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Abstract

Super-resolution fluorescence microscopy has become a well-established tool for structural

cell biology, achieving lateral resolutions on molecular scales. Limitations to the application

of super-resolution in live-cell imaging remain however. Particularly, the requirement for

intense phototoxic illumination, prolonged acquisition times, non-physiological media

and extensive computational analysis. This thesis aims to address these issues, through

both analytical and biochemical approaches. Three analytical methods are presented and

evaluated, including a method for nano-meter precision microtubule end tracking applicable

to live-cells, and a Hidden Markov model of fluorophore photoswitching, for use in live-

cell experimental design. The third, Super-Resolution Radial Fluctuations (SRRF), is

a novel image processing algorithm that forms the basis of a new approach to live-cell

super-resolution. Low-illumination, live-cell imaging of actin dynamics in T-cell synapses

at resolutions better than 100 nm are demonstrated in physiologically relevant media

using SRRF. In addition, SRRF enables super-resolution in modern widefield or confocal

microscopes using conventional fluorophores with illumination orders of magnitude lower

than methods such as single molecule localisation or stimulated emission depletion. The

computational framework developed for SRRF, NanoJ, is an open-source java library

of high performance algorithms that has enabled the development of a number of GPU

accelerated ImageJ/FIJI plugins for super-resolution. While SRRF allows super-resolution

in live-cells, achieving resolutions on the order of 10s of nm remains challenging. To this

end, Super-Beacons (SBs), novel DNA-based super-resolution probes that photoswitch

spontaneously under environments relevant for live-cell imaging, are presented. The design

of SBs allows the engineering of photoswitching within the physical environment of the

cell, mediated through structural, chemical or thermal control. Single molecule imaging

and characterisation of the photoswitching of the probes is performed. The use of SBs

is verified in fixed-cell imaging of benchmark structures and live-cell super-resolution

of interferon inducible transmembrane proteins is demonstrated resolving the endosomal

membrane with 65 nm resolution.





Impact Statement

The research presented in this thesis has had an immediate impact in the academic com-

munity that has been facilitated by the presentation of both Super-Beacons and SRRF at

multiple international conferences. This work has resulted in two publications in academic

journals, the first, on the analysis of microtubule end tracking in the Journal of Microscopy

(Bohner et al., 2015) and the second, presenting SRRF, in Nature Communications (Gustafs-

son et al., 2016) with three further publications in preparation. As it stands, the publication

of SRRF has resulted in seventeen citations in both reviews and original research articles

which have utilised SRRF to make novel biological discoveries. For example Vega-Cabrera

et al. (2017) use SRRF to study Spo0M function in Bacillus subtilis while Khan et al.

(2017) use SRRF in combination with CRISPR-Cas9 to perform live-cell super-resolution.

Following establishment of a research and development partnership with Andor, SRRF

has now been successfully integrated into commercial cameras and sold as an instant-shot

super-resolution method, SRRF-Stream. SRRF remains open-source and free as a post

processing technique however, as a part of the NanoJ software library and has been used

>500,000 times in over 50 countries. NanoJ, which was developed originally to enable

SRRF, has become a platform on which multiple algorithms have been developed for

super-resolution related problems, including the published algorithms, NanoJ-VirusMapper

(Gray et al., 2016) and NanoJ-SQUIRREL (Culley et al., 2017). Following the publication

of NanoJ, it is hoped that other developers will be able to make use of it to create efficient,

GPU enabled algorithms as plugins for the commonly used ImageJ/FIJI software. The

potential future impact of Super-Beacons includes similar outcomes to those already be-

ing demonstrated by SRRF. I.e. the increased application of super-resolution to live-cell

imaging and the increased application of super-resolution by researchers without access

to specialised optical set-ups or expensive commercial super-resolution microscopes. The

increased accessibility to super-resolution methods that is granted by the research presented

in this thesis is the primary source of its impact.
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Chapter 1

Introduction

Vision is the art of seeing what is

invisible to others.

Jonathan Swift

1.1 Research aims and motivation

Fluorescence microscopy has become established as a principal research tool in cell biology

having the advantage of allowing high contrast imaging of non-invasively labelled, specific

cellular structures (Lichtman and Conchello, 2005). Since fluorescence microscopy is an

optical technique however, it is diffraction limited (Abbe, 1873). As such, the maximum

spatial resolution of a fluorescence image is limited to the order of 300 nm when imaging us-

ing the visible spectrum. This fundamental limit leaves many sub-cellular structures, viruses

and molecules un-resolved. The circumvention of this diffraction limit in fluorescence

microscopy has only recently been realised by the development of various super-resolution

microscopy techniques. This achievement was considered significant enough to be awarded

the Nobel prize in chemistry within two decades of its first realisation (Betzig, 2015; Hell,

2015; Moerner, 2015).

These super-resolution techniques (recently reviewed by Hell et al., 2015) bring the

applicability and advantages of fluorescence microscopy in cell biology to the nano meter

scale, previously the domain of methods such as electron microscopy (Koster and Klumper-

man, 2003). The immediate advantage of super-resolution over electron microscopy is the

relative simplicity of sample preparation and the ease at which molecular specific labelling

can be achieved. While progress in electron microscopy sample preparation, labelling and

correlative light and electron microscopy is likely to continue, in the long term there is no

foreseeable path to achieving live-cell electron microscopy. There are however numerous
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examples of progress towards reliably achieving live-cell super-resolution microscopy (Cox,

2015; Godin et al., 2014; Henriques et al., 2011).

Some issues with live-cell super-resolution still exist however; including, but not limited

too, the inaccessibility of the microscopes required, the expertise required, the problem

of artefacts induced by the non-physiological conditions and the poor temporal resolution

of many current super-resolution methods (Hell et al., 2015). With research focused on

mitigating these limitations to achieving live-cell imaging beyond the diffraction limit, the

possibility of performing dynamic, functional and structural cell biology with molecular

scale resolutions has begun to be realised (Nixon-Abell et al., 2016). Achieving this in a

robust, reproducible and accessible manner will place the significance of super-resolution

to cell biology research alongside the historical developments of microscopy, fluorescence

microscopy and electron microscopy.

The principal objective of the research presented in this thesis was to overcome some of

the barriers to achieving high-speed, accessible, super-resolution in live-cells. Specifically,

the need for the use of low illumination intensity and physiologically relevant buffer

conditions. The advances towards this goal, presented here, were achieved by the integrated

application of mathematical and physical sciences in the context of a cell biology lab. This

resulted in the engineering of new imaging frameworks based around novel image analysis

methods and fluorescent probes. Optical and hardware developments have previously, and

may continue to provide, some of the largest step changes in progress towards the goal of

live-cell super-resolution (e.g. Chen et al., 2014; Li et al., 2015). The focus here however,

on image analysis and probe development, was chosen because new super-resolution probes

and analysis methods present cost effective and widely accessible routes to rapid progress.

In summary, this research was motivated by the aim to improve live-cell super-resolution

imaging through the development of new probes and image analysis. In doing so con-

tributions were made to the mathematical sciences and to photo-physics in the design of

new probes and to computer vision and computer science in the development of image

analysis techniques. These developments will be applicable to a wide area of physical

and biological sciences in which imaging, fluorescence or stochastic processes form a

component. Specifically, this work has resulted in a set of easily implemented, widely

applicable techniques which could be employed to address fundamental problems in cell

biology and be of interest to the life-sciences research community.
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1.2 Contributions and organisation of the thesis

The remaining parts of this introduction are an attempt to provide an overview of the histor-

ical and scientific context to the research presented in the following chapters. This includes

an account of the microscope’s development as well as a description of its limitations and a

number of subsequent advances in microscope design. The basic principles of fluorescence

and its application in microscopy are presented followed by an overview of the discoveries

that led to the invention of super-resolution microscopy. The chapter ends with an overview

of the current state of the field in terms of fluorescent probes, analytical tools and live-cell

super-resolution.

Chapter 2 outlines the contributions made to two papers, Bohner et al. (2015) and Patel

et al. (2017). The first presents an in vitro microtubule end tracking algorithm that could

have potential in live cell applications; the second, a hidden Markov modelling approach

to the characterisation of fluorophore photoswitching. In both cases the primary contri-

bution made was the quantitative assessment of these analysis methods using simulated

microscopy.

Chapter 3 follows on from the fluorophore characterisations presented in Chapter 2

by presenting, as yet unpublished data, characterising a novel class of DNA-based super-

resolution probe, Super-Beacons, that photoswitch spontaneously at low illumination

intensities, in physiologically relevant buffers. Following extensive in vitro characterisation,

examples of both fixed and live-cell super-resolution are demonstrated using Super-Beacons

allowing the tracking of membrane bound IFITM proteins in live cells.

Chapter 4 introduces NanoJ, an open source Java library of high performance image

processing algorithms, with a specific focus on super-resolution, implemented as plug-ins

for ImageJ/FIJI. The true strength of NanoJ however is as a development environment for

GPU accelerated algorithms in ImageJ. Although as yet unpublished, NanoJ forms the

basis of a number of published and unpublished algorithms.

Chapter 5 details one of these recently published algorithms (Super Resolution Radial

Fluctuations (SRRF); Gustafsson et al., 2016), which forms the basis of a new open source,

accessible method for performing live-cell super-resolution in conventional microscopes.

The method is described in detail, verified empirically using simulated microscopy and

demonstrated for a range of imaging modalities in both fixed and live-cells. SRRF was

recently commercialised through a research and development collaboration with Andor

Technology as a ‘real time super-resolution’ extension to the iXon EMCCD camera range.
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The final chapter of the thesis summarises the progress made towards achieving robust,

reproducible and accessible, live-cell super-resolution and discusses some of the avenues

for further research for the future.

1.3 Historical perspective on microscopy

Progress in cell biology has been intimately connected to progress in microscopy since the

Dutch businessman and self taught naturalist, Antonie van Leeuwenhoek, made the first

observations of red blood cells in 1674, bacteria in 1676 and spermatozoa in 1677. Having

communicated these findings, amongst others, to the Royal Society van Leeuwenhoek

is credited as the father of microbiology. He was no doubt influenced however by the

publication Micrographia by Robert Hooke in 1665 (Hooke, 1665). This seminal work is

the first comprehensive example of the use of a microscope in biological sciences. Hooke

is often credited with the first observation of cells and coined the term “Cell” to describe

pores in the honeycomb structure of cork formed by the remnant of cell walls left by dead

plant cells.

In Micrographia, Hooke also popularised the use of the compound microscope. It

is not clear who invented the compound microscope, although it is often attributed to

either Zacharias Janssen and his father Hans Martens, Cornelis Drebel, or Galileo Galilei.

Despite significant advances in design and fabrication of compound microscopes since their

invention around 1600 the basic principle of using two positive lenses in series remains

the same (Fig. 1.1). The first lens, called the objective, is a high-power lens with a short

focal length brought very close to the specimen being examined. This lens forms a highly
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Fig. 1.1 Schematic of a simple compound microscope showing the chief (red) and marginal (blue) rays. The
focal lengths of the objective and eyepiece lenses are indicated by fOb and fe respectively, the tube length by
L and the near point by D. Angular magnification of the Objective, MOb, Eyepiece, Me and full microscope
M are as given.
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magnified, real, inverted image in the microscope “tube”. This real image is viewed by a

second eyepiece lens that provides a further enlargement, generating an inverted virtual

image that can be viewed by the operator at the near-point of the human eye, D ≈ 250 mm.

It is clear from the geometrical optics approach to describing the operation of the

compound microscope in figure 1.1 that higher magnifications can be achieved by the

choice of lenses and tube length and that by cascading these lens systems the magnification

is theoretically unlimited. Initially however the quality of images acquired by compound

microscopes was severely limited by optical aberrations. Significant advances have been

made in lens design and consequently, modern day microscopes make use of a series

of lenses in the place of each single positive lens to correct for these aberrations. Until

the late 19th century however, progress was made primarily through a process of trial

and error. Very rapid advances only began to be made in microscope and lens design

when instrument builder Carl Zeiss employed Otto Schott and Ernst Abbe who adopted a

theoretical approach to microscope design.

1.4 The diffraction limit

It was at this time when Abbe published his seminal work of 1873 (Abbe, 1873) giving a

verbal treatment of the sine condition and the diffraction theory of microscopic imaging.

Although the effects of diffraction and it’s implications for resolution had been noted by

Émile Verdet (1869), Abbe was the first to state explicitly that, contrary to magnification,

the resolution of a microscope is limited by physical constraints that are not possible to

overcome by improved design or manufacturing.

[. . . ], it follows that, however, no matter how the microscope may be optimised

with respect to the useful magnification, the possibility of discrimination for

central illumination will never exceed noteworthily one wavelength and for ex-

tremely grazing illumination never half a wavelength of blue light. [Translation

from German by Lauterbach (2012)]

Abbe’s principle insight was that “the microscope image is an interference effect of a

diffraction phenomenon”. In this context features in object space diffract illuminating light

and will only be resolved if at least two diffraction orders can be collected by the objective

lens (Köhler, 1981). This means the extent of the angular collection of the objective is the

limiting feature and as such it is important to define.

Abbe defined this as the Numerical Aperture, NA = nsinα , where n is the refractive

index in object space and α is the half angle of the cone of light which can pass through
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the objective aperture as seen from the focal point (Fig. 1.2). Abbe’s observations can be

summarised by the now famous equation for the limit of discrimination, or resolution, d,

d =
λ

2 ·nsinα
=

λ

2 ·NA
. (1.1)

Von Helmholtz (1874) independently confirmed this relationship a year after Abbe’s

publication appeared (English translation; von Helmholtz and Fripp, 1876) and unlike Abbe

provided a detailed mathematical derivation (although, after his death, Abbe’s derivations

were published according to lecture notes from 1888; Abbe et al., 1910; Köhler, 1981).

Detailed experimental validations of Abbe’s theory were published soon after by Stephenson

(1877). Neither Abbe nor von Helmholtz however, considered that self-luminous objects

(such as fluorescent molecules, yet to be discovered) would also be subject to the limits

of diffraction (Lauterbach, 2012). The required extension was given by Rayleigh (1896),

who’s experience of diffraction in telescopes allowed him to identify the aperture itself as a

source of diffraction, limiting the maximum resolution to Abbe’s limit (given by equation

1.1). In 1903, Lord Rayleigh also emphasised a point that is of particular relevance to the

imaging of single molecules, an essential aspect to at least one of the main branches of

super-resolution microscopy. When considering the work of von Helmholtz and Abbe,

Lord Rayleigh writes,

[. . . ] that nothing whatever is said as to the smallness of a single object that

may be made visible. The eye, whether unaided or armed with a telescope, is

able to see as points of light stars subtending no sensible angle. The visibility of

the star is a question of brightness simply, and has nothing to do with resolving

power. The latter element enters only when it is a question of recognising

the duplicity of a double star, or of distinguishing detail upon the surface of a
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planet. So in the Microscope there is nothing except lack of light to hinder the

visibility of an object however small. [Rayleigh (1903)]

Much was already known about the theory of diffraction from a point source by apertures of

varying shapes and it was George Airy who in 1835 calculated the image of a point source

when the limiting aperture is circular in shape (Airy, 1835, 1841). The resulting diffraction

pattern, now known as an “Airy Disk”, can be derived by considering the propagation of

light in a tele-centric microscope configuration (Fig. 1.2) where the focal plane of the

imaging lens coincides with the back focal plane of the objective lens. The infinity corrected

objective lens system collects light from object space and the imaging lens (Tube lens)

forms an real image of the object space by focusing the light from the back focal plane

of the objective. Light collected from the focal plane of the objective will be collimated

and a real image is formed in the back focal plane of the Tube lens. This image can be

detected directly, on a photographic plate or electronic sensor, or magnified and viewed by

an eyepiece lens. By considering the Fraunhofer approximation to the Fresnel-Kirchhoff

integral theorems† the back focal plane of each lens can be defined as the Fourier transform

of the front focal plane. As such, the image field U3 (see figure 1.2) can be expressed as

the Fourier transform of the field at the back focal plane of the objective, U2, which can be

expressed as the Fourier transform of the field at the object plane U1.

U3(x3,y3) =
∫

∞

−∞

∫
∞

−∞

U2(kx2,ky2) · e−iii(kx2x3+ky2y3)dkx2dky2,

U2(kx2,ky2) =
∫

∞

−∞

∫
∞

−∞

U1(x1,y1) · e−iii(kx2x1+ky2y1)dx1dy1. (1.2)

Given the assumption that a plane wave in the infinity space of the microscope propagates

at small angles, θx ≈ x1/ fOb (Fig. 1.2), the spatial frequencies kx2 and ky2 can be written

as,

kx2 =
2πθx

λ
≈ 2πx1

λ fOb
=

2πx3

λ fT L
ky2 =

2πθy

λ
≈ 2πy1

λ fOb
=

2πy3

λ fT L
. (1.3)

Equations 1.3 and 1.2 can be arranged to give the expected magnification of a tele-centric

microscope, M =− fT L/ fOb, which is negative as both lenses perform a forward Fourier

transform.

Equation 1.2 represents an idealised case however, where the frequency domain field

U2 has unrestricted, infinite support. In the case where the objective lens is the limiting

aperture of the system the Fourier transform U2 of the sample field is truncated by the pupil
†Fresnel-Kirchhoff integral theorems can be employed to provide the solution to Helmholtz’s wave

equation for the propagation of light. Further details of these theorems and the approximations that are
required to derive the Fourier relation stated here can be found in Born and Wolf (1999) and Hecht (1998)
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function, P(kx2,ky2) such that,

U3(x3,y3) =
∫

∞

−∞

∫
∞

−∞

U2(kx2,ky2) · e−iii(kx2x3+ky2y3)dkx2dky2,

U2(kx2,ky2) =U2(kx2,ky2) ·P(kx2,ky2). (1.4)

Given the coordinate transform (x1,y1) = (−x3/M,−y3/M), and the convolution theorem,

F [U2 ·P] = F [U2]∗F [P], then U3 can thus be written as a convolution,

U3(x3,y3) =U1

(
−x3

M
,−y3

M

)
∗g(x3,y3) (1.5)

where g is the Green’s function, a shift invariant impulse response of the microscope to a

single point source illumination called the point spread function (PSF),

g(x3,y3) =
∫

∞

−∞

∫
∞

−∞

P(kx2,ky2) · eiii(kx2x3+ky2y3)dkx2dky2. (1.6)

The pupil function P is most commonly defined as a disk of radius a (the radius of the

objective Fig. 1.2) which acts as a low-pass filter, with the cut-off frequency kmax =

2π ·a/λ fOb.

P can be written using the “rectangle” function, ∏, in polar coordinates,

P(kx2,ky2) = ∏
ρ

2kmax
, (1.7)

where ρ =
√

k2
x2 + k2

y2. The integral of equation 1.7 is of a type that arises frequently in

mathematics and results in one of a set of unique, irreducible functions called a Bessel

function of the first kind. Taking this integral and calculating its magnitude gives the

intensity of the PSF of the microscope, accounting for normalisation factor I(0), at the

radial point d =
√

(Mx1)2 +(My1)2 in image space,

IPSF(d) = I0

∣∣∣∣2J1(kmaxd)
kmaxd

∣∣∣∣2 , (1.8)

where J1 is the 1st - order Bessel function of the first kind and |2J1(kmaxd)/kmaxd|2 is the

Airy disk function (Fig. 1.3a). When the limiting aperture of the microscope is the objective

lens kmax = 2π · a/λ fOb as previously defined and a/ fOb is the NA as defined by Abbe,

kmax = k ·NA where k is the wavenumber 2π/λ .

If two points are considered resolved when separated by more than the full width half

maximum (FWHM) of their intensity distribution and given the half maximum of the Airy

function occurs at kmaxd = 1.616 . . . the Abbe limit of discrimination, as previously defined,
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can be recovered.

2π ·NA
λ

d = 2 ·1.616 (1.9)

d =
2 ·1.616 ·λ

2π ·NA
≈ λ

2 ·NA
(1.10)

Extensions to the derivation provided above can be made in order to calculate the PSF out

of the plane of focus. Born and Wolf (1999) provide a comprehensive scalar approximation

to the propagation of light in a microscope which reduces to the Fourier transform of the

pupil function for focal planes, as expected, but also allows the calculation of an equivalent

approximate relation for the resolution in the axial (z) direction.

d =
λ

2 ·NA2 (1.11)

Further extensions allow for the consideration of multiple refractive index changes and

account for aberrations (Gibson and Lanni, 1992; Hiware et al., 2011; Richards and Wolf,

1959). While, no purely theoretical calculation can substitute for an accurately performed,

direct measurement of the PSF, knowing it’s functional form can help to perform further

analysis of microscopic images (Kirshner et al., 2013; Sage et al., 2017) and help define

the expected resolution. The exact resolution however, is to a degree subjectively defined

and differing notions are possible in determining when two points should be regarded as

resolved (Fig. 1.3b) (den Dekker and van den Bos, 1997). Commonly used notions include;

• Schuster criterion; that no portion of the main lobe of the PSF should overlap

(Schuster, 1904).

• Rayleigh criterion; where the principle maximum coincides with the first minimum

of the PSF (Rayleigh, 1874).

• Houston criterion; the full width at half maximum (FWHM) of the PSF (Houston,

1927).

• Buxton criterion; the distance at which the inflection point of each PSF coincides

(Buxton, 1937).

• Sparrow criterion; the distance at which the second derivative at the centre of the

combined intensity distribution first falls below zero (Sparrow, 1916).

In practice the Houston, or FWHM, criterion is most commonly used as it is also

applicable to diffraction patterns that do not have a minimum as in the case of a Gaussian

distribution. The Gaussian is commonly used as an approximation to the central lobe of the
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Airy disk function which decays slowly to zero resulting in a root mean square (RMS) spot

size that is undefined. The Gaussian distribution in polar coordinates is defined as

I(x,y) = I0 exp
[

−d2

2σ2
PSF

]
, (1.12)

for the radial point d and standard deviation (RMS width) σPSF . The Airy function can be

approximated by the Gaussian distribution by matching the point d(k ·NA) at which both

functions fall to their half maximum such that
√

2ln2σPSF ≈ 1.616(k ·NA) (Fig. 1.3c).

In fluorescence and super-resolution microscopy, resolution measures are typically

quoted in nm. Knowing λ and the NA of the objective used for imaging, the Airy function

can be scaled to the physical dimensions of the object space (Fig. 1.3d). In the case of the

Gaussian approximation σPSF can range from 62.4 nm for λ = 400 nm at the blue end of

the spectrum, to 105.3 nm for λ = 675 nm at the red end assuming an NA of 1.4. These

values however, correspond to an idealised optical system and an infinitesimally small

point source. As a consequence experimental measures of σPSF commonly exceed these

theoretical values. For example, in Maurer et al. (2014) the RMS width of the PSF of Cy5,

which has an emission peak of 666 nm, was measured experimentally as σPSF = 135 nm.

The Sparrow condition represents the ultimate limit of discrimination for an arbitrar-

ily sensitive photodetector however, as with all these conditions it assumes a noiseless,

continuous distribution. Modern digital imaging imposes additional considerations, for

example, the finite size of camera pixels and the digital storage of images, which results

in a discretisation in the spatial dimensions as well as the intensity scale. In addition, the

sensitivity of the detectors used is such that the influence of noise, and the random process

of individual photon detections, is an important consideration. Figure 1.3e demonstrates

this for various numbers of incident photons on a pixel size corresponding to 100 nm in

object space and a Gaussian PSF, σPSF = 135 nm (see section 2.3.1 for simulation details).

Figure 1.3f demonstrates the implications of this discretisation and noise for the resolution

of two PSFs separated by their FWHM, the Houston/Abbe resolution criterion.

The inability to resolve the two points in figure 1.3f is a problem of contrast, the extent

of the difference in colour or intensity between two points in an image. In this case the

difference in intensity between the central minimum and the two peaks of the intensity

profile is not sufficient to be reliably detected and therefore the points are poorly resolved.

More generally contrast between structures of interest (signal) and the background is critical

in microscopy. A number of important developments have been made improving contrast

in microscopy, for example, Phase Contrast microscopy (Zernike, 1942), polarisation

microscopy (Inoué, 1953) and Differential Interference Contrast microscopy (Allen et al.,



36 Introduction

1981). Fluorescence microscopy is the chief example of this allowing structures of interest to

be specifically labelled with luminous fluorescent markers and imaged in a dark background.

This high contrast, and the specificity with which it can be achieved, means fluorescence

microscopy has become one of the principle tools in cell biology.

1.5 Fluorescence

With the help of Abbe’s discovery that shorter wavelengths could provide better resolution

August Köhler constructed the first ultraviolet (UV) microscope in 1904. When using this

microscope Köhler noted that some objects emitted light of longer wavelength than that of

the UV illumination, a process previously observed and termed fluorescence.

Photoluminescence, taking the form of either fluorescence or phosphorescence, is

a particular case of luminescence, the processes by which electronically excited atoms

or molecules lose energy through the emission of a photon. In photoluminescence, the

specific mode of excitation is defined as the absorption of a photon (Valeur and Berberan-

Santos, 2012). Although not understood at the time, the first observations of fluorescence

came as early as 1565 when Nicolas Monardes described the peculiar blue colour of an

extract of the wood lignum nephriticum. This was followed by a series of observations,

perhaps chief among them; the radiation of red light, upon white light illumination, from a

solution containing chlorophyll by David Brewster in 1833 and the illumination wavelength

dependent emission of blue light from solutions of quinine sulphate by John Herschel in

1845.

The term fluorescence was first used by George Gabriel Stokes in 1853. Stokes had

performed a series of experiments on the luminescence observed in a solution of quinine

sulphate, providing compelling evidence of the absorption followed by re-emission of light

(Stokes, 1852). Stokes also stated that the emitted light was always of a longer wavelength

than that of illumination, a statement that later became known as Stokes’ law. Much of our

current understanding of fluorescence was gleaned during a rich period of experimentation

and research that coincided closely with the formulation of quantum mechanics in the

first half of the 20th century (Eisberg and Resnick, 1985; Lakowicz, 2006; Valeur and

Berberan-Santos, 2012).

A minimalist description of fluorescence can be formulated as follows. Consider a

photon, a quantum of light, interacting with an electron in the potential well of a molecule.

Since the bound electron is spatially confined within the potential well its energy will be

quantised, taking one of a series of intrinsic energy levels from the lowest energy ground

state, S0 (Fig. 1.4a). Each of these intrinsic energy levels is subject to splitting depending
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on the quantised vibrational and rotational energy modes of the molecule in question (Fig.

1.4b). If the photon has a wavelength, λ , its energy, E, given by the Plank-Einstein relation

E = hc/λ where h is Plank’s constant and c is the speed of light in a vacuum. Where

the photon’s (or combined photons’) energy is equal to the difference between two of the

permitted electronic energy levels there is a non-zero probability that the photon will be

absorbed, resulting in an electronic energy transition from the ground state to an excited

state. If the energy of the absorbed photon is not exactly equal to the energy difference

between the electronic ground and excited state this energy difference contributes to the

vibrational energy of the molecule* causing a vibronic transition in both vibrational and

electronic states (Fig. 1.4). The probability of this process is determined by the similarity

of the wavefunctions between which the vibronic transition occurs, based on the Franck-

Condon principle (Fig. 1.4b), and occurs on a timescale of the order of 10−15 s (Eisberg

and Resnick, 1985).

Once prepared in an excited state, the molecule will lose energy via a number of

radiative and non-radiative decay processes. The principle mode of de-excitation is via the

non-radiative process of rapid thermal transfer of energy to surrounding molecules resulting

in relaxation to a lower vibrational energy level. The splitting of the intrinsic energy states,

by the presence of vibrational energy states, can cause small enough energy gaps between

electronic states that the dissipation of thermal energy additionally results in relaxation to a

lower electronic state. This process, termed internal conversion, and vibrational relaxation

typically occurs on a timescale in the range of 10−14 s to 10−11 s. While internal conversion

between higher electronic energy levels is highly probable, the energy gap between the S1

and S0 states in fluorescent molecules is large enough that alternative radiative and non-

radiative decay processes can compete. If the lifetime of the S1 state reaches the order of

10−9 s relaxation to the ground state via the emission of a photon becomes highly probably.

During this time between excitation and spontaneous emission, the fluorescence lifetime,

the molecule will very likely undergo a vibrational relaxation due to the difference in

timescales. This means fluorescence almost exclusively occurs from the lowest vibrational

energy state of S1. However, as with absorption, emission occurs within 10−15 s meaning

the nuclear coordinates can be considered stationary and the probability of the resulting

vibrational energy state is determined by the Franck-Condon principle (Fig. 1.4b). The

result is that all† emitted photons have lower energy, and therefore longer wavelength, than

the absorbed photons, resulting in the Stokes shift previously described. This Stokes shift is

*For simplicity, rotational energy states and polarisation effects are neglected here
†The rare exception, is the case of absorption by an electron already in a high vibrational energy level

of the S0 state, which can result in a very small fraction of emitted photons having higher energy than the
absorbed photons
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Fig. 1.4 Energy level diagram of common photophysical and photochemical transitions. (a) Jablonski diagram
of common electronic transitions. (A) Two level excitation, (B) the typical S0 to S1 excitation, (C) two photon
excitation. (I) Fluorescence, (II) stimulated emission, (III) phosphorescence. (i) Various non-radiative triplet
state decay processes, (ii) multiple photochemical and chemical transitions to further dark states, typically
oxidation or reduction (iii) non-radiative relaxation of the specific state formed in (ii). Unlabelled grey
arrows, vibrational relaxation, internal conversion and inter-system crossing. Photon absorption and emission
represented by coloured arrows, colour indicates relative wavelengths (not to scale). (b) The wave-functions
of various vibrational energy levels with morse like potential energy functions in the ground and first excited
states. The Franck-Condon principle means that the most probable vibronic transitions will be between
vibrational states who’s wave-functions significantly overlap.

the basis for the high contrast that can be achieved in fluorescence microscopy as it allows

selection between the recording of illumination and emission on the basis of wavelength

using filters in the optical path (Section 1.6).

The specific configuration of the outer electronic orbitals of the molecule define the

typical fluorescence wavelengths and the molecule’s efficiency as a fluorescent species.

Many fluorescent molecules are aromatic and as a general rule an increase in the extent of the
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π-electron system of the molecule results in an increase in both efficiency of fluorescence

and peak absorption wavelength (Lakowicz, 2006; Valeur and Berberan-Santos, 2012).

For even the very simplest of molecules these orbitals and their behaviour are almost

impossible to accurately predict however, and as such empirical methods are the most

reliable way to characterise the photophysics of these molecules. While the minimal model

described is sufficient to understand fluorescence, empirical characterisations typically

reveal a complex network of additional decay processes (e.g. Zondervan et al., 2003), which,

together with stimulated emission, form the basis of many super-resolution techniques and

will be discussed here (for detailed reviews see, Ha and Tinnefeld, 2012; van de Linde and

Sauer, 2014; Vogelsang et al., 2010, and references therin).

Fluorescence saturation

The intensity of a fluorophore is determined by its fluorescence efficiency, i.e. the ratio

of the number of absorbed photons to the number of photons emitted due to radiative

relaxation. As such, in a first approximation, the intensity generally increases linearly

with the illumination intensity, which determines the rate at which a photon is incident

on a fluorophore. A photon that is incident on a fluorophore that is already in an excited

state however, will not result in an additional fluorescent photon being emitted. Since the

fluorophore spends a finite amount of time in the excited state, determined by a combination

of the fluorescence lifetime and the lifetimes of the processes outlined below, the occurrence

of incident photons on already excited fluorophores increases with illumination intensity.

The result is that above a certain illumination intensity the fluorophore ‘saturates’, spending

most of the time in the excited state and being re-excited almost immediately after relaxation,

the outcome being a plateau in the fluorescence intensity vs illumination intensity.

Stimulated emission

Fluorescence is a spontaneous process of de-excitation occurring at a random time point

regardless of any incident photons applied to the excited molecule. If a photon whose

energy matches that of an allowed transition, from the excited S1 state to the ground state,

is incident on the excited molecule however, this applies an electromagnetic field that can

significantly influence the quantum state of the electron. The application of this external

electromagnetic field stabilises the transient electric dipole oscillation that forms during

emission of a photon by de-excitation. As a result, the probability of the electron entering

the specific transition state dictated by the external field is greatly increased and the rate

of transition between the excited S1 state and the ground state is significantly increased

beyond that of spontaneous emission. When a transition occurs in this stimulated manner
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an additional photon is emitted with the same wavelength, phase, polarisation and direction

as the incident photon.

Stimulated emission is a key element of Light Amplification by Stimulated Emission of

Radiation (Laser) devices. Lasers are optical amplifiers that generate an intense, collimated

beam of coherent light. This can be achieved via a chain reaction of stimulated emission

events if more than 50% of molecules in the gain medium of the laser are in an excited

state. This ‘population inversion’ is maintained by continuous pumping of the system with

a source of energy (e.g. optical or electrical) that results in excitation of the gain medium.

Further gain and support for a defined spatial mode are generated by placing two mirrors

on opposing sides of the gain medium creating an optical resonator. Amplified, coherent

light can be coupled out of the optical resonator via use of a semi-transparent mirror at one

end of the optical resonator.

Lasers are particularly useful in fluorescence microscopy, reducing the need for filtering

of a spectrally broad illumination source and providing intense illumination among other

beneficial properties.

Inter-system crossing

Inter-system crossing is an iso-energetic transition between electronic states of differing

quantum spin multiplicity, for example between the singlet S1 excited state and the triplet

T1 state (Fig. 1.4a). This change in quantum spin is in principle a forbidden transition,

however; coupling between the orbital angular momentum and the spin angular momentum

(spin-orbit coupling) can stabilise this transition making it weakly allowed. The timescale

on which this transition occurs is often in the range of 10−9 s to 10−7 s implying that this

transition is often much less probable than fluorescence. The time scales can be close

enough however to compete. When this is the case there will be a constant probability,

determined by relative timescales of inter-system crossing and fluorescence, that any single

excited state will result in a triplet state formation. As the intensity is increased, the

number of times the fluorophore enters an excited state in a given time interval will increase.

Thus, the rate at which inter-system crossing occurs is linearly proportional to illumination

intensity.

Triplet state decay processes

Any transitions from the triplet state back to a singlet state will necessarily be delayed

by the same requirement for spin-orbit coupling as the initial inter-system crossing. This

trapping of the electron in the excited triplet state leads to a number of possible subsequent

processes. Firstly, by the absorption of thermal energy, reverse inter-system crossing back
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to the S1 state can result in delayed fluorescence, so called because the extended period

spent in the triplet state. In the aromatic hydrocarbon fluorochromes commonly used in

fluorescence microscopy the energy difference between the T1 and S1 states is such that this

process very rarely occurs. For these molecules the most common de-exitation of the triplet

state, is the non-radiative internal conversion to the S0 state followed by rapid vibrational

relaxation. Although rarely observed in solution and at room temperature, radiative decay

in a manner analogous to fluorescence can also occur from the T1 state to the S0 state. This

radiative transition which exhibits a clearly different emission spectrum to fluorescence

due to the typically lower energy of the triplet state is termed phosphorescence (Fig. 1.4a).

Finally, collision between two molecules in the triplet state can result in triplet-triplet

annihilation. Since the ground state of oxygen is a triplet state under normal conditions,

its presence in solution can efficiently de-excite the T1 state to the S0 state. The reaction

product of this process however, is a singlet oxygen, a highly reactive oxygen species

(ROS), responsible for cellular photodamage and a prominent cause of photobleaching.

Additional dark states

As previously stated the duration of the triplet state makes it prone to collision induced

reactions with reaction partners present in solution with the fluorophore. One of these

already mentioned is the de-excitation of the triplet state by the presence of oxygen.

Both oxidation and reduction of the triplet state are also highly likely under the correct

circumstances (Fig. 1.4a). Consequently, collisions with electron acceptors such as oxygen

or methylviologen or with electron donors such as ascorbic acid, readily lead to reduction

or oxidation, yielding radical ions (Zondervan et al., 2003). The only efficient route for the

return of this radical ion to the ground state is via a complementary reduction or oxidisation.

Depending on the redox potentials of the fluorophores, this means radical ions can have

almost infinite lifetimes when only one of an oxidising or reducing agent is used (Vogelsang

et al., 2009).

Photobleaching

Photobleaching is an irreversible chemical change in the fluorescent molecule that results

in the disruption of the electronic state space, either shifting the absorption spectrum to a

different wavelength preventing further excitation or, more frequently, resulting in reaction

products that are non-fluorescent. This is generally an undesirable process and since

molecular oxygen is primarily responsible for it, long observation times are only possible if

molecular oxygen is removed from the environment and a wide range of enzymatic oxygen

scavenging systems have been proposed to achieve this (Aitken et al., 2008; Harada et al.,
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1990). The removal of oxygen however, prevents one of the most efficient de-excitation

mechanisms of the triplet state reducing the fluorescence yield and causing undesirable short

timescale blinking. A number of buffer compositions have been proposed as a replacement

for triplet state quenching by oxygen (Rasnik et al., 2006; Yanagida et al., 1984).

Förster resonance energy transfer

When a second fluorophore is in close proximity to the excited fluorophore, it is possible for

the excitation energy to be transferred from the excited ‘donor’ molecule to the ground state

acceptor molecule by means of Förster resonance energy transfer (FRET; Forster, 1946; Ha

et al., 1996; Stryer, 1978). This results in the non-radiative relaxation of the donor into the

ground state and the promotion of the acceptor into an excited singlet state allowing any of

the previously outlined processes to proceed in the now excited acceptor molecule. FRET

is achieved via dipole-dipole interaction between the two adjacent fluorophores, which

typically requires matching of the donor fluorescence emission energy to the excitation

energy of the acceptor. This effectively leads to a double Stokes shift, the first occurring

in the donor, the second occurring in the acceptor. Thus, if the acceptor subsequently

emits a photon by fluorescence this can usually be chromatically differentiated from

donor fluorescence. The formation of the dipole-dipole interaction is very sensitive to the

molecular orientations and separation. As such FRET efficiency is a very sensitive function

of distance between the fluorophores and at the single molecule level can be used to report

on intramolecular conformational changes and interactions (Holden et al., 2010; Roy et al.,

2008).

Photochromic and photochemical blinking and switching

Depending on the specific fluorescent molecule a range of reversible and irreversible

photo-induced transformations between chemical species can occur. Where the fluores-

cence efficiency or absorption spectra of these species differ the result can be seen as

photoswitching, photoactivation or blinking across a range of timescales. Such controlled,

photo-induced transformations were first observed in fluorescent proteins (Lukyanov et al.,

2005; Moerner et al., 1997; Patterson, 2002) and combinations of fluorophores with a

photochromic chromophore interacting via FRET (Irie et al., 2002). Photo-induced trans-

formations were later observed in common organic fluorophores such as Cy5 which can

be switched between cis-trans isoforms at the single-molecule level upon photoexcitation

through reaction with thiols in solution (Dempsey et al., 2009; Heilemann et al., 2005;

Rasnik et al., 2006). Recovery of the fluorescent state occurs spontaneously on a timescale

of minutes but can be enhanced by excitation with short wavelength illumination or close
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proximity to an excited Cy3 molecule (Bates et al., 2005; Heilemann et al., 2005). In recent

years, a significant expansion in the range of organic fluorophores identified or synthesised

that can be induced to photoswitch, activate or blink means they have become key elements

of stochastic super-resolution methods. In addition, a two step, primed photoconversion

mechanism shows potential as a mechanism that could be exploited in future to reduce the

incident energies required for photoswitching in some fluorescent proteins (Turkowyd et al.,

2017).

Quenching

Fluorescence quenching is the broad term given to the varied effects that promote the de-

excitation of a fluorophore, typically resulting in a reduction in the fluorescence efficiency.

This includes many of the processes mentioned above. Where quenching is promoted by a

secondary species, that species is termed a quencher. Quenchers can be found in solution,

such as oxygen discussed above, or confined either transiently or permanently in close

proximity to the fluorophore as is often the case in FRET experiments.

Other than by the processes already discussed (excited state reactions, FRET and

collisional quenching), quenching can occur via direct contact with another fluorescent

or non-fluorescent molecule. Also known as ‘static quenching’ or ‘ground state complex

formation’ contact quenching is a result of the formation of a non-radiative complex between

the two molecules stabilised by hydrogen bonds. Photoexcitation of this complex results in

proton-coupled electron transfer enabling almost immediate, non-radiative relaxation to the

ground state. While this process is similar to FRET, followed by non-radiative relaxation, it

occurs over a shorter spatial range and results in a shift in the absorption spectra not seen in

non-radiative FRET (Marras, 2006, 2008).

1.6 Fluorescence Microscopy

The original fluorescence microscopes built by Köhler and later by Moritz von Rohr, Henry

Siedentopf, and Oskar Heimstädt were limited in their reliance on primary fluorescence

of the sample (autofluorescence) and the need for transmitted illumination and darkfield

condensers. A number of important discoveries and inventions since these first working

fluorescence microscopes have made them an indispensable tool in modern cell biology

(Lichtman and Conchello, 2005; Sanderson et al., 2014).

• 1911; Max Haitinger, together with others begin investigations into exogenous

fluorescent chemicals that can be used to render non-fluorescent objects fluorescent,

inventing secondary fluorescence.
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• 1929; Philipp Ellinger and August Hirt design and build a fluorescence microscope

with epi-illumination (Fig. 1.5) where the illumination is delivered to the sample

via the objective lens. They also used a series of filters to select the illumination

wavelength and remove reflected illumination light from the emission path.

• 1935; Harley E. Iams and Bernard Salzberg invent the photomultiplier tube allowing

amplification of very low light intensities.

• 1941; Albert Coons and Melvin Kaplan invent immuno-fluorescence, the use of

fluorophore conjugated antibodies to specifically label biomolecular targets of interest

in cells (Coons, 1949).

• 1958/60; Arthur L. Schawlow, Charles H. Townes and Theodore Maiman invent and

build the laser (Maiman, 1960; Schawlow and Townes, 1958).

• 1961; The first extraction and purification of GFP from the jelly fish, Aequorea

victoria by Shimomura et al. (1962).

• 1965/67; Johan Ploem begins to use dichroic mirrors to combine and filter emission

and illumination paths.

• 1969; Willard Boyle and George Smith invent the CCD enabling digital recording of

images (Boyle and Smith, 1970).

• 1994; GFP is expressed in E. coli and C. elegans (Martin et al., 1994).

Combined with the increase in affordable digital computing and imaging hardware,

these developments have led to an explosion in the use of fluorescence microscopy, with

PubMed showing a 10% year on year increase in the use of the term ‘fluorescence’ in titles

and abstracts since 1970. Besides standard imaging, which reveals the spatial distribution of

fluorescence in a 0sample, an array of experimental techniques making use of fluorescence

microscopy have been developed for studying protein-protein interactions, dynamics and the

environment at the molecular scale (De Los Santos et al., 2015). For example; fluorescence

recovery after photobleaching, (FRAP), uses the recovery of fluorescence signal following

selective bleaching of a region in order to measure diffusion rates (Reits and Neefjes,

2001); Förster resonance energy transfer, (FRET), can be used to measure changes in

intra molecular distances and quantify the dynamics of molecular interactions (Holden

et al., 2010); fluorescence lifetime imaging, (FLIM), encompasses a range of techniques

based on the temporally resolved measurement of the fluorescence decay of the excited

state revealing insights into the local environment and providing methods to enhance

fluorescence image contrast (Berezin and Achilefu, 2010); finally, fluorescence correlation
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spectroscopy, (FCS), is a technique that provides information about molecular mobility

and photophysical/photochemical reactions by correlating the fluorescence fluctuations of

molecules passing through the focal volume of a laser beam (Haustein and Schwille, 2007).

