represent the diffusion coefficient computed on raw data, and the blue on filtered 

data with different numbers of PCs. The simulated diffusion coefficient is 1 𝜇𝑚2/𝑠. As it 

appears clear, this method gives a strong advantage when dealing with a low S/N curve.  

 

  



 

 

123 

 

Figure 45. Different number of PCs used to reconstruct the ACF of the noise-free sim-

ulation (Chapter 3.3.1). The orange curve represents the raw ACF data of a single pixel. 

The noise that appears at long lag-time is known as “particle noise” (chapter 3.3.2). We 

can filter this noise using the information that are present in other pixels using a low 

number of PCs. A moving standard deviation of the difference between the raw and the 

filtered can give an estimation of the error 𝜎(𝜏). This estimation can be useful to use for 

weighting the non-linear squared fits (and computing the 𝜒2), or for the MEM approach. 

 



 

 

124 

 

Figure 46 Cross-correlation of the noise-free simulation computed at a distance of 4 𝜔𝑥,𝑦 in the case of a single or double component, filtered and unfiltered by PCs. The 

vertical lines represent the time at which the CCFs should have the maximum by simulation. 

The light blue curve is a single-pixel cross-correlation; the red curve is the same but filtered 

with 8 PCs. The maximum is perfectly matched by the filtered experimental curve. The 

yellow and the purple curves represent the CCFs for a two components system, raw and 

filtered by PCA.  
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3.6 Code 

All this work is written in MATLAB language. The algorithms follow the scheme 
in Figure 47. For simplicity, we have divided the main code into two program ver-
sions that use some shared functions. “BIOSTICS” is optimized for images resolved 
in time, “BIOLINE” for line-FCS. The code performs a few data-cleaning steps. First, 
it permits cropping of the dataset in space and time. Then, the data can be detrended 
using different methods introduced in 2.1.11. This cleaned and detrended dataset can 
be used to extract some morphological maps based on the intensity fluctuation (also 
in super-resolution by other plugins like SOFI [122] SRRF [123] SADC [124]) and 
by N&B method [119]. Besides this, the global tICS measurement can be computed 
to gain first insight into the diffusional aspects of the measurement. All the autocor-
relations are computed by the Wierner-Kirkin theorem. The autocorrelation is fit-
ted with 3 models: 1c 1c+𝛼 2c. At this step the user should select if to perform 1c 
analysis like stICS iMSD and RICS.  

The code proceeds to analyse the ACF at a single-pixel level. The ACFs can be 
filtered by a 2D Gaussian filter or by the PCA (Chapter 3.5). The code performs all 
the analyses presented in the thesis: fitting with 1c, 2c (with or without constraints 
on the faster component), 1c+𝛼 , Phasors, MEM, Ring Cross-Correlation. From 
these analyses, the corresponding parameters are saved as images. These maps could 
be used to aggregate pixels, using different similarity criteria, following the local-
FCS concept.  
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Figure 47 Scheme of the BIOSTICS program (also available optimized for line scan FCS 

in which is present the pair correlation analysis) 
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4 Conclusions 

In this thesis, we have introduced a novel analysis framework called local-FCS, 
aimed at overcoming the limitations of conventional image correlation spectroscopy 
and single-pixel autocorrelation analysis. By refining these methodologies, local-
FCS allows us to infer more accurate and precise information from experimental 
data, which is particularly useful in complex biological systems where spatial heter-
ogeneity plays a crucial role. This approach was demonstrated across various sce-
narios, including model membrane studies, simulations, and live-cell measurements. 
In each of these contexts, the technique has shown a clear improvement in identify-
ing and characterizing the diffusional properties of molecules compared to other 
state-of-the-art methods. 

Local-FCS relies on the definition of similarity between different spatial positions 
(identified as pixels). Instead of analysing each pixel individually, it groups pixels 
based on shared features. Such a grouping allows us to average their ACFs, improv-
ing the signal-to-noise ratio of the grouped curve. This leads to a more precise dif-
fusive parameter estimation than the single-pixel approach. Since it averages only 
similar single-pixel ACFs, it ensures higher accuracy than Image Correlation meth-
ods that bound proximal pixels. 

The definition of similarity can vary depending on the biological context. In lipid 
bilayer studies, the fluorescence intensity was used to group pixels from different 
membrane phases. In the protein ACE2 dynamics study, the ratiometric map be-
tween fast and slow diffusive components was used as the similarity metric. To dis-
card rare events like bright and slow objects passing through the focal volume, we 
used a similarity definition based on the shape of the ACFs. In this context, we can 
define local-FCS as a general platform in which image correlation spectroscopy is 
only a particular case where proximity defines similarity.  

Throughout this thesis, simulations played a central role in validating the local-
FCS method (chapter 3.3.1). We created synthetic datasets to model different diffu-
sion behaviours, and these simulations confirmed that the proposed method con-
sistently provided more reliable and accurate diffusion coefÏcients than traditional 
methods. We used simulations to evaluate the method's performance under critical 
signal-to-noise ratio conditions. As discussed in Chapter 3.3.3, local-FCS approach 
demonstrated robustness and proved significantly more precise results than single-
pixel analysis methods. Local-FCS was integrated with different analytical methods, 
such as classical fitting approaches (using theoretical models discussed in Chapter 
2.1), the phasor method (3.2), and the Maximum Entropy Method (3.3.2). These 
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tools were employed to gain descriptive information that could be used as similar-
ity metrics in different ways. 