Figure 1.5a shows a simplified scheme of the modern epi-fluorescence microscope. A

laser is used as a monochromatic, collimated and coherent light source. A beam expander

and tight focusing onto the back focal plane of the objective lens allows illumination of a

large area of the objective. At the sample the result is a collimated beam of illumination

exciting fluorophores with absorption spectra matching the illumination. The fluorescence

emitted by the sample is collected by the same objective resulting in an infinity corrected

collimated beam that is separated from the excitation light by a dichroic mirror. These

mirrors are only able to reflect well-defined ranges of the electromagnetic spectrum effi-

ciently transmitting other wavelengths allowing separation of the excitation and emission

beams due to the Stokes shift. Since dichroic mirrors are on the order of 95% efficient,

bandpass filters which have transmission efficiencies in the range of 10−5% to 10−7%

outside a specific region of the spectrum, can be used to further filter either the illumination

or emission paths. Multiple lasers or cameras can be combined using additional dichroic

mirrors to perform sequential or simultaneous imaging of multiple chromatically distinct

fluorophores. Figure 1.5b shows an example three colour fluorescence image of a bovine

pulmonary artery endothelial cell with mitochondrial membranes, actin and DNA fluores-

cently labelled (FluoCells prepared slide #1, Life Technologies), acquired using laser a

illuminated epi-fluorescence microscope.

Sample preparation

The goal of fluorescence microscopy in the context of cell biology is generally the in

situ localisation of proteins on a subcellular scale. Apart from a small number of notable

exceptions (GFP and its varients for example) proteins themselves are non-fluorescent

however, and therefore not visible in a fluorescent microscope. As such, ‘labelling’,

the process of specific targeting with high affinity fluorescent molecules to proteins of

interest, is an intrinsic element of fluorescence microscopy. Nature provides the ideal

molecules, antibodies (immunoglobulins) large Y-shaped proteins secreted by B-cells of

the adaptive immune system, which have variable domains that recognise unique eiptopes

of specific proteins (Janeway et al., 2001). Manufacture of antibodies and covalent fusion

of a fluorescent molecule to the antibody provides a probe that can label proteins of interest,

a technique called immuno-fluorescence microscopy (Coons, 1949).

Antibodies are not cell permeable however so localization of intra-cellular proteins

requires the fixation and permeabilisation prior to immunostaining. Critical to this process is
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Fig. 1.5 Fluorescence microscopy. (a) Diagram of a modern epi-fluorescence microscope. Laser illumination
is focused onto the back focal plane of the objective lens to illuminate the sample. Fluorescence from the
sample is collected by the objective lens and separated from reflected illumination light by passage through a
dichroic mirror. Further filtering in performed by bandpass emission and excitation barrier filters. An image
of the fluorescence emission is focused onto a CCD for digital recording. (b) Epi-fluorescence microscopy
images of a fluorescently labelled bovine pulmonary artery endothelial cell. Left: Red-hot, MitoTraker Red
CMXRos stained mitochondrial membranes; green, AlexaFluor488 phalloidin stained F-actin; blue, DAPI
stained DNA. Right: Composite image. Scale bars, 10 µm.
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the reliable preservation of the in vivo protein distribution after immunostaining, minimising

wherever possible the redistribution and/or extraction of proteins during sample preparation.

The most common immunofluorescence protocols are based on fixation with aldehydes or

organic solvents and permeabilisation with saponins and nonionic detergents, but alternative

protocols have also been described (Melan, 1999).

Methanol, ethanol and acetone simultaneously fix and permeabilise cells by precipitation

of proteins and solubilisation of lipids. Although commonly used in the study of cytoskeletal

proteins this method results in extraction of some cytosolic and nuclear proteins and causes

cell shrinkage and disruption of organelles. Formaldehyde (from para-formaldehyde (PFA)

or formalin) cross-links proteins via methylene bridges in a concentration, temperature and

pH dependent manner. PFA fixation requires the subsequent use of permeabilising reagents

such as saponin and digitonin, mild detergents that selectively remove cholesterol rich

membranes. To permeabilise cholesterol poor membranes, such as the nuclear compartment,

nonionic detergents such as Triton X-100 are used which solubilise and extract lipids in a

nonselective manner. Being aware of limitations and artifacts arising from routinely used

immunolabelling procedures can determine the success or failure of experiments (Whelan

and Bell, 2015). For example, a strong fixation ensures protein immobilisation and the

preservation of ultrastructures, but interferes with epitope recognition and penetration of

antibodies (Schnell et al., 2012).

The ability to fluorescently label proteins by expression of genetically encoded fluo-

rescent protein fusions in live cells has revolutionised live cell fluorescence microscopy

in recent years (Giepmans, 2006). Fluorescent protein labelling in mammalian cells is

typically performed by transfection of cells with a DNA plasmid containing the protein

of interest’s sequence appended by the sequence of the fluorescent protein. Following

successful introduction to the cytoplasm the plasmid is transported to the nucleus and while

present in the cell nucleus will be transcribed and expressed by the endogenous cellular

processes. A number of perturbative effects should be considered however, for example,

the expression of both the fusion and native versions of the protein will occur and while the

function and localization of the two variants are identical in many cases this can influence

the cellular processes being observed. Recent developments of CRISPER/Cas9-mediated

endogenous protein labelling systems are making heterozygous and homozygous human

knock in cell lines possible, in which, the fluorescently tagged protein is expressed from its

native genomic loci at close to physiological levels (Dean and Palmer, 2014; Khan et al.,

2017; Ratz et al., 2015).

In general, an important consideration with fluorescent labelling is that the endogenous,

non perturbed protein is never imaged, rather the fluorophore attached via some labelling
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approach is observed. Other than the potential artefacts discussed above, the dislocation

of the fluorophore signal caused by the physical size of the label used must be considered,

especially at nanometre resolutions possible with super-resolution. For standard primary-

secondary antibody immunofluorescence this can result in the fluorophore being located up

to 14 nm from the protein of interest (Giepmans, 2006). For this reason, FAB fragments,

nanobodies or single domain antibodies are often used in super-resolution microscopy

(Laine et al., 2015; Ries et al., 2012). In addition, a small number of small, cell membrane

permeable, fluorescent molecules are available that label specific cell components, for

example, MitoTraker Red which targets mitochondrial membranes with high potentials and

DAPI, which targets A-T rich double stranded DNA (Fig. 1.5). The increased demand for

such molecules due to the requirements of super-resolution microscopy mean an increasing

number are being invented, for example the SiR actin and SiR tubulin (Lukinavičius et al.,

2014, 2013).

Fluorescence detection

When imaging small numbers of fluorescent molecules, the number of photons that are

emitted, collected and focused onto a detector is limited, particularly in live-cells undergoing

dynamic processes which reduces the time that can be spent on collection. Such conditions

require highly sensitive and accurate detectors such as photo-multiplier tubes or hybrid

detectors for single point detection or CCD, EMCCD and sCMOS detector arrays for

spatially resolved, widefield image recording. Since the predominant source of noise

in fluorescent images arises from the detection method of small photon numbers, an

appreciation of the noise sources is often critical in analytical methods based on the acquired

images. The majority of the research in this thesis relies on the analytical processing of

widefield camera based detection by EMCCD cameras.

The detection of photons by an EMCCD camera is performed by an array of photodiodes

with a finite size arranged on the ‘camera chip’, where each photodiode corresponds to a

single pixel in the resulting digitised image. When a photon strikes one of these photodiodes,

an electron-hole pair is generated. After a finite time of exposure, each photodiode will have

accumulated an electron charge proportional to the number of incident photons. At this

point, thermally generated electron-hole pairs can be produced in each photodiode, however

cooling the EMCCD chip to less than −80◦C often makes this noise source insignificant.

The read out process of this stored electron charge consists of shifting the electrons through

a system of bins by controlling electrode voltages in the ‘shift register’. During this process

spurious electrons are added at a constant rate per shift via a process known as ‘clock

induced charge’, which is dependent on the speed at which charges are shifted towards
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the EM and readout registers. In an EMCCD, this extended electron multiplication (EM)

register shifts the charges at a significantly higher clock voltage resulting in amplification

of the charge by successive impact ionisations. Since this is a repeated, stochastic process,

the ‘gain’ in charge that results can be accurately modelled in most cases by a Gamma

distribution (Hirsch et al., 2013). Electronics in the readout register subsequently discretises

the amplified charge adding a normally distributed readout noise of the order of a few 10s

of electrons per pixel. Varying treatments and descriptions of the noise in EMCCD cameras

can be found (Daigle et al., 2009; Korevaar et al., 2011; Thompson et al., 2002; Tulloch,

2004; Zhang et al., 2009) however the model assumed for the majority of this thesis can be

found in Hirsch et al. (2013).

1.7 Extending the diffraction limit

The description of the diffraction limit by Abbe in 1873 provided two possible routes to

improve the resolving power of a microscope. These routes are made clear when recalling

Abbe’s formulation of the limit of discrimination d = λ/(2 ·NA) which is reduced at small

wavelengths and large NA. During the intervening years between its description and the

invention of super-resolution methods capable of circumventing this limit, a number of

significant milestones in exploiting these two routes were achieved.

Consider first the wavelength. Reduction beyond the visible spectrum implies the use of

ultra violet light or x-rays. Indeed, the use of ultra violet light was demonstrated by Köller,

doubling the resolution, and the use of soft x-rays in microscopy has recently allowed

destructive imaging of hydrated, living cells at resolutions approaching 30 nm (Miao et al.,

2008; Yamamoto and Shinohara, 2002). X-ray microscopy has had little use in cell biology

however, due to the laborious nature of the experimental techniques required. X-rays are

attenuated in air, so experiments must be performed under vacuum and they do not diffract

or reflect efficiently making focussing difficult. The techniques are destructive and often

require the use of a synchrotron, with some techniques even requiring the use of an atomic

force microscope to view the 3d topology of a developed film of photo resist in order to

generate an image (Yamamoto and Shinohara, 2002).

It is worth noting that although not generally used in cell biology, x-rays have had

a considerable impact on biology (beyond medical radiography) in the form of x-ray

crystallography (Shi, 2014). Over 25 Nobel prizes have been awarded which directly

relate to, or are dependant on this technique, including the discovery of DNA. In x-ray

crystallography a crystalline sample is illuminated by coherent x-rays and the diffraction

pattern is directly recorded, rather than being focussed by a lens to form an image. The
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necessary Fourier transform to form an “image” of the primitive unit cell (the repeating unit

of the crystal structure) is subsequently performed computationally. The reduction in the

requirement for x-ray focusing optics allows hard x-rays to be used enabling crystallised

bio-molecules to be imaged in 3D with Ångström resolutions. The recent development

of x-ray free-electron lasers has the potential to allow time-resolved x-ray liquidography

which could be used to elucidate structural dynamics of chemical reactions and proteins in

the liquid phase with a femtosecond temporal resolution (Ki et al., 2017; Kirz et al., 1995).

If one abandons the electromagnetic spectrum, Ångström scale wavelengths can be

achieved using particle beams with very short de Broglie wavelengths. The use of charged

particles allows electromagnetic fields to be employed as focusing and steering optics.

Based on this principle electron microscopy was invented by Ernst Ruska in 1931 (Ruska,

1987). The electron microscope in its various forms has become a commonly used tool in

cell biology providing resolutions in the range of 10s of nanometres down to Ångströms

(Kourkoutis et al., 2012). The requirement of using a vacuum for imaging however, means

samples must be chemically fixed, dehydrated and embedded in a resin or alternatively

cryofixed leaving the sample in its hydrated state but in vitreous water ice. In order to use

transmitted electrons thin slices of samples 60 nm to 100 nm thick must be made using an

ultra-microtome in order to make the sample semitransparent to electrons. Otherwise the

surfaces of thick samples can be imaged using a scanning mode that detects scattered or

secondary electrons. Since many organic materials only weakly scatter electrons, samples

can be stained or immunolabelled with heavy metals. Electron microscopy can be combined

with fluorescence microscopy on the same sample in order to complement the method with

live-cell and molecular specific labelling (Cortese et al., 2009; Koster and Klumperman,

2003). Cryoelectron tomography, when combined with image processing techniques

such as single particle averaging, is beginning to rival traditional x-ray crystallography

in structure determination of proteins, particularly where crystallisation or phasing of the

x-ray diffraction pattern is challenging.

Returning to Abbe’s formulation of the diffraction limit the second route to increased

resolution relies on increasing the numerical aperture of the imaging system. This has been

achieved through the design of high quality, achromatic, infinity corrected lens systems that

are refractive index matched to be used with oil based immersion media between the lens

and the sample. This has enabled the design and use of objective lenses with NAs of up to

1.7 (Li et al., 2015). The highest quality commercial objectives that are readily engineered

and do not rely on toxic immersion oils now typically fall in the range of 1.4–1.49. The

NA of an optical system is not limited however to a single objective lens. A number of

resolution extending methods exploit this fact by making use of multiple objectives located
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on opposing sides of the sample. Examples include, 4Pi-microscopy (Hell and Stelzer,

1992a,b) and Image Interference Microscopy (I2M; Gustafsson et al., 1995, 1996). The

feasibility of these methods is severely hampered by the very careful alignment required to

ensure the optical path length is equivalent between the multiple imaging arms. Only when

this is the case can the light collected by each objective be recombined in phase, in order to

form a true image.

Beyond the obvious routes to extended resolution, point spread function manipulation

and structured illumination have provided the most significant advances in resolution

enhancement. Early examples include apodizing (Di Francia, 1952) which can sharpen

the central lobe of the PSF by a radially dependent reallocation of photons to side lobes of

the PSF. Obtaining a narrower central maximum in this way, while increasing resolution,

rapidly becomes problematic as an increasing fraction of the available photon budget is

redirected to the side lobes (Hell, 2007).

The most commonly used example of PSF manipulation is confocal microscopy (Min-

sky, 1961), which, once combined with laser illumination and fluorescence, rapidly became

a ubiquitous technique in cell biology research. In confocal microscopy a fluorescent

sample is illuminated with a diffraction limited, focused beam of light. The fluorescence

signal is recorded at the position of this focus and the beam is raster scanned over the

sample to generate an image. A fluorescence signal is not only produced from this focal

point however, but from the cone of light above and below this focal point (Fig. 1.6a).

Placing the fluorescence detector behind a pinhole located in the conjugate image plane

can exclude this out of focus light. This exclusion has considerable benefits in enabling

the axial sectioning of fluorescence microscopy. By reducing the pinhole size it is also

possible to increase the lateral resolution by a factor of ~1.4 (Gustafsson, 1999), but as

with apodizing this rejects light from the central lobe of the PSF greatly reducing acquired

signal.

Total Internal Reflection (TIRF) microscopy (Axelrod, 1981; Temple, 1981), another

example of a commonly used fluorescence technique in cell biology, achieves axial section-

ing many times better than the resolution limit. This is enabled by the sub-diffraction limit

structuring of the illumination of the sample by an evanescent field, a quantum phenomenon

that occurs during total internal reflection. In a TIRF microscope, translation of a narrow

excitation laser beam to the periphery of the back focal plane of the objective in an inverted

wide-field microscope results in illumination of the coverslip at an angle of incidence

greater than the critical angle (Fig. 1.6b). Consequently, total internal reflection occurs and

only a thin layer of the sample, adjacent to the cover slip, is illuminated by the evanescent

field of the reflected light. TIRF microscopy does not provide increased lateral resolution as
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Fig. 1.6 Confocal and Total Internal Reflection Microscopy. (a) Sample scanning confocal microscope. Laser
illumination, that has been passed through a pinhole to reduce out of focus light, is focused onto a point
in the sample by the objective lens. A cone of light before and after the focal point illuminates the sample.
Fluorescence from the sample is collected by the objective lens and separated from reflected illumination
light by passage through a dichroic mirror. A pinhole is placed in the conjugate image plane rejecting the
majority of light emitted from outside the focus of the illumination. A PMT collects and records any light that
passes through the pinhole. Sample is translated to scan different locations. Tube lenses and steering mirrors
controlled by galvanometers must be added to this basic setup to scan the focus to different locations in the
sample. (b) Left: Narrow laser illumination is focused at the periphery of the back focal plane of an objective
lens in a microscope that otherwise resembles an epi-fluorescence microscope (Fig. 1.5). This illuminates the
sample at an oblique angle. Right: When the angle of incidence of the illumination onto the phase boundary
between the cover glass and the sample is greater than the critical angle, total internal reflection occurs. The
the resulting evanescent field illuminates the sample with an exponentially decaying intensity. Fluorophores
close to the cover glass emit significantly more fluorescence than fluorophores deeper into the sample.

there is no enhancement in optical discrimination and is limited to imaging structures very

close to the cover slip. TIRF does however enable depth discrimination and significantly

improved signal to noise ratios. The excitation intensity generated in the evanescence field

decays exponentially as the wave function of the photon decays on the sample side of the

cover glass. This intensity, I, as a function of penetration depth into the sample, z, can be

approximated by,

I(z) = I0 exp(−z/d) (1.13)

d = λ/
(

4π
(
n2

1 sin2
θ1 −n2

2
)−1/2

)
(1.14)
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where, λ is the excitation wavelength, θ1 is the angle of incidence and n1 and n2 are the

refractive indices of the cover glass and sample respectively. For reasonable experimental

conditions the characteristic decay length can range from 50 nm to 300 nm.

A large range of methods which extend resolution in microscopy by diffraction limited

structuring of the illumination have also been developed (Gustafsson, 1999; Lauterbach,

2012). These methods have their origins in the 1960s work of Lukosz (1967); Lukosz

and Bachl (1966), who resolved mm scale objects at two times Abbe’s diffraction limit

using structured microwave illumination. They discovered that applying a grating to both

the illumination and the detection path the pupil function of the microscope (Fig. 1.2)

could be virtually modified, from circular to ellipsoid. This allowed the frequency space

that the microscope can transmit to be modified. While this approach sacrifices resolution

along the minor axis of the ellipsoid, it has the possibility of doubling the resolution in the

perpendicular dimension.

These principles, when applied in fluorescence microscopy, led to the modern imple-

mentation of Structured Illumination Microscopy (SIM; Gustafsson, 2000) which allows

live cell imaging with conventional fluorophores at resolutions approaching double the

diffraction limit. In SIM, a diffraction grating is used to produce a sinusoidal illumination

intensity. The spatial frequencies of the illumination pattern mix with those of the sample

causing aliasing, an effect commonly known as Moiré patterning, which results in an encod-

ing of high-frequency information to lower frequencies. High frequency information can

be recovered from these images by computationally translating the appropriate frequency

domains in Fourier space. If multiple images are acquired with different translations and

rotations of this structured illumination pattern, computational recombination of these im-

ages in Fourier space can be used to extend, by a factor of two, the spatial resolution of the

microscope (Gustafsson et al., 2000; Heintzmann and Cremer, 1999; Hirvonen et al., 2009).

Numerous forms of structured illumination schemes have been conceived (Gustafsson,

1999; Lauterbach, 2012) however this form of SIM (Gustafsson, 2000) has become a well

established and reliable tool for ultra-high resolution live cell imaging. Its limitations; cost,

temporal resolution and occasional dominance of regularly patterned artefacts being easily

outweighed by the benefits of increased resolution in live cells.

The diffraction limit is not fundamentally broken by any of the methods outlined above

and while the optical techniques lead to extended resolution that can be applicable to live

cells they do not achieve unlimited resolution in the far-field. The attainable resolution is

therefore limited to a finite value on the order of a factor of two improvement over Abbe’s

limit. Abbe’s limit however, is a result of Fraunhofer diffraction a property exclusively

of the optical far-field. This places no limitation on the theoretical ability to detect a
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source in the near-field regime, when an arbitrarily small detector is placed arbitrarily

close to that source. This fact is exploited in scanning probe techniques such as Scanning

Near-field Optical Microscopy (SNOM; Ash and Nicholls, 1972; Pohl et al., 1984) and Tip-

Enhanced Raman Spectroscopy (TERS; Anderson, 2000; Hayazawa et al., 2000; Stöckle

et al., 2000). These methods and their non-optical counterparts such as Atomic Force

Microscopy (AFM; Binnig and Quate, 1986), Scanning Tunnelling Microscopy (STM;

Binnig and Rohrer, 1982) and Scanning Ion-Conductance Microscopy (SICM; Hansma

et al., 1989) are restricted to imaging surfaces, but some can reach molecular resolution on

biological samples (Müller et al., 2009).

1.8 Single molecule imaging

An unfortunate dogma that arose out of the development of quantum mechanics was

that single molecules would never be observed or experimented with via optical means

(Schrödinger, 1952). The pioneering work of W. E. Moerner in the late 1980s demon-

strated this not to be the case however (Moerner, 2015). At this time the first detection of

single molecules was made in the condensed-phase, using optical techniques (Moerner,

1994; Moerner and Kador, 1989). This was achieved by applying frequency-modulated

spectroscopy to isolate the statistical fine structure of a single molecule of pentacene in

the absorption spectrum of super-cooled pentacene doped p-terphenyl crystals. This was

extended to detections of single molecules via fluorescence a year later (Orrit and Bernard,

1990) and to the first room temperature detections of single molecules by fluorescence

(Shera et al., 1990). The first image of a single fluorescent molecule however was achieved

by (Betzig and Chichester, 1993) using Near-Field Scanning Optical Microscopy. Since

near-field microscopy is experimentally challenging the subsequent observations of single

molecules in far-field using TIRF and confocal microscopy were a significant advance

(Funatsu et al., 1995; Macklin et al., 1996; Xie and Trautman, 1998), the first realisation

of the comments made by Rayleigh (1903) applied to single molecules. These develop-

ments enabled application of far-field super-localization (previously successfully applied to

fluorescent beads; Gelles et al., 1988) to single molecules (Schmidt et al., 1996). Super-

Localisation is based on the assumption that all photons in an Abbe diffracted image of a

single molecule (~250 nm wide) arise from the emission cross-section of the fluorescent

dipole of the molecule (~2 nm in the case of GFP; Backlund et al., 2014). These photons

are distributed in a way that is defined by the point spread function (PSF) of the microscope

(Section 1.4; Fig. 1.7). This photon distribution can be sampled at multiple points using a

sensitive camera and a fit performed using a model of the PSF (typically an Airy function
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Single Molecule 

Localisation

Fig. 1.7 Single molecule localisation. Top:
Noisy, pixelated, diffraction limited image of a
single molecule. Middle: grey, A Gaussian fit
to the intensity values in the image; orange, a
probability distribution for the location of the
fluorophore with width σloc ∝ σPSF/

√
N cal-

culated from the Gaussian fit. Bottom: high
pixel density image of the location distribution.
Green line: True fluorophore position.

or Gaussian for simplicity). The central parameter of this distribution can be determined

by fitting with a precision proportional to the σPSF/
√

N, where σPSF is the width of the

PSF and N is the number of photons detected (Michalet and Weiss, 2006; Mortensen et al.,

2010; Rieger and Stallinga, 2014; Thompson et al., 2002). Super-Localisation led to the

establishment of single molecule tracking, one of the first examples of which was the

nanometre-scale precision tracking of kinesin driven movements (Gelles et al., 1988). The

extension of single molecule detection to live cells (Mashanov, 2003) has since established

single molecule tracking as an important technique in cell biology (Kusumi et al., 2014).

3D super-localisation can be achieved via bi-plane imaging (Ram et al., 2007), astigmatism

(Kao and Verkman, 1994) or helical shaping of the PSF (Pavani et al., 2009).

1.9 Breaking the diffraction limit

In itself, single molecule imaging and super-localisation do not provide super-resolution

images of structures. A theoretical concept proposed by Betzig (1995) suggested a route to

achieving this by noting that molecules separated by distances smaller than the resolution

limit could be resolved by separation of the signals in an additional imaging dimension,

for example, spectral differences. This was demonstrated experimentally, by imaging of

multiple single fluorophores, soon after by van Oijen et al. (1998) and later achieved using

sequential photobleaching as the method of discrimination (Gordon et al., 2004; Qu et al.,

2004). The development of super-resolution using super-localisation in cells followed after

the discoveries (discussed in section 1.5) that fluorescent molecules could undergo frequent

transitions between fluorescent, meta-stable dark and stable long-lived dark states. It was

found that the transitions between these states could be partially controlled by irradiation

with different wavelengths of light (Ando et al., 2002; Moerner et al., 1997; Patterson,

2002). The discovery of these mechanisms, specifically in photo-activatable GFP (PA-GFP;
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Fig. 1.8 Illustration of the SMLM imaging process. Left: When all fluorophores are simultaneously in a
photon emitting state, diffraction renders structures unresolvable. Middle: Stochastically photo-switching
fluorophores imaged over time across several frames give rise to a sequence of sparsely populated images
where each fluorophore can be isolated and localized with high precision. Right: Aggregating and rendering
these localised fluorophore positions gives rise to a super-resolved image. Data from Sage et al. (2015)

Patterson, 2002), provided the ideal dimension for fluorophore separation – time – and

enabled the invention of Photo-Activated Localisation Microscopy (PALM; Betzig et al.,

2006).

In PALM, the sample is labelled with photoactivatable or photoconvertible fluorophores

such as the fluorescent protein PA-GFP which initially resides in a stable long-lived

dark state when imaged using 488 nm illumination. On exposure to a pulse of intense

UV illumination a minute and random subpopulation of fluorophores can stochastically

transition into an actively fluorescent state (Fig. 1.8). Widefield images are sequentially

acquired capturing images of the active fluorophores before they are permanently bleached

by the excitation illumination. The active fluorophores in each camera frame can in general

be identified individually and precisely localised due to their low concentration and thus

sparse spatial distribution. This process is repeated tens of thousands of times until the

majority of fluorophores are localised. Finally, localized fluorophores are plotted in space

to generate a super-resolution reconstruction of the underlying fluorophore distribution

(Fig. 1.8). Differing in fluorophore control mechanism, but not in principle, a number

of methods were developed independently either simultaneously or soon after PALM.

Significant among them, Stochastic Optical Reconstruction Microscopy (STORM; Rust

et al., 2006), made use of the long lived dark state observed in the organic fluorophore Cy5

and stochastic reactivation by excitation of Cy3 fluorophores in close proximity (Section

1.5). Other examples include, but are not limited to, F-PALM (Hess et al., 2006), dSTORM

(Heilemann et al., 2008), GSDIM (Testa et al., 2010), BLINK-microscopy (Cordes et al.,
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2010), SPDM (Lemmer et al., 2008) and EYFP photo-recovery (Biteen et al., 2008) with

additional control afforded by photochemical (Lee et al., 2010) and enzymatic (Lee et al.,

2013) techniques. Collectively these methods have become known as Single Molecule

Localisation Microscopy (SMLM) techniques and are reviewed in greater detail elsewhere

(Fornasiero and Opazo, 2015; Henriques et al., 2011; Herbert et al., 2012; Huang et al.,

2009; Thompson et al., 2010, 2012).

Noteworthy for its conceptual difference, points accumulation for imaging in nanoscale

topography (PAINT; Sharonov and Hochstrasser, 2006) allows SMLM by super-localisation

of fluorophores transiently bound to a target. Due to rapid diffusion and low concentration,

fluorophores in solution contribute a uniform background. When bound however, the

temporarily stationary fluorophores appear as a diffraction limited spot that can be localised

and which disappears after bleaching or dissociation of the fluorophore. The independence

from the photophysics of the fluorophore in this method is an advantage that has been

fully realised by the development of DNA-PAINT (Jungmann et al., 2010) in which a

fluorescently labelled DNA oligonucleotide transiently associates with its immobilised,

complementary sequence oligonucleotide. DNA-PAINT allows standard immunolabelling

to be used and the binding and unbinding rates can be carefully controlled by the choice of

oligonucleotide sequence leading to a range of potential uses (Agasti et al., 2017; Jungmann

et al., 2016, 2014).

SMLM is made possible by the exploitation of the non-linear effects of stochastic

detections of single fluorophores either through photophysical properties of fluorophores

or single molecule binding kinetics. Another approach would be to exploit non-linearities

in the photophysics of fluorophores in a controlled manner to maintain a tight spatial

distribution of emitting fluorophores adding a priori knowledge that can be used to infer

fluorophore position beyond the diffraction limit.

At approximately the same time that the first single molecule images of fluorophores

were being produced a theoretical paper was published proposing that the diffraction

limit could be broken in a focused laser scanning fluorescence microscopy by spatially

controlled stimulated emission (Hell and Wichmann, 1994). In this method, Stimulated

Emission Depletion (STED) microscopy, a second laser beam is focused into the sample at

the same location as the excitation beam of a confocal microscope. The wavelength and

intensity of this STED beam is chosen such that stimulated emission (Section 1.5; Evans,

2001) of excited fluorophores occurs with much greater probability than fluorescence.

Since stimulated emission occurs at the well defined wavelength chosen, photons emitted

as a result of the STED beam can be chromatically separated from photons emitted by

fluorescence using filters. When the STED beam is circularly polarised and passed through
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a helical phase ramp, it is beam-shaped into a ring and only induces stimulated emission

in the periphery of the diffraction limited focal spot of the excitation beam. This allows

spatial confinement of the fluorescence based on the location of fluorophores within the

focal volume of the excitation beam thereby increasing resolution. As in confocal, this

beam pair is scanned across the imaging volume with the number of photons detected at

each scan position forming a super-resolution image. STED was eventually implemented

in 1999/2000 (Klar and Hell, 1999; Klar et al., 2000).

Being a scanning approach, 3D imaging is much more readily achievable using STED,

in comparison to SMLM which requires the adoption of PSF engineering techniques like

astigmatism (Kao and Verkman, 1994). The extent of the confinement of the detected

fluorescence however, is dependent on the ratio of the intensities of excitation and STED

illumination. As a consequence, the resolution achieved by STED is dependent on the

intensities of the STED beam and very high intensities must be employed to practically reach

resolutions approaching 40 nm to 50 nm in biological samples. This can result in significant

photodamage to the sample and photobleaching of the fluorophores, a problem that is

compounded by the fact that the depleted fluorophores do not reside in a stable dark state but

continuously cycle between excited and ground states with emitted photons from stimulated

emission filtered on the basis of wavelength. Variants of STED that attempt to overcome

this problem by using the donut shaped beam to transition fluorophores into metastable

dark states rather than use stimulated emission have been conceived which typically allow

the use of lower laser intensities and result in less photobleaching, for example REversible

Saturable Optical Linear Fluorescence Transitions (RESOLFT; Hofmann et al., 2005) and

Ground State Depletion (GSD; Bretschneider et al., 2007). Later advances were made; in

image quality and prevention of photobleaching through the use of pulsed excitation and

temporal gating (Moffitt et al., 2011; Vicidomini et al., 2011), further beam shaping to allow

3D resolution gains (Wildanger et al., 2009) and speed of acquisition by parallelisation

(Bingen et al., 2011).

The nonlinear effects of fluorophore dark states, blinking and particularly fluorescence

saturation can also be used to achieve theoretically unlimited resolution improvements under

structured illumination schemes too. Nonlinear-SIM (NL-SIM; Gustafsson, 2005) utilises

the non-linear saturation response of fluorophores to substantial illumination intensities,

encoding additional high-frequency harmonics in the lower frequencies of the recorded

images. More recently, patterned photo-activation has been combined with NL-SIM (PA-

NL-SIM; Li et al., 2015) to improve resolution at significantly lower illumination intensities

than used in NL-SIM. The principles of SIM have also been combined with light-sheet

microscopy (Huisken and Stainier, 2009; Mertz, 2011) to produce the lattice light-sheet
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microscope (Chen et al., 2014) which represents the current benchmark in optical design.

When combined with PAINT, the lattice light sheet was recently used to demonstrate whole

cell super-resolution microscopy in 3D with isotropic nanometre resolution. Separately the

lattice light sheet is capable of high resolution, high speed imaging with isotropic resolution

across large 3D volumes at sample illuminations compatible with short term imaging of

live cells and embryos.

Considering the relative novelty and ongoing development of super-resolution tech-

niques the biological advances already made utilising these methods are extensive. These

advances span a range of biological fields and are most obvious in the study of cellular

architecture. Some of the most significant advances arise when comparing to previous

results obtained via methods requiring ensemble averaging. This can often reveal the

presence of heterogeneous component elements of large-scale cellular processes. Extensive

reviews of advances in the fields of microbiology (Biteen and Moerner, 2010; Coltharp

and Xiao, 2012), neuroscience (Sigrist and Sabatini, 2012; Tønnesen and Nägerl, 2013),

genetics (Han et al., 2013), viral infection (Grove, 2014; Müller and Heilemann, 2013;

Pereira et al., 2012) and other biomedical fields (Hell et al., 2015; Huang et al., 2009; Sauer,

2013) can be found elsewhere.

1.10 Live-cell super-resolution microscopy

Life is characterized by its dynamic nature meaning there is a great need for live cell

imaging to elucidate these biological processes. The maximum achievable resolution in

super-resolution microscopy however, is primarily dependent on the number of illuminating

photons (STED) or detected photons (SMLM), depending on the method (Michalet and

Weiss, 2006; Mortensen et al., 2010; Rieger and Stallinga, 2014; Thompson et al., 2002).

As a consequence, super-resolution microscopy naturally excels in fixed samples, which

are static allowing long acquisition times and immuno-labelling with bright organic fluo-

rophores. Fixation techniques commonly introduce artefacts however, such as membrane

disruption and degradation of ultra-structure (Schnell et al., 2012).

Photo-toxicity, light induced cell damage, becomes an important factor to consider

when imaging live cells as a recent quantification of photo-toxicity highlights (Wäldchen

et al., 2015). Damage is exacerbated at shorter illumination wavelengths and in the presence

of fluorophores, which produce reactive oxygen species under high illumination intensities

(van de Linde et al., 2012; Zheng et al., 2014). Consequently, even photo-insensitive

cell lines can only withstand a few minutes of illumination with light intensities up to

~1 kWcm−2 at 640 nm wavelengths (Wäldchen et al., 2015). For reference, 0.5 kWcm−2
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corresponds to the order of magnitude of the total dose per image typically applied in

confocal scanning microscopy (Pawley, 2006). In the presence of the second beam in STED

microscopy this dose can rise to as much as 106 kWcm−2 with peak intensities > 100s of

MWcm−2 possibly causing very rapid cell damage (Wegel et al., 2016). Conversely, SMLM

techniques often only use intensities in the range of 1 kWcm−2 to 20 kWcm−2 but require

constant illumination of the sample for up to 10s of minutes. SIM (while not strictly a super-

resolution technique) is a very attractive alternative allowing significantly lower intensities

and short acquisition times while maintaining compatibility with conventional fluorophores

such as GFP. Conventional, low-intensity SIM however, only achieves a doubling of the

resolution and, as with STED, requires expensive additional optical components. In light

of this, recent years have seen focus put on developing live-cell compatible approaches to

SMLM.

The ability to perform live-cell SMLM depends on the detection of a sufficient number

of fluorophores to meet the Nyquist sampling criterion while reducing the acquisition

time to minimize motion blur artefacts (Liu et al., 2015; Sauer, 2013; Shroff et al., 2008).

By increasing the rate of fluorophore transitions between fluorescent and dark states and

increasing the frame rate of the camera sufficient fluorophore detections can be achieved.

Fluorophore transition rates are typically increased by the choice of fluorophores (Dempsey

et al., 2011), higher laser intensities (Heilemann et al., 2008), reactivation of fluorophores

with short wavelength illumination (van de Linde et al., 2009) and chemical environment

(Henriques et al., 2011). The development of probes that stochastically switch between

a fluorescent and dark state at designed or controllable rates that do not depend on high

intensity illumination or a toxic chemical environment would be a significant contribution

to live-cell SMLM and Super-Beacons (Chapter 3) are a candidate to fill this role.

In order to take full advantage of fast photoswitching rates, sCMOS cameras with faster

frame rates than the traditionally used EMCCD cameras, have been employed (Huang

et al., 2013, 2011; Long et al., 2012; Saurabh et al., 2012). The accuracy of SMLM using

sCMOS cameras was initially effected by the patterned noise characteristics of this type

of sensor, but this has been significantly improved by calibration and modification of the

data analysis algorithms used to perform super-localization (Huang et al., 2013). Other

advances in super-resolution algorithms, described in the following section, have greatly

increased the applicability of SMLM to live-cells, made improvements in accuracy and

precision, decreased analysis times and greatly increased the accessibility of SMLM to the

biological community.
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1.11 Image analysis in super-resolution

A key moment in the the evolution of fluorescence microscopy in general was the invention

of the CCD and the move to digital imaging. The capabilities of today’s imaging systems

often lead to enormous data sets that can require significant post-processing power for

even just their visualisation. Image (and to a lesser degree signal) processing methods

specifically in the context of fluorescence microscopy are still in their relative infancy,

despite their need in the interpretation and distillation of large image datasets. It is no

surprise therefore that image processing has become a significant component of research

involving fluorescence microscopy.

Specifically in the case of super-resolution microscopy, data analysis algorithms often

form an essential element and, to some degree, super-resolution by data analysis pre-

dates the methods outlined above (Betzig, 2015). Many techniques that can be used

to achieve super-resolution are borrowed from other fields such as deconvolution from

astrophysics (Richardson, 1997; Sibarita, 2005). The use of data analysis techniques is

most impressively demonstrated in high-volume manufacturing of semiconductors where

structural information at 1/1000 of the wavelength can be extracted. To achieve this

mathematical models of diffraction combined with a priori knowledge of the sample were

used to measure sub-Ångström defects in features on semi-conductor wafers (Betzig, 2015).

SMLM is reliant on algorithms to perform super-localisation. These traditionally follow

a three step process (Small and Stahlheber, 2014): fluorophore identification by filtering,

peak detection and thresholding; super-localization of fluorophores by least squares or

maximum likelihood fitting of a model PSF; storage of fluorophore positions for post

processing and rendering as a histogram or sum of Gaussians. While reconstruction methods

can impact image quality and resolution, the detection rate (positive predictive value and

sensitivity of detections) combined with the localization precision are key determinants in

the accuracy of the super-resolution reconstructions. The number of photons detected limits

the localization precision to the theoretical Cramér-Rao Lower Bound (CRLB; Rieger and

Stallinga, 2014) under single molecule conditions (defined here as a separation greater

than ~1.5 µm between emitting fluorophores). A recent analysis of more than 30 software

packages written for processing SMLM data (Sage et al., 2015) demonstrates that most

of these algorithms are capable of approaching this theoretical limit. This analysis also

highlights the relative advantages of various algorithms. For example ThunderSTORM

(Ovesný et al., 2014) produces highly accurate super-resolution data and QuickPALM

(Henriques et al., 2010), greatly improves the accessibility of super-resolution through

increased usability and reduced analysis times. However, large gains in detection rates at
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low signal to noise ratios can still be achieved algorithmically. Improvements can also be

achieved algorithmically in both detection rates and precision when the single molecule

condition is broken.

Some specialised “high-density” algorithms have been designed to localize fluorophores

that do not meet the single molecule condition having separations in the range of 1.5 µm

down to approximately 0.15 µm. Many of these high-density algorithms, for example

ThunderSTORM (Ovesný et al., 2014), make use of maximum likelihood estimation fitting

with a Gaussian mixture model to fit multiple overlapping fluorophores. An improvement

on this technique of fitting overlapping fluorophores can be achieved by fitting with a

mixture of the experimentally measured PSF, such as in DAOSTORM (Holden et al.,

2011), which represents the gold standard of freely available high-density algorithms (Sage

et al., 2015). Notable alternative methods include FALCON (Min et al., 2014), which uses

deconvolution with an l1-norm sparsity prior followed by deconvolution with a fixed spatial

support to find initial estimates of fluorophore locations that are refined in continuous space

using a Taylor approximation of the PSF.

These high density localization algorithms have begun to make possible live-cell SMLM

(Huang et al., 2013; Min et al., 2014) since allowing the single molecule condition to be

broken permits enough fluorophores to be acquired to meet the Nyquist criterion (Shroff

et al., 2008) in significantly shorter acquisitions. Nonetheless, at smaller fluorophore

separations even these algorithms suffer from substantial imprecision, poor detection

rates and artefacts (Erdélyi et al., 2015; Nieuwenhuizen et al., 2015). As a result, it is

critical to maintain high fluorophore transition rates such that the density of fluorophores

simultaneously emitting remains within the boundaries of the algorithm used. These

conditions are difficult to meet when dealing with dynamic processes in cells that frequently

present a large heterogeneity in fluorophore densities (Nieuwenhuizen et al., 2015; Shroff

et al., 2008).

Algorithm development with the aim of overcoming these limitations has resulted

in the establishment of a new class of image processing based super-resolution methods

circumventing the requirement for individual fluorophore localizations entirely. These

methods follow similar principles to SMLM where analysis of a temporal sequence of

images acquired in a standard TIRF or widefield microscope produces a single super-

resolution reconstruction. Contrary to SMLM however, this reconstruction is calculated

directly from the image data, not from rendering of super-localized fluorophores. Three of

these image processing based algorithms are of particular note for effectively demonstrating

live cell super-resolution. First, DeconSTORM (Mukamel et al., 2012), which reconstructs

super-resolution images by averaging extensively deconvolved images of sub-populations
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of fluorophores. Second, 3B (Cox et al., 2011), which uses a model of fluorophore

kinetics as the prior for Bayesian analysis of the entire data set. Finally, Super-resolution

Optical Fluctuation Imaging (SOFI) (Dertinger et al., 2009) which uses higher order

statistical analysis of temporal fluorophore intensity fluctuations. Super Resolution Radial

Fluctuations (Chapter 5) falls into this category of super-resolution techniques, building

on and overcoming some of the limitations of DeconSTORM, 3B and SOFI to achieve

fast live-cell super-resolution with conventional fluorophores in a range of conventional

microscope modalities.





Chapter 2

Performance Evaluations by in silico

Microscopy

The new form of the problem can be

described in terms of a game which we

call the “imitation game”.

Alan Turing

2.1 Introduction

Simulated microscopy is a powerful tool in experimental design and validation of experi-

mental results providing insights not usually available from experiment alone (Sage et al.,

2015). The versatility and benefits of simulation have lead to large range of resources being

made available for performing simulations of data from SMLM and related fields (Girsault

et al., 2016; Lindén et al., 2016; Novák et al., 2017; Sinkó et al., 2014; Venkataramani

et al., 2016). The principle of simulated imaging is to replicate experimental data in silico

with known ground truth parameters in order to test analysis methods, generate and test

hypotheses and identify limitations.

Use of simulations in scientific research more generally originated in the field of atomic

physics in the 1950s and are perhaps most famously applied to predictive models in climate

science (Giorgi and Mearns, 1991). Recently simulation has become a ubiquitous tool in

life sciences research particularly in systems biology (Bartocci and Lió, 2016; Székely and

Burrage, 2014), population and evolutionary genetics (Hoban et al., 2012) and structural

biology (Karplus and McCammon, 2002). In all of these cases the principle focus is

typically the evolution of a model of a physical or statistical process in order to make

predictions or explore the behaviour of physical models in comparison to experiment.
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Simulated microscopy differs subtly in that the focus is the simulation of the experimental

tool of data acquisition, the microscope. In this way the imaging process itself is modelled

including its effect on a known ground truth subject; therefore conclusions can be drawn

about the influence of the imaging process on the data acquired.

In this chapter simulated imaging is performed in order to quantitatively assess two

analysis methods. This is achieved by applying the analysis technique to simulated images

and comparing the results to the known, simulated, ground truth values. This gives a range

of information about the analysis methods, most importantly the precision and accuracy of

estimates produced by the analysis under different experimental conditions.

Simulations, by their nature, require assumptions that may be wrong or incomplete. As

such the actual ‘real world’ effectiveness of a method cannot always be reliably judged

from simulations. In general though the relative importance of experimental parameters

can very clearly be determined. Given this, the motivation for using simulations to estimate

the accuracy and precision of these methods is two fold. First, while the precision can

be approximated from experimental results, by for example bootstrapping, biases cannot.

These experimentally derived estimates of precision are also subject to statistical sampling

and so rely on assumptions of independence and require large datasets. Secondly, once

a simulation method is constructed it provides a time efficient way of exploring many

parameters and generating large sample sizes. Furthermore the parameters in the simulation

can be decoupled such that independent effects on accuracy and precision can be elucidated.

Apart from assessing quality of an analysis method this information allows experimental

design that maximises the quality of data.

The first simulation presented, is used to determine the quality of a microtubule end

tracking method that could have potential in live cell applications. For one specific experi-

mental condition in vitro, the precision of this method was previously determined, using a

bootstrapping approach, to be on the order of ~16 nm (Maurer et al., 2014). This tracking

precision strongly influences quality of subsequent image analysis steps and conclusions

drawn from the found microtubule end positions. Here, the tracking performance for a wide

range of in vitro imaging conditions is quantitatively characterised and routes to optimising

the data acquisition process are suggested.

The second simulation presented, is used as a ground truth to evaluate a novel analysis

method for extracting the kinetics of photoswitching fluorophores. Fluorophore photo-

switching influences the quality of SMLM data and can determine suitability for live-cell

applications. As such, accurate measurement of these parameters is important for SMLM

experiment design. Here, it is shown that experimental parameters affect the estimations of

photoswitching rates made by traditional distribution fitting analysis methods. For example,
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changes in illumination intensity which dictate the mean fluorophore on-state time also

influence the SNR effecting the estimate derived from distribution fitting. Simulations allow

these effects to be decoupled and demonstrate they have a significantly reduced impact on

the newly developed method.

2.2 in vitro microtubule end tracking

Microtubules are dynamic, self organising, filamentous, protein polymers that form one

of the three main components of the intracellular cytoskeleton. The dynamics of micro-

tubules and their interactions with other intracellular assemblies are critical in a range of

key cellular processes, such as cytokinesis and differentiation. As such they are closely

regulated by a large number of Microtubule Associated Proteins (MAPs; Duellberg et al.,

2013; Howard and Hyman, 2009). In order to understand the molecular mechanisms and

kinetics underpinning the dynamic properties of microtubules and their regulation, in vitro

fluorescence microscopy of microtubule growth can be performed (Fig. 2.1). The kinetics

of polymerisation and depolymerisation of individual microtubules can then be measured

by tracking of the end position of the microtubule over time (Danuser et al., 2004).

Microtubule filaments comprise of a non-covalently bound lattice of αβ -tubulin het-

erodimers of about 8 nm in length and 4 nm diameter. The lattice arranges in 13 protofil-

aments to form a rigid tube with an outer diameter of 25 nm that can vary in length, up

to as long as tens of micrometers (Fig. 2.1a; Mandelkow, 1986). Single polymerisation

or depolymerisation events can occur at a rates of the order of ~300 s−1 in physiological

conditions and result in ~0.62 nm change in the average microtubule end position (Gardner
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Fig. 2.1 Experimental dynamic mi-
crotubule assay. (a) Schematic of
a dynamic microtubule attached to
a glass coverslip, showing a fluo-
rescently labelled end binding pro-
tein, such as EB1-GFP, accumulat-
ing at the growing microtubule end.
(b) Left – Example image from a
TIRF microscopy movie showing
EB1-GFP (green) binding to a Cy5
labelled microtubule (red). Right
– time series of successive frames
of the movie showing growth and
shrinkage of a microtubule end.
Adapted from (Bohner et al., 2015).



68 Performance Evaluations by in silico Microscopy

et al., 2011). The fine balance between the rate of addition and loss of subunits results

in a moderate average growth velocity, vg, of 1 nms−1 to 10 nms−1 but the rapid kinetics

implies a diffusion, Dg, about this mean growth on the order of 20 nm2 s−1 to 300 nm2 s−1

(Gardner et al., 2011). These changes are well beyond the capabilities of conventional

diffraction limited microscopy and ‘Super Localisation’ methods (Chapter 1.8) must be

employed in order to track microtubule ends.

Super Localisation of the microtubule ends has commonly been achieved indirectly via

fluorescently labelled proteins of the End Binding (EB) family that specifically accumulate

at growing microtubule end regions (Fig 2.1). Imaging of these EB proteins provides

a high contrast spot that can be localised using conventional single molecule tracking

algorithms (Matov et al., 2010). It is important to note however that it is not a single

molecule that is localised in this case, but rather the temporally averaged central location

of a distribution of many individual EB proteins. The spatial size and position of these

distributions relative to the microtubule end differs between EB proteins and changes

depending on the growth dynamics (Dixit et al., 2009; Duellberg et al., 2016; Maurer

et al., 2014; Rickman et al., 2017). Furthermore, EBs typically do not recognise pausing

or shrinking events (Fig. 2.1b) making tracking of the entire microtubule life history

not possible. Finally, structural information about the the length distribution of the 13

individual protofilaments is not conveyed by the EB distribution. Dynamic information

about this protofilament length distribution called ‘end taper’ that has been observed in

electron microscopy images (Chretien, 1995), could provide insights into the mechanisms

of polymerisation and depolymerisation (Coombes et al., 2013; Gardner et al., 2011;

Maurer et al., 2014). For this reason methods have been developed that directly localise the

microtubule end (Demchouk et al., 2011; Maurer et al., 2014; Prahl et al., 2014; Ruhnow

et al., 2011).

Direct localisation of microtubule ends is achieved by fitting the acquired image data

with a function that is the result of a convolution of the distribution of fluorophores at

the end of the microtubule and the PSF of the microscope. This fit provides estimates for

parameters of the fluorophore distribution from which the end position and details of the end

structure can be inferred. Both 1D models (Demchouk et al., 2011; Prahl et al., 2014) and

2D models (Ruhnow et al., 2011) of intensity at the microtubule end have been proposed and

can provide highly accurate estimates of end position for individual fits. In order to reach

this accuracy however, reasonable initial parameter estimates must be supplied, requiring

accurate segmentation of the microtubules in the image. In dynamic microtubule assays

high concentrations of free tubulin are present that considerably increase the background

fluorescence even when using TIRF illumination. The resulting relatively low SNRs mean
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that despite considerable human input standard threshold-based algorithms rarely succeed

in segmenting microtubules with high fidelity. Furthermore, the highly diffusive growth,

thermal fluctuations (wiggling) and irregular transitions from growth to rapid shrinkage

(and vice versa) of dynamic microtubules inhibits the use of standard tracking algorithms

that predict the frame to frame initial parameter estimates. As a consequence the tracking

in microtubule ends at the low SNR of dynamic microtubule assays has been challenging.

Microtubule dynamics analysis algorithm

Recently, a novel segmentation algorithm using image filtering and microtubule dynamics

predictions was presented to provide reliable initial values estimates for the 2D model

fitting (Maurer et al., 2014). This algorithm called here, Microtubule Dynamics Analysis

(MDA; Fig. 2.2) generates unbroken, long tracks of the microtubule end position in images

with low SNR in an automated manner. A detailed description of the algorithm is given by

Maurer et al. (2014) and Bohner et al. (2015). Briefly, the workflow of the algorithm is as

follows:

• The user manually identifies microtubules to be tracked in the first frame (Fig. 2.2a,

t=0) by clicking along the axis (backbone) of a microtubule. All subsequent steps are

automated.

• To the entire image stack, an adaptive Wiener filter (Lim, 1990) is applied to reduce

noise and a Wallis filter (Wallis, 1976) is applied to remove low frequency spatio-

temporal intensity changes (Fig. 2.2b(2)).

• Each frame is smoothed using a configurable averaging filter.

• The brightest pixels in the vicinity of the backbone found in the previous frame (or

the user defined points for t=0) are identified (Fig. 2.2b(3)). Perpendicular variations

are allowed to account for image drift and thermal fluctuations (wiggling; Fig. 2.2e).

• An axial 1D intensity profile including extrapolated points is generated (Fig. 2.2b(4)).

• A ‘proposed growth’ function is generated (Fig. 2.2c, green curve) based on the

previous frames’ end points. The proposed growth model is calculated based on

the current dynamic state (polymerising or depolymerising), the experimental pa-

rameters and growth speed and variability. The proposed growth function is such

that transient phases of depolymerisation are allowed when the microtubule is in the

‘polymerisation’ state and vice versa.
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period; the coloured points show the tracked end position at each time point. Adapted from (Bohner et al.,
2015).

• The maximum of the 1D intensity profile weighted by the growth function (Fig. 2.2c,

grey line) is defined as a new proposed end point for subsequent fitting (Fig. 2.2c,

black dashed line).

• A binary image is generated from the pixels that fall along the 1D intensity profile

within the proposed end points (Fig. 2.2b(5)).

• Morphological dilation and closure are used to create a connected binary image that

covers the extent of the microtubule (Fig. 2.2b(6)).

• Segmentation is used to select raw image data for 2D fitting using a standard gradient

descent procedure to fit a parametric model as presented in Ruhnow et al. (2011)

using the proposed end point and orientation of the 1D profile as initial parameter

estimates (Fig. 2.2d).

The final outputs of the algorithm are the estimates of the values and errors of the fitted

model parameters for each end of each microtubule for the time course of the input image
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sequence (Fig. 2.2e). Multiple 2D models can be assumed, but here, unless otherwise

indicated, a ‘Gaussian wall-end’ model is used. This model consists of two parts; first, a

Gaussian wall starting at [x0,y0] in the direction defined by θ with width σ , amplitude A

and background B, second, a half 2D Gaussian distribution with centre [x0,y0] , width σ ,

amplitude A and background B.

I(x,y) =

 B+A · exp(−((x− x0)
2 +(y− y0)

2)/(2σ2)), for t ≥ 0

B+A · exp(−((x− x0)sin(θ)+(y− y0)cos(θ))2/(2σ2)), for t ≤ 0
(2.1)

t =−(x− x0)sin
(

θ − π

2

)
+(y− y0)cos

(
θ − π

2

)
+

1
2

(2.2)

This model implicitly assumes a blunt microtubule tip, i.e. equal length protofilaments,

and the ‘measured’ microtubule end position can be extracted from the fit as the position of

the half maximum of the Gaussian intensity on the axis defined by θ .

When applied to simulated data this measured end position can be compared to the

known end position, directly providing the tracking error. As such, the goal of the simula-

tions in this case is to closely replicate data acquired by time lapse TIRF microscopy, of

fluorescently labelled microtubules growing from surface-immobilised, stabilised micro-

tubule seeds (Fig. 2.1a; Maurer et al., 2014). For this reason a detailed description of the

experimental data in question follows.

Microtubule dynamics assays

In microtubule dynamics assays the density of the microtubules seeds is such that crossing of

two filaments is rare. Microtubules are directly labelled with a far red emitting fluorophore

in order to allow for dual colour imaging with GFP labelled MAPs. This labelling is

typically performed at ratios in the range 0.1 to 0.2 fluorophores per tubulin subunit in

order to minimally perturb microtubule polymerisaiton. The velocities of microtubule

growth in vitro can vary widely in a range from 1 nms−1 to 150 nms−1 while velocities of

microtubule shrinkage can range from 0.3 µms−1 to 1 µms−1. Images are acquired using a

1.49 NA, 100x magnification objective lens and an EMCCD camera resulting in an effective

pixel size of 120 nm in object space. Time lapse image sequences are acquired with an

interval of between 0.2 s and 3 s with an exposure time of between 100 ms and 300 ms. The

PSF of the system being simulated was measured using 100 nm fluorescent beads, after

deconvolution of the bead size (Voort and Strasters, 1995) the PSF was found to have a

FWHM ~315 nm at a wavelength of 670 nm. An example time sequence of Cy5-labelled

microtubules polymerised in the presence of the GFP-labelled end binding protein EB1 is

provided in figure 2.1b under the conditions described in Maurer et al. (2014).
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It becomes clear from the application of the tracking algorithm to experimental micro-

tubule images that the SNR is an important parameter in determining the tracking quality.

This parameter is difficult to quantify exactly since it varies locally and is dependent not

only on the signal intensity and variance but on the background distribution of photons from

unpolymerised tubulin. Traditionally in fluorescence microscopy, photon arrival statistics

at the detector mean that a Poisson distributed signal in a dark background can be assumed.

If the SNR is defined as the ratio of the signal to the standard deviation of the signal, this

assumption leads to the simple relation, SNR = P/σ =
√

P where P is the number of signal

photons. In order to quantify the SNR in the specific case of the microtubule dynamics

assays the signal is defined as the difference in intensity of the microtubule IMT and the

background, IBG and the noise to be the L2 norm of the respective standard deviations σMT

and σBG.

SNR =
IMT − IBG√
σ2

MT +σ2
BG

(2.3)

Empirically these values can be calculated for each microtubule end using two 1×0.4

µm2 boxes, one placed on microtubule near its end, and one shifted by 1 µm to identify

the local background statistics. Measured in this way, the SNR of the example shown

in Figure 1 is quite moderate, in the range of 2 to 3. This is due to the presence of

micromolar concentrations of unpolymerised fluorescent tubulin which despite the very

shallow imaging volume created by TIRF illumination contributes a significant uniformly

distributed background.

2.2.1 Simulations of dynamic microtubule growth

The simulation of microtubule dynamics assay data was performed in MATLAB (Math-

Works, Inc., USA) using a modified version of the approach presented in Gustafsson (2014).

Briefly, the work-flow of the simulation is as follows:

• An initial protofilament length distribution (measured in subunits) is defined and sub-

units are randomly attributed a labelled or unlabelled state with uniform probability

equal to the labelling ratio.

Each of the following steps is performed at each time point in the time lapse image

sequence:

• The change (addition or loss) in the number of tubulin subunits in the time since the

previous time point is determined by randomly sampling from a Skellam distribution

parametrised by the on-rate and off-rate of tubulin addition and loss. This can
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be approximated by a normal distribution with mean and variance defined by the

velocity, vg, and diffusion, Dg, coefficients of the growth model (Gardner et al., 2011;

Gustafsson, 2014; Oosawa, 1970).

• Subunits are added to or removed from protofilaments sequentially starting with the

last protofilament to change length. This maintains a constant protofilament length

distribution. Each new subunit is randomly attributed a labelled or unlabelled state.

• Axial and lateral coordinates of the labelled subunits are determined using the 3 start

B lattice model with radius 25 nm and αβ -tubulin subunit length 8 nm (Fig. 2.3a;

Mandelkow, 1986).

• The lateral coordinates are modified in an axially dependent manner to simulate

thermal bending fluctuations. A 1st order, uniformly loaded, cantilever beam model

(Gittes et al., 1993) is used with the start point considered clamped and a normally

distributed random ‘Lateral Deflection’, mean = 0, standard deviation = σLD.

• The axial and lateral coordinate set is rotated and translated to random position and

orientation within the coordinates of the image frame.

• Rendering of the contribution of each fluorophore was performed by pixel centre,

point sampling of a normalised 2D Gaussian with fixed sigma of 135 nm, as an

approximation to the microscope PSF centred at each lattice bound labelled subunit

position.

• The peak of the Gaussian contribution from subunits added or removed during the

exposure time was scaled linearly with distance from the protofilament end as a proxy

for time spent in the lattice to account for finite exposure time effects (Gustafsson,

2014).

• A mean, expected photon count detected in each pixel is subsequently generated by a

sum of the contributions to each pixel from all fluorophores. This sum is scaled to

match the empirically determined signal of the microtubule IMT − IBG (Eq. 2.3). A

constant background photon count IBG is added to every pixel.

• Photon arrival statistics are simulated by sampling from a Poisson distribution with

rate equal to the expected photon count determined for each pixel.

• The photon count was multiplied by the EMCCD camera photon conversion factor

and a normally distributed offset representing the EMCCD read noise (Hirsch et al.,

2013) was added to produce the final simulated images (Fig. 2.3b).



74 Performance Evaluations by in silico Microscopy

αβ tubulin dimer Fluorescent label

2 µm
0 50 100 150

−20

−10

0

10

20

Axial Position (nm)

La
te

ra
l P

os
iti

on
 (n

m
)

a b

Fig. 2.3 Simulation of a microtubule image (a) Schematic representation of the 3D structure of a microtubule
illustrating the random labelling of subunits (top) and the projection onto a 2D plane such that the position
can be mapped into an image (bottom). (B) An experimental TIRF microscopy (top) and a simulated (bottom)
image of a microtubule. Note: the bright part of the experimental microtubule is the more brightly labelled
’seed’. Adapted from (Bohner et al., 2015).

• Finally, the mean SNR is determined empirically from the simulated images via

equation 2.3 for direct comparison with experimental SNRs.

Justifications of the simulation

In order for the proposed simulation to be used in assessing the accuracy and precision of

the tracking algorithm a ‘ground truth’ microtubule end position must be defined against

which the tracked end position can be compared. The ground truth microtubule end point is

defined on the basis of the simulated structure, as the instantaneous mean of the coordinates

of the final subunit on each of the 13 protofilaments at the end of the exposure time.

The coordinates used are independent of protofilament length or the labelling state of the

subunits (Fig. 2.4a). The (x,y) localisation error is calculated as the difference between

this value and the localised end point found by tracking. For consistency, the simulated

orientation of the microtubule is used to project the (x,y) localisation error onto the axis of

the microtubule, giving an axial and lateral error (Fig. 2.4a). The mean and variance of the

distribution of these localisation errors define the accuracy and precision respectively. For

clarity, accuracy will be referred to here as the ‘offset’ from the true end (Fig. 2.4b).

In order to confirm the validity of the simulated data, an experiment was devised to

compare the precision of tracking the simulated data to tracking of experimental data. A

TIRF microscopy time lapse of surface-immobilised GMPCPP-stabilised microtubule seeds

in the absence of free tubulin was acquired as per the conditions in Maurer et al. (2014),

generating images with a high SNR (SNR > 3; Fig. 2.4c). This allowed the estimation of

the precision of the tracking algorithm since, in the absence of free tubulin there are no

polymerisation dynamics and the end position of the GMPCPP-stabilised microtubule seed

is constant. An equivalent static microtubule with the empirically matched labelling ratio,

intensity, and SNR was simulated (Fig. 2.4c). The distribution of the axial tracking errors in
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Fig. 2.4 Localisation errors of simulated and experimental static microtubule ends. (a) Schematic of a
simulated microtubule end showing tubulin dimers (blue squares) labelled with fluorophores (yellow circles).
The simulated end position is defined as the mean of the coordinates of the final subunit on each of the 13
protofilaments, independent of labelling state (red cross). The difference between this position and that
found from tracking the final movie (an arbitrary example position is shown as a green cross) define the
axial and lateral localisation errors. (b) Representative histogram of the axial errors found from tracking
simulated microtubules. The offset and precision are defined as the mean and standard deviation of the errors,
respectively. (c) A TIRF microscopy image of an experimental static GMPCPP-stabilised microtubule (top)
and a corresponding image of a simulated static microtubule (bottom). (d) As in (b), with the results of
tracking 12 real microtubule seeds over 201 frames, and 15 simulated seeds, generated with similar imaging
parameters to the real seeds, over 50 frames. Adapted from (Bohner et al., 2015).

the simulated case was generated by tracking 15 simulated seeds over 50 frames (Fig. 2.4d,

grey). For comparison, the true position of the microtubule end in the experimental case is

undefined and consequently the offset is not possible to measure. However, tracked end

positions in individual frames can be compared to the mean tracked position to generate

an equivalent error distribution. In this way, the distribution of axial tracking errors was

generated from tracking 12 real microtubule seeds over 201 frames. The similarity of the

measured precisions of 41 nm in the experimental case and 42 nm in the simulated case,

indicates realistic estimates of the precision can be generated using simulated data.

2.2.2 Microtubule end tracking performance

To quantitatively assess the accuracy and precision of MDA under a range of experimental

conditions, dynamic microtubule assay data was simulated (as described in section 2.2.1)

and tracked. A representative example of a 300 s section of a tracked growth episode

from simulated microtubule images is given in figure 2.5. In this example the simulated

mean SNR was 3.81, approximately equivalent to the upper limit of the range of observed
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Fig. 2.5 Tracked simulated microtubule growth. Top: Example traces for simulated and measured length as
obtained from tracking a simulated microtubule with highly diffusive growth using MDA. SNR = 3.81, vg =
10 nms−1, Dg = 300 nm2 s−1, σLD = 150nm, labelling ratio 0.2, pixel size 120 nm, exposure time 200 ms.
Bottom: Errors in length measurement and goodness of fit (coefficient of determination) of the microtubule
growth episode above. Adapted from (Bohner et al., 2015).

SNRs in experimental data (Maurer et al., 2014). This example is typical, in that reliable

tracking was consistently observed, even during highly diffusive growth episodes that

contain both pausing episodes and brief phases of depolymerisation. The tracking errors

and the goodness of the fit remained essentially unchanged. These observations allow an

initial qualitative assessment that MDA is well suited for the specific image conditions that

provide high quality fluorescence microscopy data from dynamic microtubule assay.

Reliable tracking at this relatively high SNR is expected since it is possible to achieve

using the previously published 2D tracking method (FIESTA; Ruhnow et al., 2011).

When the SNR is reduced however, two effects are seen using FIESTA. First, the tracking

efficiency or number of frames in which the end of the microtubule is identified and

localised reduces significantly. Second, the localisation precision of the end point in frames

that are tracked decreases significantly. MDA was developed with the goal of improving

these two limitations at low SNR. This is important feature for producing continuous,

unbroken tracks in data where the mean SNR over the full time course is in the range of 2

to 3 but variations in individual frames result in local SNRs as low as 1.2.

In order to confirm this was achieved, a series of datasets were simulated with a range

of SNRs in order to quantify the differences between MDA and FIESTA (Fig. 2.6). At
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Fig. 2.6 Comparison of MDA and FI-
ESTA. Comparison of tacking efficiency
(frames tracked) and tracking errors (root
mean square error in position) at a range
of experimental SNRs. Parameters were
optimised separately for both programs
and manual thresholding was performed
when using FIESTA to improve tracking
efficiency. 100% of frames were tracked
using MDA with at least as high precision
as FIESTA at all SNRs. Adapted from
(Bohner et al., 2015).

relatively high SNR > 2, segmentation in FIESTA is successful and 100% of frames were

tracked in both methods. However at SNR < 2 the percentage of image frames in which

segmentation is successful using FIESTA is significantly reduced. Conversely, MDA

segmented 100% of microtubule ends and performed a successful fit at SNRs as low as 1.2

(Fig. 2.6). In both methods the 2D fit applied is the same and as expected they demonstrate

very similar tracking errors at high SNR. However, for the successfully identified and

tracked ends, the tracking precision using FIESTA was significantly reduced at low SNR.

This reduction in precision was not as large when using MDA though, indicating that the

initial fitting parameters are improved at low SNR when using MDA in comparison to

FIESTA (Fig. 2.6).

In order to determine the impact a variety of experimental factors have on the tracking

precision of MDA, two subsets of simulation parameters were considered that could

contribute to the localisation error. First, parameters intrinsic to the microtubule: the

microtubule growth velocity, vg; an effective axial diffusion of the end around its mean

growth due to variance in the growth velocity, Dg; lateral deflection of the tip position due

to thermal fluctuations, σLD; and the protofilament length distribution or taper length, T L.

Second, imaging parameters expected to influence the SNR in experiments: the labelling

ratio; the exposure time; and the pixel size.

Intrinsic microtubule parameters

To specifically study the effect of varying intrinsic microtubule parameters data was first

simulated with no noise (Photon or camera) and 100% labelling of tubulin dimers (Table

A.1). Simulated microtubules with mean growth velocities in the tested range from 0 nms−1

to 100 nms−1 were tracked with minimal errors. A scatter plot of axial versus lateral errors

and a condensed presentation of the means (offsets) and standard deviations (precision) is

shown in figure 2.7. The error distributions are seen to be independent of the growth velocity

with negligible offset and only 2.1 nm deviations for the axial and 0.3 nm deviations for

the lateral error. The better precision in the lateral versus axial tracking is expected from
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Fig. 2.7 Tracking errors at various growth characteristics (a) Scatter plot of individual localisation errors of
tracking simulated microtubules growing with different velocities, vg. (b) Average axial and lateral offset
for each data set in (a). Error bars are associated precision values. (c) Average axial and lateral offset for
simulated microtubules growing at 50 nms−1, with different end diffusion (Dg), lateral displacement (σLD),
and taper length (T L). Error bars are associated precision values. Right: A summary of the results showing
the largest error for each parameter range. For these simulations, the labelling ratio was kept at 1.0, the
pixel size was 120 nm, and the exposure was instantaneous. A summary of all results is given in Table A.1.
Adapted from (Bohner et al., 2015).

the stronger constraints in the fit model perpendicular to the microtubule axis (Eq. 2.1).

Simulated microtubules with varied growth fluctuations, lateral wiggling, and taper lengths

were also tracked (Fig. 2.7c, Table A.1). Parameters determining the position of the

microtubule end, both axially and laterally, produce sub-nanometer offsets and precisions

no worse than 2.1 nm axially and 0.8 nm laterally. The increase in taper length however,

is seen to affect both tracking precision and offset. At the largest realistic taper length of

480 nm the axial offset in these no noise conditions is 3.6 nm. Although this value does

fall within the precision of the measurement, 4.6 nm, the positive offset does appear to be

dependent on the increase in taper length. When potentially unrealistic taper lengths of

672 nm are tracked (Table A.1), the resulting axial errors are 10.35±7.83nm. Generally,



2.2 in vitro microtubule end tracking 79

a b

c d

Fig. 2.8 Localisation errors from tracking simulated microtubule ends with different growth characteristics.
Axial precision for simulated microtubules at three SNR values with different (A) growth velocity (Vg), (B)
end diffusion (Dp) and (C) taper length (TL) respectively. Error bars are standard errors calculated from
bootstrapping. (D) Data from (A), (B) and (C) and Table S3. Errors are standard errors calculated from
bootstrapping. An offset of 0.02 in the SNR has been added to each point for display of overlapping points.
For these simulations, the labelling ratio was kept at 0.2, the pixel size was 120 nm, and the exposure time
was 200 ms. A summary of all results is given in Table A.2. Adapted from (Bohner et al., 2015).

in the absence of noise, these tracking errors are negligible, considering the microtubule

dimensions of 25 nm radius with single tubulin subunits of 8 nm in size.

In order to confirm that the addition of noise does not introduce any dependence on

the intrinsic microtubule growth parameters to the errors; simulations were performed at

three realistic SNR values. Under these lower SNR conditions, consistent with the no noise

case, there is no large variations in offset within realistic ranges of the growth velocity

(vg), effective diffusion constant (Dg), and taper length (T L) (Fig. 2.8, Table A.2). A

deterioration in the axial tracking precision is seen with increasing taper length (Pearson

correlation coefficient 0.37, two tailed p = 0.034). However, this change is much smaller

than that seen due to reduction in the SNR which has a dominating influence (Fig. 2.8d).

The observed deterioration in tracking precision at large taper length may be due to

the implicit assumption in the Gaussian wall end model (Eq. 2.1) of a blunt microtubule

end. The use of a more complete fitting model with explicit consideration of end taper

effects can be considered to test this. An additional parameter, σend , is defined that allows

broadening of the half Gaussian along the axis of the microtubule.
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Fig. 2.9 Localisation errors and σend from tracking simulated growing microtubule ends for different taper
lengths and SNRs. (a) Axial offset and (b) precision respectively for different taper lengths (T L) tracked with
fixed and free σend . SNR = 1.71. Differences in axial offset and precision were determined by paired sample
t-test and two-sample F-test respectively; N = 750;∗p < 0.05,∗ ∗ p < 0.01,∗ ∗ ∗p < 0.0001. A summary
of results is given in Table A.3. (c) σend for tracked microtubules simulated with different taper lengths

and SNRs. Theoretical hyperbola σend =
√

σ2
PSF +σ2

PF in black where σPSF is the sigma value of the point
spread function and σPF is the standard deviation of protofilament lengths. (d) Data in (c) re-plotted against
SNR. SNR values offset by 0.03 per T L series for visualisation of overlapping points. Error bars are standard
deviation, n = 750. The labelling ratio, the exposure time, and the pixel size were 0.2, 200 ms, and 120 nm,
respectively. The growth velocity, the effective diffusion coefficient and lateral displacement were 11 nms−1,
271 nm2s−1 and 150 nm respectively. A summary of results is given in Table A.4. Adapted from (Bohner
et al., 2015).

The performance of this fit including the free parameter describing the axial standard

deviation of a tapered microtubule tip, σend was compared to a Gaussian wall-end model

for a series of simulated taper lengths (Fig. 2.9a,b, Table A.3). As previously observed,

offset is minimally affected, while the precision deteriorates slightly at longer taper lengths

when using the Gaussian wall-end model. The introduction of the additional free fitting

parameter though, results in a consistently larger negative offset and a significantly less

precise localisation of the end position.

In the case of a 1D end model, σend has been defined as the L2 norm of the standard

deviation of the PSF and the standard deviation of the protofilament lengths, σend =√
σ2

PSF +σ2
PF (Demchouk et al., 2011). For the 2D end model used here, this hyperbolic

relation holds, indicating that the fit value of σend can be used to determine the extent of the



2.2 in vitro microtubule end tracking 81

distribution of protofilament lengths (Fig. 2.9c,d; A.4). The notable increase in variability of

σend for SNR ≤ 2 however, suggest that at low SNR taper length measurements performed

in this way on individual frames would not be reliable. These measurements would be

further complicated when considering that the true distribution of taper lengths could be

more complex than the linear distribution assumed here (Chretien, 1995). Considering

that the value of σend accurately predicts the simulated taper length however, the observed

decrease in precision is likely to be a result of over fitting noise when including an additional

degree of freedom rather than incorrect assumptions in the model.

Signal to noise ratio parameters

SNR is known to be a principal determinant of precision in single molecule tracking and

localisation microscopy (Ober et al., 2004; Rieger and Stallinga, 2014; Thompson et al.,

2002). The second subset of parameters investigated were those which experimentally

influence the SNR (Fig. 2.10, Table A.5).

The first of these parameters, labelling ratio, arises from the design of the microtubule

dynamics assay. Typically microtubules are polymerised from mixtures of labelled and

unlabelled tubulin so that ~10% of the tubulin subunits in the microtubule lattice are labelled

(~0.1 labelling ratio). This necessitates that 10% of the free tubulin is also labelled. Higher

labelling ratios clearly increase the density of fluorophores on the microtubule increasing

the microtubule specific signal (Eq. 2.3). However, the background signal from tubulin in

solution will also increase. Nevertheless the net empirical result is a moderate increase in

SNR at higher labelling ratios. This increased SNR must be considered in conjunction with

the adverse affects on the growth characteristics observed at high labelling ratios and the

possibility of introducing artefacts in the dynamic behaviour.

The effect of the labelling ratio on tracking performance was assessed using simulated

microtubule movies in which the background was increased linearly with respect to labelling

ratio. A scatter plot of the tracking errors indicates that lowering the labelling ratio reduces

the precision of tracking (Fig. 2.10a,b). As the labelling ratio is reduced, the reduced

density of fluorophores leads to adverse effects on the variance of the microtubule signal,

possibly leading to this deterioration in the axial precision. This decrease is initially not

severe however, for example, the axial precision is still 50 nm at a labelling ratio of 0.125.

This can be rationalised by considering the concomitant decrease in the contribution to

the background. For labelling ratios of 0.075 fluorophores per tubulin and greater the

axial offset is consistently less than 10 nm (Fig. 2.10b). The tracking performance only

deteriorates precipitously at labelling ratios below 0.075, producing unacceptably large

tracking offsets and low precision. At this density of the labels the spatial sampling rate
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(Shroff et al., 2008) becomes too low for the segmentation employed in MDA to reliably

detect the approximate end position. This information is critical for experimental design

and choice of labelling ratio.

Three key imaging parameters determining the SNR in experimental data are the camera

exposure time, the pixel size (in object space) and the illumination intensity. The effect of

varying these three parameters was first investigated by tracking simulated microtubules,

with exposure times varying from 100 - 400 ms, and pixel sizes varying from 75 nm to

140 nm. The resulting tracking errors show a trend of decreasing tracking performance

with decreasing exposure time (Figs. 2.10c,d). A trend that was previously observed for

mean square displacement analysis of single particle tracking experiments (Michalet, 2010)

confirming that despite decreased temporal resolution, the increase in SNR at long exposure

times results in more accurate tracking. At longer exposure times the pixel size is seen to

have a negligible effect. However, the shortest tested exposure time of 100 ms requires

pixel sizes of at least 120 nm. Nevertheless, for all pixel sizes the axial localisation offset

can be limited to below 15 nm (Fig. 2.10c) and the axial precision can be better than 40 nm

(Fig. 2.10d) by choosing an appropriately long exposure time within the tested range. It is

important to note that at longer exposure times and larger pixel sizes tracking performance

would suffer due to undersampling temporally and spatially respectively, as demonstrated

previously (Prahl et al., 2014).

Interestingly, the dependencies of the precision, on exposure time and pixel size, can

be explained by models used to predict precision in single molecule localisation (Fig.

2.10d). A global fit of the data for each pixel size can be performed using equation 17 from

Thompson et al. (2002). This shows that, for nearly all choices of pixel size and exposure

time, the tracking precision is limited by the fundamental imaging parameters determining

SNR rather than the microtubule dynamics or the software itself.

To test whether the SNR alone is sufficient to predict tracking performance a series of

simulations were performed at various SNRs in an equivalent manner to experimentally

increasing the illumination intensity. The resulting localisation precision (Fig. 2.10f) found

by varying either the labelling ratio, the pixel size, the exposure time or the signal intensity

fall onto a single curve when expressed as a function of the measured SNR of the simulated

images. It can be concluded that; a localisation offset of less than 16 nm and a precision of

better than 60 nm can be consistently achieved above an SNR of 2.0; with an appropriate

choice of labelling ratio, pixel size and exposure time tracking offsets of less than 25 nm

can be maintained (Fig. 2.10e); and at experimentally achievable SNR ratios of ~3, tracking

microtubule ends using MDA results in < 5 nm offset at < 40 nm precision (Fig. 2.10e,f).
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Fig. 2.10 Localisation errors from tracking simulated growing microtubule ends for different labelling ratios,
exposure times, and pixel sizes (a) Scatter plot of individual localisation errors from tracking simulated
microtubules with different labelling ratios (LR), as indicated. (b) Average axial offset for each data set in (a).
Error bars are associated precision values. (c) Average axial offset for tracked microtubules simulated with
different exposure times and pixel sizes. Error bars are from bootstrapping. (d) Average axial precision for
the data sets in (c). Error bars are from bootstrapping. Lines indicate global fits to the data using Equation
17 in Thompson et al. (2002), where the detected photon number is assumed to be directly proportional to
the exposure time, and an additional EMCCD multiplicative noise factor of 1.4 is included. (e, f) Summary
of data from (a) - (d) showing the average axial offset (e) and precision (f), for simulated microtubules: for
each data set the average SNR value has been determined from the first frame of the movie. Error bars are
from bootstrapping. The labelling ratio, the exposure time, and the pixel size were 0.2, 200 ms, and 120 nm,
respectively, when they were not varied. The growth velocity (vg), the end diffusion constant (Dg), the lateral
displacement (σLD), and the taper length (T L) were kept always constant at 11 nms−1, 271 nm2s−1, 150 nm
and 96 nm, respectively. Adapted from (Bohner et al., 2015).



84 Performance Evaluations by in silico Microscopy

2.2.3 Discussion

Using simulated microscopy, an automated tracking algorithm, MDA, designed to identify

and track dynamic microtubule ends at ultra low SNRs has been evaluated. Compared to a

previous similar approach, (Ruhnow et al., 2011), a significant improvement in tracking

efficiency and performance at low SNR was confirmed. This is a consequence of an

improved segmentation and estimation of the initial parameters of a 2D model fit to the

microtubule end position. While at higher SNR the two methods perform similarly, because

they share the same 2D model fit to the raw image data, this improved segmentation allows

reliable tracking of microtubule ends with SNR down to ~1.2 under certain experimental

conditions.

Under simulation of the typical experimental conditions applicable to long-term imaging

of dynamic microtubules, it was demonstrated that the offset between the simulated and

tracked microtubule end position can be limited to ~10 nm or less (approximately the size

of a single tubulin subunit), with an associated precision in the range of several tens of

nanometers. This tracking performance was shown to be essentially independent of the

microtubule growth properties depending solely on parameters influencing the final SNR of

imaging; the labelling ratio, pixel size, exposure time and illumination intensity. For SNR

values above 2 and adequate spatial and temporal sampling, the localisation precision is

consistent with that of a static single point emitter (Shroff et al., 2008; Thompson et al.,

2002).

It is important to note that the aim of simulating the microtubule dynamics assay data

was to produce images with a known ground truth. Consequently, the aim was not to

realistically replicate the dynamics of the microtubule or temporal changes in tip structure

but to decouple the individual effects of well defined parameters on the tracking errors.

The same is true of the simulation of image formation. A large number of parameters that

have the potential to contribute to errors in tracking were included as independent variables

in the simulation in order to determine the individual contributions to the tracking errors.

For example, in experiments factors contributing to the SNR include, among others, the

exposure time, fluorophore choice, tubulin concentration and labelling ratio. However, in

the simulation the SNR was defined independently on the basis of equation 2.3.

It is also important to note the relative importance of parameters in the simulation. For

example, the variance of the empirically determined read noise of the EMCCD camera was

found to be insignificant in comparison to the Poisson noise associated with the stochastic

photon arrival statistics. Consequently the effect of this parameter on the tracking errors was

not investigated. Similarly, when simulating the modification to the subunit coordinates due

to thermal deflections, the axial subunit positions were not modified. Since the deflections
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simulated were small, relative to the microtubule length, the maximum axial position error

was in the order of 0.1 nm.

Finally, the definition of the ground truth end point itself introduced a time averaging

error. For simplicity and clarity the instantaneous mean position of the final subunits at the

end of the exposure time was used. However, during the exposure time subunits are added

and lost from the end of each protofilament. Assuming 100% labelling, the magnitude of the

error introduced by this definition, relative to the averaged simulated end point during the

exposure time can be calculated. It is found that the contribution to the tracking offset varies

in a velocity dependent manner such that the offset is under estimated by te⟨vg⟩/2 where

te is the exposure time and ⟨vg⟩ is the mean growth velocity. The diffusion parameter Dg,

however, contributes to a broadening of the effective axial PSF of the microtubule end in a

manner similar to increased taper length with a magnitude in the order of
√

Dgte. Based on

the results of simulating increased taper length it is unlikely that this has a significant effect

on the offset or precision when using the Gaussian wall-end model, however a positive

contribution is likely when fitting using the free parameter σend . This has the possibility of

resulting in an overestimate of the taper length when attempts to measure this parameter

are made.

For typical experimental parameters of ⟨vg⟩ = 11nms−1, Dg = 271nm2s−1 and te =

0.2s the resulting mean offset and contribution to σend are ~-1.1 nm and ~7.4 nm respec-

tively. Taking into account the smaller proportion of subunits that contribute to this error

when a fractional labelling ratio is used, the differences between the simulated image and

the definition of the end position will be reduced. As such, this difference is likely to be

negligible in comparison to measured offset and σend under experimental conditions.

A variety of post-processing methods, data analyses and conclusions rely on the ac-

curacy achievable with this tracking method. Two recent examples are as follows. First,

the distribution of microtubule associated protein (MAP) binding sites with respect to the

growing microtubule end has been investigated. To do this, the tracked microtubule end

positions are used as a reference for alignment of images of an associated MAP, simultane-

ously recorded in a different fluorescence channel. Given the negligible offset error seen

here, many thousands of such images could be averaged, greatly increasing the SNR of the

MAP channel (Maurer et al., 2014).

The localization precision in such an average image is given by the standard deviation of

the sample mean after averaging, thus proportional to the L2 norm of the tracking precision

and the sigma of the PSF in the MAP channel over the square root of the number of

images SDx ∝

√
σ2

track +σ2
PSF/

√
n. Therefore, for typical experimental conditions giving a

tracking precision of 40 nm, a localization precision on the order of a single subunit can be



86 Performance Evaluations by in silico Microscopy

achieved in the average image after averaging of only 300 individual images. Numbers far

exceeding this can easily be obtained from just a few time lapse datasets in which several

microtubules are tracked. Convolved model fitting, as performed here for the microtubule

end, can be applied to the final averaged images of different MAPs. This provides detailed

information about the spatial distribution of MAP binding sites relative to the microtubule

end position (Maurer et al., 2014).

Second, analysis of microtubule dynamics before and during a catastrophe (a rapid

microtubule disassembly process) can be performed. Accurate tracking throughout the

catastrophe event, allows temporal alignment of the position traces with respect to an

objectively defined catastrophe time point. The processes driving microtubule catastrophe

including conformational changes, tapering and MAP binding site changes in the micro-

tubule end region can be investigated by observing the average kinetics of the microtubule

and associated MAPs around the time point of catastrophe (Duellberg et al., 2016; Maurer

et al., 2014, 2012; Rickman et al., 2017).

In the future, more detailed information with good statistics on the microtubule growth

trajectory will be vital for investigations into the origin and regulation of microtubule

growth fluctuations (Gardner et al., 2011). Furthermore, it may become important to gain

information on the detailed structure of the end of a microtubule i.e. the protofilament

length distribution, and to investigate its relationship with the growth properties of the

microtubule (Coombes et al., 2013). It has been shown by the simulations performed here

that the measurements of taper length, in individual images, at low SNR can be highly

variable. If the structure of the taper can be shown not to vary drastically over time however,

accurate alignment and averaging may allow for more complex models to be compared

to an averaged end structure. In which case the smallest resolvable structure would be

determined by the number of frames averaged and the tracking precision in individual

images as calculated here. For these and other investigations, it is essential to know the

expected precision and offset of dynamic microtubule end tracking.

Finally, although not considered in detail here, the low SNR, labelling ratio and other

imaging parameters investigated in these simulations are representative of the data achiev-

able in live-cell imaging using expression of fluorescent protein-tubulin constructs (Conde

and Cáceres, 2009; Demchouk et al., 2011; Nakamura et al., 2012; Seetapun et al., 2012).

Coarse microtubule end tracking has previously been achieved in live cells using a 1D end

model in both TIRF microscopy (Demchouk et al., 2011) and SIM (Nakamura et al., 2012).

The simulations performed here indicate that MDA would be capable of microtubule end

tracking using a 2D end model in live-cells with < 10 nm offset and < 40 nm precision.

Additional processing would be required however to deal with microtubule crossing points
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as these are not considered when segmentation of in vitro microtubules is performed using

MDA. Ideally the tracking would be combined with SIM (Nakamura et al., 2012) or SRRF

(Chapter 5; Gustafsson et al., 2016) however the effective PSF of both SIM and SRRF

reconstructions can be difficult to compute and not necessarily possible to approximate

using a Gaussian, making the convolution used to model the microtubule end position

difficult to calculate.

2.3 Characterisation of fluorophore photoswitching

As discussed in section 1.9 recent years have seen the advent of a number of Single Molecule

Localisation Microscopy (SMLM) techniques that have bypassed Abbe’s diffraction limit

in the context of fluorescence microscopy (Hell, 2015). SMLM approaches, such as

photoactivated localization microscopy (PALM; Betzig et al., 2006; Hess et al., 2006)

and stochastic optical reconstruction microscopy (STORM; Heilemann et al., 2008; Rust

et al., 2006), rely on the ability of some organic fluorophores and fluorescent proteins to

photoswitch stochastically between a photon emitting on-state and non-emitting dark-states

(Section 1.5; Ha and Tinnefeld, 2012; van de Linde and Sauer, 2014). The resolution and

reconstructed image quality (Culley et al., 2017) of SMLM is strongly dependent on the

specific photo-switching kinetics, i.e. on-state and off-state lifetimes. This dependence

arises primarily because longer on-states result in a greater number of photons being

recorded, leading to improved localisation precisions (Section 2.2; Ober et al., 2004; Rieger

and Stallinga, 2014; Thompson et al., 2002). However, longer on-states, or short off-states,

result in an increased random occurrence of fluorophores simultaneously occupying the

on-state within a diffraction limited spot. This leads to significant imprecision, missed

events and unwanted artefacts (Nieuwenhuizen et al., 2015; van de Linde and Sauer, 2014).

Thus, careful control of the photoswitching kinetics for the intended application is required

to generate high quality SMLM data. This control can be achieved by the choice of

fluorophore and the environment used to promote photo-switching, for example, buffer

solution and illumination intensity. This is particularly important in live-cell applications

where considerations must be made to increase temporal resolution and reduce photodamage

from high laser intensities.

In order to inform the choice of fluorophore and environment in the design of SMLM

experiments accurate quantification of photo-switching rates for a large range of existing

fluorophores would be highly beneficial (Dempsey et al., 2011; Lehmann et al., 2016).