In particular, in our studies on model membranes (chapter 3.1.1), we demon-
strated the versatility of local-FCS in determining diffusion rates across different 
membrane phases. By analysing DPPE ATTO 647N labelling, we observed the 
separation between liquid and more ordered phases and through line-scan FCS, 
we successfully quantified the differences in viscosity between these regions.  

In another case study, by analysing the similarity among the ACFs’ shapes, we 
obtained a precise measurement of the diffusion of PD-L1, unmixing the diffusion 
from the dynamics of slower bright vesicles (chapter 3.2.2). For ACE2 analysis, 
we used local-FCS to isolate and quantify the fast-moving components of the 
membrane protein, filtering out the contribution from bright, slow-moving 
structures. Achieving such a level of precision and accuracy has been challenging 
with previous global methods like tICS, stICS or iMSD, where the a priori spatial 
averaging process can hide local dynamics.  

In Chapter 3.4 we introduced an effective method to compute the cross-corre-
lation between a pixel and its surroundings at a defined radial distance. This ap-
proach enabled us to generate cross-correlation maps alongside those derived 
from autocorrelation, providing additional data for model selection at each pixel 
(by counting the number of peaks in the cross-correlation). Moreover, these maps 
could facilitate the development of new similarity metrics allowing us to identify 
areas with confined diffusion, the presence of multiple populations exist, and 
other spatial dynamics.  

The concept of similarity could also be used to filter the data, as explained in 
Chapter 3.5, using principal component analysis. This filter produces ACFs and 
CCFs with better S/N, enabling a more precise single-pixel diffusion description. 
We believe these filter procedures, presented for the first time in this thesis, will 
become a standard in this field. 

All of this work is coded in MATLAB except for the Bayesian SESAME algo-
rithm and the LSTM method, which are presented briefly in Chapter 3.6. This 
code will soon be integrated into a new, more complete, user-friendly platform. 

One future direction is to expand the use of all the maps created by the cited 
algorithms and modalities to accurately segment concurrent dynamics. 

This multimodal dynamic approach can be implemented in various ways. As a 
first example, Figure 29 presents a prototype: each MEM-spectrum, composed of 
200 points, is reduced to 10 dimensions using PCA. A clustering algorithm 
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aggregates nearby points (pixels in the real space) into 6 classes by computing the 
distance in this ten-dimension space. This approach becomes more complex when 
the information derives from different biophysical quantities (e.g., diffusion coefÏ-
cients, concentration, brightness, positions, amplitude of cross-correlation at differ-
ent spaces/times etc.). This challenge can be addressed by data whitening to avoid 
overweighting certain descriptors. The analysis of high-dimensional map spaces 
could reveal insights that other contrast methods may not highlight. A simple ex-
ample is the elliptical pattern in the simulation dataset, which is almost invisible in 
mean intensity and autocorrelation but becomes evident in the radial cross-correla-
tion (Figure 42). 

All these methods can be further improved by taking advantage of the additional 
data provided by the Image Scanning Microscope (ISM). This microscope records a 
micro-image at each scanned position instead of a single intensity value. Such a con-
figuration offers multiple advantages; for instance, it allows for the adjustment of 
the PSF waist post-acquisition, making the Spot Variation approach easy to imple-
ment and straightforward. This approach has been used successfully at a single po-
sition, as reported in Chapter 2.1.3, but has yet to be applied in imaging FCS. We 
believe that this approach could enhance local-RICS, which currently suffers from 
an oversimplified analysis. By comparing the estimated diffusion coefÏcient with 
the waist of the reconstructed PSF, we can gain insights into diffusion behaviours, 
information otherwise lost with standard confocal setup.  

Additionally, we are currently developing new imaging schemes (in excitation 
and detection) to expand possibilities for local-FCS methods in this ISM context. 

Another future purpose is to generalize our new Bayesian method, introduced in 
Chapter 2.1.12, to anomalous diffusion and to apply it for fitting grouped ACFs. This 
will enable automatic model selection on a more solid theoretical base instead of 
using the F-test.  

The new approaches based on neural networks (NN) offer clear advantages over 
traditional deterministic methods. We anticipate that much effort will be directed 
toward this area in the coming years. Our seminal work using Long Short Term 
Memory in FCS is still ongoing, but it shows promise for obtaining diffusion infor-
mation directly from fluctuations. To assess the robustness of these new algorithms, 
especially in high-complexity simulations, local-FCS could help users to have greater 
control over the neural network results. In particular, NNs could identify similar 
pixels from fluctuation (or derived maps), and then fit the data deterministically.  

Local-FCS described in this thesis can be applied in a wide range of microscope 
setups. It aids in recognising artefacts and assessing precise and accurate diffusional 
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descriptions of samples. Furthermore, it offers a broad set of maps that can be 
used to correlate other biophysical quantities. 

In conclusion, this work provides a tool to explore life’s dynamic processes, en-
hancing and facilitating the description and understanding of the complex entan-
glement between space and time, chaotic diffusion and teleonomic function. 
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