This extends to fluorophores and environments which exhibit fast switching between

on- and dark-states, suitable for use in live-cell oriented variants of SMLM techniques
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such as SOFI (Dertinger et al., 2009) and SRRF (Chapter 5; Gustafsson et al., 2016).

Quantification of photoswitching characteristics could also aid in the development of

novel fluorophores and probes (e.g. Chapter 3) where accurate characterization of the

photokinetic model of the fluorophore, together with photoswitching rates could provide

valuable insights, driving progress towards improved design. Finally, accurate knowledge

of the photo-switching characteristics could be employed to maximize resolutions achieved

using advanced analytical methods, for example, 3B analysis (Cox et al., 2011) and

deconSTORM (Mukamel et al., 2012) and improve the performance of molecular counting

techniques (Lee et al., 2012; Rollins et al., 2014).

To this end, methods have been developed to characterize fluorophore photo-switching

behaviour both in bulk and at a single molecule level. As discussed in section 1.5 these

methods have revealed a range of possible mechanisms that result in photoswitching or

blinking. While there are advantages to both approaches this section focuses on the analysis

of fluorophore photoswitching data acquired from single molecule experiments. Recently,

large single molecule datasets from a broad range of fluorophores have been shown to be

possible to collect (Bittel et al., 2016; Dempsey et al., 2011). The analysis of the acquired

data in these studies however, has been restricted to simple description, such as photon

emission rate, fraction of time in on-state, and number of reappearances. The difficult

problem of characterising the photokinetic models and estimating photo-switching rates

has typically been limited to separate studies of individual fluorophores (Lin et al., 2015).

In these cases fluorophore photo-switching is treated as a stochastic process character-

ized by transitions between a finite number of discrete states. These forms of stochastic

processes appear to be ubiquitous in single molecule biophysics. The best studied exam-

ples are the conformational changes of ion-channels (Colquhoun and Hawkes, 1981) and

processive molecular motors such as the Myosin family (Rief et al., 2000; Takagi et al.,

2014). The underlying mechanisms of these single molecule systems, in which transitions

are history independent, are ideally suited to being modelled as Markov processes, allowing

the extraction of transition rates and thus giving insights into the molecular processes

involved. The acquired data on such systems can be represented as a sequence of dwell

times in different states. Rate parameters of the model can be estimated since the collection

of waiting or dwell times in a particular state of a Markov process will necessarily be

an independent and identically distributed sample of exponentially distributed random

variables (Qin and Li, 2004). As a consequence, both the fields of single molecule imaging

and the statistical analysis of the underlying systems continue to grow rapidly (Blanco and

Walter, 2010; Morisaki et al., 2014; Schmid et al., 2016) and these techniques, developed
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in the field of single molecule biophysics, are being applied to the analysis of the stochastic

photoswitching behaviour exploited in SMLM.

A significant recent example of this is given by Lin et al. (2015) who used a detailed

characterisation of AlexaFluor647 photoswitching in order to design an imaging protocol

to achieve the highest possible number of single molecule localisations in the shortest time

possible by varying the illumination intensity during acquisition. The method used by Lin

et al. (2015) was to extract the time traces of fluorophore intensities, idealise them to a

sequence of on/dark-states and extract the dwell times. These are the set of time intervals

that the fluorophore is seen to occupy either the on-state or the dark-state. Assuming these

dwell times to be exponentially distributed (or a mixture of exponential distributions in the

case of multiple dark-states), maximum likelihood estimates of the transition times are then

computed. This method, regularly referred to as distribution fitting, suffers from two flaws

in this context preventing truly unbiased estimation of the photoswitching rates. Firstly, it

does not account for the effect the imaging procedure has on the stochastic structure of the

discretised data representing the underlying continuous time process. Secondly, it does not

allow for the photobleached-state. Unlike in FRET experiments where photobleaching can

be directly observed by changes in either the donor or acceptor channels and accounted for

(Blanco and Walter, 2010), this is especially troublesome for fluorophore photoswitching

as, to an observer, it is indistinguishable from a temporary dark-state. As such, intensity

traces are truncated from the point of the last observed on-state to ensure bleached-states

are not included in the analysis. This truncation results in the absence of estimates for the

photobleaching rate and can lead to significantly biased estimates of the transition rates

from any state which is leads to photobleaching.

Beyond distribution fitting, Hidden Markov models (HMMs) are a widely used tech-

nique to model stochastic processes across a range of scientific and engineering disciplines.

HMMs relate a sequence of observations, called ‘emissions’, to the states and transition

probabilities of an unobserved (hidden) Markov process. In this text the term ‘observations’

will be used rather than ‘emissions’ to avoid ambiguity of terminology with respect to

emission of photons from a fluorophore. Markov chains in the form of HMMs have been

extensively modelled in many varied fields, including speech recognition (Gales and Young,

2007), computational biology and genetics (Choo et al., 2004; Krogh et al., 1994) and

epidemiology (Watkins et al., 2009). In these applications, the observation distributions

are typically Gaussian or Poissonian (e.g. Robertson et al., 2011). The use of HMMs

has also been described in image processing where the observations are a sequence of

images in time. It is commonly assumed that each image is dependent only on the state

of the hidden process at the time at which it is observed. Such an approach has become
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common in the analysis of single molecule FRET trajectories which bare many similarities

to photoswitching intensity traces (Greenfeld et al., 2012; McKinney et al., 2006; Okamoto,

2017). The hidden process used, is normally a discretised approximation to the underlying

continuous time Markov chain and the observations are the sequence of photon-fluxes.

Under this formulation a standard (first-order) HMM with Poisson emissions can be used.

Greenfeld et al. (2012) for example implement the Baum-Welch algorithm (Baum and

Eagon, 1967; Baum and Petrie, 1966; Baum et al., 1970; Baum and Sell, 1968) to estimate

the transition probabilities of the discretised process and use an approximation to obtain the

transition rates of the continuous time process. In doing so, they acknowledge that missed

events will heavily bias rate estimates. Furthermore, their model is also unable to deal with

transitions to the bleached-state. The true photo-switching behaviour of the fluorophore

however is a continuous time stochastic phenomenon. However, an experimenter can only

ever observe a discretised manifestation of this by imaging the fluorophore in a sequence

of frames. These frames are regarded as a set of sequential exposures of the fluorophore

and the resulting discrete time signal indicates whether the fluorophore has been observed

in a particular frame. It is the continuous time process however that is governed by the

transition rates that are to be measured based on the observed discrete-time process.

Recently, a novel algorithm based on hidden Markov modelling was described to

address the challenge of selecting the correct photoswitching model and estimating the

transition rates of the continuous time Markov process from an observed discrete-time

random process (Patel et al., 2017). In a departure from previous HMM approaches to single

molecule data this algorithm is not applied to the photon fluxes recorded in each frame but

to an idealised sequence of on/dark-states identified in each frame. Recognising that the

signal observed in a single frame is not the result of an instantaneous sample of the hidden

process but is instead formed by an integration of it over a finite time interval, the inclusion

of this idealisation step into the HMM ensures that the results of this integration, including

considerations for noise, instrument sensitivity and missed events are fully accounted

for in the model. Because of their inclusion in the model, a detailed description of the

experimental imaging and trace idealisation processes are provided here.

Fluorophore photoswitching characterisation experiments

The developed algorithm is formulated with the assumption that data was acquired by

fluorescence microscopy of well separated, individual single fluorophores, continuously

imaged for a period of time that encompasses a number of transitions between states with

an acquisition rate on a similar time scale to the shortest state lifetimes. This data can be

acquired for organic fluorophores by the methods outlined in detail in Bittel et al. (2016);



2.3 Characterisation of fluorophore photoswitching 91

Dempsey et al. (2011) and Lin et al. (2015). Briefly; antibodies are labelled using the

manufacturers’ protocols with dye concentrations reduced such that the final labelling ratio

is in the order of 0.2 to 0.6 dye molecules per antibody in order to ensure the likelihood of

antibodies being labelled with two fluorophores is low. Labelled antibodies are purified

by gel filtration and the labelling ratio can be confirmed using UV-Vis spectrophotometry.

The labelled antibodies are adsorbed onto ultra clean (Pereira et al., 2015) coverslips at

low concentrations to reach a final density in the range of 0.05–0.1 dye molecules µm−2

(Dempsey et al., 2011; Lin et al., 2015). Alternatively, fluorophores can be directly diluted

in polyvinyl alcohol (PVA) in a 96 well plate, which after drying can result in immobilised

single dye molecules without protein conjugation at a final density in the range of 0.05–0.1

dye molecules µm−2 (Bittel et al., 2016). Samples are imaged using TIRF microscopy to

achieve a high single molecule SNR.

The algorithm also assumes that the following, or similar, image processing steps are

performed on the acquired image sequence in order to extract the idealised, observed

sequence of on/dark-states {Yn} where Yn denotes the state in frame n. Initially a SMLM

algorithm, for example ThunderSTORM (Ovesný et al., 2014), is used to detect and localise

molecules in the image sequence. True detections of molecules are assumed to appear

multiple times during the image sequence, either due to a single on-state lasting longer

than one frame or multiple on-states distributed through the time course of imaging. As

such a clustering algorithm, for example DBSCAN (Ester et al., 1996), applied to the

localisation list can be used to generate proposals for single fluorophore locations. This

requires compensation for sample drift and an appropriate estimate of the false positive

detection rate from the localisation algorithm and an appropriate estimate of the localisation

precision in order to identify fluorophores with high confidence. Regions of interest are

selected around identified molecules at a radius of ~3σPSF and any overlapping regions

are rejected. The intensity per frame, In, is calculated from each region of interest (for

illustrative purposes an example simulated In trace is given in figure 2.11a. This intensity

trace is then idealised to form the sequence {Yn} by thresholding at some multiple of σBG

or by other more sophisticated means, for example, previously proposed HMM methods

discussed could be used to generate this idealised trace. Here though, a simple threshold is

performed (Fig. 2.11b).

To summarise, the observed sequence, {Yn}, is formed by an exposure of the continuous

time process {X(t)} over the time-interval [n∆,(n+ 1)∆), where ∆ is the frame length.

Process {Yn} is an idealised sequence of 1s and 0s indicating if the molecule was detected

in the frame or not (Fig. 2.11b). In all frames, the observations are subject to the noise

and instrument limitations and as such frames in which the fluorophore is in the on-state
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Fig. 2.11 Discretisation and idealisation of fluorophore intensity traces. (a) A simulated intensity signal of
a fluorophore across time. Each measurement corresponds to the intensity in a frame. 7500 frames were
simulated over 250 seconds at a rate of 30 frames per second. (b) Fluorescence intensity signal over the
time window of 35s to 55s. Overlaid in red, the idealised observed signal {Yn} indicating the fluorophore
on/dark-state for individual frames determined by reference to a constant threshold intensity. (c) Fluorescence
intensity read-outs and idealised observed signal for a short sequence of independent frames. The true,
continuous time, hidden, photon emitting on-states of the molecule for this period are indicated by black bars,
demonstrating how sub-frame length photon emitting events can either be missed entirely or shorten/lengthen
idealised observations of on-states due to noise or the temporal resolution of the data acquisition. Adapted
from Patel et al. (2017).

for less than ∆ can result in either a detection, Yn = 1 or not, Yn = 0. Essential to the

subsequent analysis, therefore, is the ability to account for missed state transition events

due to noise and the temporal resolution of the data acquisition, as well as the detection

threshold used to determine the state of the system (Figure 2.11c). As previously discussed,

similar problems occur in other areas of biophysics where estimating transition rates of an

underlying continuous time Markov process must be inferred from an observed discrete



2.3 Characterisation of fluorophore photoswitching 93

time signal. In particular, ion-channels have formed the focus of much work (Colquhoun

and Hawkes, 1981; Qin and Li, 2004), including methods that attempt to account for missed

events (Colquhoun et al., 1996; Epstein et al., 2016; Hawkes et al., 1990, 1992; Qin et al.,

1996).

Fluorophore photoswitching characterisation algorithm

The true photo-switching of the fluorophore is modelled as a continuous time Markov

process, {X(t) : t ∈ R≥0} with discrete state space SX . This is a stochastic process which

satisfies the Markov property

P(X(tn) = in|X(tn−1) = in−1, . . . ,X(t0) = i0) = P(X(tn) = in|X(tn−1) = in−1),

for any sequence of times 0 ≤ t0 < t1 < · · ·< tn < ∞ and any sequence of states i j ∈ SX for

j = 0, . . . ,n.

The developed algorithm considers a general model for {X(t)} that includes multiple,

degenerate (i.e. indistinguishable by intensity but kinetically distinct) dark-states and a

bleached-state (Fig. 2.12). This model can accommodate the numerous mechanisms of

photo-switching utilized in standard SMLM approaches such as (F)PALM and (d)STORM

and is justified in section 2.3.1. Specifically, this model consists of a photon emitting

(on) state 1, m+1 non photon emitting (dark/temporary off) states 00, 01, . . . , 0m, where

m ∈ Z≥0, and a photobleached (absorbing/permanently off) state 2. For convenience the

notational convention 00 ≡ 0 is used. The transitions in this model from state 1 into the

series of multiple dark-states represents, from a photochemical perspective, inter-system

crossing to the triplet state and further transitions to redox states. Alternatively these states

could represent photochemical transitions such as the cis-trans isomerisation of Cy5 or

other more generalised quenched states. These dark-states are included in series as it is most

probable that they are accessed via the first dark-state 00, reached as a result of inter-system

crossing of the excited S1 electron to the triplet T1 state (Section 1.5; Zondervan et al.,

2003). Further dark-states 0i+1, i = 0, . . . ,m−1, are accessible by previous dark-states 0i,

by, as one example, the successive addition of electrons forming radical anions (van de

Linde et al., 2010). The on-state 1 is allowed to be accessible by any dark-state assuming

that in general only one mechanism of de-excitation is dominant per dark-state. Finally, the

most general case is considered with respect to bleaching, that the bleach/absorption-state 2

is accessible from any other state (Ha and Tinnefeld, 2012; van de Linde and Sauer, 2014;

Vogelsang et al., 2010). The state space of {X(t)} is SX = {0,01, . . . ,0m,1,2} and is of
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Fig. 2.12 General m+3 state space, SX , model of a photoswtiching fluorophore used in the derivation of the
hidden Markov model. Adapted from Patel et al. (2017).

cardinality m+3. The transitions between states are defined by the set of rates θ = {ki j}
where ki j is the transition rate between states i and j, for i, j ∈ SX .

Rigorous formulation of the discrete time, stochastic process, {Yn}, formed by the ex-

perimental procedure above, is presented in Patel et al. (2017) and shows that the observed

process is in fact non-Markovian. That is to say, Yn is not dependent on just X(n∆), but

instead on the integral of {X(t)} over the interval [n∆,(n+1)∆). Under this treatment of

the imaging procedure, an HMM was developed for {Yn}, that includes a time discretisation

scheme on the hidden Markov process {X(t)}. Crucially, Yn depends on both the current

(end of frame) and previous (beginning of frame) hidden states, X((n+1)∆) and X(n∆),

respectively. In addition, the HMM possesses observation probabilities are dependent on

the parameters of the hidden process, the state transition rates θ , that are ultimately to be

estimated. This coupled behaviour renders traditional parameter expectation maximization

methods (e.g. Baum et al., 1970) inappropriate, and it is unclear if any method in the litera-

ture is able to deal with this coupled behaviour. Patel et al. (2017) introduces transmission

(transition-emission) matrices (emission referring to HMM emission, or observations here)

that incorporate the coupling between transition and observation probabilities, capturing all

the dependencies in the model. For a given photo-switching kinetic model, a scheme for

computing these matrices can be found in Patel et al. (2017) together with an adaptation

of the forward-backward algorithm (Rabiner, 1989) to compute the likelihood of observa-

tions on the basis of the transmisson matrix and the data, {Yn}. Through derivative free

optimization the maximum likelihood estimates of the transition rate parameters, θ , are

then computed for the continuous time process {X(t)}. A bootstrapping scheme is also

presented for computing confidence intervals and in the case of an unknown kinetic model,

the appropriate form of the Bayesian information criterion (BIC) is defined for selecting

the correct model from a set of proposals.
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2.3.1 Simulations of fluorophore photoswitching

In order to simulate data for use in evaluating the performance of the developed algorithm

specific models to be simulated must be defined. The simplest considered, ‘Model A’, is

the binary on/dark system (Fig. 2.13a) that is equivalent to the m = 0 general model with

bleaching rates k12 = 0 and k02 = 0. The second, ‘Model B’, and most extensively used

for testing because of its applicability to SMLM (see justification below) will be called

the ‘standard 3-state model’ (Fig. 2.13b). This is the m = 0 general model with non-zero

bleaching rate k12 and k02 = 0. A more complete model of photoswitching in SMLM is

captured in the third case considered, ‘Model C’, which is the m = 2 general model with all

bleaching rates set to zero except k12 (Fig. 2.13c). This is the equivalent model to that used

in Lin et al. (2015) with the addition of the bleached-state, accessible from the on-state.

The simulation of fluorescence microscopy images of fluorophore photoswitching was

performed in MATLAB (MathWorks, Inc., USA). The work-flow of the simulation is as

follows:
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Fig. 2.13 Simulation of single molecule microscopy of photoswitching. (a) Model A; m = 0 state model
with k12 = 0 and k02 = 0. (b) Model B, The standard 3-state model; m = 0 state model with non-zero k12
and k02 = 0. (c) Model C; m = 2 state model with one non-zero bleaching rate k12. (d) A high resolution
photon distribution model is simulated at the fluorophore position. The intensity of this distribution is
determined by the fraction of the exposure time spent in the on-state. This distribution is pixelated and
a Poisson-Gamma-Normal noise model is added to the pixelated photon count to simulate photon arrival
statistics, EMCCD gain and read noise. Adapted from Patel et al. (2017).
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• A sequence of continuous time state transition times is generated.

– For each state, the dwell time is sampled from an exponential distribution by

inverse transform sampling (Devroye, 1986, pg. 27–36) using uniformly dis-

tributed pseudo random variables in the range [0,1] generated by the Mersenne

twister algorithm (Matsumoto and Nishimura, 1998). The rate parameter λ of

the exponential distribution sampled, is updated in a current state dependent

manner such that λ = ∑
N
n=1 ki, j(n) where i is the current state, { j} is the set of

N possible states reachable in a single transition from i and n enumerates those

states for i,{ j} ∈ SX .

– Where multiple possible states are reachable in a single transition from state

i the resulting state j must be determined from { j}. The interval [0,1] is

subdivided by N regions of size ki, j(r)/
(
∑

N
n=1 ki, j(n)

)
where r enumerates the

region. The resulting state j of the transition is given by the region in which a

sample from a uniformly distributed pseudo random variable in the range [0,1]

falls.

• The sequence of continuous time state transitions is discretised to give a sequence

of fractional on times per frame, indicating the fraction of each exposure time,

[n∆,(n+ 1)∆), that the fluorophore is in an on-state, where n denotes the frame

number. All other state information (dark-state / bleached-state identity) is discarded.

• A normalised fluorophore photon distribution is calculated by point sampling of a

2D Gaussian with fixed sigma of 135 nm, as an approximation to the microscope

PSF, on a 1×1 nm grid, centred at the randomly chosen stationary position of the

fluorophore.

• The photon distribution is binned into a coarse, 100 nm pixel grid representing the

EMCCD camera pixels.

• The integrated intensity of the Gaussian photon distribution is scaled from 0 to 1 by

the fractional on time in each frame.

• A mean, expected photon count detected in each pixel is calculated by multiplying

the scaled Gaussian by the per frame photon flux, φq/∆.

• A constant background photon count of 5 is added to every pixel.

• A Poisson-Gamma-Normal noise model is used to simulate detection of the mean

expected photon count per pixel by an EMCCD. The model used was adapted from
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Hirsch et al. (2013) and constant parameter values used are typical of commercial

EMCCD cameras.

– The mean expected photon count per pixel is converted to a mean expected

electron count per pixel by multiplying by the EMCCD quantum efficiency, 0.9,

and adding a spurious electron dark current of 0.005e− s−1.

– The actual electron count per pixel per frame is calculated, taking account

of the effect of photon arrival statistics, by random sampling from a Poisson

distribution with rate parameter equal to the expected electron count.

– The electron count after EMCCD gain, is calculated by random sampling from a

Gamma distribution, X ∼ Γ(α,β ), with shape parameter α = electron count per

pixel and rate parameter β = EMCCD gain of 250 in this simulation (Typical

experimental ranges are 100–300).

– EMCCD read noise is added by randomly sampling from a normal distribution,

X ∼ N(µ,σ2
rn), with mean parameter, µ = the amplified electron count and

standard deviation σrn = 6.

– The resulting amplified and noise affected electron count was divided by an

analogue to digital conversion sensitivity of 3.2 to give the digital camera count.

– As in an EMCCD camera, a base offset of 100 digital camera counts was added

to prevent clipping of negative numbers on digitisation and the final count was

discretised and truncated to the range [0,65535].

• Idealised on/dark-state traces were extracted from the simulated images via the

method outlined in the previously included description of the experimental method,

using a threshold, T , that is some multiple of σBG, the empirically measured standard

deviation of the background.

Justification of the fluorophore model

Both the general model used in the formulation of the algorithm and the specific models

used in the simulation make a number of assumptions about the properties of a fluorophore

under illumination. The first of these assumptions is that the fluorophore can be modelled

by its occupation of three distinct types of macro-states.

• on-state – fluorophore is able to emit photons following excitation by absorption of

an incident photon.

• off-state – a temporary change in the electron energy states of the fluorophore

preventing excitation occurring despite illumination, i.e. a temporary dark-state.
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• bleached-state – a permanent conformational/chemical change in the fluorophore

prevents any future excitation occurring despite illumination, i.e. a permanent dark-

state.

The on-state however, represents the ability to transition between two micro-states the

ground state S0 and the excited state S1 and in some cases defining this as a distinct macro

state may be inappropriate. In order for this assumption to hold the mean time between

photon detections while in the on-state must be significantly smaller than the lifetime of the

dark-state.

As discussed in section 1.5, the rate of fluorescence emission is governed by the

fluorescence lifetime, τ f l , which is intrinsic to the specific fluorophore and is typically

of the order of 10−9 s. The rate of fluorophore excitation is governed by the rate of

incident photons on the fluorophore and the proportion of incident photons which result

in a transition. The rate of incident photons is determined by the illumination intensity, I,

and the absorption cross section, σabs, of the fluorophore while the proportion of incident

photons resulting in fluorescence emission is defined by the fluorophore’s quantum yield,

Φ. The absorption cross section can be defined as,

σabs =
1000ln(10)ε

NA
, (2.4)

where ε is the Molar extinction coefficient in M−1 cm−1 and NA is Avogadro’s constant.

The number of incident photons is then given by N = Iσabs/E where E is the photon energy.

Thus the rate of fluorescence emission at a given intensity I is given by,

k f l =
λΦIσabs

hc
(2.5)

where hc/λ is the photon energy for a wavelength λ given planks constant h and the speed

of light c.

As an example, Cy3, which depending on the environment has Φ = 0.15,τ f l =

0.3ns,ε = 1.5×105 M−1 cm−1 (Dempsey et al., 2011; Sanborn et al., 2007), illuminated

with I = 1kWcm−2 at λ = 561nm will emit photons at a rate of ~2.43×105 s−1. Note that

this is significantly less than the reciprocal of the fluorescence lifetime meaning saturation

of the fluorophore can be neglected. Assuming an optimistic collection/detection efficiency

the detected photon rate is reduced by 90% giving a mean time between detections of

4×10−5 s. Thus, dark-states with a lifetime of milliseconds would be readily distinguished

given two further model specific criteria; first, the transitions to the dark-state are rare in

comparison to fluorescence emission such that an adequate number of photons are detected
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during the on-state, second, the temporal resolution of the acquisition is on the order of the

shortest state lifetime.

Continuing with the example of Cy3, under typical conditions in SMLM, > 8000

photons can be detected before transition to dark-state occurs and at an exposure time

∆ = 10ms, ~250 photons would be detected per frame indicating the model assumptions are

appropriate. At low illumination intensities however, for example I = 1Wcm−2, photons

will be emitted at a rate of ~243 s−1 and detected at a rate of ~24 s−1. This would result

in a mean time between detections approaching 50 ms rendering the model assumptions

inappropriate and leading to possible further complications such as the requirement for

very long exposure times to overcome the noise floor of the camera used to detect the

fluorophore signal and the SNR needed to localise fluorophores.

In figure 2.13, specific models are proposed to simulate photo-switching fluorophores.

Model A, is representative of transient binding type super-resolution methods including

point accumulation for imaging in nanoscale topography (PAINT) and DNA-PAINT (Jung-

mann et al., 2010; Sharonov and Hochstrasser, 2006). The transition rates in these methods

are well defined experimentally and as such the conditions to meet the assumptions above

are trivially achieved. Model B represents the behaviour most commonly assumed in

SMLM analysis that includes a description of the photoswitching model (Cox et al., 2011;

Lee et al., 2012; Mukamel et al., 2012; Rollins et al., 2014). This form of photoswitch-

ing followed by absorption describes a first approximation to the behaviour that occurs

spontaneously in a number of organic fluorophores and post-activation of photoactivatable

proteins (Ha and Tinnefeld, 2012; van de Linde and Sauer, 2014; Vogelsang et al., 2010). It

is typically assumed in SMLM because the criteria for temporal resolution of the triplet

dark-state is not met and thus is incorporated into the pseudo on-state (Fig. 2.14). To

summarise, the model includes a photon emitting on-state, 1, involving rapid transitions
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Fig. 2.14 Jablonski diagram of the standard 3-state model of photoswitching. Rapid transitions between the
S1 and S0 states result in fluorescence emission of photons. Transitions to the triplet state and non-radiative
relaxation of this state are included in a metastable pseudo on-state due to the temporal resolution of the
acquisition. Metastable dark-states are formed via the triplet state by radical redox state formation. A
permanently bleached state is accessible via the triplet state. Adapted from Patel et al. (2017).
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between the S1, S0 and T1 states, a single temporary dark-state, 0, accessed via the triplet

state representing, for example a redox state, F+ or F− and a bleached-state, 2 (BT0), which

is accessed via the triplet state (i.e. part of the pseudo on-state; Fig. 2.14). The final

model considers two possible extensions to the standard 3-state model both of which are

applicable in the data acquired by Lin et al. (2015). First, when the temporal resolution

of the acquisition is high enough it is necessary to consider the triplet state as a dark-state

and second, an additional long lived dark-state, for example the thiol-dye adduct formed in

cyanine dyes as a result of interaction between a thiol anion in solution with the radical,

intermediate redox states of the fluorophore. When simulating these models the initial state

of the simulation is the on-state, assuming that either the fluorophore resides in the ground

state prior to illumination, or has, at the start of the simulation, been photoactivated.

2.3.2 Performance of fluorophore photoswitching characterisation

To quantitatively assess the performance of parameter estimation against ground truth

values, for a range of experimental variables and fluorophore models, simulations of photo-

switching fluorophores were performed as outlined in section 2.3.1 and analysed using a

MATLAB (MathWorks, Inc., USA) implementation of the algorithm presented in Patel

et al. (2017).

The resulting parameter estimates were compared to estimates derived from a distribu-

tion fitting of the on-state dwell times and dark-state dwell times respectively by maximum

likelihood estimation using the Nelder-Mead simplex (Nelder and Mead, 1965). In order to

prevent inclusion of bleached-states in the dark-state dwell time distribution, truncation to

the last on-state was performed on each state sequence before calculation of the dwell times.

The dark-state dwell time distribution of Model C was fit using the probability density

function,

foff(t) =
3

∑
i=1

aiλie−λit ,
3

∑
i=1

ai = 1, (2.6)

with parameterisation relating the model rate constants to the set of parameters {ai} as

derived in Lin et al. (2015). Probability density functions for models with fewer dark-states

were derived from this function by setting transition rates to and from the mth dark-state to

zero.

In order to perform parameter estimation in the presence of the absorption-state 2,

accessible via the on-state 1, a modification to the standard parameterisation of the single

exponential probability density function used to fit the on-state dwell time distribution was
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made, that includes the rate k12.

fon(t) = λe−λ t , λ = k10 + k12. (2.7)

This makes it possible to infer the bleaching rate k12 and the dark transition rate k10 by

considering the mean number of transitions out of the on-state observed per state sequence.

Using the fact that the number N10 of 1 → 0 transitions in a single sequence is governed

by a series of Bernoulli trials, with a result of either bleaching or not bleaching, it follows

that N10 is expected to be geometrically distributed with probability of success p = k12/λ

and probability of failure (1− p) = k10/λ , where λ = k10 + k12 is found by the maximum

likelihood estimation from the entire dataset of on-state dwell times. The expectation value

of this geometrical distribution yields ⟨N⟩= (1− p)/p = k10/k12, and ⟨N⟩ can easily be

estimated from the data by calculating the mean of N10. Estimates of k10 and k12 are then

calculated as follows:

k10 =
⟨N⟩λ

(1+ ⟨N⟩)
, k12 =

λ

(1+ ⟨N⟩)
. (2.8)

As a proof of principle, a number of simulations with varying rates and imaging variables

were generated using Model A. The true rate parameters were accurately estimated by the

HMM algorithm across a range of simulated rates, performing favourably to distribution

fitting (data not shown). By careful selection of experimental variables, such as exposure

time, distribution fitting performed comparably to the HMM algorithm and as such the

focus here will be on the more challenging models including additional dark-states and a

photobleached state.

Intrinsic model parameters

A set of values for experimental variables, typical of SMLM experiments, was selected

in order to investigate the effect of independently varying the set of parameters intrinsic

to the fluorophore photoswitching model, θ = {ki j}. For all simulations in this section

the following values were used, a per frame photon flux φq/∆ = 500, an acquisition rate,

∆−1 = 30 frames per second (FPS) and a detection threshold, T = 5σBG. The number of

simulated frames NF was adjusted for each θ to normalize against the average number of

transitions. This was done by defining the relative simulation length in terms of the mean

number of on-states before bleaching l⟨N⟩= lk10/k12 and dividing by the number of blinks

per second approximated from θ . For simulations in this section l = 3.
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Fig. 2.15 Rate predictions of the standard 3-state model. (a) Estimates of log10(k01) and log10(k10) simulated
from the standard 3-state model determined using the HMM algorithm. Simulated ground truth rates are
included as black crosses, predictions from each of 100 replicates of the simulated experiments included as
pink circles. (b) As in (a) for predictions from distribution fitting included as yellow circles. Estimates for the
absorption rate k12, along with means, RMSEs and 95% simulated intervals are given in Table 2.1. Adapted
from Patel et al. (2017).

The influence of parameters k10 and k01 on Model B, the standard 3-state model were

considered first by selecting 16 parameter pairs spanning two orders of magnitude covering

a range of observed behaviours in organic fluorophores and fluorescent proteins (Dempsey

et al., 2011). In order to control for the influence of the photobleaching rate a constant ratio

of k12 = k10 was used. Each parameter pair represents a single study and in each study 100

replicates of the simulated experiment were performed in order to calculate 95% simulated

confidence intervals. For each simulated experiment parameter estimation is performed

using N f l = 100 simulated fluorophore state sequences, an easily achievable number in true

experiments.

Comparing results of the rate estimates determined using the HMM algorithm to those

determined by distribution fitting (Fig. 2.15, Table 2.1), it is evident that the HMM

yields estimates with a reduced bias particularly as one or both of the rates approaches

the acquisition rate of 30 FPS. The root mean squared errors (RMSE) calculated from

the replicates of each study (Table 2.1) are also reduced relative to distribution fitting,

indicating the improved precision of parameter estimates by the HMM algorithm. Both the

bias and RMSE show a tendency to increase, even when using the HMM, as transition and

absorption rates are increased. Despite this, the reported 95% simulated intervals contain

the ground truth parameter values across all 16 studies estimated using the HMM algorithm

and conversely, further highlight the bias in estimates obtained via distribution fitting.

In order to determine if the reported 95% simulated intervals are representative of

the true 95% confidence intervals of the parameter estimates a bootstrap study, with 500

replicas using the scheme presented in Patel et al. (2017) was performed providing extended
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Table 2.1 Rate predictions of θ = (k01 k10 k12)
⊤ under the standard 3-state model from both the HMM and

distribution fitting (dist.) methods are presented along with means, root mean squared errors (RMSE) and
95% simulated intervals (S.I.). log− log scatter plots of of predictions from individual simulated experiments
are shown in Figure 2.15. Adapted from Patel et al. (2017).

HMM HMM HMM dist. dist. dist.
Study NF θ Mean RMSE (×10−2) 95% S.I. Mean RMSE (×10−2) 95% S.I.

1 16800 0.3162 0.3192 0.9687 (0.3045,0.3412) 0.2876 3.2931 (0.2571,0.3186)
0.3162 0.3155 0.7613 (0.3017,0.3348) 0.3094 0.8897 (0.2987,0.3222)
0.0105 0.0110 0.2126 (0.0080,0.0173) 0.0110 0.1051 (0.0096,0.0131)

2 11151 0.3162 0.3152 0.6622 (0.2986,0.3271) 0.3044 1.4688 (0.2893,0.3197)
1 1.0026 1.9096 (0.9602,1.0403) 0.9474 5.9482 (0.8919,0.9946)

0.0333 0.0343 0.3470 (0.0285,0.0418) 0.0347 0.3332 (0.0300,0.0428)

3 9364 0.3162 0.3126 0.6751 (0.3019,0.3220) 0.2994 1.9028 (0.2791,0.3157)
3.1622 3.1638 6.5551 (3.0491,3.2826) 2.4506 77.8492 (1.7789,2.9151)
0.1054 0.1060 1.0206 (0.0893,0.1283) 0.0889 2.1181 (0.0627,0.1173)

4 8799 0.3162 0.3037 1.3963 (0.2910,0.3136) 0.2840 3.3483 (0.2669,0.2997)
10 9.9579 23.0254 (9.5186,10.4158) 3.1910 690.8696 (1.5220,5.9107)

0.3333 0.3471 3.7917 (0.2934,0.4186) 0.1233 21.4912 (0.0610,0.2450)

5 10962 1 0.9979 1.8580 (0.9607,1.0381) 0.8963 12.4336 (0.7390,1.0060)
0.3162 0.3163 0.7184 (0.3017,0.3317) 0.3029 1.4713 (0.2907,0.3161)
0.0105 0.0107 0.0993 (0.0091,0.0128) 0.0112 0.1096 (0.0097,0.0129)

6 5312 1 0.9962 1.8118 (0.9602,1.0311) 0.9464 6.4432 (0.8729,1.0142)
1 1.0006 1.7552 (0.9623,1.0355) 0.9340 6.8768 (0.8891,0.9654)

0.0333 0.0338 0.2904 (0.0274,0.0403) 0.0347 0.2772 (0.0296,0.0403)

7 3526 1 0.9850 2.3208 (0.9492,1.0165) 0.9468 5.7823 (0.9107,0.9900)
3.1622 3.1656 7.3336 (3.0095,3.3030) 2.7115 46.1604 (2.4988,2.8888)
0.1054 0.1062 1.0589 (0.0839,0.1274) 0.1013 0.9895 (0.0844,0.1206)

8 2961 1 0.9670 3.9061 (0.9331,1.0025) 0.9053 9.7545 (0.8524,0.9451)
10 9.9362 27.2081 (9.4582,10.4740) 5.0187 504.3446 (3.6585,6.5223)

0.3333 0.3500 3.9408 (0.2808,0.4209) 0.2002 13.7743 (0.1440,0.2689)

9 9116 3.1622 3.1546 6.8802 (3.0410,3.2910) 2.3068 95.1931 (1.6353,3.0432)
0.3162 0.3145 1.5272 (0.2844,0.3382) 0.2793 3.7425 (0.2694,0.2901)
0.0105 0.0107 0.1129 (0.0089,0.0133) 0.0113 0.1253 (0.0095,0.0136)

10 3466 3.1622 3.1275 7.4660 (3.0121,3.2771) 2.8271 37.7579 (2.4890,3.0580)
1 1.0042 4.0430 (0.9027,1.0673) 0.8711 13.0043 (0.8354,0.9021)

0.0333 0.0338 0.3699 (0.0265,0.0417) 0.0350 0.3610 (0.0287,0.0415)

11 1680 3.1622 3.1101 9.4936 (2.9827,3.3063) 2.9176 25.6336 (2.7468,3.0751)
3.1622 3.1774 9.1226 (2.9934,3.3673) 2.5950 56.9611 (2.4846,2.6953)
0.1054 0.1073 1.2117 (0.0875,0.1309) 0.1050 0.9772 (0.0892,0.1254)

12 1115 3.1622 3.0275 14.7255 (2.9162,3.1519) 2.7851 38.1889 (2.6624,2.9165)
10 9.9922 24.8620 (9.5353,10.4764) 6.3522 365.9653 (5.7218,6.9261)

0.3333 0.3485 3.9202 (0.2874,0.4364) 0.2721 6.7863 (0.2229,0.3310)

13 8532 10 9.9308 25.6393 (9.4711,10.4659) 5.3340 506.7013 (1.9767,8.5991)
0.3162 0.3163 4.4235 (0.2421,0.3674) 0.2169 9.9483 (0.2059,0.2253)
0.0105 0.0106 0.0893 (0.0089,0.0122) 0.0111 0.0982 (0.0096,0.0125)

14 2882 10 9.8578 29.5173 (9.4399,10.3920) 7.7536 241.8453 (5.5293,8.7067)
1 1.0264 10.5309 (0.7836,1.1608) 0.6768 32.3653 (0.6447,0.7073)

0.0333 0.0342 0.3583 (0.0277,0.0415) 0.0355 0.3731 (0.0299,0.0421)

15 1096 10 9.7339 38.3953 (9.2222,10.3385) 8.1863 184.8409 (7.3752,8.6577)
3.1622 3.2110 20.7343 (2.4524,3.4669) 2.0539 110.9651 (1.9708,2.1564)
0.1054 0.1095 1.2225 (0.0897,0.1335) 0.1090 1.0413 (0.0941,0.1322)

16 531 10 9.4992 55.7165 (9.1001,9.9554) 7.9281 207.9020 (7.5456,8.2175)
10 9.9053 54.4724 (9.0157,10.8772) 5.6321 436.9608 (5.4028,5.8869)

0.3333 0.3400 4.5056 (0.2617,0.4282) 0.3044 4.0626 (0.2602,0.3643)
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Table 2.2 95% confidence intervals on θ from bootstrapping for a selection of simulated models including the
standard 3-state model (study 1) and m = 1,2 models using 500 replicates. Adapted from Patel et al. (2017).

Study k001 k01 k0102 k011 k021 k10 k12

1 (0.3060,0.3388) (0.3046,0.3273) (0.0086,0.0155)
17 (0.0069,0.1047) (0.2914,0.3415) (0.0998,0.2162) (0.2916,0.3171) (0.0076,0.0120)
20 (0.1368,0.2464) (0.2851,0.3280) (0,0.1555) (0.0606,0.1076) (0,0.4451) (0.6725,0.7222) (0.0084,0.0150)

Table 2.3 Rate predictions of θ for extended models with m = 1,2 from both the HMM and distribution
fitting (dist.) methods are presented along with means, root mean squared errors (RMSE) and 95% simulated
intervals (S.I.). Adapted from Patel et al. (2017).

HMM HMM HMM dist. dist. dist.
Study NF θ Mean RMSE (×10−2) 95% S.I. Mean RMSE (×10−2) 95% S.I.

17 11151 k001 = 0.15 0.1496 2.0870 (0.1146,0.1971) 0.1451 2.0625 (0.1075,0.1901)
k01 = 0.3 0.3021 0.9572 (0.2838,0.3213) 0.2963 1.0304 (0.2762,0.3156)
k011 = 0.1 0.0994 0.5668 (0.0895,0.1115) 0.1017 0.5217 (0.0914,0.1106)
k10 = 0.5 0.4910 1.2423 (0.4738,0.5088) 0.4789 2.3184 (0.4623,0.4965)

k02 = 0.01 0.0098 0.1355 (0.0074,0.0121) 0.0159 0.6027 (0.0141,0.0178)

18 10000 k001 = 0.25 0.2457 5.3849 (0.1597,0.3523) 0.2402 4.8554 (0.1529,0.3264)
k01 = 0.5 0.5050 2.0533 (0.4674,0.5508) 0.4855 2.5160 (0.4460,0.5201)
k011 = 0.2 0.1967 1.5014 (0.1673,0.2286) 0.1981 1.3125 (0.1740,0.2268)

k10 = 1 0.9749 3.5837 (0.9288,1.0233) 0.9467 5.7764 (0.8924,0.9891)
k12 = 0.05 0.0496 0.4975 (0.0400,0.0595) 0.0507 0.5146 (0.0412,0.0608)

19 9364 k001 = 0.35 0.3387 5.2269 (0.2385,0.4322) 0.3223 5.9462 (0.2331,0.4367)
k01 = 1 1.0306 4.9708 (0.9573,1.0959) 0.9480 6.1932 (0.8863,1.0157)

k011 = 0.3 0.2976 2.0430 (0.2600,0.3376) 0.2943 2.1908 (0.2552,0.3396)
k10 = 2.3 2.1613 14.6155 (2.0671,2.2594) 2.0286 27.6440 (1.9342,2.1354)
k12 = 0.1 0.0942 1.0821 (0.0812,0.1220) 0.0946 1.0378 (0.0783,0.1158)

20 20000 k001 = 0.2 0.1919 1.3599 (0.1659,0.2080) 0.1770 2.8125 (0.1533,0.2295)
k01 = 0.3 0.2981 0.3448 (0.2917,0.3038) 0.2930 0.7430 (0.2896,0.2982)

k0102 = 0.15 0.0969 80.4518 (1.2×10−8,0.3619) 0.1137 7.4882 (0.0005,0.2537)
k011 = 0.1 0.0968 1.1335 (0.0741,0.1017) 0.1529 8.4485 (0.0122,0.2550)
k021 = 0.1 0.1198 6.9360 (0.0302,0.3405) 0.1017 0.2535 (0.0980,0.1055)
k10 = 0.7 0.7005 0.4066 (0.6919,0.7085) 0.6700 3.0188 (0.6624,0.6768)

k12 = 0.01 0.0100 0.0467 (0.0089,0.0108) 0.0135 0.3545 (0.0129,0.0142)

95% confidence intervals. The results (see a selection presented in Table 2.2) highlight the

effectiveness of re-simulation of the model in providing accurate bounds for θ .

The accuracy of parameter estimates for extended models with one additional dark

state, m = 1, and two additional dark-states, Model C, m = 2 was determined by further

simulations. Results from analysis of these simulations, with comparison to the exponential

fitting method, are shown in Table 2.3. While it is clear that the estimates for transition

rates to and from these additional dark-states incur greater bias as m increases, the extent of

the 95% simulated intervals generally covers the ground truth parameter values, albeit over

a larger area due to the increase in the RMSEs. As seen in the case of the standard 3-state

model, estimates from distribution fitting are less robust, yielding much higher bias and

RMSEs for particular parameter values.

The effect of varying the bleaching rate, k12, on parameter estimation was investigated

using the standard 3-state model with fixed k10 = 10−1/2 and fixed k10 = 101/2. The

resulting parameter estimates are represented as boxplots (Fig. 2.16) showing the median,



2.3 Characterisation of fluorophore photoswitching 105

0

0.5

1

1.5

k 01
 (s

-1
)

log10 (k12) (s-1)
-2 -1.5 -1 -0.5 0 0.5 1

0

5

10

15

k 10
 (s

-1
)

log10 (k12) (s-1)
-2 -1.5 -1 -0.5 0 0.5 1

-2.5

-2  

-1.5

-1  

lo
g 10

( k
12

) (
s-1

)

log10 (k12) (s-1)
-2 -1.5 -1 -0.5 0 0.5 1

Fig. 2.16 Performance of parameter estimates
for various bleaching rates. Boxplots show
quantiles from estimates of top left: k01, top
right: k10 and bottom left: k12 for various
k12 from both distribution fitting (black) and
HMM fitting (red). True rates indicated by the
blue lines. Adapted from Patel et al. (2017).

median simulated interval and interquartile ranges. The extent of the whiskers are calculated

as q3+3(q3−q1)/2 and q1−3(q3−q1)/2 where q1 and q3 are the 25th and 75th percentiles

respectively, indicating 99.3% coverage if normally distributed estimates are assumed. By

varying k12 it is seen that when k12 approaches the value of k10 the precision of the HMM

estimate deteriorates significantly. Since the increase in the bleaching rate reduces the

number of transitions to dark-states but the bias is largely unaffected, this suggests that the

maximum likelihood estimator, used in the HMM method, is asymptotically unbiased and

indeed increasing NF ×N f l decreases the variance (data not shown).

It is seen that as m increases, specifically with higher switching rates and in the case of

fast bleaching, relative to dark state transitions, the likelihood function becomes increasingly

multimodal with multiple solutions possible. In these situations, the use of a maximization

approach such as simulated annealing may increase the chances a global maximum is found.

However, it is important to note that such a situation could also be as a result of lack of

data. In this case increasing N f l in the case of fast bleaching or NF in the case of higher m

would improve estimates obtained using the current maximization technique.

Finally, the potential for model selection on the basis of parameter estimates from the

HMM methods using the BIC was tested. Model selection was performed between the

standard 3-state model m = 0, the m = 1 model and Model C, the m = 2 model. Applying

this model selection to all 100 replicates of the 16 standard 3-state model datasets (Table
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2.1) results in the true 3-state model being chosen in 100% of cases. To assess the accuracy

of BIC for the extended models, taking into consideration the multimodality described

above, 100 replicates of the m = 1 and 2 models were resimulated, using the parameters

from studies 17 and 20 but with a frame rate of ∆−1 = 50 FPS to increase NF and N f l = 300.

For the m = 1 model, out of 100 replicates, models m = 0,1 and 2, were selected 0,98 and

2 times respectively, while for the m = 2 model, out of 100 replicates, models m = 0,1 and

2, were selected 0,5 and 95 times respectively. This suggests that the number of dark-states

of an uncharacterised fluorophore could reasonably accurately be determined using the

estimates generated from the HMM algorithm.

Experimental variables

Investigating the effect of experimental variables that are readily controlled in the experi-

mental design of single molecule studies is likely to be important not only for determining

the effects on parameter estimation of photoswitching using the HMM method but also in a

wide range of situations where distribution fitting is used. As in the investigation of intrinsic

model parameters, 100 replicate simulated experiments were generated with N f l = 100

per simulated experiment across a large range of studies in which a single experimental

parameter was varied. When not being varied, parameters for all simulations in this section

were as follows, per frame photon flux φq/∆ = 500, acquisition rate, ∆−1 = 30 FPS, detec-

tion threshold, T = 5σBG and relative dataset length, l = 3. In all cases the standard 3-state

model was simulated with k01 = 100.5,k10 = 10−0.5 and k12 = 0.1.

Just as in the case of microtubule end tracking the SNR is anticipated to be a crucial

variable determining the accuracy and precision of fluorophore rate estimation and thus its

effects were studied first (Fig. 2.17). In the simulations SNR is varied by adjusting the mean

number of photons detected per frame while in the on-state, independently of any other

variable. This decoupling is beneficial since the SNR cannot be changed easily without

affecting model parameters e.g. k10 and k12 or changing other experimental variables such

as exposure time among others. Thus it is important to know its effect on the estimates so

that the quality of the experimental data can be assessed at the SNR that is achievable given

the other experimental variables.

When the number of photons per frame is varied from 200 to 600, the first observation is

that the performance of the HMM method relative to distribution fitting, as seen previously,

is significantly improved over distribution fitting exhibiting both reduced bias and increased

precision. SNR clearly does affect the estimates however, as can be observed in the

increased negative bias in k01 at low signals, an effect that is replicated in the estimates

from distribution fitting. A probable cause of this is the increased prevalence of ‘missed
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Fig. 2.17 Performance of parameter estimates for various SNRs. Boxplots show quantiles from estimates
of top left: k01, top right: k10 and bottom left: k12 for various numbers of photons detected per frame from
both distribution fitting (black) and HMM fitting (red). True rates indicated by the blue lines. Bottom right:
Examples of single simulated frames at the indicated number of photons per frame. Adapted from Patel et al.
(2017).

events’, the miss classification by thresholding of short on-states as off-states, increasing

the observed off-state lifetime. In the case of distribution fitting, missed events further

compromise estimates of k10 and k12 because of the reduction in both ⟨N⟩ and λ = k10+k12.

The plateau seen in the bias of k10 estimates from distribution fitting will later be seen to be

a result of the choice of acquisition rate.

Since the bias seen at low SNR appears to be a result of missed events the threshold

level, T , was varied to judge its influence on estimates. Simulations were analysed using

threshold values T = 2,5,10 and 15 times σBG (Fig. 2.18). It is expected that as T is

increased the problem of missed events seen at low SNR will be replicated, but also at

T = 2 a very large number of false positives are expected. These are single frame events

that in the case of exponential fitting will result in a large increase in ⟨N⟩ and bias estimates

of λ towards the frame rate, 30, resulting in negatively biased estimates of k12 and positively

biased estimates of k10. They will also cause a very significant reduction in the off-state

lifetime increasing k01 estimates and these predictions are indeed born out by the results

of the simulations (Fig. 2.18). Surprisingly, the compensation for false positives included
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Fig. 2.18 Performance of parameter estimates
for various thresholds. Boxplots show quan-
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in the HMM method is more than effective enough to result in the most accurate estimate

being gained from using a very low threshold value of 2σBG.

Another parameter that is expected to be critical in the estimation is the acquisition

rate. It is important to recall that adequate temporal sampling is also a key assumption of

modelling the photoswitching as discrete macro states (section 2.3.1) and that increasing

the acquisition rate would in an experimental setting decrease the SNR but in the simulation

these effects are decoupled. Because of this decoupling it’s anticipated that all estimates

will improve with increased acquisition rate due to increased temporal resolution. At lower

acquisition rates however, missed events may become problematic again. This is because

on times that partially span a single frame will be more likely. If, as in a real experiment,

the SNR was related to the exposure time the would be less of a problem, but because

the mean photons emitted per frame is a constant in the simulations these partial frame

times will result in a low signal value that could fall below the threshold. Simulations

across an order of magnitude in acquisition rate from ∆−1 = 10 FPS to 100 FPS confirm

some of these predictions (Fig. 2.19). An unexpected negative bias is seen however, in

the estimates from distribution fitting of k01. This is likely due to the increased number of

frames meaning that at a constant false positive rate per frame the likelihood of the state

sequence including false positives increases as the frame rate increases.
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from Patel et al. (2017).

To confirm this, a final set of simulations was performed in which the relative simulation

length was varied using values l = 1,2,3,4 and 5 times k10/k12 (Fig. 2.20). The resulting

estimates are all largely unaffected apart from the expected increase in the negative bias

in distribution fitting estimates of k01. Also, as a large portion of the fluorophores do not

bleach when the relative simulation length is 1× (k10/k12) the measurement of ⟨N⟩ is an

underestimate and the bleaching rate k12 is therefore overestimated.

It should be noted that across the full range of relevant parameters tested, the HMM

estimates perform better than the exponential fitting with estimates typically spanning the

ground truth simulated values within the first and third quantiles. This is only matched by

distribution fitting under a small number of idealised experimental variables. Furthermore,

the extent of the interquartile ranges of HMM predictions indicate that the estimator is not

only less biased but also more precise.

2.3.3 Discussion

Using simulated microscopy, an algorithm designed to accurately estimate the kinetic rates

of a photoswitching model under a range of challenging experimental conditions such

as low SNR and acquisition rates has been evaluated. Compared to a general approach

of distribution fitting to dwell times a significant improvement in accuracy and precision

has been demonstrated. This was achieved by careful formulation of a hidden Markov
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model that links the observations of analysed single molecule microscopy data to the

continuous time photo-switching model of the fluorophore. Importantly, considerations

for the formation of images by the finite exposure time of a camera and thresholding of

intensity traces were included in this method. The introduced ‘transmission matrices’ that

capture all the dependencies in the model and a modification of the forward-backward

algorithm tailored for these coupled HMMs has enabled highly accurate rate predictions

for specific, simulated, fluorophore models.

Under simulation of typical experimental conditions it was shown that the precision

and accuracy of estimating photoswitching rate parameters in a standard 3-state model of

photoswitching are essentially unaffected across almost two orders of magnitude. Extension

of the model to include additional dark-states had a minor impact on the estimation of

parameters and it was found that by using the BIC, it is possible to perform accurate model

selection from a range of model proposals. It can be concluded that extended models with

multiple dark-states or rapid photobleaching would benefit from a considerably increased

dataset size or implementation of a more effective maximisation of the likelihood function

to match the accuracy and precision seen in the standard model, but good estimates of

photoswitching rates are still achieved.

For a typical photoswitching model the effects of experimental variables were inves-

tigated. Very low SNR, an inappropriately chosen intensity threshold or poor temporal
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resolution can result in bias in the estimates of one or more parameters in the model

however this is easily avoided by careful experimental design. The investigation of these

parameters also led to informative conclusions about experimental design when using

distribution fitting of more general models in which use of this specific HMM algorithm

would be inappropriate. Many of these observations have been made before, for example

the influence of missed events (Colquhoun et al., 1996; Epstein et al., 2016; Hawkes et al.,

1990, 1992; Qin et al., 1996). One observation not commonly commented on however is

the effect that the increased prevalence of false positives has on the estimates when the

acquisition rate is increased but the duration of the acquisition is not reduced (Fig. 2.19).

The accurate measurement of fluorophore photo-switching rates demonstrated here

has the potential to enable tailored design of SMLM experiments to specific requirements.

For example, in aiding the selection of a fluorophore and photo-switching environment to

achieve the rapid photo-switching at low laser intensities required for live-cell samples.

Alternatively, to promote the long off times required for densely packed samples. Fur-

thermore, precise estimates of photo-switching rates have the potential to advance data

processing methods used in SMLM, enabling more accurate image reconstruction and

aiding molecular counting techniques.

While the evaluations of this method presented here focus on SMLM applications,

stochastic processes in which the observed signal depends on both the current and past states

of a hidden process are likely to be a general feature of digital, discretised measurements

of noisy stochastic signals. This is particularly true in image processing where images are

inevitably formed by exposing the camera’s sensor over a non-zero length time window.

The coupling between the emission and transition probabilities of the HMM is a direct

consequence of this exposure time, and therefore it is likely that the methodology evaluated

in this section will find use in imaging applications that are beyond the scope of this thesis,

for example the analysis of FRET trajectories (Santoso et al., 2010) or single molecule

tracking experiments of stochastic diffusion processes like the random walks of molecular

motors (Yildiz et al., 2003).

It is important to note that unlike the microtubule tracking algorithm the HMM method

presented in this section has not been tested on experimentally acquired data. To a certain

extent this reduces the weight of any conclusions drawn about the quality of the method,

lacking a real world example of its performance. As an example, the method has so far

been tested on numbers of fluorophore traces not less than 100 per simulated experimental

condition, it is plausible that the variation in photoswitching characteristics between 100

experimentally acquired fluorophore intensity traces is so great as to exceed the improve-

ments over distribution fitting. Sources of this variation could come from the typically
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non-homogeneous illumination of the field of view in laser based fluorescence microscopy

or differences in micro environment. It is believed that this is not the case however, and

there will still be an advantage to the method being applied to experimental data, although

this will be difficult to assess without the existence of a ground truth. Even if this is the

case, there are other, more robust stochastic processes, the investigation of which, could

benefit from using coupled transmission matrices, for example kinetic imaging and analysis

methods like qPAINT (Jungmann et al., 2016). For application in these methods however

the HMM algorithm may require modification in order to analyse and compare single,

long kinetic state sequences rather than multiple short state sequences as presented here.

Another possible complication in the application to experimental data is the possibility of

miss identification of debris and noise as a fluorophore resulting in the inclusion of intensity

traces from the detection of debris in the analysis. These spurious detections and traces not

associated to a fluorophore were not included in the simulations used in the evaluation of

the method. It is expected however that given the relative robustness of estimates to false

positives demonstrated by the data in figure 2.18 this is likely to result in a more marked

improvement when applied to experimental data. At the time of writing, data acquired by

(Lin et al., 2015) for the analysis of AlexaFluor647 photoswitching at high laser intensities

is being analysed using the HMM algorithm in order to address some of these questions.
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Chapter 3

Super-Beacons

Everything should be made as simple as

possible, but not simpler

Albert Einstein

3.1 Introduction

It is commonly acknowledged that the extension of fluorescence imaging applications to

live-cells is critical to the advancement of our understanding of fundamental cell biology.

Life is inherently dynamic and many cellular processes are characterised by how the struc-

tural organisation of biomolecules relative to one another evolves over a broad range of

time scales. Imaging of fixed cells results in a snapshot of these biomolecular dynam-

ics, providing information about quantity, sub-cellular distribution and colocalization of

biomolecules at a specific time-point but lacking the dynamic context. In addition, fixation

techniques have the potential to introduce artefacts including protein extraction, relocalisa-

tion, membrane disruption and ultra-structure degradation (Schnell et al., 2012). For these

reasons, recent advances in super-resolution microscopy applications have had a focus on

live-cell imaging (Hell et al., 2015) and, as discussed in chapter 1, live-cell super-resolution

applications have begun to be realised, especially using structured illumination microscopy

(e.g. Li et al., 2015; Nixon-Abell et al., 2016).

Focusing on SMLM techniques, such as PALM (Betzig et al., 2006; Hess et al., 2006)

and STORM (Heilemann et al., 2008; Rust et al., 2006), there are a number of limiting

factors preventing their direct implementation to live-cell imaging. These limitations relate

to two of the fundamental elements of SMLM, first, the use of time as a dimension to

distinguish molecules separated by less than the diffraction limit, and second, the number

of photons required to accurately localise the position of a single molecule. In the case of
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fixed cell imaging both of these factors are easily overcome. In the first instance time is less

of a limitation since there are no dynamics to resolve and only the mechanical stability of

the microscope and the photo stability of the fluorophores used limit the time that data can

be acquired. In the second instance the number of photons collected from single molecules

can be improved using higher illumination intensities and chemical environments such

as oxygen scavenging buffers that protect fluorophores from bleaching. Neither of these

approaches are directly applicable in the context of live cells due to the possibly adverse

effects of photo-toxicity and non-physiological buffer conditions. As a consequence much

debate about the relative importance of super-resolution modalities to live-cell imaging has

focused on the differences between structured illumination type methods such as PA-SIM,

NL-SIM and high NA TIRF-SIM in comparison to point scanning techniques STED and

RESOLFT (Li and Betzig, 2016; Sahl et al., 2016). This debate has neglected both the

considerable progress towards live-cell SMLM and the richness of the data provided by

single molecule localisation which includes the ability to track the dynamics of single

molecules (Albrecht et al., 2016) and analyse structures mathematically via description as

spatial point patterns (Peters et al., 2017; Rubin-Delanchy et al., 2015).

As previously stated, performing live-cell SMLM requires the detection of enough

fluorophores to meet the Nyquist sampling criterion in both space and time that supports

the resolution afforded by the precision of localisation achieved for the given photon yield

(Liu et al., 2015; Sauer, 2013; Shroff et al., 2008). This must be accomplished on a time

scale that minimizes motion blur artefacts common to all imaging of dynamic processes.

The microscope, camera and computer hardware capable of achieving the required speed

of imaging is already readily available (Almada et al., 2015; Huang et al., 2013; Pereira

et al., 2015), along with the developments in high-density localisation algorithms which

can be used to greatly increase the rate of acquired localisations (Holden et al., 2011). By

increasing the rate of fluorophore transitions between fluorescent and dark-states it has been

demonstrated that these hardware and software advances can be fully exploited to enable

live cell SMLM (Huang et al., 2013; Liu et al., 2015) albeit through the use of potentially

photo toxic illumination (Wäldchen et al., 2015). This is because of the general reliance

on the photophysics of fluorescent molecules to generate fluorescent on-states and non

fluorescent dark-states. High intensities are utilised in PALM like methods to increase the

frequency of photo activation and promote rapid photobleaching following activation. In

STORM like methods the high intensities are utilised to increase the probability of triplet

state transitions promoting the formation of dark-states. Non-physiological buffers are used

to control the timescale of recovery to the fluorescent state (section 1.5; van de Linde and

Sauer, 2014; Vogelsang et al., 2010). The development of probes in which the stochastic
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nature of these on- to dark-state transitions is decoupled from the photophysics of the

fluorescent molecule has the potential to mitigate both the use of phototoxic illumination

and non-physiological media. In combination with previously developed hardware and

software solutions this would considerably enhance the applicability of SMLM to live-cell

imaging. In this chapter, the stochastic opening and closing of a DNA hairpin (Stiehl

et al., 2013) to promote transient quenching of an organic fluorophore (Doose et al., 2009;

Holzmeister et al., 2014) is proposed as a mechanism by which live-cell SMLM can be

achieved with minimal photo-toxicity in physiologically relevant media.

3.1.1 Transient quenching

In order to decouple the on- to dark-state transitions (and visa versa) from the photophysics

of the fluorophore two elements are required; a mechanism for generating dark-states

and a mechanism for generating stochasticity, both of which must be exogenous to the

fluorophore. The first of these elements can be achieved using a high efficiency quencher

matched to the fluorophore used (Lakowicz, 2006) and the second can be achieved by

transient binding interactions that occur at thermodynamic equilibrium between bound and

free states of molecular complexes (Jungmann et al., 2010). If, for example, a fluorophore

could be transiently quenched by the binding of a quencher molecule to the fluorescent

probe, the dissociation or bleaching of the quencher would result in the stochastic transition

to a fluorescent state at a rate independent of the fluorophore photophysics (Holzmeister

et al., 2014). Conversely binding, from solution, of a quencher to a fluorescent probe would

result in formation of a dark-state. Dissociation or bleaching of a quencher, as a mechanism

to perform SMLM, would need to be followed by rapid fluorophore bleaching at high

illumination intensities, whereas binding from solution would be diffusion limited and

require very high concentrations of soluble quencher to generate short on-state lifetimes.

Transient quenching, generating rapid and repeated transitions between on- and dark-

states could be achieved using a fluorophore-quencher pair in the same molecule, if this

molecule were to exhibit two conformational states in which the fluorophore and quencher

were either in close proximity or not (Fig. 3.1; Doose et al., 2009). In this scenario, the

lifetimes of the on- and dark- states would be determined by the transition rates between

the two conformational states, which could be tuned by the choice of structure, chemical

environment and temperature. It should be noted however, that the metastable un-quenched

state formed would still be subject to the normal photophysics of the fluorescent molecule,

including photoswitching and bleaching pathways. The simplified model in figure 3.1

however, negects the fact that common quencher molecules, such as Black Hole Quenchers
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Fig. 3.1 Generalised model of photoswitching by transient quenching. A fluorophore and quencher are
covalently bound to a molecule with two conformational states. Top: in the metastable unquenched state, the
fluorophore and quencher are separated by a distance that allows the fluorophore to behave in its native state.
Bottom: at a rate independent of the photophysics of the fluorophore, a conformational change in the probe
brings the fluorophore and quencher into close proximity resulting in a metastable quenched, non-fluorescent
state.

which exhibit no native emission due to their polyaromatic-azo backbone, can switch in

a photoinduced process to a radical anion state that is unable to quench the fluorophore

(Holzmeister et al., 2014). In addition these quenchers exhibit a number of modes of

quenching:

• Static quenching; complex formation between the quencher and fluorophore results

in a significant shift in the absorption spectrum or photoinduced electron transfer is

made possible depending on the relative redox potentials.

• Dynamic quenching; molecular collisions relax the excited state of the fluorophore

by non-radiative means.

• FRET quenching; a resonance energy transfer from the excited state of the fluorophore

occurs in a distance dependent manner, resulting in non-radiative thermal relaxation

of the excitation in the quencher molecule.

A wide range of possible molecular structures could be envisaged to achieve this two

state conformational change inducing on- to dark-state switching by transient quench-

ing, however the control over synthesis, structure and detailed characterisation of DNA

molecules makes them the ideal candidate structure. Here, Super-Beacons (SBs) are pro-



3.1 Introduction 119

Stem

Loop

Molecular Beacon
OFF-State

Target Sequence

Loop sequence 
hybridization

!"#

!"$$

Super-Beacon 
Blinking

3’ Quencher 5’ Fluorophore

Molecular Beacon
ON-State

SB-Abs – Antibody 
bound Super-Beacons 
for Imunno-labelling

a

b c

Fig. 3.2 Super-Beacons. (a) The stable hairpin shaped secondary structure of Molecular-Beacons brings a
quencher into close proximity with a fluorophore preventing fluorescence. Hybridisation of the Molecular
Beacon with a target sequence allows fluorescence by separating the fluorophore from the quencher. (b)
In the absence of a target sequence the open fluorescent state and the closed non-fluorescent state exist in
thermal equilibrium. (c) Internal modification to include a biotinylated base at the centre of the loop allows
immuno-labelling using streptavidin fused anti-bodies or direct labelling by expression of streptavidin-fused
proteins of interest.

posed as a new class of DNA based, photo-switchable probe utilising the general principle

of transient quenching. SBs are based on the structure of a Molecular-Beacon (Fang et al.,

2000; Tan et al., 2004; Tyagi et al., 2000). Molecular-Beacons are oligo-nucleotide, single

stranded DNA (ssDNA) based fluorescent probes used in the identification of specific

DNA targets. They consist of a 20 - 40 base pair oligo-nucleotide with a fluorophore and

a quencher covalently bound to opposing ends. The sequence of this simple structure is

designed such that short terminal regions of the sequence are complementary, promoting

self-hybridisation. This results in the beacon stably forming a hairpin shaped secondary

structure (Fig. 3.2a), hereafter called the ‘closed-state’. The hairpin structure brings the

fluorophore and quencher into close proximity resulting in a default, non-emitting, dark-

state due to resonant energy transfer and contact quenching (Marras, 2006, 2008). The

nucleotide sequence of the loop section of the beacon would normally be chosen such that

it is complementary to a target sequence of interest. Thus, the hybridisation of the loop

to this target denatures the stem of the hairpin, separating the fluorophore and quencher

allowing a fluorescent on-state (Fig. 3.2a), hereafter called the ‘open-state’.
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Importantly for the development of Super-Beacons, these two states exist in thermal

equilibrium, even in the absence of the hybridisation target sequence. Thus, under certain

conditions the beacon will stochastically switch to a fluorescent state for a short period of

time in the transiently quenched manner previously described (Fig. 3.2b). The stability

of the secondary hairpin structure can be modulated by the design of the oligo-nucleotide

sequence, namely by altering the length of the hairpin and the avidity of the complementary

stem region. The hybridisation free energy ∆Gh can be determined by the identity of

the bases in the stem sequence and experimental conditions such as pH, temperature

or ion concentration and can be calculated using standard models of DNA hybridisation

(SantaLucia, 1998; Zuker, 2003). This stability can be further modulated in-situ by chemical

environment and temperature. If the switching between fluorescent on- and dark-states

is found to be dominated by a two-state model of the DNA-hairpin opening and closure,

it is hypothesised that fine control of the rate of transitions between fluorescent on- and

dark-states would be possible. The loop length, temperature and ionic concentration have

previously been shown using fluorescence correlation spectroscopy to strongly influence

the rate of closure of the hairpin structure (Stiehl et al., 2013). Loop lengths in the

range of 12 to 30 base pairs produce an order of magnitude difference, temperatures in

the range of 10°C to 50°C produce over three orders of magnitude difference and ionic

concentrations from 100 mM NaCl to 500 mM NaCl produce an order of magnitude

difference (Stiehl et al., 2013). It is possible however, that the determination of SB

photoswitching switching rates over long time scales becomes intractable due to a number of

factors including; the range of possible modes of quenching (Marras, 2006), photoswitching

of both the fluorophore and quencher (Holzmeister et al., 2014), possible modulation of the

photophysics of fluorophores covalently bound to DNA (Sanborn et al., 2007), and finally

the possibility of photoinduced electron transfer to guanine bases additionally quenching

the fluorophore (Doose et al., 2009). Regardless of the tractability of the SB photophysics

a model independent, quantitative, single molecule analysis (of the form performed by

Dempsey et al. (2011); Lin et al. (2015) and Bittel et al. (2016) on classical organic

fluorophores) will reveal the suitability of transient quenching in a SB structure for live-cell

SMLM. It is hypothesised that transitions between fluorescent on- and dark-states will be

seen, even at physiological temperatures, under low illumination intensities, in standard

culture media allowing low intensity SMLM in physiological buffer conditions.
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3.1.2 Super-Beacon structures

In total 7 SB structures were designed (Table 3.1) with two modifications to the design

principles of Molecular-Beacons to enable Super-Beacons to be used as SMLM probes.

Firstly, the loop section normally selected to hybridise to a specific RNA or DNA target

was redesigned to promote stochastic melting of the stem portion to induce photo-switching

behaviour. As such, poly-thymine (poly-T) sequences were selected to prevent stable sec-

ondary structures forming and to minimise binding interactions with other oligo-nucleotides.

In addition, Goddard et al. (2000) have shown that the conformations of poly-T ssDNA can

be determined to be purely entropic, on the other hand, poly-A ssDNA for example, is stiffer

and requires an additional energy contribution to account for stacking of bases. Secondly,

an internal modification to the thymine base at the centre of the hairpin loop to include

either a biotinylated thymine or a thiol group. This allows SBs to be attached to streptavidin

conjugated labelling agents such as antibodies (Ab) enabling immuno-labelling (Fig. 3.2c)

or directly conjugated via NHS ester reaction with primary amines on the antibody via thiol

conjugation to a maleimide linker (Schnitzbauer et al., 2017). Alternatively, biotinylated

SBs could be used directly with cell-expressed, monomeric streptavidin (Chamma et al.,

2017).

The first 3 structures were designed with identical sequences, each with one of three

commonly used fluorophores, Cy3, ATTO550 and ATTO647N to investigate the dependence

Table 3.1 Super-Beacon sequences designed for use in this study are summarised. X corresponds to a
biotinylated or thiolated thymine base. The melting temperature, Tm, and free energy of hybridisation, ∆Gh,
at 22°C and 37°C were calculated using mFOLD (Zuker, 2003) at an ionic concentration of 125 mM NaCl.

SB Name SB Sequence
Tm
(°C)

∆Gh at 37°C
(kcal Mol−1)

∆Gh at 22°C
(kcal Mol−1)

B3S9L-ATTO550-BHQ2
5’-ATTO550 ACG TTT

TXT TTT CGT BHQ2-3’ 32.7 0.32 -0.95

B3S9L-ATTO647N-BHQ2
5’-ATTO647N ACG TTT
TXT TTT CGT BHQ2-3’ 32.7 0.32 -0.95

B3S9L-Cy3-BHQ2
5’-cy3 ACG TTT

TXT TTT CGT BHQ2-3’ 32.7 0.32 -0.95

B5S9L-Cy3-BHQ2
5’-cy3 TAGCG TTT TXT

TTT CGCTA BHQ2-3’ 57.7 -2.47 -4.29

B5S11L-ATTO647N-BHQ2
5’-ATTO647N GCACG TTT

TT X TT TTT CGTGC BHQ2-3’ 58.7 -2.84 -4.81

B5S19L-ATTO647N-BHQ2
5’-ATTO647N CGCTC TTT TTT

TTT X TTT TTT TTT GAGCG BHQ2-3’ 52 -1.93 -3.86

B5S39L-Cy3-BHQ2
5’-cy3 TAGCG TTT TTT TTT TTT

TTT TTT TXT TTT TTT TTT
TTT TTT TTT CGCTA BHQ2-3’

39.2 -0.29 -2.21
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of fluorophore photophysics on the SB photoswitching. The sequence of these SBs was

designed to be small with the goal of minimizing linker length for cell labelling. The

melting temperature, Tm was designed to be between 22°C, and 37°C using mFOLD (Zuker,

2003) to predict secondary structures at an ionic concentration of 125 mM NaCl. The

presence of the fluorophore and quencher were not included in these predictions and are

expected to stabilise the hairpin structure (Moreira et al., 2015) however, this contribution is

assumed to be small in comparison to the contribution of DNA bases. The fourth structure

was designed with an increase of two base pairs to the length of the stem region, expected

to increase the stability of the hairpin structure and increase the proportion of time in the

quenched state. In the final 3 structures the loop length was varied to 11, 19 and 39 bases

respectively. Longer loops are expected to increase the diffusion time required for the

closure of the hairpin structure and increase the proportion of time in the un-quenched state.

In all 7 cases the same quencher molecule, BHQ2, was used for consistency. BHQ2 has a

broad absorption spectra ranging from 559 nm to 670 nm coinciding with the peak emission

of ATTO550 (576 nm), Cy3 (568 nm) and ATTO647N (664 nm). The naming scheme of

the SBs used here follows the convention Beacon, nstem, Stem, nloop, Loop, -5’ conjugation,

-3’ conjugation, such that the first of the beacons, B3S9L-ATTO550-BHQ2, has 9 poly-T

bases in the loop and 3 base pairs in the stem, an ATTO550 fluorophore conjugated to the

5’ end and a BHQ2 quencher conjugated to the 3’ end. An additional 3 control structures,

one for each fluorophore used, lacking the 3’ conjugated quencher were also designed;

B3S9L-ATTO550, B3S9L-ATTO647N and B5S39L-Cy3.

3.2 Photoswitching characterisation in vitro

3.2.1 Materials and Methods

The 7 SB structures and 3 control structures were purchased pre synthesised, purified

by high-performance liquid chromatography and lyophilized, from Metabion. SBs were

diluted to a concentration of 100 µM in TE buffer (10 mM Tris-HCL, 1 mM EDTA, pH 7.5)

using the manufactures reported molar quantities and stored at -20°C, shielded from light

sources.

Surface passivation for single-molecule studies

In order to determine the photoswitching characteristics of SBs, biotinylated SBs were

immobilised on passivated surfaces and single molecule imaging was performed generating

data of the form described in section 2.3. 25 mm coverslips (HiQA - 1.5H, SAN 5025-
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03A, CellPath) were washed as previously described (Pereira et al., 2015), followed by

Piranha etching (Chandradoss et al., 2014). Cleaned coverslips were amino-silanized and

coated with NHS-ester polyethylene glycol (PEG) and NHS-ester Biotin-PEG as previously

described (Chandradoss et al., 2014). Coverslips were washed 10x with 1x liquid, sterile-

filtered, Dulbecco’s Phosphate Buffered Saline plus 5mM MgCl2 (D8662 Sigma), filtered

twice through a 0.2 µm filter, from here on called “clean PBS”. For experiments using

the ATTO647N SBs clean PBS was UV bleached for a further 24h. Coated coverslips

were UV irradiated for 30 min prior to Streptavidin addition (0.2 mgml−1 in 1x clean PBS,

10 min). Streptavidin coated coverslips were washed 10x with 1x clean PBS. SBs were

diluted to a concentration of 10 nM to 100 nM and coverslips were incubated for 1 min

to 10 min in order to have a low probability that multiple binding sites of streptavidin are

occupied by a SB. After SBs were added, 100 nm TetraSpeck beads (Life Technologies),

for drift correction, were added at a dilution of 1:1000 in 1x clean PBS for 10 min to each

coverslip. Coverslips were again washed 10x with 1x clean PBS. On average number of

detections in ‘empty’ coverslips prepared in an identical manner but without the addition

of SBs was 0.090±0.0092µm−2 at 561 nm illumination, 0.053±0.013µm−2 at 647 nm

illumination and 0.024±0.0022µm−2 at 647 nm illumination with the use of UV bleached,

clean PBS. This compares to an average of 0.38±0.039µm−2 for ATTO550 and Cy3 SBs

beacons and an average of 0.20± 0.025µm−2 for ATTO647N SBs using UV bleached

clean PBS indicating approximatly 22% and 12% contribution of spurious noise detections

from fluorescent debris in the 561 nm illumination and 647 nm illumination experiments

respectively.

Single molecule Super-Beacon imaging

TIRF imaging of prepared coverslips was performed using AttoFluor chambers (Thermo

Fisher Scientific) in an ElyraPS.1 inverted microscope at room temperature (22°C) unless

otherwise mentioned. For excitation of ATTO647N SBs a 647 nm laser operating at various

laser intensities was used. For excitation of ATTO550 and Cy3 SBs a 561 nm laser operating

at various laser intensities was used. A 100x TIRF objective (Plan-APOCHROMAT

100x/1.46 Oil, Zeiss) was used, with additional 1.6x magnification, to collect fluorescence

onto an EMCCD camera (iXon Ultra 897, Andor), yielding a pixel size of 100 nm. Imaging

of ATTO647N SBs was performed with an exposure time of 33 ms using the full field of

view of the camera (51.2 x 51.2 µm2) continuously for a period of 825 s (25000 frames).

Imaging of ATTO550 and Cy3 SBs was performed with an exposure time of 18 ms using a

cropped area of the camera (51.2 x 25.6 µm2) continuously for a period of 540 s (30000

frames).
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Fig. 3.3 Calibration of laser power. (a) Look up table relating software reported laser intensity to measured
laser intensity in the back focal plane of the objective for 647 nm illumination. Red: Mean of N = 6 intensity
measurements taken on the day of experiments (error bars show sample standard deviation). Blue: Linear
least squares fit with zero intercept and gradient 0.113. (b) Line profile of image intensity in an empty
coverslip used to determine the distribution of the illumination intensity. Red: pixel intensities (camera
counts). Blue: Gaussian least squares fit with σI = 20.4µm.

Laser intensity determination

The reported laser intensities are the peak intensities (Ipeak) at the centre of the field of

view and were calculated from the percentage of maximum laser power provided by

the microscope acquisition software, p. A look up table for each wavelength used, was

measured and regularly updated to provide a conversion factor, c, relating the software

provided power to the measured power in the back aperture of the objective, P = cp. Over

the course of use the lookup table accumulated a maximum of 10% error (Fig. 3.3a). The

transmission rate, T , of the objective was confirmed by measurement to be 89%±1.5%. For

each wavelength used, the standard deviation, σI , of the Gaussian distributed illumination

intensity in the sample plane was measured by fitting the intensity of line profiles taken from

illuminated empty coverslips (Fig. 3.3b). The calculation for Ipeak, assuming a Gaussian

distributed illumination, I(x,y), of the sample, can be derived as follows,

P ·T =
∫

∞

−∞

∫
∞

−∞

I(x,y)dxdy = Ipeak ·2πσ
2
I , (3.1)

Ipeak = cpT/2πσ
2
I , (3.2)

The maximum variation observed of the laser intensity over the 5.2 µm imaged area was

less than 5%.

Data analysis

Example drift corrected maximum intensity projections of single molecule TIRF image

sequences of the B3S9L-ATTO550 control and the B3S9L-ATTO550-BHQ2 SB are shown
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in figure 3.4. The difference in density of single molecules seen in the images is representa-

tive of the variation between samples as a result of sample preparation. Intensity over time

traces (e.g. Fig 3.4(bottom)) were extracted using a custom analysis pipeline as follows:

• Raw data was loaded with ImageJ/Fiji (Schindelin et al., 2012) and single molecule

localisation performed using the ThunderSTORM plugin (Ovesný et al., 2014).

ThunderSTORM parameters were as follows.

– Filtering of the data was performed using a B-Spline Wavelet filter with scale 2,

order 3.

– Detection of molecules was based on local maximum identification using 8

pixel neighbourhood connectivity.

– Detection threshold was set to 2 times the standard deviation of the first level of

the wavelet decomposition.

– An integrated Gaussian PSF was used for localisation with initial σ = 160nm.

– Fitting was performed using a weighted least squares estimate.

• Following localisation of single molecules Thunderstorm was also used to calculate

a per frame drift on the basis of fiducial marker localisations using default settings.
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Fig. 3.4 Example Super-Beacon trace extraction. Top: Drift corrected maximum Intensity projections of
30000 frame acquisitions with exposure time of 18 ms for the B3S9L-ATTO550 control (left) and the
B3S9L-ATTO550-BHQ2 SB (right). Displayed contrast with 0.2% saturated pixels using the ICA lookup
table (LUT). Bottom: Selected intensity traces showing detected photons per frame over time for three
representative molecules identified in the above TIRF acquisition.
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• ThunderSTORM localisation results, drift table and corresponding raw image data

were loaded by a custom written MATLAB (Math-Works, Inc., USA) analysis

program

• Results were filtered, retaining localisations with σPSF > 80nm, σPSF < 200nm,

σloc < 40nm and I > 40 photons, where σPSF is the fitted standard deviation of

the Gaussian PSF, σloc is the ThunderSTORM calculated precision and I is the

ThunderSTORM calculated photon count. This removes spurious fits to single pixels

with narrow σPSF which are common in ThunderSTORM analysis, and low precision

and low photon count localisations.

• The drift corrected, filtered localisations were subsequently grouped using a frame by

frame search for localisations separated by less than 100 nm from the continuously

updated mean position of the grouped localisations.

• Groups with mean positions separated by less than 100 nm following the full search

were merged.

• Any groups of localisations with a number of members greater than 75% of the total

number of frames were identified as fiducial markers and any groups within a radius

of 2 µm of these fiducial markers were removed from the localisation list.

• Visual inspection of the group locations, overlaid on a drift corrected maximum

intensity projection of the data allowed further removal by the user of individual

groups or regions which were not automatically identified. This step was seldom

required.

• The remaining localisations were clustered using DBSCAN (Ester et al., 1996) with

a minimum number of cluster members, minPts = 2, and neighbourhood radius,

ε = 80nm (2x the maximum expected localisation error after filtering).

• The cluster members were used to determine the average position of single molecules

and any single molecules separated by less than 200 nm were discarded.

• The remaining molecule positions were used to extract 5×5 pixel (0.25 µm2) regions

centred (without interpolation) on the molecule position from the drift corrected

(without interpolation) raw data to produce a set of ‘trace images’. Any molecules

that drifted into or out of the field of view during acquisition were discarded.

• The median of each full frame of the raw data was subtracted from the trace image

frames. Due to the sparsity of the molecule detections this accounted for the contri-
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bution of laser intensity variation to the background signal (approximately 2% across

the time of acquisition).

• The background intensity of each frame of the trace images was calculated as the

mean of the 16 boundary pixels and subtracted from the trace images.

• The photon conversion factor of the EMCCD camera was used to convert background

subtracted camera counts in the trace images to photon number trace images.

• The photon number trace images were converted to photon number per frame traces

by integration of the convolution of each trace image with a correctly normalised

Gaussian PSF (Fig. 3.4(bottom)).

• The photon number per frame traces were subsequently converted to SNR per frame

traces by division by the standard deviation of all boundary pixels in the convolved

trace image sequence.

• Denoising of the SNR traces was performed in an automated manner by thresholding

of the detail coefficients of a wavelet decomposition of the trace (Broughton and

Bryan, 2008; Donoho and Johnstone, 1995; Ruch and Van Fleet, 2009) using the

‘wden’ function in MATLAB. Briefly,

– Wavelet decomposition of the 1D SNR trace was performed using a 6 level,

Haar-Wavelet.

– Thresholds for each level are determined on a heuristic basis using Stein’s

unbiased risk principle where the risk function has high SNR and a fixed form

universal threshold σ
√

2lnN otherwise, where N is the dataset length (Stein,

1981).

– Thresholds are scaled by a level dependant estimation of the level noise, σlev,

in order to account for non-white noise.

– The detail coefficients are soft-thresholded and the denoised trace is computed

from the wavelet reconstruction using the original approximation coefficients

of level 6 and the thresholded detail coefficients of levels 1 to 6.

• The denoised SNR trace is hard thresholded at 10× the standard deviation of SNR

values < 2 to determine on- or dark-state identities for each frame. This threshold

was selected on the basis simulated results for distribution fitting in chapter 2.

• Finally, transition times and state lifetime distributions were aggregated from the

resulting idealised on/dark traces. The initial state was recorded separately in order
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to form initial on-state and initial dark-state distributions and the last state of each

trace was discarded as corresponding to either an on-state truncated by the end of

acquisition or an off state that is indistinguishable from a bleached state.

3.2.2 Results

In the first instance, the in vitro characterisations are presented in an effort to accurately

model the photoswitching of the SB. To the degree that this is achieved, an accurate

characterisation will inform model based design of future SB structures optimised for

photoswitching in the regime required to enable live cell SMLM. More importantly, the

characterisation will confirm if the SB, as currently designed, has the potential to be used

for SMLM in physiological buffers at live-cell compatable illumination intensities.

To begin with an example case of an in vitro single molecule SB photoswitching

characterisation experiment is given for the B3S9L-ATTO550-BHQ2 SB. The SB, control

and empty coverslips were imaged in triplicate in 1x clean PBS as described in section 3.2.1.

Four separate laser intensities were used, corresponding to 0.132, 0.264, 1.32 and 2.64 kW

cm−2. For reference, SMLM experiments are typically performed with illuminations in the

range of 1 kW cm−2 to 20 kW cm−2, and it has previously been suggested that widefield

intensities in the orange to red range of the spectrum less than 0.5 kW cm−2 could be

suitable for medium term live cell imaging in some cell lines (Wäldchen et al., 2015). For

example, a 50% survival fraction is observed 24h after imaging transfected, U2OS cells

with 0.24 kW cm−2, 514 nm illumination for 240 s (Wäldchen et al., 2015).

The characteristics investigated are first, the identification of photoswitching followed

by quantification of the initial on-state fraction, number of on-states per detected molecule,

on-state intensity, initial dark-state lifetime, perturbation of the initial dark state lifetime,

dark-state lifetime, on-state lifetime and on/dark-state lifetime ratio. Where possible results

are described in terms of hypothesised photoswitching mechanisms. The presentation of

this B3S9L-ATTO550-BHQ2 serves as an example that while some deductions can be

made about the photoswitching model, a full characterisation is limited by two factors, the

10% to 20% proportion of spurious detections and the occurrence of missed events due to

low SNR discussed in chapter 2.

A summary of experiments performed on the other SB structures including the effect of

ionic concentrations and redox environment is provided and the effect of structure, ionic

concentration and live-cell imaging conditions on the on/dark-state lifetime ratio, a key

determinant of the ability to perform SMLM, is presented.
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Observations of Super-Beacon photoswitching

For the example B3S9L-ATTO550-BHQ2 experiment, the extracted intensity traces for

each detected molecule can be visualised individually (e.g. Fig 3.4) or collectively for

each condition as 3D line plots (Fig. 3.5). Ordering of the traces on the basis of the first

time point at which an on-state is detected allows trends to be noted by visual inspection.

Observed qualitative differences between the typical behaviour of the control with respect

to the SB may inform later quantitative analysis (Fig. 3.6). It should be noted that a small

number of potential artefacts can also be identified; for example, single intense peaks at

random intervals and prolonged low intensity variation above the background level (see

cyan peaks the control trace plots at 0.132 and 0.264 kW cm−2 and the maroon peak in

the SB trace plot at 0.264 kW cm−2; Also see purple trace in the SB trace plot at 1.32 kW

cm−2 and maroon trace in the control trace plot at 2.64 kW cm−2; Fig. 3.5). These appear

to be small in number and were not removed or filtered out prior to any of the following

analysis.

The first observation made is that both the control and the beacon traces spend the

majority of the acquisition time (540 s) not emitting photons. The second observation is

that in the case of the control a significant portion of the fluorescence signal is observed

at the start of the acquisition. In contrast, the first peaks of fluorescence in the beacon

traces appear to be distributed through the entire time course of the acquisition, with a

number of reappearances or ‘blinks’ observed throughout the acquisition following the

initial appearance. This is the first indication that the control behaves in a manner expected

of a single fluorophore, initially in the on-state before photoswitching to a dark-state or

bleaching, whereas the SB exhibits non-standard on/dark-state transitions. Finally, as

expected the peak intensities of the traces show approximately an order of magnitude

increase in the photon per frame values in relation to an order of magnitude increase in the

illumination intensity.

The qualitative observations made on the basis of trace plots are summarised quan-

titatively in figure 3.6. The fraction of SBs initially in the on-state is seen to be ~10%

independent of illumination intensity, while the control traces are seen to vary from 70%

to 30% initially in the on-state, in an illumination dependent manner. Distributions of the

on-state intensities show that despite the presence of the quencher in close proximity to

the fluorophore, potentially resulting in FRET quenching and collisional quenching, the

sacrifice in mean intensity of the SB compared to the control is consistently less than 5%.

Finally, the average number of on-states (blinks) per identified trace increases at three of

the illumination intensities used. The fact that a significant portion of the SB traces are

effectively truncated in total acquisition time by the existence of the initial dark-state means
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0.132 kW cm-2

1.32 kW cm-2

0.264 kW cm-2

2.64 kW cm-2

Fig. 3.5 Example Super-Beacon traces at different laser powers. Intensities in photons per frame are plotted
against time in seconds for each detected single molecule. Traces are ordered first by the first time point of
detection of on-state and then by the total time spent in the on-state. Traces for the B3S9L-ATTO550 control
are shown on the left, Traces for the B3S9L-ATTO550-BHQ2 Super-Beacon are shown on the right. Traces
are combined from experiments performed in triplicate, in clean 1x PBS at the laser intensities indicated.

this effect is possibly understated when taking the mean number of blinks from all traces.

Taking the mean number of blinks from only traces initially in the on-state shows a larger

increase relative to the control for illumination intensities of 1.32 and 2.64 kW cm−2. At

lower intensities the reduced number of photons is likely to result in an increased number

of false negatives when thresholding SNR traces, as observed in chapter 2, despite the

sophisticated wavelet filtering implemented to reduce this, making the measurement of the

number of blinks possibly overstated. No statistical tests were performed on the differences

measured due to the undefined and heavy tailed nature of the distributions (see figure 3.12)

making standard tests inappropriate. Also, the number of blinks is an important parameter

to define for molecular counting experiments (Lee et al., 2012; Rollins et al., 2014), but is
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Fig. 3.6 Super-Beacon on-states and intensities. Quantification of comparative observations made between
the B3S9L-ATTO550 control and the B3S9L-ATTO550-BHQ2 SB from traces shown in figure 3.5. Top left:
fraction of traces on-state in the first frame of acquisition. Top right: histogram of log10{Ion} where {Ion} is
the set of on-state intensities in photons per second. Histograms are independently normalised. Bottom left:
mean number of on-states (blinks) per trace for all identified traces. Error bars are standard error of mean.
Bottom right: mean number of blinks per trace for all traces initially in the on-state. Error bars are standard
error of mean.

to large extent irrelevant to SMLM image quality with the ratio of time in the on-state vs

the dark-state being the principle factor (van de Linde et al., 2010). An increased number

of blinks can result in more precise SMLM reconstructions due to the increased number

of detections, but is also likely to result in an increased occurrence of multiple detections

within a diffraction limited region.

Further observations can be made by visualising the same data in the form of kymo-

graphs displaying intensity over time as one image dimension with one trace per pixel

displayed in the alternate image dimension. Figure 3.7 shows such kymographs for the

first 1000 frames (18 s) of the data in figure 3.5, including only those traces in which an

on-state is observed in this initial 18 s time period. Traces are again ordered by the first

time point of detection and the total time spent in the on-state and time is displayed with
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Fig. 3.7 Example Super-Beacon trace images at different laser powers. Kymographs with time in the x-
dimension and trace number on the y-dimension with one pixel per trace are used to visualise intensity traces
over time. The first 1000 frames of acquisitions (18 s) are shown, the contrast of the images ranges from
0 to 700 photons per frame using the NanoJ-Orange LUT. Traces are ordered first by the first time point
of detection of on-state and then by the total time spent in the on-state. Traces for the B3S9L-ATTO550
control and the B3S9L-ATTO550-BHQ2 Super-Beacon are shown. Traces are combined from experiments
performed in triplicate, in clean 1x PBS at the laser intensities indicated.
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one pixel per 0.018 ms frame in the x-dimension of the image and one pixel per trace on

the y-dimension.

This visualisation confirms the previous observation that the proportion of traces initially

in the on-state is higher in the control than the SB. Further to this, it is observed that those

initial on-states have an exponential-like distribution in time for both the control and the SB

with average lifetimes in both cases decreasing with increasing illumination intensity. This

decrease is expected in the case of the fluorophore alone due to the higher probability of

triplet state transitions resulting in faster transitions to dark-states and increased probability

of bleaching. The same dependence on illumination intensity is seen in the SB data however,

suggesting one of three possibilities; bleaching occurring at an increased rate at higher

laser intensities, some dependence on transitions to the triplet state determining the rate

of dark-state formation, or, the possibility that increased local heating as a result of the

increase in incident energy causes a reduction in the hairpin structure closure time. The

final observation to be made about the initial on-states is that it appears, particularly in

the 0.26 kW cm−2 data, that the SB on-state lifetime is reduced in relation to the control,

possibly indicating that the existence of the quenched state contributes to a shortening of

the on-state lifetime.

This visualisation also allows a qualitative description of the initial dark-state lifetimes,

revealing them to also have an exponential-like distribution. This strongly suggests the

presence of the quenched dark-state resulting from stable hairpin formation. The lifetime

of this dark-state is also revealed to be on the order of seconds. Considering the opening

rate of similar hairpin structures has previously been measured in the µs to 100s of ms

range (Stiehl et al., 2013) this may suggest a mechanism unrelated to the opening of the

hairpin structure. However, the ionic conditions used in this experiment, 136 mM NaCl

and 5 mM MgCl2 are closer in nature to the conditions in which Molecular Beacons are

seen to form very stable dark-states (Tyagi and Kramer, 1996). The existence of other

mechanisms should be born in mind however, including the possibility of a stability bound

hairpin structure with transitions from dark to on-state being as a result of photoinduced

quencher blinking. This does not account for the presence of the initial on-states though and

is not possible to be the cause of the initial dark-states observed in the control structures.

These initial dark-states are unexpected in the control, which theoretically should be in the

fluorescent state at the initial point of illumination, the first frame. There are three factors

that could contribute to this, the first being the 10% to 20% detection rate of molecules in

empty surfaces (section 3.2.1). If these detections are replicated in the non-empty imaged

surfaces, which would be expected, then they would likely occur at a random time point

in the acquisition following adhesion of suspended auto-fluorescent debris to the surface.
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Secondly, it is possible that the temporal resolution of the acquisition is such that dark-state

transitions can occur before sufficient photons are detected to identify the on-state. Finally,

it is possible that the closed form of the control hairpin structure is capable of quenching

the fluorophore (even without the 3’ conjugated BHQ2). PET quenching of fluorescence

by guanine has previously been observed (Doose et al., 2009) and may occur between the

guanine at residue 14 of the B3S9L structure. This requires van der Waals contact however

and the separation between the fluorophore and this residue, even in the closed state, may

be to large for PET to occur. As a photoinduced process, PET would however account for

the illumination dependence in the relative weight of this lifetime component.

Confirmation of hairpin opening

Since the origin of the initial dark-states is not clear a perturbation experiment using

Formamide was designed to test for the presence of dark-states due to quenching in the

stably bound hairpin state (Fig. 3.8). Formamide is an organic solvent that denatures

nucleic acids at room temperature, reducing the melting temperature of DNA hybridisation

(Schueder et al., 2017). Single molecule data was acquired, (as previously described in

section 3.2.1), using SB structure B5S19L-ATTO647N-BHQ2 at 0.792 kW cm−2 647 nm

illumination with an exposure time of 33 ms. At 25 s into the acquisition 75% formamide

(Sigma, ≥99%, ≤5 ppm heavy metals (as Pb), ≤5 ppm Fe) diluted in clean PBS, was gently

pipetted into the AttoFluor imaging chambers to a final concentration of 30% formamide.

At 390 s into the acquisition an excess volume of 75% formamide was gently pipetted into

the AttoFluor imaging chambers to a final concentration ~75% formamide. It is observed in

both traces and kymographs that this initial addition at 25 s rapidly increases the rate of on-

state transitions resulting in the termination of a number of initial dark-states. Reappearance

of molecules previously in an on-state, but residing in a dark-state at the time of formamide

addition (Fig. 3.8) is also observed. Addition of formamide to a final concentration of

75% after 390s reveals an additional small population of detections indicating SBs still in a

stably quenched hairpin form. This also reveals that while the majority of SBs have been

bleached by this timepoint, there are a small population of reappearances from molecules

previously in an on-state.

Characterisation of the initial dark-state lifetime

The formamide perturbation experiment provides strong evidence for the existence of a

stable dark-state formed by quenching, it does not however, address the source of stochastic

formation of on-states, seen without addition of formamide, possibly due to hairpin opening,

quencher photoswitching or detection of fluorescent debris. In order to investigate the
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Fig. 3.8 Formamide perturbation experiment. Top: intensity trace plots in photons per frame against time in
seconds for each detected single molecule. Traces are ordered first by the first time point of detection of an
on-state and then by the total time spent in the on-state. Bottom: Kymographs with time in the x-dimension
and trace number on the y-dimension with one pixel per trace are used to visualise intensity traces over
specific time windows. Time point of addition of formamide indicated with arrow heads on the kymograph.
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properties of the initial dark-state, distribution fits to the set of measured lifetimes, {τdarki},

of this state were performed and compared to {τdarki} for empty coverslips (Fig. 3.9).

The photoinduced formation of a radical anion non-quenching state in the BHQ2

molecule is expected to follow first order rate kinetics and thus be distributed exponentially

with a lifetime, τq∗ = 1/kq∗. This lifetime is on the order of 1.5 s in the absence of

reductants or oxidants in solution and independent of illumination intensity (Holzmeister

et al., 2014). The stochastic melting of the stem of the SB is also expected to follow

first order rate kinetics and be distributed exponentially with a lifetime before opening,

τo = 1/ko, dependent on the structure, temperature and ionic concentration and can range

across many orders of magnitude. The probability density function, pd f , of the initial dark-

state lifetime can be derived by first denoting the probability that a molecule is continuously

in the dark-state from time 0 → t as Pdark. Considering BHQ2 blinking and hairpin opening

to be independent random processes, the probability for a molecule to switch to an on-state

during the interval ∆t is (kq∗+ ko)∆t and Pdark can be defined as

dPdark(t)
dt

=−(kq∗+ ko) ·Pdark(t) (3.3)

The solution to the above equation, with initial condition Pdark = 1, is,

Pdark(t) = e−(kq∗+ko)t (3.4)

which has a pd f defined in terms of lifetimes τq∗ and τo of,

f (t | τq∗,τo) =
τq∗τo

τq∗+ τo
e−

τq∗τo
τq∗+τo t

. (3.5)

This pd f accounts for the behaviour of the SB population of lifetimes in the recorded

data. If additional non-SB populations exist, for example fluorescent debris in the imaging

media, a mixture model of the SB distribution and the specific distributions of the additional

populations needs to be considered. These additional components were hypothesised to

either follow first order rate kinetics and be distributed exponentially or be uniformly

distributed throughout the entire time course of acquisition. The second case models an

infinite supply of fluorescent debris in solution in the sample volume that is detected after

entering the imaging volume and adhering to the surface in a diffusion limited manner.

For this reason the data was fit using five possible models; a single term exponential

model, and four finite mixture models, the first with two exponential distributions as

mixture components, the second with three exponential components, the third with one

exponential component and a uniform distribution and the final with two exponential
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a

b

Fig. 3.9 Example distribution fits to initial dark-state lifetimes {τdarki} imaged in clean PBS at 1.32 kW cm−2,
561 nm illumination with 18 ms exposure time for (a) empty coverslips and (b) the B3S9L-ATTO550-BHQ2
SB. For each: Top left; normalised histogram of {τdarki} plotted with pd f s of fitted distributions. Top right;
normalised histogram of ln{τdarki} plotted with pd f of best fit distribution determined by BIC (solid line)
and mixture components (dashed lines). Bottom; empirical cd f and cd f s of fitted distributions (upper panel)
and error in cd f for each distribution (lower panel). See text for details.
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Table 3.2 Probability density function used in modelling the initial dark-state lifetime distributions for the
lifetime data x ≡ {τdarki}, with fixed parameters, t0 and tend , the minimum and maximum values of x and
free parameters τi, the exponential time constants, and pi parameterising the mixture weights, wi, such that
∑i wi = 1.

Dist. pd f
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1
τ1

e
1

τ1
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1
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e
1
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1
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e
1
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1
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mixture components and a uniform distribution component. The pd f of each distribution

is defined in Table 3.2.

The maximum likelihood parameter estimates, θ̂ , for each distribution were found by

minimisation of the negative log-likelihood functions of the defined distributions using

the Nelder-Mead Simplex Method (Lagarias et al., 1998). The data was dithered prior to

fitting to avoid ‘binning artefacts’ by adding a uniformly distributed random number from

the range [−∆t,∆t] to each data point in {τdarki}, where ∆t is the exposure time (Sigworth

and Sine, 1987). The distribution fits were ranked using the Bayesian Information Criteria

(BIC; Schwarz, 1978), a model selection criterion based on the maximised value of the

likelihood function and including a penalty term for the number of parameters in the model.

The BIC is defined as,

BIC = ln(n)k−2ln(L̂) (3.6)

where n is the number of data points, k is the number of parameters that define the

distribution and L̂ is the value of the likelihood function for the data given the maximum

likelihood parameters, θ̂ . Visual inspection of the fits was also performed (Fig. 3.9)

by plotting each of the distribution fits to normalised histograms of the data. The best

model and each component of the mixture model, where applicable, were also plotted

on histograms of ln{τdarki} for visualisation of heavy tailed distributions, as suggested by

Sigworth and Sine (1987). Finally, the cumulative density function, cd f , of each fit was

plotted along side the empirical cd f and the difference between the fitted and empirical

cd f s were plotted.
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Table 3.3 Maximum likelihood estimated parameters of the initial dark-state lifetime distributions for empty,
B3S9L-ATTO550 control and B3S9L-ATTO550-BHQ2 SB experiments. τi are the exponential component
lifetimes weighted by wi. wuni is the weight of the uniformly distributed offset.

Sample Laser Power τ1
τ1

95% CI w1 τ2
τ2

95% CI w2 wuni

(kW cm−2) (s) (s) (%) (s) (s) (%) (%)

B3S9L-ATTO550-BHQ2

0.132 1.89 (0.00,6.53) 2.83 77.04 (72.40,81.86) 25.38 71.79
0.264 1.78 (1.71,1.85) 4.14 96.02 (95.95,96.09) 36.03 59.84
1.318 6.21 (3.24,9.19) 8.85 86.64 (83.67,89.61) 61.44 29.72
2.635 3.89 (3.76,4.02) 13.74 60.67 (60.53,60.80) 60.51 25.75

B3S9L-ATTO550

0.132 5.17 (3.96,6.37) 28.28 71.72
0.264 5.91 (5.13,6.69) 43.13 56.87
1.318 2.70 (2.44,2.96) 18.86 81.14
2.635 2.84 (2.58,3.10) 19.77 80.23

Empty

0.132 4.32 (4.00,4.65) 16.65 83.35
0.264 5.49 (5.10,5.87) 26.83 73.17
1.318 2.43 (2.27,2.60) 12.40 87.60
2.635 1.81 (1.71,1.92) 13.94 86.06

This model selection based on distribution fitting was first applied to {τdarki} distribu-

tions from empty coverslips to elucidate the characteristic behaviour of fluorescent debris

corrupting the SB datasets. While the number of detections in the empty controls performed

concurrently with the B3S9L-ATTO550 SB experiments was too small to generate accurate

distribution fits, the number when combined with empty controls performed concurrently

with Cy3 SB experiments is sufficient. For example, the total number of empty coverslips

imaged in clean PBS at 1.32 kW cm−2, 561 nm illumination with 18 ms exposure was

12 containing a total of 1299 identified traces. Of these, 15% were initially in an on-state

giving 1101 members of {τdarki} used for distribution fitting. This is compared to the 3263

members of {τdarki} from the 3 replicates of the B3S9L-ATTO550-BHQ2 SB experiment

at 1.32 kW cm−2.

Model selection on the fitted distribution reveals that the fluorescent debris observed

in empty coverslips follows the two component exponential with uniform offset mixture

model (Fig. 3.9). The uniform offset contributes to 87.6% of the distribution fit indicating

that the majority of these adverse detections correspond to adhesion, at a random time point,

of diffusing fluorescent debris. The remaining 12.4% are exponentially distributed with

a mean lifetime of 2.44 s (95% confidence interval [2.27,2.59]). This second component

is unexpected in the empty control and as yet unidentified. It may be an artefact of the

analysis method, although a range of localisation algorithms, filtering of traces on the basis

of SNR, changes to threshold level and directly thresholding signal rather than denoised

SNR traces were tested and this component was consistently observed indicating it results

from true detections. Attempts were also made to remove this experimentally by 24h
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UV bleaching of the clean PBS prior to use, as discussed in section 3.2.1. While UV

bleaching does reduce the number of detections in the empty samples it does not eliminate

this exponential contribution. It is likely that this fraction results from a small number of

immobilised molecules of fluorescent debris being photoactivated upon illumination. This

is in agreement with the apparent reduction of this lifetime in an illumination intensity

dependent manner (Table 3.3). This fraction corresponds to ~137 single molecules across

12 separate imaged coverslips so it is possible that the number of events is too small to

conclusively rely on observed trends. For all conditions tested using empty coverslips

(varied illumination intensity, wavelength and buffer), the exponential with offset model

is almost always selected and similar results for both parameters are observed (data not

shown).

Model selection on the SB distribution (Fig. 3.9) reveals an additional population in the

mixture model with two exponential components and a uniform distribution component

observed. This additional exponential has a lifetime of 86.6 s (95% confidence interval

[83.67,89.61]) and contributes 61.4% of the distribution. If there was a possibility that

quencher photoswitching was detectable in this data it is unlikely that an off state life time

of this duration would be observed as the expected timescale τq∗ = 1.5s would be dominant

according to equation 3.5. This indicates the transition observed is the opening of the DNA

hairpin structure however the true value of τq∗ for the exact conditions in these experiments

is unknown. The remaining 38.6% of the distribution is comprised of an exponential

with a short lifetime of 6.21 s (95% confidence interval [3.24,9.19], contributing 8.85%)

and a uniform offset (29.7%). For the range of illumination intensities tested this short

exponential is of a similar magnitude to that observed in the empty control however the

intensity dependence is lost and confidence intervals are significantly wider (Table 3.3).

The fraction of the distribution contributed by the uniform offset is considerably larger in

the SB datasets at lower illumination intensities. This may be due to the apparent increasing

lifetime of the longer of the two exponential components (neglecting the lowest intensity

observation; Table 3.3) truncating the sampling of this distribution and biasing the fits

which would also account for the drop in the lifetime seen at 0.132 kW cm−2 (Fig. 3.10).

The intensity dependence in the longer of the two lifetimes could be explained either by an

increase in photoinduced radial anion formation in the BHQ2 molecule or by local thermal

heating by increase incident energy resulting in melting of the DNA stem.

Figure 3.10 and Table 3.3 show the model selection results at the 4 illumination

intensities tested for both the B3S9L-ATTO550 control structure and the B3S9L-ATTO550-

BHQ2 SB. The fitted distributions to {τdarki} for the control structure show some similarity

to the empty control suggesting a significant portion of this distribution is made up of
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Fig. 3.10 Distribution fits to initial dark-state lifetimes {τdarki} at different laser powers. Imaged in clean
PBS at 561 nm illumination with 18 ms exposure time for (left) B3S9L-ATTO550 control and right the
B3S9L-ATTO550-BHQ2 SB. Normalised histograms of ln{τdarki} are plotted with the pd f of the best fit
distribution determined by BIC (solid line) and mixture components (dashed lines). Illumination intensities
were as previously 0.132, 0.264, 1.32 and 2.64 kW cm−2 from top to bottom.

fluorescent debris. However it should be noted that the number of molecules in these

distributions is much smaller than either the empty control or the SB (127 - 261; see Fig.

3.6). Occasionally the double exponential with offset model is selected exhibiting a long

lifetime similar to that observed in the SB data. By visual inspection of the distributions

there is also greater similarity to the SB histograms (Fig. 3.10) than the empty histograms

(Fig. 3.9). This is suggestive of the property of PET quenching by the closed hairpin

structure, however it is not confirmed due to the low sampling. Due to the similarity

with the empty coverslip distributions it could be suggested that molecules not initially in

the on-state in the control structure data sets should be filtered out to gain more accurate
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estimates of the true behaviour. This was not done however as is not possible to separate this

contribution in the SB datasets, therefore not filtering these detections prior to subsequent

analysis allows for a fair comparison assuming the same noise sources are present in both

the control structure and the SB datasets.

Characterisations of on- and dark-state lifetimes

The high proportion of SBs that exhibit a long lived initial dark-state suggests that the SB

structure provides a mechanism by which organic fluorophores could be used to perform

SMLM in a manner equivalent to PALM. In contrast to photoactivatable fluorescent proteins

commonly used in PALM, the activation of SBs occurs spontaneously and does not require

the use of potentially photo-toxic illumination to achieve photoactivation. It was observed

that SBs blink once ‘activated’, even at high illumination intensities which would normally

result in rapid bleaching or formation of a long lived dark-state in a photoactivatable

fluorescent protein. It is critical for the use of SBs in SMLM that the on-time ratio,

r = τon/τdark, of this blinking behaviour is small. For example, van de Linde et al. (2010)

suggest that ratios of at least 1/50 are required, but ideally should be on the order of 1/100

to 1/300 for accurate SMLM of densely labelled structures. Although this ratio can be

reduced when imaging less dense structures or when making use of multi-emitter fitting

algorithms. For this reason the distributions of on- and dark-states are characterised.

As in the case of the initial dark-state characterisation, this was done using distribution

fitting (Fig. 3.11) to the set of lifetimes {τon} and {τdark}, corresponding to the sets of on-

and dark-state times respectively that were recorded post initial detection and discarding

the last observed state (section 3.2.1).

On the basis of the observations of the initial dark-state, it is hypothesised that a long

lived dark-state with an exponentially distributed lifetime on the order of ~80 s will be

observed between appearances of the SB. Observation of this dark-state would correspond

to the population of SBs in a closed hairpin configuration stochastically opening. There will

also exist however, a population of SBs in the open hairpin configuration. Assuming the

normal photophysics of the organic fluorophore used in the SB and a sufficiently long lived

open state, this population will exhibit dark-states as a result of the native photoswitching of

the fluorophore used. At the temporal resolution of the experiments performed (not better

than 18 ms) it is not expected that the triplet dark-state will be observed as these normally

occur on a time-scale of µs. Depending on the fluorophore, photochemical dark-states could

be observed if redox states or cis-trans isomers are formed by interaction with the quencher

molecule or molecules in solution. In isolation both of these populations would be expected

to follow exponentially distributed dark-state lifetimes as a first order approximation.
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Fig. 3.11 On/dark-state lifetime distributions for empty (top row), B3S9L-ATTO550 control (middle row)
and B3S9L-ATTO550-BHQ2 SB (bottom row) imaged in clean PBS at 1.32 kW cm−2, 561 nm illumination
with 18 ms exposure time. Normalised histograms of dark-state lifetimes, ln{τdark}, (left) and on-state
lifetimes, ln{τon}, (right) are plotted with the pd f of the 3 component exponential mixture model (solid line,
3 component exponential mixture model) and mixture components (dashed lines). Number of on/dark-states
recorded for each distribution is indicated in the legend and were extracted from N =1012, 679 and 3464
traces for empty (12 rep.), control (3 rep.) and beacon (3 rep.) data respectively.

If it is the case that traces recorded from spurious detections of fluorescent debris

exhibit photoswitching this will add an additional component to the mixture model of

dark-state lifetimes. Since these detections were shown to exhibit photoactivation in the

initial dark-state distributions it is likely that they will also exhibit photoswitching with an

exponentially distributed dark-state lifetime. Visual inspection of the on- and dark-state

lifetime distributions from detections on empty coverslips indeed exhibit photoswitching,

albeit not with mono-exponential behaviour (Fig. 3.11). Spurious detections are not

expected to add a uniform offset contribution to the lifetime distributions though, as is the

case in the initial dark-states. This assumption is made because fluorescent debris arriving

via diffusion would have to adhere to the surface at the ‘same’ position as an already

detected molecule. In the analysis, clusters of localisations separated by less than a 100 nm

radius are categorised as being in the ‘same’ position for the purpose of trace extraction. If

100 spurious detections are made at random locations in a 51.2×51.2 µm2 field of view,

the probability of arrival in a π0.12 µm2 area corresponding to a true detection is 0.0012%.
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For 1000 true detections per field of view, this amounts to a 1.2% probability that a trace

includes contributions from both a true detection and a single particle of fluorescent debris.

In order for this to consequently effect the dark-state lifetime distribution, the arrival would

have to coincide temporally with the fractional time spent in the dark-state.

Combining these factors suggests the dark-state should be modelled by a three compo-

nent exponential mixture model with photoinduced fluorophore dark states, closed hairpin

quenched states and fluorescence debris photoswitching making up the three populations.

This model appears to provide a good fit to the dark-state distribution (Fig. 3.11) for the

B3S9L-ATTO550-BHQ2 SB imaged in clean PBS at 1.32 kW cm−2, 561 nm illumination

with 18 ms exposure time. The expected long lived dark-state, with a life time of 76 s (95%

confidence interval [74.8,77.3]), contributes 44% of the distribution and two additional

components with lifetimes of 3.80 s ([2.52,5.09]) and 0.0847 s ([0.00,1.37]) contribute

24% and 32% respectively.

Despite the good fit to the data, this model makes the erroneous assumption of indepen-

dence between the open and closed populations. This assumption does not hold because a

photoinduced dark state of the fluorophore in the open state can transition to a quenched

dark-state in the closed state and vice versa. Visual inspection of this fitted distribution

along side the empirical histogram (Fig. 3.11(bottom left)) indicates that separation be-

tween the distributions is not as well defined as the model fit. A peak is also seen in the

distribution at 0.018 s (broadened by dithering) that indicates a large number of single

frame dark-states likely to arise from false negatives (as discussed in chapter 2), which

should be born in mind when considering the effect on the on-state distribution.

In light of these qualifications, a naive distribution fitting and model selection was

performed in order to confirm that the proposed 3 component exponential mixture model

is indeed the best description of {τdarki}. The 5 exponential type distributions described

previously along with 14 common distributions were fit to the data for {τdarki} and the BIC

used to rank the distribution fits (Table 3.4). This confirms that for the B3S9L-ATTO550-

BHQ2 SB the proposed 3 component model is the best of the tested distributions and

that the similar 2 component exponential distributions, with and without a uniform offset,

also rank in the top four most suited distributions. The other highly ranked distributions;

Weibull, Gamma and Nakagami for example, are all examples of distributions commonly

used in the analysis of survival and lifetime distributions in public health and time to failure

in engineering applications (Lawless, 2002) but where the rate of events changes over time.

The same process of naive distribution fitting and ranking by the BIC was performed

on the {τdark} distributions of the B3S9L-ATTO550 control and empty coverslips and all
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Table 3.4 On/dark-state lifetime model selection by BIC for empty, B3S9L-ATTO550 control and B3S9L-
ATTO550-BHQ2 SB imaged in clean PBS at 1.32 kW cm−2, 561 nm illumination with 18 ms exposure time.
All 19 fits are included for the dark-state distributions, best 10 fits are included for the on-state distributions

Dark-state lifetime, τdark, distribution fits
B3S9L-ATTO550-BHQ2 B3S9L-ATTO550 Empty

Distribution BIC (×105) Distribution BIC (×104) Distribution BIC (×104)

Exp. 3 8.68 Exp. 3 4.58 Exp. 3 6.83
Exp. 2 with offset 8.91 Exp. 2 with offset 4.74 Gen. extreme val. 7.01

Weibull 9.01 Gen. extreme val. 4.78 Gen. Pareto 7.03
Exp. 2 9.01 Gen. Pareto 4.79 Exp. 2 with offset 7.32

Gamma 9.04 Log-normal 4.90 Log-normal 7.33
Log-normal 9.05 Log-logistic 4.96 Log-logistic 7.37

Nakagami 9.09 Exp. 2 5.03 Exp. 2 7.91
Log-logistic 9.17 Weibull 5.19 Birnbaum-Saunders 8.00

Gen. extreme val. 9.25 Gamma 5.56 Weibull 8.00
Gen. Pareto 9.40 Nakagami 5.67 Inverse Gaussian 8.53

Birnbaum-Saunders 9.49 Exp. with offset 5.79 Gamma 8.89
Exp. with offset 10.84 Birnbaum-Saunders 6.22 Nakagami 9.15

Exponential 12.21 Inverse Gaussian 7.76 Exp. with offset 9.17
Inverse Gaussian 12.54 Exponential 10.98 Exponential 19.11

Logistic 14.54 Logistic 13.76 Logistic 24.21
Normal 15.16 Normal 14.66 Normal 26.17

Extreme value 16.46 Extreme value 15.95 Extreme value 28.87
Rayleigh 22.01 Rayleigh 24.84 Rayleigh 45.39

Rician 22.01 Rician 24.85 Rician 45.39

On-state lifetime, τon, distribution fits
B3S9L-ATTO550-BHQ2 B3S9L-ATTO550 Empty

Distribution BIC (×105) Distribution BIC (×102) Distribution BIC (×102)

Exp. 3 -2.38 Log-normal 1.87 Log-logistic 5.69
Gen. extreme val. -2.38 Gen. Pareto 2.16 Log-normal 6.04

Log-logistic -2.37 Log-logistic 2.22 Gen. Pareto 6.18
Gen. Pareto -2.36 Exp. 3 2.36 Exp. 3 6.20
Log-normal -2.36 Exp. 2 with offset 2.47 Gen. extreme val. 6.54

Exp. 2 with offset -2.31 Gen. extreme val. 3.16 Exp. 2 with offset 6.60
Exp. 2 -2.22 Exp. 2 4.10 Exp. 2 7.64

Weibull -2.01 Weibull 4.63 Weibull 12.49
Gamma -1.60 Birnbaum-Saunders 6.94 Exp. with offset 15.98

Exp. with offset -1.46 Exp. with offset 7.99 Gamma 18.84

three data sets for the on-state lifetime distribution {τon} (Table 3.4) imaged in clean PBS

at 1.32 kW cm−2, 561 nm illumination with 18 ms exposure time.

For both the control structure and the empty coverslips, model selection on the dark-

state distributions returns a 3 component exponential distribution. In contrast to the SB

data however, the other highly ranking distributions include the generalised extreme value

distribution and the generalised Pareto distribution, both of which are used in the modelling

of heavy tailed distributions or the exceedences of more complex mixture models. In

general, it is difficult to correctly interpret the physical meaning of the parametrisation

of such distributions, indicating that these two datasets do not exhibit clearly defined

behaviours. Taking this into account, it is possible that the 3 component exponential
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model with its 5 variable parameters over-fits the data and the penalty on the number

of parameters applied in the calculation of the BIC is not large enough to account for

this. Nevertheless, the lifetimes of the 3 component exponential fits are 109 s ([102,115],

25%), 1.87 s ([0.00,7.79], 23%) and 0.077 s ([0.00,6.05], 52%) for the control and 193

s ([178,207], 28%), 1.42 s ([0.00,15.7], 24%) and 0.060 s ([0.00,14.4], 48%) for the

empty coverslips (Fig. 3.11). Unlike the case of the SB data the confidence intervals

of the two shorter lifetime components overlap extensively making their discrimination

inconclusive. The similarity between these two states in the control and the empty coverslip

suggests a strong influence of spurious detections on the distribution when the number of

detected molecules is low (N=679, Fig. 3.6). Additionally, a peak is seen again at 0.018 s

indicating false negatives (missed events, chapter 2). The longest of the dark-states in the

control distribution is similar in magnitude to the 76 s dark-state and 86 s initial dark-state

observed for the SB structure however due to the questions raised about the suitability of

the model and the contribution of missed events and spurious detection, it is not clear that

this component can be attributed to PET quenching in the closed beacon state.

When distribution fitting and model selection is applied to {τon} for B3S9L-ATTO550-

BHQ2 a 3 component exponential distribution is once again selected with lifetimes 3.52 s

([3.46,3.57], 4%), 0.40 s ([0.35,0.46], 35%) and 0.051 s ([0.01,0.10], 61%; Fig. 3.11). This

model can be rationalised by first considering the open state of the SB from which dark state

formation occurs by both the closure of the hairpin, with lifetime τc, and photoinduced dark

state formation in the fluorophore with lifetime τoff. These two processes are expected to

exhibit a combined single exponential behaviour with lifetime τcτoff/(τc + τoff) as derived

in equation 3.5. The second population corresponds to the closed state of the hairpin which

has the possibility to exhibit on states due to BHQ2 photoswitching to a non-quenching

state that has previously been measured to have a lifetime on the order of 0.5 s (Holzmeister

et al., 2014). Finally, additional populations of spurious detections are expected.

For the case of both the control and the empty coverslip, model selection reveals a

different set of highly ranking distributions. These distributions, for example Log-normal

and Log-logistic, are often used in the analysis of survival and lifetime distributions

(Lawless, 2002). These distributions are indicative of a process that is characterised

by the accumulation of many small percentage changes or by a process in which the

measurement is subject to censoring. In the first instance, this could suggest that the

contribution of fluorescence debris is in fact an aggregate of many weakly fluorescent

molecules sequentially bleaching. In the second instance this could be a manifestation of

missed events. Visual inspection of intensity traces does not reveal any clear, step changes

in intensity associated with sequential bleaching of bright fluorophores (Gordon et al.,
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2004), although some on-states in the empty datasets are suggestive of a fluorescent decay

(data not shown). For a range of different conditions the best distribution varies, but tends to

show a prevalence for heavy tailed models such as the generalised Pareto distribution. The

3 component exponential consistently ranks in the top 4 distributions however, and in order

to make direct comparisons with the SB data this distribution is selected for investigation

of the on-state lifetimes which in this case are 8.54 s ([8.22,8.98], 2%), 0.77 s ([0.39,1.15],

42%) and 0.177 s ([0.00,0.50], 56%) for the control and 15 s ([13.9,15.2], 1%), 1.42 s

([0.71,2.09], 25%) and 0.217 s ([0.00,0.90], 74%) for the empty coverslips (Fig. 3.11).

Fitting of the on- and dark-state lifetimes with 3 component exponential mixture models,

to each of the 4 illumination intensities used, was performed in order to test if any of the

identified population lifetimes were dependent on illumination intensity. The results can

be seen in the figure 3.12 summarising the distributions and quantifications made for this

example experiment using B3S9L-ATTO550-BHQ2. This reveals two clear trends in both

the B3S9L-ATTO550 control and the B3S9L-ATTO550-BHQ2 SB. First, the intermediate

of the three dark-state lifetimes was seen to increase at higher illumination intensities and

second, a general decrease in the intermediate on-state life time at higher illumination

intensities.

With respect to identifying the dark-state lifetimes, the largest of the three components

is constant over the range of illumination intensities and is consistent with the lifetime

observed in the initial dark-state distribution. Since the initial dark-state distribution can

be perturbed by addition of formamide this lifetime is likely to result from the stochastic

opening of the DNA hairpin, τo. Since this component is replicated in the control, it is

suggested PET quenching by the guanine at residue 14 can occur. Since PET is a photoin-

duced process this also explains the reduced contribution of this state to the distribution

at lower intensities. The shortest of the 3 components, which shows little dependence

on the illumination intensity, is also common to both distributions and as such unrelated

to the presence of the quencher. Since dark-state lifetimes of an organic fluorophore are

typically independent of illumination intensity, native off-state from photoswitching, τon,

while in the open state is a possible cause of this contribution. Further experiments will

be needed to confirm this, using different redox environments to test if this lifetime can

be manipulated by changing the concentration of electron donors and acceptors in solu-

tion. With respect to the final intermediate lifetime, an increased illumination intensity is

expected to increase the probability of quencher photoswitching, reducing the dark-state

lifetime rather than increasing it. Similarly, local heating caused by illumination energy

would result in a reduction in lifetime by melting of the DNA hairpin. Combined with

the observation that this increase appears common to the control and the SB, these two
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Fig. 3.12 Data summary for B3S9L-ATTO550-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO550 control experiments in clean PBS at 0.132, 0.264, 1.32 and 2.64 kW cm−2, 561 nm illumination
with 18 ms exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of
acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second;
histograms are independently normalised; points indicate mean parameter of normal distribution fit. Histogram
of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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mechanisms can be ruled out as contributing this intermediate component. The illumination

dependence suggests some undefined photophysical process, possibly related to the fact

that photoswitching in the open state and hairpin opening are not independent populations.

It is also possible however that one of these populations is the consequence of spurious

detections of fluorescent debris.

For the on-state lifetimes, it was noted that the distribution fit may be unreliable due to

the contribution of missed events and spurious detections in the case of the control. This

prevents any conclusive comparisons between the control and the SB, although the trend

in the intermediate lifetime shows an illumination dependent reduction in both cases and

a consistently shorter lifetime in the case of the SB. This indicates that this component

may be due to the photoswitching of the fluorophore in the control, τoff, and the combined

τcτoff/(τc + τoff) lifetime in the SB.

Single descriptive values for the on- and dark-state lifetimes can be calculated from

the weighted mean, ∑i wiτi, of the components derived from distribution fitting allowing

calculation of the critical on/dark-state lifetime ratio parameter r = τon/τdark (Fig. 3.12).

The change in this parameter indicates there remains a clear dependence on the illumination

intensity that is seen in classical dSTORM experiments implying that SMLM performance

will be improved at higher illumination intensities. Importantly, the SB on-ratio is con-

sistently reduced in comparison to the control with a value of ~1/50 at an illumination

intensity of only 0.264 kW cm−2 reducing to 1/200 at 2.635 kW cm−2. Combining this

dSTORM like blinking behaviour with the PALM like initial off-state suggests that SBs

could be very well suited to performing SMLM under live-cell conditions.

Summary of Super-Beacon characterisation experiments

With the aim of confirming that SB photoswitching, using transient quenching of a fluo-

rophore by stochastic opening and closing of a DNA hairpin, is generalisable to other SB

structures further experiments were performed and the data analysed in an identical manner

to that described in the given example above. Summaries of the data and fitted parameters

of the distributions (Fig. 3.12) are included in the appendix to this thesis (Fig. A.1–A.27).

Apart from a limited number of exceptions such as the B5S9L-Cy3-BHQ experiment in

PBS (Fig. A.4) which has a low number of detections, the majority of the observations

made in the B3S9L-ATTO550-BHQ2 experiment are replicated. The least reproducible

observations are the illumination dependent trends observed in the intermediate on- and

dark-state lifetimes. The trends in the weighted means of the on- and dark-state lifetimes are

more generally reproducible. Consistently the lower laser intensities show larger variation
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Fig. 3.13 On-ratio, r = τon/τdark, dependence
on fluorophore and structure. Top left: Effect
of changing the fluorophore in the B3S9L SB
structure (Fig. A.1–A.3). Top right: Effect of
changing the DNA hairpin structure on Cy3
SBs (Fig. A.2, A.4 and A.5). Bottom left:
Effect of changing the DNA hairpin structure
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Error bars from bootstrapping, see text for
details.

and deviation from expected behaviour due to the thresholding of lower SNR intensity

traces.

Quantitative comparison between experiments was performed by focussing on the

critical on ratio parameter r. In order to generate confidence intervals on the estimate

of r a bootstrapping scheme was devised, using case resampling, as follows. A single

bootstrap sample r∗ was obtained from the ⟨τon
∗⟩/⟨τoff

∗⟩ where τon
∗ and τoff

∗ are randomly

resampled from the data, τon and τoff, with replacement to obtain a bootstrap resample of

the same size as the data. Where ⟨. . .⟩ denotes the weighted mean of the 3 component

exponential distribution fit lifetimes from the bootstrap samples. The reported bootstrap

confidence intervals were calculated from the distribution of 50000 samples of r∗.

In the first of the experiments performed (Fig. A.1–A.7) the effects of changing the

fluorophore on the B3S9L structure or changing the hairpin structure while maintaining

the same fluorophore were investigated (Fig. 3.13). In all three cases an improvement

(reduction) in r is seen with approximately an order of magnitude improvement seen in the

Cy3 and ATTO647N SBs. Considering that a dependence on illumination is observed in all

three cases and the small differences between fluorophores, it appears that the fluorophore

photoswitching does influence the on-time ratio. On the basis of the measurement of r, the

best performing of the fluorophores in these experiments is ATTO647N compared to Cy3
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which is the worst performing. One of the main differences between the three fluorophores

chosen is the photostability, with ATTO647N being the most photostable and Cy3 the least,

possibly contributing to these differences. The differences observed in r between the SBs

however is considerably smaller than in the controls. For example, at 1.32 kW cm−2 there

is a 6 fold difference between the ATTO550 and Cy3 controls but only a 1.2 fold difference

in the SB. This suggests the structure is an important factor in determining r.

When changing the SB DNA sequence, either by altering the loop length or the avidity of

the stem region, clear differences are seen in the value of r in both the Cy3 and ATTO647N

SBs (Fig. 3.13, Fig. A.4–A.7). In both cases the B3S9L structure is the best performing.

This structure is the SB with a melting temperature (Tm = 36.1°C in clean PBS) closest to

the temperature of the experiment, 22°C (Table 3.1). In the Cy3 SBs, the beacon with the

highest melting temperature (Tm = 62.1°C in clean PBS) has very similar r to the control

structure. This could suggest that stochastic opening of the hairpin is rare and that all

observations are of SBs in which the BHQ2 molecule has bleached allowing detection of the

fluorophore and exhibiting similar photoswitching to the control. This could also account

for the previously mentioned low number of detected molecules seen in this experiment.

The number of detections for the ATTO647N SB experiments is reasonably high and

again one of the structures, B5S19L, exhibits similar r to the control structure. There are

other differences to the control however including the high proportion of long-lifetime

initial off-states and a consistent increase in the mean number of blinks per trace (A.7).

Interestingly, all three of the ATTO647N SBs show a marked increase in mean number of

blinks per trace compared to the control, with the B5S11L structure providing double the

number of blinks seen in the control.

Due to the reliance on DNA hybridisation for the hypothesised mechanism of SB

photoswitching it is expected that ionic concentration of the imaging buffer will strongly

influence the photoswitching behaviour. For this reason, the previous results imaged in

clean PBS with NaCl and MgCl2 concentrations of 136 mM and 5 mM respectively were

compared to imaging in MilliQ water and MilliQ + 125mM [NaCl] (Fig. 3.14, Fig. A.8–

A.13). Imaging of the B3S9L-ATTO647N-BHQ2 SB and control in MilliQ reveals very

similar r which is significantly larger than the r for the same SB imaged in PBS. The

similarity between the control and SB in this case, is due to the low melting temperature

when there is no ionic shielding of the negative charges in the phosphate backbone of DNA

by positive ions in solution. As expected the behaviour in PBS can be partially recovered

by addition of 125 mM [NaCl] to MilliQ (Fig. 3.14).

When performing dSTORM oxygen scavenging buffers are used to prevent triplet state

quenching and the redox environment is carefully controlled in order to stabilise dark
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states (section 1.5). In order to test the effect of modulating the native photoswitching

of the fluorophore, experiments were performed in commonly used dSTORM buffers,

MercaptoEthylAmine (MEA) and Oxyrase/β -MercaptoEthylAmine (OxEA) (prepared as

in, Dempsey et al., 2011; Nahidiazar et al., 2016). In the first of these experiments, the

B3S9L-ATTO550-BHQ2 SB was imaged in OxEA. A significant increase in the number

of blinks per trace was seen in both the SB and the control, from between 4 and 9 blinks

per trace in PBS to 25-55 blinks per trace in OxEA. There was also a large improvement

in r for the control, however r was not increased in the SB by the addition of OxEA

as a result of an unexplained reduction in the dark-state lifetime (Fig. A.14). Imaging

of the B3S9L-ATTO647N-BHQ2 and B5S19L-ATTO647N-BHQ2 SBs in OxEA and all

three Cy3 SBs in MEA was limited by very small numbers of detected molecules (Fig.

A.15–A.19). In all cases the addition of a dSTORM buffer resulted in an improvement in

r in the case of the control, whereas r for the SB is either equivalent to or worse than the

control. This strongly suggests these buffers are not suitable for use with SBs however the

reason for this is unknown.

It is important to note, that in order to maintain live-cell viability during imaging

experiments need to be performed in a suitable media and at 37°C, not as in the in vitro

experiments presented thus far, at 22°C. In order to test the photoswitching of SBs under

live-cell imaging conditions, experiments were first performed using the ATTO647N SB

structures at 22°C in Ringers solution (Protocols, 2008), a commonly used media for

live-cell imaging with 123 mM [NaCl] (Fig. A.20–A.22). Possibly due to the slightly

lower ionic concentration in comparison to PBS the optimal photoswitching was found in

the B5S19L structure, which has a higher Tm than the B3S9L structure that was optimal

in PBS. The B3S9L experiment in Ringers again showed a low number of detections

however so this result is not conclusive. Subsequently, the B3S9L-ATTO647N-BHQ2 and

B5S19L-ATTO647N-BHQ2 SBs were imaged in clean PBS at 37°C and again the B5S19L

structure was optimal, possibly due to the experimental temperature now being closer to
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the Tm of this structure (Fig. A.23, A.24). Finally the ATTO647N structures were imaged

in Ringers solution at 37°C, the typical conditions of a live-cell imaging experiment (Fig.

A.25–A.27). It was found that the B3S9L structure produced the optimal photoswitching,

in this case with sufficient number of detections for the result to be considered reliable. A

minimum r of only 1/50 and on-state lifetimes in the order of ~2 s were observed however

which should be considered when imaging densely labelled structures at this ionic strength

and temperature.

3.2.3 Discussion

The principle finding of the in vitro characterisation experiments is that transient quenching

of a fluorophore by the conformational changes of a DNA scaffold structure that modulates

the distance between the fluorophore and a quencher molecule has been shown to produce

photoswitching that is suitable for SMLM in live-cell compatible imaging conditions. This

conclusion is based on the observation of both a large population of long lifetime initial

dark-states (the requirement for SMLM by PALM) and photoswitching at r approaching

1/50 following initial detection (the requirement for dSTORM) in physiologically relevant

media (Ringers), a temperature of 37°C, and illumination intensity less than 0.5 kW cm−2.

It should be noted though that the r that is achieved in live-cell conditions is not optimal

for SMLM and there remains the possibility for improvements to the SB switching through

improved design of the DNA hairpin. In addition, the mean on-state lifetimes observed in

these characterisations has typically been on the order of 0.1 s - 1 s. This on-state lifetime

has the potential to severely limit the temporal resolution of imaging. On the other hand,

there are occasions where long on-state lifetimes are required, for example in single particle

tracking PALM (sptPALM; Manley et al., 2008) which combines single particle tracking

of dynamic molecules with photoactivation of fluorescent proteins in order to produce

spatially resolved maps of single-molecule dynamics. The key advantage of sptPALM

over traditional single partical tracking experiments is the ability to label, in theory, every

molecule of interest and image a subsection at a time generating an order of magnitude

more trajectories per experiment. This method is ideally suited studying the dynamics and

spatial organisation of membrane bound proteins and as such SBs were used in section 3.3

to perform stpPALM on two membrane bound proteins in live-cells.

The second stated goal of the in vitro characterisation was the identification and mod-

elling of the photoswitching process in SB structures. This task was severely limited by

three factors. First, the significant presence of a 10% to 20% population, on average, of

spurious detections from auto-fluorescent debris, second, the occasional very low number of
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detections, which in some cases barely exceeded the level of spurious detections, finally, the

problem of missed events due to the thresholding of the low SNR intensity traces acquired

at low illumination intensities. A further, associated problem with the characterisation of

the photoswitching is the number of possible modes of photoswitching beyond the desired

quenching due to conformational changes in the scaffold structure. For example, the native

photoswitching of the fluorophore, photoswitching and bleaching of the quencher molecule,

collisional and FRET based quenching in the open state of the hairpin and PET based

quenching by guanine residues.

In the simple single molecule imaging experiments used here, the number of inde-

pendent perturbations that can be performed to probe the existence of any one of these

processes is limited. Illumination intensity variation for example effects both the photo-

switching of the fluorophore and of the quencher and has the possibility through local

heating effects to change the rate of DNA hairpin opening and closing. Similarly, changes in

buffer conditions, for example ionic concentrations or oxygen scavengers can change both

the photophysics of the fluorophore and the melting temperature of the hairpin structure.

Despite the limitations a number of conclusive statements can be made. Firstly, pertur-

bation of the melting temperature by addition of formamide reveals the existence a stable

dark-state that is due to the closed hairpin conformation. This closed state has a lifetime

on the order of 10s of seconds and can be manipulated by ionic concentration, choice of

structure and temperature. Secondly, multiple blinks occur with an on-state lifetime that is

consistently less than on-state lifetimes in the control, which indicates that the presence of

the quencher molecule shortens the on-state lifetime. This is achieved, in general, with less

than 5% sacrifice in fluorescence intensity. It is also likely that PET quenching has been

observed since the control structures exhibit a dark-state lifetime component, the relative

occurrence of which is illumination dependent, and that is equivalent to the component

hypothesised to be the closed hairpin state of the SB. Finally, the addition of the quencher

to the hairpin structure causes, in general, a reduced r and an increased number of blinks.

It should be clearly stated that in comparison to previous studies on similar hairpin

structures the time-scales over which hairpin opening and closing appear to occur, if

correctly identified, are orders of magnitude slower than previously observed. However

these previous studies also show that these time-scales can vary over very broad ranges

depending on the conditions (e.g. Stiehl et al., 2013) and the regime in which these

experiments were performed is more similar to that of Molecular-Beacons which form

very stable long-lived dark-states. Future experiments that could have the potential to shed

light on some of the issues raised with the single molecule characterisation performed

here include single molecule FRET (Santoso et al., 2010) or an extension of previous FCS
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based studies (Doose et al., 2009; Stiehl et al., 2013). Finally, further comparisons to

previous literature on BHQ2 photophysics (Le Reste et al., 2012) may elucidate some of

the processes observed here.

3.3 Imaging using Super-Beacons

The in vitro characterisations performed in section 3.2 suggest that SMLM is possible

using SBs. This can only be confirmed however by demonstration of the use of SBs to

super-resolve structures that are not possible to resolve in diffraction limited imaging.

Beyond this, demonstration of the merit of SBs must be provided by applying them under

conditions in which are not feasible with the current state of the art in SMLM.

In this section, preliminary data is presented addressing both of these points. First,

SMLM imaging of microtubules in fixed cells is demonstrated, a standard in the field for

assessing super-resolution methods. Second, comparative imaging of interferon induced

transmembrane protein 1 (IFITM1) using SBs and classical dSTORM with AlexaFluor647

is performed in fixed cells. Third, sptPALM of IFITM1 is demonstrated in live-cells.

Finally, IFITM3(Y20A) localisation of the endosomal system is super-resolved in live-cells.

In all demonstrations of SMLM using SBs (including fixed cells) live-cell compatible

illumination intensities are used and imaging is performed in either PBS or Ringers.

The SB selected for cell labelling was the biotinylated B3S9L-ATTO550-BHQ2 and

labelling was performed using either primary or secondary anti-bodies conjugated with

streptavidin.

3.3.1 Materials and Methods

Cell lines

HeLa, A549 (IFITM1-HA) and A549 (IFITM3(Y20A)-HA) cells were kindly provided

by Dr. Mark Marsh, MRC-LMCB, UCL. Cell lines were not authenticated. All cell lines

tested negative for mycoplasma (MycoAlert, Lonza).

B3S9L-ATTO550-BHQ2-Biotin - Streptavidin - antibody conjugation

Anti-Mouse secondary (A21236 - Thermo Fisher Scientific) and Anti-HA primary (MMS-

101P – BioLegend) antibodies were conjugated to streptavidin using the Lightning-Link

Streptavidin kit (708-0030, Innova Biosciences) following the manufacturer recommenda-

tions. After conjugation the Streptavidin-Antibody conjugate was incubated with 100 nM

B3S9L-ATTO550-BHQ2-biotin SB or 100 nM B3S9L-ATTO550-biotin control for 16 h at
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4C on a shaker in the dark. The resulting SB labelled Antibody was purified via 100 kDa

amicon spin filters.

Immunofixation for microtubule visualization

24h before fixation, HeLa cells were seeded to 70% confluency in phenol-red free Dul-

becco’s MEM (DMEM) modified with 10% FBS. Cells were fixed with Methanol at -20C

for 10 min. Cells were washed 1x for 1 min and 3x for 5 min in 1xPBS. Permeabilization

was performed using 0.25 % Triton X-100 in 1xPBS for 15 min. Cells were washed 1x for 1

min and 3x for 5 min in 1xPBS with 0.05% Tween-20. After permeabilization the samples

were blocked using 2.5% BSA in 1xPBS with 0.05% Tween-20 for 60 min. α-Tubulin

primary antibody was incubated for 1 h at RT in 5% BSA in 1xPBS with 0.05% Tween-20

in the dark. Cells were washed 3x in 1xPBS for 5 min. Conjugated secondary antibody was

incubated for 1 h at RT in the dark in 5% BSA in 1xPBS. The cells were washed 3x in 1x

PBS for 5 min. After which a secondary fixation with 2% PFA for 10 min was performed.

Finally the samples were washed 3x 5 min with 1xPBS and 100 nm Tetraspeck beads were

added as fiducial markers.

Immunofixation for IFITM1 visualization

24h before fixation, A549 (IFITM1-HA) cells were seeded to 70% confluency in phenol-red

free DMEM media modified with 10% FBS. Cells were fixed with 4%PFA at 23C for 30

min. Cells were washed 1x for 1 min and 3x for 5 min in 1xPBS. Samples were blocked

using 2.5% BSA in 1xPBS for 60 min. Anti-HA primary antibody was incubated for 1 h

at RT in 5% BSA in 1xPBS with 0.05% Tween-20 in the dark. Cells were washed 3x in

1xPBS for 5 min, after which a secondary fixation with 2% PFA for 10 min was performed.

Finally the samples were washed 3x 5 min with 1xPBS and 100 nm Tetraspeck beads were

added as fiducial markers.

Live-cell imaging of IFITM1 and IFITM3 using Super-Beacons

24h before imaging, A549 (IFITM1-HA) or A549 (IFITM3(Y20A)-HA) cells were seeded

to 70% confluency in phenol-red free DMEM media modified with 10% FBS. Cells were

washed 1x with pre-warmed Ringers solution (Protocols, 2008). SB labelled Anti-HA

primary antibody was incubated for 30 min or 10 min, respectively, at 37C in Ringers

solution. Cells were washed twice with Ringers solution before imaging.
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Imaging

TIRF imaging of prepared coverslips was performed using AttoFluor chambers (Thermo

Fisher Scientific) in an ElyraPS.1 inverted microscope at 22°C for fixed sample or 37°C.

For excitation of ATTO550 SB a 561 nm laser operating at various laser intensities was

used. A 100x TIRF objective (Plan-APOCHROMAT 100x/1.46 Oil, Zeiss) was used, with

additional 1.6x magnification, to collect fluorescence onto an EMCCD camera (iXon Ultra

897, Andor), yielding a pixel size of 100 nm. For microtubule, fixed IFITM1 and live-cell

IFITM3 samples, imaging was performed with an exposure time of 33 ms using the full

field of view of the camera (51.2 x 51.2 µm2) continuously for various durations. For

live-cell IFITM1 imaging was performed with an exposure time of 20 ms using a cropped

of view of the camera (25.6 x 25.6 µm2) continuously for various durations.

3.3.2 Results

Fixed cell microtubule imaging

Fixed cell imaging of microtubules is common practice in the evaluation of super-resolution

methods because of their well characterised structure, a 25 nm diameter filamentous

polymer. For this reason HeLa cells were fixed, labelled and imaged as described in section

3.3.1 with an illumination intensity of 0.132 kW cm−2 (Fig. 3.15) in PBS.

At this low illumination intensity regime, in which live-cell imaging is possible (Wäld-

chen et al., 2015), it is not expected that SMLM techniques relying on photoinduced

processes will be successful. This is confirmed with imaging using the B3S9L-ATTO550

control structure (Fig. 3.15). An average intensity projection of the 50000 frames acquired

demonstrates that the probe labels the microtubules but the large on-ratio, r, does not

allow single molecule detections to be made in individual frames. Nevertheless, single

molecule localisation on this dataset was performed using ThunderSTORM (settings as in

3.2.1; Ovesný et al., 2014) and a SMLM reconstruction generated by plotting a localisation

histogram with a 20 nm bin (pixel) size. The application of this SMLM analysis to this

type of data results in an artifactual SMLM reconstruction with no filamentous structures

observed (Fig. 3.15). Further examples of artefacts resulting from fixed cell microtubule

imaging in this intensity regime, are presented in chapter 5. Despite using the organic

fluorophore AlexaFluor647, a high performance commonly used fluorophore for SMLM

the results are still predominantly artifactual.

When imaging using the SB, clearly separated single molecule PSFs are seen in individ-

ual frames (Fig. 3.15) and blinking results in different random small subsets of molecules

appearing in subsequent frames. An average intensity projection of the 50000 frames
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Fig. 3.15 Fixed cell microtubule imaging using B3S9L-ATTO550-BHQ2 SB. Top left: Average intensity
projection of 50000 frame acquisition and localisation histogram on 20 nm pixel grid using B3S9L-ATTO550
control. Top right: Average intensity projection of 50000 frame acquisition using SB. Middle row: Randomly
selected single frames from the first minute of imaging using SB. Bottom left: Localisation histogram on
20 nm pixel grid using SB. Bottom centre: Cropped region indicated in bottom left. Bottom right: Selected
normalised intensity line profiles from the indicated locations in bottom centre. All imaging performed at
0.132 kW cm−2, 561 nm illumination with exposure time 33 ms.

acquired demonstrates that the aggregate of these single molecule detections defines the

filamentous microtubule network. Comparing the projection to the individual frames it is

noted that the density of the microtubule network defines the ability to distinguish single

molecules in individual frames for example in the perinuclear region. As suggested by the

in vitro experiments the r of the SB is not optimal for very dense regions such as this. There

is also a relatively notable background signal, probably due to the quencher efficiency. The
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mean detected intensity while in the off-state was calculated from the in vitro data for the

B3S9L-ATTO550-BHQ2 to be 6.13 photons per second, implying a quenching efficiency

of 99.4%.

SMLM analysis of this data was performed using ThunderSTORM (Fig. 3.15) gen-

erating 6,867,480 localisations with a mean precision of σloc = 22.0nm (estimated by

ThunderSTORM). This allows the rendering of a localisation histogram with a 20 nm

pixel size that provides significantly improved contrast and resolution in comparison to the

average intensity projection. A low density region of the microtubule network was selected

to judge the maximal achieved quality of the super-resolution image. Two representative

line profiles perpendicular to microtubules have a full width half maximum (FWHM) of 39

nm and 35 nm, on the order of the microtubule diameter plus the labelling linker length

(Ries et al., 2012). As a measure of resolution line profiles of microtubules, which can be

narrowed by artefacts in localisation algorithms (Erdélyi et al., 2015), are not appropri-

ate. Instead, the limit of discrimination of the separation of two crossing microtubules is

measured and in the example shown, microtubules separated by 80 nm are resolved (Fig.

3.15).

At the higher resolutions of the reconstruction it becomes clear that the labelling density

achieved is sub-optimal resulting in a ‘patchy’ decoration of the microtubule network and

effectively limiting the meaningful resolution of the reconstruction. As a result, features

such as the 80 nm separation are not seen globally across the image. This problem possibly

arises from the extent to which the secondary, streptavidin conjugated antibody probe can

penetrate into the cell. Labelling first with the streptavidin conjugated antibody, followed

by incubation for 30 min with biotinylated SB does not show significant improvements.

This suggests steric hindrance due to the size of the streptavidin conjugated antibody (~150

kDa for the antibody, 52.8 kDa for the streptavidin and 0.244 kDa for the biotin linker)

is the likely cause. Unspecific binding of electrically negative DNA is not expected to

be a significant problem and labelling using DNA oligonucleotides of a similar size has

been successfully demonstrated in DNA-PAINT methods (Jungmann et al., 2016, 2014).

Preliminary experiments using antibodies directly conjugated to the antibody using thiolated

SBs, as used in DNA-PAINT (Schnitzbauer et al., 2017), indicate that the labelling density

can be improved with a smaller probe that does not include the streptavidin-biotin linker

(data not shown).

This experiment demonstrates the ability to achieve sub 100 nm resolutions by single

molecule localisation microscopy using Super-Beacons at illumination intensities suitable

for medium term, live-cell imaging without the addition of non-physiological, buffers
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such as oxygen scavengers. In the following sections, live-cell SMLM and sptPALM are

demonstrated under these conditions using SBs.

Live-cell IFITM1 and IFITM3(Y20A) imaging

The quality of the fixed cell SMLM reconstructions in dense regions of the microtubule

network suggest that the r of SBs is suited to relatively low density structures. In addition,

a method for delivery of the SB labelled antibodies across the cell membrane to directly

label intracellular proteins in live cells has not as yet been devised. For these reasons, cell

surface expressed proteins of the, Interferon inducible transmembrane (IFITM) family were

used to test the applicability of SBs to live-cell SMLM.

IFITM proteins are broad-spectrum antiviral factors that restrict the replication of a

number of enveloped and non-enveloped viruses (Smith et al., 2014). Diffraction limited

imaging has revealed that IFITM1 is typically localised in the plasma membrane whereas

IFITM3 is typically localised to the endosomal membranes. These are two of the main

routes of entry or membrane fusion for many viruses. Biochemical studies modulating

the fluidity of cellular membranes, using Amphotericin B for example, suggest IFITM

proteins decrease membrane fluidity, inhibiting viral entry (Smith et al., 2014). Little is

known about the localisation and dynamics of IFITM proteins at molecular scales. SMLM

could reveal this molecular scale organisation and dynamics providing important, further

insights into their mechanism of viral inhibition. The experiments presented here, are a

demonstration of the suitability of using SBs in future live-cell experiments to elucidate the

function of IFITM proteins on a molecular scale.

Fixed cell imaging of the membrane protein IFITM1 was initially performed to compare

to classical dSTORM. Labelling of stably expressed HA-tagged IFITM1 in fixed cells was

performed using SB labelled and AlexaFluor647 labelled primary antibodies (Fig. 3.16).

Imaging using SBs was performed at 0.132 kW cm−2, 561 nm illumination with exposure

time 33 ms in PBS, imaging of AlexaFluor647 was performed at 2.38 kW cm−2, 647 nm

illumination with exposure time 33 ms in βME. Despite the order of magnitude difference

in illumination intensity, SMLM reconstructions of N = 6 cells for each probe show a

high degree of similarity in number and distribution of clusters of localisations on the cell

membrane. A similar background level of localisations outside the regions defined by the

cell (confirmed by brightfield imaging) were also seen. Detailed numerical comparison by

cluster analysis (Coltharp et al., 2014) was not performed between these two experiments

due to the significant differences in blinking properties and localisation precision (mean

σloc = 16.9nm and σloc = 23.3nm for AlexaFluor647 and SB respectively).
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B3S9L-ATTO550-BHQ2 FixedAlexaFluor647 Fixed

B3S9L-ATTO550-BHQ2 Live Cropped regions

B3S9L-ATTO550-BHQ2 Live Tracking
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Primary antibody labelling of

IFITM1-HA in fixed and live cells

Fig. 3.16 HA tagged IFITM1 imaging imaging using the B3S9L-ATTO550-BHQ2 SB. Top left: Localisation
histogram on 20 nm pixel grid of 30000 frame acquisition using AlexaFluor647 control. Top middle:
Localisation histogram on 20 nm pixel grid of 30000 frame acquisition using B3S9L-ATTO550-BHQ2 SB.
Top right: Single molecule tracks identified in a 30000 frame acquisition using the SB in live-cells. Tracks
coloured by maximum velocity. Bottom left: Histogram localisations from the first 10s of acquisition using
SB, on 20 nm pixel grid coloured by time of localisation. Bottom centre: Cropped region indicated in bottom
left. Imaging performed as described in text.

Having confirmed that SMLM of HA-tagged IFITM1 is possible, live-cell imaging was

performed at 0.132 kW cm−2, 561 nm illumination with exposure time 20 ms in Ringers

(Fig. 3.16). There is a small deterioration in the localisation precision in comparison to SB

imaging in fixed cells (σloc = 30.7nm) which is expected due to the reduced photon count

from using shorter exposure times and the motion of the molecule during the exposure. The

dynamics of the IFITM1 protein can be visualised by rendering of the localisations with

a lookup table for colours indicating time. This reveals localisations that are clustered in

both time and space. The increase in the spatial extent of these clusters in comparison to

fixed cells is too large to be accounted for by the decrease in localisation precision which is

suggestive of diffusion of the molecule within confined regions. Thin trails of localisations

between these regions are are also seen in small numbers.

Single molecule tracking was performed using the single particle tracking plugin

for ImageJ, TrackMate (Tinevez et al., 2017). Single molecules were identified in the

raw images filtered using a Laplacian of Gaussian filter and thresholded peak detection.

Detections were linked to form tracks using an algorithm based on the linear assignment
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problem (LAP) proposed for single molecule tracking in live-cells (Jaqaman et al., 2008).

Two frame gap closure with a maximum gap of 200 nm was performed. A total of 18667

tracks were detected, with mean duration of 0.11 s and mean velocity of 2.97 µms−1. The

tracking results allow a sptPALM image of the tracks to be generated (Fig. 3.16). Analysis

of the diffusion of membrane bound IFITM1 proteins should be possible on the basis of

these tracks. Together with perturbation experiments using Amphotericin B, imaging in the

absence and presence of virus, and the appropriate biological controls, SMLM with SBs

has the potential to reveal the function of IFITM1 on the molecular scale.

The final experiment presented, addresses the question of SB SMLM imaging inside

live-cells. In their current form, SBs are not a biologically relevant probe for intracellular

imaging since foreign ssDNA has the potential to significantly perturb the cell. In the

future, locked nucleic acids or other DNA backbone modifications could be considered

to reduce perturbation to the cell (Deleavey and Damha, 2012). However, the data pre-

sented here is an indication that the generalised principle of SB photoswitching remains

possible in the intracellular environment. The SB labelled antibody was delivered to the

intracelular environment indirectly through labelling of a protein that is trafficked from the

cell membrane. This allows labelling of the protein when exposed on the surface of the cell

which after time will be internalised by membrane recycling and endocytosis. The IFITM3

protein is normally targeted to the endosomal system, the Y20A mutant however, cannot

interact with AP-2 clathrin adaptor protein and localises to both the plasma membrane and

the endosomal system (Chesarino et al., 2014). If membrane recycling and endocytosis

does result in trafficking of stably expressed, HA-tagged IFITM3(Y20A) it is expected that

endosomes could be super resolved using SBs and live-cell SMLM.

A single molecule dataset with 10,764,534 localisations with mean σloc = 22.6nm

was acquired by live-cell imaging of HA-tagged IFITM3(Y20A) 30 min after inclubation

with the B3S9L-ATTO550-BHQ2 SB labelled primary HA-antibody at 0.264 kW cm−2,

561nm illumination with an exposure time of 33 ms (Fig. 3.17). Both labelling of the

membrane and extensive labelling of the endosomal system are observed. The apparent

labelling density of the endosomes is significantly higher than the microtubules in fixed

cells because of the ability of the IFITM3 protein to diffuse in the endosomal membrane

resulting in detections across its entire surface. A SMLM reconstruction shows distinctive

rings expected when imaging the surface of a sphere in 2D SMLM. The resolution of the

SMLM reconstruction was determined to be on the order of 70 nm by measuring the peak

to peak distance in line profiles across a number of selected endosomes.
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Fig. 3.17 Live-cell IFITM3(Y20A)-HA imaging imaging using the B3S9L-ATTO550-BHQ2 SB. Top:
Average intensity projection of 35750 frame acquisition and localisation histogram on 10 nm pixel grid.
Middle row: Average intensity projection and localisation histogram on 10 nm pixel grid for cropped region
in top left. Right panels: Expanded localisation histograms on a 10 nm pixel grid for the indicated points in
the cropped region. Bottom left: Histogram localisations from the first 18.15 s of acquisition using SB, on 10
nm pixel grid coloured by time of localisation. Bottom centre: Selected normalised intensity line profiles
from the indicated locations in the right panel. Imaging performed at 0.264 kW cm−2, 561 nm illumination
with exposure time 33 ms in Ringers.
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3.3.3 Discussion

Imaging of Super-Beacon labelled proteins in live-cells, resulting in single molecule

localisations with precisions σloc < 30nm and SMLM reconstructions with resolutions at

times in excess of 70 nm clearly demonstrates the ability to use SBs in super-resolution.

The ability to achieve this in a physiological buffer at illumination intensities that are

compatible with imaging live cells for seconds to minutes demonstrates the merits of using

SBs as this is not a task that can be easily achieved using classical PALM or STORM

techniques that rely on photoinduced processes. Furthermore, combining techniques such

as sptPALM has the potential to allow experiment design using SB imaging with the goal of

answering biologically relevant questions such as, in the example here, how IFITM proteins

inhibit viral infection. Some limitations were identified, such as the restriction on labelling

density due to steric hindrance and the biological relevance of ssDNA in live-cells. Both of

these could be overcome with the use of a smaller probe created by directly conjugating

antibodies or by using a modified DNA backbone.

There is one limitation of live cell SMLM that is not addressed to a significant extent

by the SB structures presented in this thesis, the temporal resolution. The on-states of the

SBs presented here are long in comparison to the optimal for fast imaging. Due to the

generalisable nature of the transient quenching and the modularity and flexibility of DNA

oligonucleotide design however, the possibilities for tailoring SBs to specific applications

are extensive. For example, a 5bp stem can have 1024 different sequences. Together

with the 30 different loop lengths and three fluorophores in the range studied here there

are over 92 thousand possible 5bp stem SBs that could be considered. In reality the

number of fluorophores to chose from is much larger and different stem lengths can be

considered. Once the structure is determined, the behaviour can be further modulated by

the experimental conditions. This flexibility means it is likely that if improvements could

be made to the characterisation of the SBs, a model based design principle could be adopted

to reach an optimal structure for a specific application. For live-cell super resolution, this

would have a much shorter on-state than the current design in order to maximally make use

of the rapid imaging technologies available.

Reducing the illumination intensity to accommodate photo-toxicity and reducing the

exposure time to accommodate dynamics both contribute a reduced number of detected

photons. Since the precision of localisation is inversely proportional to the square root

of this number future progress will be precision limited, preventing further reductions in

illumination intensity and exposure time. Recently however, the paradigm of localisation

precision being linked to numbers of detected photons has been shifted by the development

of MINFLUX (Balzarotti et al., 2017). MINFLUX can achieve nano meter precision single
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molecule localisations using 22 times fewer photons than PSF fitting. So it is not necessarily

the case that large photon yields will be critical to the future use of SBs if their photo

switching was used in combination with low intensity regime localisation techniques such

as MINFLUX.

3.4 Author Contributions

The following people contributed to the research presented in this chapter, the author, NG;

R. Henriques, RH; P.M. Pereira, PMP.

The contributions were as follows. RH conceived of, and supervised, the project.

NG, RH and PMP planned the experiments. NG and PMP optimised the protocols for

experiments. NG and PMP performed the experiments (majority of data presented was

acquired by PMP). PMP performed the cell imaging. NG planned, wrote, tested and

performed all data analysis.





Chapter 4

NanoJ: High Performance Computing

in ImageJ

The object of the analytical engine is in

fact to give the utmost practical

efficiency to the resources of numerical

interpretations of the higher science of

analysis

Ada Lovelace

4.1 Introduction

Image processing is an important aspect of a number of applications in cell biology from

electron microscopy to fluorescence microscopy. There have been many recent advances in

throughput, imaging speed and resolution of these methods, for example, high throughput,

multi-beam scanning electron microscopy (Eberle et al., 2015) and high-content 3D super-

resolution (Almada et al., 2015; Pereira et al., 2015). These increases in speed, throughput

and resolution all increase the burden on computing applications needing to manage

and process increasingly large datasets. Simultaneously, novel analytical approaches are

continuously being developed, just three examples of which are presented in this thesis

(Bohner et al., 2015; Gustafsson et al., 2016; Patel et al., 2017).

This outlines the need for efficient data storage, handling and processing. However,

most users of these applications are non-specialists in computer science, which means

focus should be put, where possible, on ease of use applications and on transparent work-

flows (Cardona and Tomancak, 2012). ImageJ is a popular image processing tool in

this respect with a wide user base in biological research, but to date makes little use
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of high performance elements of computer science, such as graphical processing unit

(GPU) computing (Schindelin et al., 2012). Individual algorithms designed as plugins

for ImageJ which implement high performance computing, for example QuickPALM and

ThunderSTORM (Henriques et al., 2010; Ovesný et al., 2014), are often rapidly adopted

providing the opportunity to accelerate advances in biological research.

4.2 NanoJ

Here, NanoJ is presented, an open-source library and set of plugins for ImageJ designed

to provide high-performance image processing while maintaining the ease of access and

usability provided by ImageJ. This is achieved 2-fold, by providing direct image analysis

features incorporated into the ImageJ graphical user interface (GUI), and by enabling

developers to incorporate high performance computing into ImageJ plugins. NanoJ aims to

bring efficient data storage and handling together with GPU enabled algorithms to extend

the applicability of ImageJ to large image data sets. As a development toolkit it provides

the framework to implement high-performance, GPU enabled algorithms in a platform

independent manner within the familiar user interface of ImageJ/Fiji.

Developer API

For developers, NanoJ provides APIs for the implementation of lossless data compression,

to efficiently store large image data sets; on-demand buffered frame-by-frame loading of

image stacks, enabling efficient processing of datasets larger than the physical RAM; and

the framework to implement parallelisable algorithms for execution on either the CPU

or a GPU without consideration of hardware availability. This last feature relies on the

runtime conversion of Java byte-code to OpenCL provided by the Aparapi API https://code.

google.com/archive/p/aparapi/ extending Java’s ‘Write Once Run Anywhere’ philosophy

to GPU devices. NanoJ also provides a broad range of mathematical image operations

and importantly, data type conversion functions that allow fast conversion from multiple

dimensionality data to 1D arrays which are optimal in Aparapi. In addition, wrappers

are provided to the ImageJ GUI classes, adding sophisticated preference management,

logging and debugging. Finally, auto updating functionality is provided in the NanoJ-

Update package which includes the functionality to request users for usage reporting. This

functionality has reported that SRRF was used in the first twelve months after publication,

on >500,000 individual occasions across more than 50 countries and has allowed the

collection of data about parameter choices that could inform future updates to the algorithm.

https://code.google.com/archive/p/aparapi/
https://code.google.com/archive/p/aparapi/
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GPU Acceleration Using Aparapi

A minimal example of a parallelised algorithm, using NanoJ, is demonstrated by the class

Kernel_ExampleThreshold. This example ‘Kernel’ performs a simple threshold on all the

pixels in an array, see the comments for details. The extended class, NJKernel, is a wrapper

to the Aparapi API and includes the functionality required to use an automatically chosen

hardware device or a user selected (via the ImageJ GUI) hardware device. NJKernel also

controls the launching of threads on the chosen device improving the stability of Aparapi.

public class Kernel_ExampleThreshold extends NJKernel {
//Class member variable definitions
float [] pixels;
float threshold;

//Example Parallel Thresholding method
public float [] calculate(float[] pixels, int threshold){

//Assign variables
this.pixels = pixels;
this.threshold = threshold;
// Control the data transfer to the GPU
setExplicit(true);
//Run the automatic device setup
autoChooseDeviceForNanoJ();
//Alternatively, run in the java virtual thread pool
//setExecutionMode(EXECUTION_MODE.JTP);
//Upload data to GPU
put(this.pixels);
//execute one thread per pixel
execute(this.pixels.length);
//download data from GPU
get(this.pixels);
//return the result
return this.pixels;

}
//Override the run() function with code to be executed on each thread
@Override
public void run(){

//get the thread \# id
int idx = getGlobalId();
//perform a calculation on the pixels
pixels[idx] = pixels[idx] < threshold ? 0 : pixels[idx];

}
}

Most of the developer functionality of NanoJ is already publicly available, licensed

under the GNU General Public License v3, having be released with SRRF. The source code

is available at https://bitbucket.org/rhenriqueslab/nanoj-core and documentation and case

use examples will be released in the future.

https://bitbucket.org/rhenriqueslab/nanoj-core
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User Plugins

For users, NanoJ provides a number of features including file saving with lossless compres-

sion and GPU enabled algorithms for common applications such as projections, filtering,

convolution, image mathematics and affine transformations. There is a strong focus on

algorithms related to super-resolution in the applications developed for NanoJ users to

date. Three such algorithms are already published and freely available, including SRRF

(Gustafsson et al., 2016), Virus Mapper (Gray et al., 2016, 2017) and SQUIRREL (Culley

et al., 2017).

In the development of NanoJ, the super-resolution algorithms SOFI (Dertinger et al.,

2009; Geissbuehler et al., 2012; Girsault et al., 2016) and deconSTORM (Mukamel et al.,

2012) were also implemented. These algorithms are already important contributions

to the super-resolution imaging field, but may be used by many more researchers once

reimplementations are released in the familiar ImageJ environment. In addition, the NanoJ-

Simulate package was written, based on reimplementation and extension of the simulations

presented in chapter 2. Finally, the NanoJ-Optofluidics package, is a MicroManager plugin

under development by P. Almada, that allows hardware control of micro-fluidic pump

arrays and real time microscope drift correction.

The over arching goal of NanoJ is to provide efficient computing through the entire

scientific life cycle. With simulations (NanoJ-Simulate) that inform hypothesis generation,

hardware control (NanoJ-Optofluidics) that leads to more accurate and new types of data,

data analysis (NanoJ-SRRF, Virusmapper, SOFI, deconSTORM) that allows conclusions to

be drawn from data and finally, validation and testing (NanoJ-SQUIRREL) that ensures the

conclusions drawn are supported by the data.

4.3 Author Contributions

The following people contributed to the development of NanoJ presented in this chapter,

the author, NG; R. Henriques, RH; S Culley, SC. The contributions were as follows. NG

and RH conceived of NanoJ. NG, RH and SC wrote the code for NanoJ.
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Super-Resolution Radial Fluctuations -

SRRF

Like you can’t have a car that can take

the kids to schools on Friday and win

the grand prix on Saturday, you can’t

make a microscope that can do it all.

Eric Betzig

5.1 Introduction

Algorithms have been a driving force in the progress of super resolution, particularly

in SMLM (Sage et al., 2015; Small and Stahlheber, 2014). The development of NanoJ

(chapter 4) provides a platform from which new algorithms can be created, building on

previous work in this field by combining the advantages of various methods and deriving

new image processing algorithms to mitigate drawbacks. One of the resulting develop-

ments is Super-Resolution Radial Fluctuations (SRRF) (Gustafsson et al., 2016) a novel

algorithm driven approach to super-resolution microscopy. SRRF was initially designed

as an image processing (rather than localisation) based approach to analysing data from

SMLM experiments, in which, the fluorophores appear at too high-density to localise. This

type of data is typical of experiments where the illumination intensity has been reduced to

avoid phototoxicity in live-cell SMLM.

SRRF achieves this goal, providing a route to performing live-cell super resolution at

lower illumination intensities, the significance of SRRF however, is the ability to produce

super-resolution reconstructions in the absence of defined photoswitching. This has al-

lowed super resolution to be performed at very low illumination intensities using classical
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fluorophores such as GFP in a range of microscope modalities with only small changes in

imaging protocols and post acquisition data processing, making SRRF a highly accessible

means to perform live-cell super resolution. Some sacrifices are made however, such as the

resolution achieved using SRRF in this live-cell compatible regime, which is comparable

to what can be achieved in linear SIM, approximately twice the diffraction limit. Where

this resolution is insufficient, SRRF enables a scaling of the resolution up to and including

that achieved in SMLM techniques in a fluorophore density dependent manner.

5.1.1 High density algorithms

As discussed in previous chapters many of the recent developments in SMLM methods

(PALM/STORM (Betzig et al., 2006; Rust et al., 2006)) have focussed on adapting these

approaches to live-cell applications (chapter 3). These SMLM approaches circumvent the

diffraction limit, discriminating fluorophores within a diffraction limited area by separating

them in time. Practically this is achieved by acquiring a sequence of frames, each containing

a small, random population of transiently emitting non-overlapping fluorophores. The

analytical detection and localization of these individually resolvable fluorophores populates

a highly accurate map of fluorophore positions but in general requires that they are well

separated. This requirement is difficult to meet in live-cells due to the temporal resolution

needed to capture dynamics and the non-physiological environment needed to promote

dark-states in fluorophores.

The problem of detecting a sufficient number of fluorophores to super-resolve structures

and minimize motion blur artefacts can be alleviated to an extent by the ability of the

analysis algorithm to detect and localise fluorophore separated by small distances. For

this reason, more than 30 specialised software packages for processing SMLM data (Sage

et al., 2015; Small and Stahlheber, 2014) have been developed. The vast majority of

these algorithms are capable of localising single molecules with a precision approaching

the Cramér-Rao theoretical limit (Rieger and Stallinga, 2014) when the distance between

emitters is greater than ~1.5 µm. Where differences in performance occur, it is often due

to the ability of these algorithms to deal with ‘high density’ scenarios, where multiple

emitters appear simultaneously within a diffraction limited region. Some specialized high

density algorithms are capable of localizing fluorophores separated by distances down to

~0.15 µm with only small sacrifices in precision (Holden et al., 2011; Sage et al., 2015).

Nonetheless, at smaller separations, particularly when multiple fluorophores are found at

small separations, even these algorithms suffer from substantial imprecision, poor recall

and artifacts (Culley et al., 2017; Erdélyi et al., 2015; Sage et al., 2015). It is critical to
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successful SMLM that the density of fluorophores actively emitting in each acquired frame

remains within the boundaries of the analytical approach used.

Since the limitation in these high density datasets is the detection of the number of

fluorophores which should be localised, abandoning this step and directly generating super

resolution reconstructions by image processing has been proposed. The drawback of this

approach being the loss of the richness of the data that is provided by a list of single molecule

localisations. Three algorithms are of note however, for overcoming the maximum density

limit by removing the requirement for individual fluorophore detections. The first and most

significant of these was Super-resolution Optical Fluctuation Imaging (SOFI; Dertinger

et al., 2009, 2010; Geissbuehler et al., 2012) which uses higher-order statistical analysis

of temporal fluorophore intensity fluctuations. The second, deconSTORM (Mukamel

et al., 2012), reconstructs super-resolution images by temporal averaging of extensively

deconvolved high density SMLM images. The third, 3B (Cox et al., 2011), is a Bayesian

modelling approach which generates a super resolution image from 100s of proposals of

fluorophore positions that are refined by modelling the SMLM dataset.

In this chapter a novel analytical approach, SRRF, which follows similar principles to

deconSTORM and SOFI, is presented. These methods (SRRF, deconSTORM and SOFI)

directly generate a super-resolution reconstruction by image processing of a sequence of

images acquired in a standard widefield or TIRF microscope. Contrary to SOFI and decon-

STORM, SRRF provides a single analytical framework to robustly produce high-fidelity

reconstructions for a wide variety of datasets. The final resolution of the SRRF images,

is shown to be dictated by the properties of the dataset analysed, with reconstructions

at a resolution matching localisation algorithms achieved, when applied to SMLM data.

High-resolution reconstructions in different imaging modalities are also demonstrated

for confocal microscopy data, spinning disk confocal data and widefield light emitting

diode (LED) illuminated data. Moreover, the extraction of sub 100 nm super-resolution

information at a temporal resolution of 1 s is demonstrated in live samples using conven-

tional fluorophores, low intensity illumination and physiological buffers. SRRF analysis

is distributed in the form of a freely available open-source plugin called NanoJ-SRRF

for the popular ImageJ or Fiji image analysis software (Schindelin et al., 2012). Main-

tained source code, documentation, bug reporting, usage guides and FAQs can be found

at https://bitbucket.org/rhenriqueslab/nanoj-srrf/wiki/Home. The original version used for

analysis in this chapter can be found in the supplementary information of Gustafsson et al.

(2016).

https://bitbucket.org/rhenriqueslab/nanoj-srrf/wiki/Home
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5.2 The Super-Resolution Radial Fluctuations algorithm

SRRF is a threshold free algorithm that performs temporal analysis on the results from

a novel sub-pixel geometrical measure of symmetry, Radiality, applied to each frame of

an image sequence (Fig. 5.1). SRRF assumes the image is formed of low dimensionality

structures, e.g. lines or point sources, convolved with a PSF that displays a higher degree

of local symmetry than the background. This is the same assumption, for point sources,

that is used in Radial Symmetry (Ma et al., 2012, 2015; Parthasarathy, 2012) one of the

most accurate single molecule localisation algorithms (Sage et al., 2015). These radial

symmetry localisation algorithms detect and localise single radially symmetric points by

an optimisation routine that maximises a measure of radial symmetry. SRRF however,

calculates the degree of local gradient convergence (referred to here as Radiality) across

the entire frame, on a sub-pixel basis. Thus, spatial variations in the local symmetry field

(Radiality map) are captured and retained for further temporal analysis. This information is

discarded by a localization technique once the position has been determined, successfully

or not.

The Radiality map in the case of a single fluorophore is a continuous conical distribution

with a FWHM that is significantly reduced in comparison to the PSF. Sampling of this

distribution at specific points allows it to be displayed on an up-sampled pixel grid (Fig.

5.1a). Regions of an image that do not have a fluorophore will exhibit transient local radial

symmetries due to random structuring of the uncorrelated image noise. This means that

the Radiality map of a full image will include a number of non-fluorophore associated

peaks. Weighting the Radiality map by the intensity or local image gradients of the

raw frame de-noises the map without a significant increase in the FWHM of the Radiality

peaks. More successful de-noising, significant contrast enhancements and further resolution

Radiality

a b

Raw stack Radiality stack SRRF framePixelated Gaussian Gradient Field

Fig. 5.1 The Super-Resolution Radial Fluctuations (SRRF) algorithm. (a) Spatial analysis. Left: 3D surface
plot of a pixelated simulated widefield PSF. Middle: surface plot of the gradient magnitude (arrows indicate
direction). Right: 3D surface plot of the measured Radiality PSF. (b) Temporal analysis. Left: a 100 frame
simulation of a pair of fluctuating fluorophores separated by σPSF = 135nm. The true fluorophore positions
are indicated in red and the pixelated simulated noisy intensity distribution is shown in grey. Middle: stack of
Radiality maps obtained by applying Radiality to each image in the simulated image sequence. Right: SRRF
image acquired by higher-order temporal analysis of the stack of Radiality maps. Scale bar 500 nm. Adapted
from (Gustafsson et al., 2016).
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improvements can be achieved by temporal analysis, generating a single super resolution

image from the stack of Radiality maps (Fig. 5.1b).

To summarise, the SRRF algorithm is comprised of two distinct parts, a spatial analysis

and a temporal analysis. The first part, spatial analysis, corresponds to the calculation of

the degree of local gradient convergence for sub-pixel regions. Applied to an image, this

generates what is referred to here as a Radiality map. A Radiality map for each frame of

an image sequence is generated, producing a corresponding sequence of Radiality maps.

The second step, temporal analysis, calculates higher-order temporal statistics, such as

cumulants, from the sequence of Radiality maps. This generates a single super-resolution

image referred to here as a SRRF map. When combined, these two steps can super-resolve

cellular structures from a temporal image sequence of fluorophores (Fig. 5.1).

5.2.1 Spatial analysis – generating Radiality maps

The Radiality of a point in space is quantified here by measuring the extent to which local

image gradients converge on this point (Fig. 5.1a). Where the convergence of the gradients

is approximated by measuring the average perpendicular distance to lines of gradient close

to the point of interest. Thus, the Radiality map of an image is calculated as follows.

In an image plane I(x,y), the gradients Gx and Gy can be defined separately as,

Gx(x,y) =
∂ I(x,y)

∂x
; Gy(x,y) =

∂ I(x,y)
∂y

. (5.1)

For every pixel in the original image, I(x,y), a good first order approximation to the

image gradients in the x and y directions, Gx and Gy can be calculated, without translation,

by convolution with a differentiation kernel pair (Equations 5.2 and 5.3; Ma et al., 2012).

Gx =
[
−1 0 1

]
∗ I; Gy =


−1

0

1

∗ I (5.2)

In low densities, where fluorophores are separated by distances on the order of ~1.5 µm,

this kernel pair can be increased to a 5x3 and 3x5 first derivative kernel pair (Equation

5.3) in order to be more robust to low SNR. This spatial averaging can compromise the
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sensitivity to higher spatial frequencies in the image however.

Gx =


−1 −1 0 1 1

−1 −1 0 1 1

−1 −1 0 1 1

∗ I; Gy =



−1 −1 −1

−1 −1 −1

0 0 0

1 1 1

1 1 1


∗ I (5.3)

From this point calculations are performed in continuous space in order to sample the

Radiality distribution at specific points. These samples are then assigned to a magnified

analysis grid populating the Radiality map (orange pixel; Fig. 5.2). A set of sample

locations (xc,yc) are defined and the calculation of the Radiality is performed at each of

these locations. Note that in general, these points will be the centre of each pixel in the

magnified grid. Image drift can be corrected however by shifting the point (xc,yc) by

the corresponding drift vector for the current frame (purple line; Fig. 5.2a). This shift

can be performed in continuous space without altering the subsequent calculations. Drift

correction tables can be provided by the user or calculated with the normalised cross

correlation based drift estimation method (Huang et al., 2008; Ovesný et al., 2014; Wang

et al., 2014) included in the NanoJ plugin.

From the point (xc,yc), N ‘ring co-ordinates’ (x′i,y
′
i) are defined in continuous space

such that they are equally distributed on the circumference of a ring of radius r centred

on (xc,yc) (Fig. 5.2). N is an arbitrarily defined variable that determines the number of

gradient samples. In the plugin it is user defined and takes a value of 12 by default. At each

of these ring co-ordinates the gradients Gxi and Gyi are calculated by Catmull-Rom spline

interpolation (Catmull and Rom, 1974) from the original image gradients Gx and Gy. The

equation of a line describing this gradient can be formulated (Equation 5.4a) and in general

the perpendicular distance from a point (X ,Y ) to a line is given by Equation 5.4b.

(x− x′i) ·Gyi − (y− y′i) ·Gxi = 0 (5.4a)

Dist(ax+by+ c = 0;(X ,Y )) =
|aX +bY + c|√

a2 +b2
(5.4b)

This allows the minimum perpendicular distance, di (Fig. 5.2b), from the point (xc,yc) to

the gradient line through the point (x′i,y
′
i) to be calculated as

di =
|(xc − x′i)Gyi − (yc − y′i)Gxi|√

G2
xi +G2

yi

. (5.5)
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Fig. 5.2 The SRRF algorithm - Radiality. (a) Top: Representation of the sub-pixel grid (dashed lines) with
magnification 4 overlaid on the original image pixel grid. Location of Radiality calculation sub-pixel (x,y),
the N ring-coordinates and the ring radius are indicated (orange pixel, blue circles and orange lines). Bottom:
The calculation centre (xc,yc) for the orange pixel is translated by the drift vector (purple line). (b) Illustration
of the geometry for the calculation of di for a single ring coordinate (x′i,y

′
i). (c) Dependence of the gradient

convergence, ci, on θ . (d) (i) SRRF line profiles from the centre of a fluorophore; (ii) SRRF FWHM at varying
ring radius; analysed with different temporal methods. Solid lines represent the theoretical distributions. Stars
represent (i) the radially averaged profiles, (ii) the FWHM, of N = 100, 100 frame simulated fluorophore
fluctuation data sets SNR = infinity. (e) Dependence of analysis run time on number of 512x512 pixel
frames for a 2013 2.4GHz Intel i7-4700MQ notebook processor with integrated graphics card. Adapted from
(Gustafsson et al., 2016).
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The normalised dot product, Θ, between the vectors Gi = (Gxix̂,Gyiŷ) and ri =

(rxix̂,ryiŷ) can be calculated,

Θ =
Gi · ri

|Gi||ri|
(5.6)

which is positive if the gradient is convergent and negative if the gradient is divergent.

Convergence is defined to mean that the point (xc,yc) lies within a ±90◦ arc of the gradient

vector. The degree of convergence of the gradient line Gi onto the point (xc,yc) is then

finally defined as

ci = sgn(Θ)

[
1−di

|ri|

]2

(5.7)

which can take values from -1 to 1 and is dependent on the angle Θ alone (Fig. 5.2c). The

mean convergence for the N ring co-ordinates is calculated giving the raw un-weighted

Radiality in the sub-pixel at (x,y) in frame t,

Rt(x,y) =
1
N

N

∑
i=1

ci (5.8)

The raw Radiality, Rt(x,y), can subsequently be weighted by the interpolated intensity

at the point (xc,yc). Alternatively, or in addition, the Radiality can be weighted by a sum of

the local gradient magnitudes. A second ring with an independently chosen radius is used

to determine the gradient weight, Gw, calculated as

Gw =
1
N

N

∑
i=1

sgn(Θ)(|Gi|− |Gc|)
Ic

(5.9)

where Θ and Gi are recalculated for the new ring co-ordinates and Gc and Ic are the gradient

and intensities respectively at the point (xc,yc).

It is noted that regions of the resulting Radiality map can be negative, indicating

divergence in the gradient field. Whether or not this divergence is the result of randomly

structured noise or this point is encircled by fluorophore detections the conclusion that

is drawn from a negative Radiality is the absence of an emitter at these locations. The

absence of an emitter in any single frame does not diminish the probability of detecting

an emitter at that location in subsequent frames. In order to avoid a negative contribution

to the temporally analysed SRRF map, radialities can be truncated to zero. This positivity

constraint can be disabled in the NanoJ-SRRF plugin.

This completes the first of the two steps, spatial analysis, that form the SRRF algorithm.

At this point in the analysis, the presence of radially symmetric PSF profiles caused by
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fluorophores in the image will lead corresponding conically shaped peaks appearing in the

Radiality map.

Equation 5.8 was solved numerically for an intensity distribution, I(x,y), formed of

two Gaussian functions. The result was visualised in an interactive application created

with Mathematica (Wolfram Research, Inc) allowing independent manipulations of the

positions, intensities and widths of the Gaussians. A movie demonstrating the changes in

the Radiality function under manipulation of the intensity distribution can be viewed in

the supplementary materials to Gustafsson et al. (2016). The numerical solution reveals a

number of observations about the Radiality distribution. Firstly, the FWHM of the Radiality

peak is proportional to the ring radius used to calculate the gradient convergence. The

un-weighted distribution is defined in purely geometric means and as such is independent of

image intensity and robust to changes in PSF size. Furthermore, the Radiality distribution

preserves deformations of the PSF, for example astigmatic PSFs and polarization effects,

without a displacement in the peak position. Finally, two equally intense Gaussians

separated by only 0.7 times their FWHM (1.7 times σPSF ; see figure 1.3), can be resolved

as separate peaks in the Radiality map of a single time frame, suggesting the Radiality map

directly provides super-resolution.

5.2.2 Temporal analysis – generating the SRRF map

Following calculation of the Radiality image sequence, a single super-resolution frame

can be generated by the simple application of a temporal Radiality maximum (TRM)

projection, or a temporal Radiality average (TRA) projection. In datasets where peak-to-

peak separation of fluorophores is greater than 0.7 times the FWHM of the PSF, emitters

are directly resolved by the Radiality map and have much reduced FWHM. As such,

TRM and TRA projections of the Radiality image sequence will produce super-resolution

reconstructions with resolutions dependent on the chosen ring radius and the SNR (Fig.

5.2d, 5.4). Each method has an advantage as the TRA will suppress peaks in the Radiality

maps due to noise, whereas the TRM will not be influenced by the number of frames in

which detections were made at a point. If persistently emitting sources are present in the

data and dominate the TRA reconstruction, they can also be removed by frame-to-frame

temporal subtraction (Burnette et al., 2011) prior to the calculation of the Radiality.

Further resolution gains and significant improvements in fidelity and contrast are

achieved however, when the temporal fluctuations in the Radiality maps are analysed using

higher-order statistics as applied in SOFI.
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The NanoJ-SRRF plugin offers four options for higher-order temporal analysis. The

first, temporal Radiality pairwise product mean, TRPPM, calculates the second order raw-

moment, integrated over all time lags and normalised by the number of frame pairs used.

This can be formulated as follows,

TRPPM(x,y) =
2

T (1+T )

T−1

∑
s=0

T−1

∑
t=s

RsRt , (5.10)

where T is the total number of frames, s and t enumerate the frames and Rs and Rt are the

radialities at the pixel (x,y) in frame s and t respectively.

The other three methods, temporal Radiality auto-cumulant, TRAC 2, 3 and 4, constitute

the second, third and fourth order central auto-cumulants with a time lag, δ t, of 1 frame as

previously discussed in Dertinger et al. (2009) and formulated here, as follows,

TRAC2(x,y) =⟨δRt ·δRt+δ t⟩, (5.11)

TRAC3(x,y) =⟨δRt ·δRt+δ t ·δRt+2δ t⟩, (5.12)

TRAC4(x,y) =⟨δRt ·δRt+δ t ·δRt+2δ t ·δRt+3δ t⟩ (5.13)

−⟨δRt ·δRt+δ t⟩⟨δRt+2δ t ·δRt+3δ t⟩

−⟨δRt ·δRt+2δ t⟩⟨δRt+δ t ·δRt+3δ t⟩

−⟨δRt ·δRt+3δ t⟩⟨δRt+δ t ·δRt+2δ t⟩,

where δRt = Rt −⟨R⟩, and ⟨. . .⟩ indicates an average over time. For a comprehensive

overview of cumulant analysis see Mendel (1991).

Justification of the temporal analysis

A number of assumptions are made in the formulation of SOFI by Dertinger et al. (2009)

that may not be directly applicable when applying auto-cumulant analysis to the fluctuations

in the Radiality maps. The SOFI algorithm, makes the assumption that the fluorescence

distribution arises from a set of fluorophores with statistically independent intensity fluc-

tuations in stationary equilibrium. This allows the fluorescence, F(r, t) at position r and

time t, resulting from N fluorophores, to be expressed as a sum of the convolution of the

PSF, U(r), and the kth contribution to the fluorescence source distribution having mean

brightness, εk, and time dependent intensity fluctuation sk(t).

F(r, t) =
N

∑
k

U(r− rk) · εk · sk(t). (5.14)
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Here, the Radiality, R(r, t), is calculated by applying the transform, R, to this fluores-

cence intensity distribution F(r, t), such that,

R(r, t) = R

(
N

∑
k

U(r− rk) · εk · sk(t)

)
. (5.15)

The analytical form of the resulting Radiality, R(r, t), is intractable, however empirical

observations based on the numerical solution (section 5.2.1) indicate that R(r, t) for a single

emitter can be described as a convolution with the Radiality PSF, UR(r) with the brightness

independent, binary [on, dark] fluctuation ζ (t) such that,

R(r, t) = R (U(r) · ε · s(t)) (5.16)

=UR(r) ·ζ (t), (5.17)

where

ζ (t) =

 1, for s(t)> 0

0, for s(t) = 0
(5.18)

In the case of very low density imaging, where no fluorophores overlap their fluores-

cence emission within a frame, the assumptions made in SOFI hold, and the Radiality can

be expressed as a sum of zero mean fluctuations,

δR(r, t) =
N

∑
k

UR(r− rk) ·δζk(t). (5.19)

The second-order autocorrelation function G2(r, t) can then be derived as follows,

G2(r, t) = ⟨δR(r, t + τ) ·R(r, t)⟩ (5.20)

=
N

∑
j,k

U2
R(r− rk)⟨δζk(t + τ)δζk(t)⟩ (5.21)

where ⟨. . .⟩ denotes a time average and all cross correlation terms, j ̸= k, are zero since the

emitters state is assumed to be uncorrelated.

This auto-correlation function can be trivially extended to higher, nth, order auto-

cumulants, Cn(r, t), as previously described (Dertinger et al., 2009). The nth order auto-

cumulant analysis of a fluctuating Gaussian intensity distribution bestows a factor of
√

n

decrease in the FWHM of the PSF since the extent of correlation varies non-linearly

across the distribution. Simulations of a single fluorophore were performed, to empirically
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demonstrate that a similar FWHM decrease in the non-Gaussian Radiality PSF, UR(r)

occurs when comparing TRA and TRAC 2, 3 and 4 applied to a single emitter fluctuating

its intensity in time (Fig. 5.2d). Under this best-case scenario the resulting SRRF intensity

distribution is equal to the Radiality PSF raised to the power 2, 3 or 4 (depending on the

auto-cumulant order) and is weighted by the molecular correlation function.

There are a number of advantages to applying auto-cumulant analysis to the Radiality

distribution in comparison to the intensity distribution, as in SOFI. For example, microscope

drift is corrected in the calculation of R(r, t) such that the assumption that rk is a constant can

be made with greater confidence. Also, Cn(r, t) retains a non-linear brightness component

εn in SOFI which must be corrected by taking the nth root of the deconvolved SOFI

image and re-convolving with the SOFI PSF, U(nr) (Geissbuehler et al., 2012). This

brightness component does not feature in Cn(r, t) of the Radiality distribution due to the

independence from intensity in the calculation of R(r, t). Consequently, the undesirable

non-linear response to brightness at higher-order cumulants is removed without the need

for a correction step. The non-linear response to the specific fluctuation function, sk(t) or

ζk(t) respectively, will remain however.

In the case of multiple fluorophores coexisting in the same diffraction limited spatial

and temporal volume, the analytical description of Cn(r, t) applied to the Radiality is

significantly complicated. From the numerical solution it is seen that the ‘brightness’ or

peak Radiality for fluorophore k, denoted by ρk, is dependent on the relative brightness, ε̂ ,

of proximal fluorophores. As such a dependence on the local environment of the image

is introduced. This means that not all of the cross-correlation terms in the second order

auto-correlation are equal to zero, and a brightness term, ρk, must be added which is

influenced by the set of relative brightnesses, {ε̂i(r j, t)} in a distance dependent manner.

G2(r, t) =
N

∑
j,k

UR(r− r j)UR(r− rk) ·ρ j ·ρk · ⟨δ s j(t + τ)δ sk(t)⟩ (5.22)

This distance dependence decays very rapidly however as the separation increases such

that the majority of cross correlation terms j ̸= k are zero for rk − r j > 2σPSF . In addition,

the appearance and disappearance of fluorophores can still be assumed to be independent.

In general, the cross-correlation may still be an insignificant contribution and if present,

should only result in limiting the resolution gains.

Due to the intractability of the analytical description, the validation of SRRF at high

emitter densities is reliant on empirical testing of the algorithm on simulations and known

structures as performed in section 5.3. For example, it will be demonstrated that the

resolution is improved, beyond that acheived with Radiality alone, when higher-order
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cumulants are applied to the Radiality of closely separated fluorophores. As anticipated

however, the resolution gains are smaller than what is expected and observed in the single

molecule case. Moreover, since the Radiality peaks that occur as a result of noise are

always uncorrelated in time it will still be useful to use higher-order statistics in order to

de-noise and enhance the contrast of the SRRF reconstructions, even if further resolution

enhancements above what is achieved by the Radiality transform are not possible.

5.2.3 SRRF with NanoJ

The NanoJ-SRRF ImageJ plugin includes a graphical user interface with options for data

management, time-lapse analysis, drift correction and temporal subtraction as well as the

user defined algorithm parameters. These user defined parameters are summarised in Table

5.1. The software manual found at https://bitbucket.org/rhenriqueslab/nanoj-srrf/wiki/

Home describes installation of the plugin and provides further information on the selection

of algorithm parameters.

The sampling of the Radiality distribution in each sub-pixel is trivially parallelisable

since each calculation is independent of all other sub pixels in time and space. Similarly,

the temporal calculation for each sub-pixel is independent of all other sub pixels in space

Table 5.1 Summary of user defined parameters in the NanoJ-SRRF plugin reference to figures providing
additional details. Adapted from (Gustafsson et al., 2016).

Parameter Description (further details available in the Software Manual)

Ring Radius Sets the radius (in pixels) at which gradient convergence is calculated. Determines the FWHM
and the precision of the Radiality distribution. See Figs. 5.2 and 5.4b.

Radiality Magnification Sets the factor decrease in the 1D sub pixel size relative to the original pixel size. Determines the
spatial support of the SRRF image and affects the algorithm run time. See Fig. 5.4a.

Axes in Ring Sets the number of symmetry axes to be used in the Radiality calculation. N ‘ring coordinates’ is
double the number of symmetry axes. Determines the sampling frequency of the local gradient
field and affects the algorithm run time. See Fig. 5.2.

Remove Positivity Constraint Allows Radiality distribution to have negative values.

Renormalize Renormalizes the Radiality distribution range from [-1 1] to [0 1].

Do Gradient Smoothing Applies a larger 5x3 and 3x5 first derivative kernel pair to gradient calculation. Increases accu-
racy of Radiality distribution at low SNR but decreases sensitivity to high spatial frequencies.
See Figs. 5.4c and 5.5a.

Do Intensity Weighting Weights the Radiality distribution by intensity. Increases contrast and SNR of the Radiality
distribution. See Figs. 5.4c and 5.5a.

Do Gradient Weighting Weights the Radiality distribution by local gradient magnitude. Increases contrast and SNR of
the Radiality distribution. See Figs. 5.4c and 5.5a.

PSF FWHM Determines the Ring Radius of the local gradient magnitude calculation; only applies to Gradient
Weighting.

Temporal Analysis Method Chooses between temporal analysis methods, TRM, TRA, TRPPM and TRAC. See Figs. 5.2d,
5.4d and 5.5.

Integrate Temporal Correlations Calculates the cumulant integrated over all time lags (TRAC only).

TRAC Order Sets the order of the cumulant analysis (TRAC only). See Figs. 5.2d, 5.4d and 5.5.

Do Temporal Subtraction Applies a frame by frame subtraction to the raw data before calculation of SRRF (as described
by Burnette et al. (2011)).

https://bitbucket.org/rhenriqueslab/nanoj-srrf/wiki/Home
https://bitbucket.org/rhenriqueslab/nanoj-srrf/wiki/Home
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Fig. 5.3 Flow chart of the SRRF algorithm. Depiction of the main tasks carried by SRRF. Arrows indicate
direction of task sequence, bottom right legend indicates task type. Of note, tasks labeled as parallelized are
executed in OpenCL, while tasks labeled as threaded are executed in Java threads. Task "calculate gradient
maps" is based on equation S2, task "calculate Radiality transform" is based on equations S3-9 and task
"calculate radial fluctuations" is based on equations S11-12. Adapted from (Gustafsson et al., 2016).

and can be parallelised with respect to space. A computationally efficient approximate

calculation of the auto cumulant integrated over all time lags excluding δ t = 0 is also im-

plemented using a course-grained binning approach adopted from fluorescence correlation

spectroscopy (Wahl et al., 2003). NanoJ-SRRF performs these calculations on the GPU,

where one is available, allowing massive parallelisation. A typical 512x512 pixel data set

can consequently be analysed at 1 frame per second on a 2013 2.4GHz Intel i7-4700MQ

notebook processor with integrated graphics card (Fig. 5.2). A flow-chart outlining the

main elements of SRRF is presented in figure 5.3.

The NanoJ-SRRF plugin inherits the functionality of NanoJ (chapter 4) meaning that

the environment is checked for suitable CPU and GPU hardware. Debugging options and

logs are also provided.
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5.3 Results

As stated in the description of the SRRF algorithm (section 5.2) the validity of super-

resolution reconstructions generated using SRRF must be tested empirically, especially in

cases where fluorophores are not well separated. In addition, the value of SRRF must be

demonstrated by performing super-resolution under conditions that are not feasible with

the current state of the art.

In this section, data is presented addressing both of these points. First, extensive

in silico experiments are performed, characterising the performance of SRRF under a

range of conditions by comparison of reconstructions of in silico generated datasets to

the known ground truth. Second, imaging of a known structure (microtubules) in fixed

cells is demonstrated. Finally, a range of live-cell imaging experiments across a range of

microscope modalities are performed. At all points, comparisons to alternative approaches

are provided.

5.3.1 Materials and Methods

Cell lines

HeLa and LLC-MK2 cells were kindly provided by Dr. Mark Marsh, MRC-LMCB, UCL.

HeLa H2B–mCherry/mEGFP–tubulin stable cell line (Mchedlishvili et al., 2012) was

kindly provided by Dr. Buzz Baum, MRC-LMCB, UCL. CHO cells were kindly provided

by Dr. Jason Mercer, MRC-LMCB, UCL. Dr. Dylan Owen’s, KCL, Jurkat T cells (E6.1)

were obtained from APCC. Cell lines were not authenticated. All cell lines (except Jurkats

which were untested) tested negative for mycoplasma (MycoAlert, Lonza).

Sample preparation for TIRF imaging of fixed microtubules

LLC-MK2 cells were cultured in phenol red-free Dulbecco’s modified Eagle’s medium

(DMEM; Gibco) supplemented with 10% FBS (Gibco) and 1% penicillin/streptomycin

(Sigma) at 37◦C in a 5% CO2 incubator. Cells were seeded on ultra-clean (Pereira et al.,

2015) 13 mm diameter thickness #1.5 coverslips at a density of 0.1×106 per 35 mm dish.

Fixation was performed using ice-cold methanol for 10 min followed by washing with

cytoskeleton stabilizing buffer (CSB; 60 mM PIPES, 25 mM HEPES, 10 mM EGTA and 2

mM MgCl2 at pH 6.9 in PBS). Additional permeabilization was performed (0.05% Triton

X-100 in CSB) for 5 min followed by three washing steps using 0.05% Tween-20 in CSB

and blocking in 5% BSA (Sigma) for 40 min.
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Microtubules were stained using mouse monoclonal anti-α-tubulin antibodies (clone

DM1A, Sigma) at a dilution of 1:500 in 5% BSA for 1 hour and then goat anti-mouse

secondary antibodies conjugated to AlexaFluor647 (Life Technologies) at a dilution of

1:1000 in 5% BSA for 45 min. A secondary fixation step was performed with 2% PFA

in CSB for 10 min. For drift correction, 100 nm TetraSpeck beads (Life Technologies)

were added at a dilution of 1:1000 in PBS for 10 min to each coverslip. Coverslips were

mounted on clean microscope slides (Pereira et al., 2015) in 100 mM mercaptoethylamine

(MEA; Sigma) at pH 7.4 and all imaging was performed within 3 hours of mounting.

Sample preparation for widefield and confocal imaging

For epifluorescence (with laser and LED illumination) and confocal microscopy imaging,

CHO cells were cultured in phenol red-free Minimum Essential Medium Alpha (MEMα;

Gibco) supplemented with 10% FBS (Gibco) and 1% penicillin/streptomycin (Sigma) at

37◦C in a 5% CO2 incubator. Cells were seeded on ultra-clean 8 mm diameter thickness

#1.5 coverslips (Zeiss) at a density of 0.1× 106 per 35 mm dish. To preserve cell ultra-

structure fixation was performed with 4% paraformaldehyde (PFA) in a modified version

of CSB (5 mM KCl, 0.1mM NaCl, 4 mM NaHCO3, 11 mM Na2HPO4, 2 mM MgCl2,

5 mM PIPES, 2 mM EGTA, pH 6.9) for 15 min at 37◦C, followed by washing with the

same buffer (without PFA). Additional permeabilization was performed (0.05% Triton

X-100 in CSB) for 5 min followed by three washing steps using 0.05% Tween-20 in the

modified version of CSB and blocking in 5% BSA (Sigma) for 40 min. Microtubules were

stained using mouse monoclonal anti-α-tubulin antibodies (clone DM1A - T6199, Sigma)

at a dilution of 1:1000 (widefield LED illumination and confocal microscopy) or 1:2500

(epifluorescence) in 5% BSA for 1 hour and then goat anti-mouse secondary antibodies

conjugated to AlexaFluor647 (Life Technologies) at a dilution of 1:1000 in 5% BSA for 45

min. A secondary fixation step was performed with 2% PFA in PBS for 10 min. For drift

correction, 100 nm TetraSpeck beads (Life Technologies) were added at a dilution of 1:1000

in PBS for 10 min to each coverslip. Coverslips were mounted on clean microscope slides

in 100 mM mercaptoethylamine (MEA; Sigma) at pH 7.3 and all imaging was performed

within 3 hours of mounting.

Sample preparation for live-cell imaging of HeLa cells

HeLa cells and HeLa H2B–mCherry/mEGFP–α-tubulin stable cell line were grown in

DMEM containing 10% FBS, 100 U ml−1 penicillin and 100 µg ml−1 streptomycin at

37◦C with 5% CO2 in a humidified incubator. Prior to imaging, cells were seeded on to

#1.5 glass bottom 35 mm µ-Dish (ibidi GmbH); for mitochondrial imaging HeLa cells were



5.3 Results 187

seeded in 8-well glass bottom µ-Slides (ibidi GmbH) and stained with MitoTracker Red

CM-H2Xros (Molecular Probes) following the manufacturer’s recommendations.

Sample preparation for live cell imaging of Jurkat T cells

Jurkat T cells were cultured in Roswell Park Memorial Institute (RPMI) 1640 media (Gibco)

supplemented with 10% FCS (Life Technologies) and 1% penicillin/streptomycin (Sigma)

at < 5×105 cells ml−1 at 37◦C, in a 5% CO2 atmosphere. For transfection, T cells were

split 24 hours prior to electroporation to ensure cells were in log growth phase. On the

day of transfection 2× 107 cells were pelleted at 238g, resuspended in OptiMem (Life

Technologies) pre-equilibrated to 37◦C, pelleted a second time at 238g and resuspended

in 500 µl fresh OptiMem in a cuvette (BioRad) with 5 µg of LifeAct-GFP plasmid (ibidi

GmbH). Electroporation for Jurkat cells was carried out on a Gene Pulser Xcell system

(BioRad) set to an exponential decay pulse using 300 V and 950 Ω capacitance. After

pulsing, viable cells were separated from dead matter and reseeded in 5 ml pre-equilibrated

RPMI1640 media overnight.

To stimulate Jurkat T cells into producing an immunological synapse, #1.5 8-well

chamber coverslips (Labtek) were coated with 1 µg ml−1 of either anti-CD3 alone, anti-

CD28 alone or anti-CD3&CD28 (Cambridge Biosciences and BD Bioscience) in PBS,

added to the glass coverslip surface overnight at 4◦C. 18-24 hours after electroporation the

antibody-coated coverslips were washed 1x in 200 µl pre-equilibrated 1x Hank’s Balanced

Salt Solution (HBSS) with 20 mM HEPES prior to imaging and placed on the microscope.

100 µl of cell-containing media was pelleted and resuspended in 200 µl 1x HBSS (+ 20 mM

HEPES). 100 µl of Jurkat T cells were then pipetted into one of the stimulatory coverslip

wells resulting in a final concentration of 5×105 cells ml−1.

Imaging

TIRF imaging of fixed microtubules was performed using a Nikon N-STORM inverted op-

tical microscope in TIRF mode. A 100x TIRF objective (Plan-APOCHROMAT 100x/1.49

Oil, Nikon) was used with additional 1.5x magnification to collect fluorescence onto an

EMCCD camera (iXon Ultra 897, Andor), yielding a pixel size of 107 nm, and excitation

was provided by a 647 nm laser. Imaging conditions for the datasets used in figure 5.8b

and figure 5.10 were as follows. Ultra-high density: 100 frames acquired with 1% laser

power (equivalent to approximately 44 mW cm−2 at the sample, see section 3.2.1) and 50

ms exposure time. High density: 1000 frames acquired with 15% laser power (equivalent to

approximately 138 W cm−2 at the sample) and 20 ms exposure time. Low density: 10,000
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frames acquired with 100% laser power (equivalent to approximately 2.3 kW cm−2 at the

sample) and 14 ms exposure time.

Epifluorescence imaging of fixed microtubules was performed using an ElyraPS.1

inverted microscope. For excitation a 642 nm laser operating at 100% power (equivalent

to approximately 4 kW cm−2 at the sample) was used to induce blinking behavior in

AlexaFluor647. A 100x TIRF objective (Plan-APOCHROMAT 100x/1.46 Oil, Zeiss) was

used, with additional 1.6x magnification, to collect fluorescence onto an EMCCD camera

(iXon Ultra 897, Andor), yielding a pixel size of 100 nm. Cropped areas were imaged to

allow for fast imaging at 50 fps.

LED illumination imaging of fixed microtubules was performed using a Nikon N-

STORM inverted optical microscope in EPI mode. Excitation was provided by a 647

nm LED illumination source operating at 100% power. A 100x TIRF objective (Plan-

APOCHROMAT 100x/1.49 Oil, Nikon) was used with additional 1.5x magnification to

collect fluorescence onto an EMCCD camera (iXon Ultra 897, Andor), yielding a pixel size

of 107 nm. Cropped areas were imaged to allow for fast imaging at 96 fps.

Confocal microscopy imaging of fixed microtubules was performed using a Leica TCS

SP8 STED 3X confocal microscope equipped with a STED immersion oil objective (HC

PL APO 100x/1.40 Oil, Leica). Excitation was provided by a 647nm White Light Laser

(WLL, 470 – 670 nm) at 100% laser power. Cropped areas and magnification were chosen

to allow for fast imaging at 50 fps and a final pixel size of 100 nm.

Long-term live-cell imaging of mEGFP-Microtubules in HeLa H2B–mCherry/mEGFP–

tubulin stable cell line was performed in DMEM containing 10% FCS at 37◦C with 5%

CO2 in a humidified incubator using the N-STORM inverted microscope (Nikon) in TIRF

mode as described above. The microscope was programmed to automatically acquire 100

frames every 25 min for 24 hours, with approximately 0.65 kW cm−2 on-sample 488 nm

laser intensity and a pixel size of 107 nm.

Short-term imaging of microtubule dynamics was performed using the same sample

preparation and using an ElyraPS.1 inverted microscope (Zeiss) in TIRF mode. This

provided approximately 0.009 kW cm−2 on-sample 488 nm laser intensity for continuous

imaging with a pixel size of 100 nm.

Live-cell imaging of mitochondria was performed in DMEM containing 10% FBS at

37◦C with 5% CO2 in a humidified incubator using the ElyraPS.1 inverted microscope in

HiLO mode. A 561 nm excitation laser was angled through the back focal plane of a 100x

TIRF objective (Plan-APOCHROMAT 100x/1.46 Oil, Zeiss), providing approximately

0.0003 kW cm−2 on-sample intensity. Emitted signal from the excited dye molecules

was collected by an EMCCD camera (iXon 897, Andor), with a pixel size of 100 nm.
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Table 5.2 Summary of the on-sample intensities (kW cm2) and the total imaging time (s) for a selection of the
data sets included in this chapter. Adapted from (Gustafsson et al., 2016).

Dataset
On-sample intensity

(kW cm−2)
Total imaging time

(s)

Alexa Fluor 647 labelled microtubules in fixed CHO cells 4 1800
Alexa Fluor 647 labelled microtubules in fixed LLC-MK2 cells 2.31 1042
LifeAct-GFP Jurkat T-cells stimulated with anti-CD28 0.21 50
LifeAct-GFP Jurkat T-cells stimulated with anti-CD3&CD28 0.083 50
LifeAct-GFP Jurkat T-cells stimulated with anti-CD3 0.083 50
Tubulin-GFP HeLa cells – long term imaging every 25 mins for 8 hours 0.065 20
LifeAct-GFP Jurkat T-cell drop onto anti-CD3 0.042 200
Tubulin-GFP HeLa cells – short term continuous imaging 0.0085 51
Mitotracker red HeLa cells 0.00025 121

SIM imaging was performed in DMEM containing 10% FBS at 37◦C with 5% CO2 in

a humidified incubator using the ElyraPS.1 inverted microscope in SIM mode. A 100x

TIRF objective (Plan-APOCHROMAT 100x/1.46 Oil, Zeiss) was used, with additional

1.6x magnification, to collect fluorescence. 3 rotations and 5 lateral shifts of the grating

were used per SIM image acquired at a combined frame rate of 1 FPS and reconstructions

were performed by the Zeiss-Zen microscope software.

Live-cell imaging of Jurkat T cells expressing LifeAct-GFP during synapse formation

was performed using an N-STORM inverted microscope (Nikon) in TIRF mode. A 488 nm

excitation laser was angled through the back focal plane of a 100x TIRF objective (Nikon).

A range of laser powers were tested for imaging the samples; as GFP intensity fluctuations

are minimal regardless of laser power in the absence of a specialized imaging buffer, similar

SRRF reconstructions were obtained at all powers tested. As a result, all T cell images

displayed were obtained with the lowest laser power tested. 100% laser power at the fiber

end constitutes 80 mW (approximately 0.83 kW cm−2 at the sample), and intensities used

for individual acquisitions are shown in Table 5.2. Emitted signal from the excited GFP

molecules was collected by an EMCCD camera (iXon Ultra 897, Andor), with a pixel size

of 160 nm.

Simulated Data

Simulated images used in the evaluation of SRRF were produced using NanoJ-Simulate

(chapter 4) in a similar manner as described in chapter 2. The PSF of a single emitter was

modelled as a Gaussian distribution with a standard deviation of 135 nm. Rendering of

the simulated images was performed by point sampling of the PSF on a 10 nm resolution

lattice and integrated to form a 100 nm pixel grid representing the CCD camera pixels. The

emission rate of individual fluorophores was Normally distributed with a standard deviation

of 40% of the mean emission rate in each frame. A background of 100 photons was added
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to all pixels prior to adding Poisson distributed photon shot noise. The EMCCD conversion

of photons to pixel values was simulated as described in chapter 2.3.1.

The ground truth structure in figure 5.8a consists of two lines separated by 0 nm at the

top and 350 nm at the bottom of the frame with emitters evenly distributed at a separation

of 5 nm along the lines. The positions of emitters in the single frame simulations used in

figure 5.4 were randomly distributed within a 100 nm pixel. The central positions of emitter

pairs in the simulations used in figure 5.5 were randomly distributed within a 100 nm pixel.

Temporal characteristics of emitters in figure 5.8a were modelled using a time continu-

ous two state (emitting, non-emitting) Markov process not synchronized with the frame

rate giving exponentially distributed on-times and off-times. The characteristic on-time

was varied from 0.6 s to 0.1 s while the characteristic off-time was varied from 6.6 s to

80.0 s giving on-state probabilities of 1/12, 3/80, 3/400, 1/400 and 1/800 leading to the

various mean emitter separations quoted in figure 5.8a. The mean photon emission rate

of the emitters was varied empirically to keep the single frame peak signal to noise ratio

approximately constant at 10 independent of density.

5.3.2 in-silico validation of SRRF

The in silico evaluation of localisation algorithms in SMLM is normally performed by

comparison of localisations made on simulated datasets, to the true simulated positions. In

this way, localisations can be matched to simulated positions and descriptive parameters

such as algorithm recal and localisation precisions can be computed. Since SRRF is a

non-localisation image-based algorithm that produces single super-resolution images, a list

of localised positions is not available for comparison with the ground truth. For this reason,

the central location of pixels with an 8-connected local maximum in the SRRF image were

identified and recorded as pseudo localisations. When comparing to simulations of a single

fluorophore, the SRRF peak with the highest intensity was compared to the ground truth.

In general, for localisation of single points imaged by a photon limited processes, the

minimum theoretically achievable mean square error (MSE) in localisation is given by

the Cramér-Rao lower bound (CRLB). SRRF localisation errors were compared to an

approximation of this value calculated using equation 7 from Rieger and Stallinga (2014),

∆x|2MLE =
σ2 +a2/12

N

(
1+4τ +

√
2τ

1+4τ

)
, (5.23)

where N is the number of photons, σ is the PSF width, a is the pixel size and τ approximates

the ratio of the background intensity to the peak signal intensity.
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Fig. 5.4 Single fluorophore evaluation of SRRF. (a) Radiality precision at various magnifications compared to
the Cramér-Rao lower bound (CRLB). (b) Radiality precision at various ring radius and SNR. (c) Comparison
of the Radiality (Rad) precision including gradient smoothing (GS), intensity weighting (IW) and gradient
weighting (GW) to centre of mass (CoM), maximum likelihood estimation (MLE) and the CRLB. (Inset) The
false negative (FN) count for the MLE in (c). Precision refers to the root mean square error in the analysis
of 1000 simulated single frame, single PSFs. (d) SRRF FWHM at varying SNR; analysed with different
temporal methods. Solid lines represent the theoretical distributions. Stars represent the FWHM of radially
averaged profiles of N=100, 100 frame simulated fluorophore fluctuation data sets. Adapted from (Gustafsson
et al., 2016).

In the first experiment performed, single frame simulations of single molecules at

various signal to noise ratios were performed and the most intense SRRF pixel was identified

and compared to the ground truth location. Since these are single frame simulations the

results reveal the ‘Radiality precision’ without any temporal analysis. Due to the use of

pixel locations to determine the Radiality peak position, this measure is discretised and only

supplies an approximation to the true position of the Radiality peak. This approximation is

dependent on the magnification of the sub-pixel grid on which the Radiality calculation is

performed (Fig. 5.4a). If the magnification is set, such that the sub-pixel size is smaller

than the true precision, the best possible estimate of the precision is achieved. Therefore as

the pixel size is decreased, the Radiality precision is seen to approach the CRLB.
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The precision of Radiality was next tested as the ring radius, r (see figure 5.2), was

varied. The ring radius is a central parameter of the Radiality calculation, determining

the proximity of the gradient lines to the point of interest. As a consequence, the ring

radius determines the maximum spatial frequency of the Radiality map and determines the

FWHM of the resulting Radiality distribution (Fig. 5.2d). Since the Radiality calculation

is based on the gradients that converge on the location of the fluorophore, the magnitude

of these gradients will be a principal determinant of the precision. As the ring radius is

increased, the magnitude of the gradients will first increase from an initial zero at the centre

of the emitter intensity distribution. Once the ring radius exceeds the point of inflection of

the PSF distribution the gradients will again approach zero. This results in the minimum

seen in the precision of Radiality as the ring radius is increased from zero (Fig. 5.4b).

The principal determinant of precision in SMLM, as can be deduced from the equation

for the CRLB, is the signal to noise ratio (SNR). The precision of Radiality was determined

for a range of SNRs from 1, equivalent to ~90 photons per emitter, to 15, equivalent ~1300

photons per emitter (Fig. 5.4c). A selection of algorithm parameter choices (Table 5.1)

relating to the weighting methods and gradient kernels were tested. These results indicate

that intensity weighting (IW) and gradient weighting (GW) both have a very small effect on

the precision of Radiality. However, the use of the larger (3x5 and 5x3) gradient smoothing

(GS) kernels (Equation 5.3) has a marked increase in precision.

For comparison, the precision of centre of mass estimation (CoM, as in QuickPALM;

Henriques et al., 2010) and maximum likelihood estimation (MLE, as in ThunderSTORM

Ovesný et al., 2014) were also calculated for the same datasets. In the case of the MLE the

inset in figure 5.4c shows the false negative (FN) count, the number of frames in which no

fitting was performed as the algorithm was unable to detect a suitable candidate signal to fit

the model to.

Since the final SRRF image of a single fluorophore is formed from temporal averaging

or correlation of a sequence of Radiality peaks, the precision will influence the final

FWHM of the SRRF image. This is because despite the highly accurate peak position the

displacement of the peak due to noise can approach a similar scale to the FWHM of the

Radiality peak (before temporal analysis). Averaging over these displacements will increase

the precision of the peak position as more frames are averaged, but will also result in a

broadening of the SRRF FWHM. This effect is demonstrated for a fluctuating fluorophore

in figure 5.4d. The result is that apart from the direct dependence on the ring radius (Fig.

5.2d), another important factor in determining the final FWHM of the SRRF reconstruction,

and therefore resolution, is the SNR.
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Many localisation algorithms achieve close to the CRLB precision on single emitter

localisations but suffer from a significant loss of precision when localising pairs of emitters

separated by less than ~3σPSF . The performance of Radiality in the case of nearby emitters

was investigated by simulating two equal intensity emitters at various separations (Fig.

5.5a). Since there are now two ground truth positions, the error for each was calculated

separately as the distance to the nearest pixel that was a local maximum which, in the case

of ‘merging’ into a single peak, can be the same location. Again, error estimates from CoM

and MLE (using a multi-emitter model) are included for comparison. As with the errors in

the Radiality, the error for each ground truth position was calculated separately, by taking

the distance to the nearest localisation, which can be the same localisation for both ground

truth positions. The linear response initially at low separations indicates the condition where

a single Radiality peak is observed on the line between the two emitters. Any precision

estimates lower than this line, equal to half the separation, indicates separation into two

distinct peaks. These results indicate that GW and IW improve the precision of Radiality

when emitters overlap and demonstrate the inaccessibility of higher spatial frequencies

when the larger GS gradient kernels are used. They also demonstrate that while Radiality

performs favourably to CoM estimation, MLE multi-emitter fitting is superior to Radiality

on a single frame basis.

This only represents the single frame Radiality performance however, not including the

resolution improvements to SRRF afforded by the temporal analysis. In order to investigate

the effect of including the temporal information, emitter pairs were simulated with an

arbitrary, 50% standard deviation in photon yield over 100 frames and analysed with each

of the temporal Radiality SRRF methods. Errors were calculated as the distance from

the true emitter positions to the nearest local maxima in the single SRRF frame produced

from 100 raw frames (Fig. 5.5b). In all cases, the results show a notable improvement in

the precision over the most successful single frame Radiality method and are superior to

the average error from MLE multi-emitter fitting which deteriorates when the fluorophore

emission fluctuates. An example ground truth simulation (separation 275 nm) is shown

in figure 5.5c. A representative widefield image produced from an average projection

of 100 frames shows that, at this separation, fluorophores would not be resolved using

conventional imaging approaches. Higher-order SRRF methods, produce images with

progressively decreasing FWHM and increasing contrast allowing the two emitters to be

better distinguished (Fig. 5.5c). An MLE multi-emitter fitting reconstruction from the same

100 frame data set is shown for comparison (Fig. 5.5c). Line profiles through the known

positions of both emitters for the reconstructions in figure 5.5c are shown in figure 5.5d.

Despite the complex inter-dependence of the Radiality distributions noted in section 5.2
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Fig. 5.5 Fluorophore pair evaluation of SRRF. (a) Comparison of the Radiality (Rad) precision for two
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these line profiles demonstrate that higher-order auto-cumulants do reduce the FWHM to

some degree as well as de-noising and enhancing the SRRF reconstruction.

SRRF is not only applicable to low density datasets where one or two fluorophores

appear close to one another. In order to quantitatively assess the performance of SRRF

at higher densities of emitting fluorophores two parallel filaments were simulated with

varying separation of the filaments, labelling density, fluorophore kinetics, brightness and

background levels. A comparative analysis to MLE and SOFI was performed across a

wide range of parameter values. The metric used to asses performance in this analysis

was the normalized visibility parameter, based on that used by (Geissbuehler et al., 2011),

which quantitatively assesses the extent to which two adjacent filamentous structures can

be resolved.

The normalised viability was calculated as follows. An average projection was taken

parallel to the simulated filaments in the super resolution reconstruction (Fig. 5.6a). Three

intensity measures were taken from the resulting profile: the central value corresponding to

the midpoint between the filaments, Imin, and the intensities at the known filament positions,

Imax,1 and Imax,2. The normalized visibility was defined as

v =
1
2

(
(Imax,1 − Imin)

(Imax,1 + Imin)
+

(Imax,2 − Imin)

(Imax,2 + Imin)

)
. (5.24)

Super-resolution reconstructions of the simulations were performed using thunderSTORM,

SOFI and SRRF. In the case of SOFI, the best visibility measured using SOFI orders 1–6

and 4th order bSOFI was recorded.

Simulations for the visibility analysis consist of two 2 µm long filaments, each 0.02

times the FWHM wide. The FWHM of the PSF was set to 317 nm. The separation of

the filaments was varied from 0.1 to 1.1 times the FWHM (31.7 nm to 348.7 nm). The

fluorophores were placed randomly on the filaments with a mean labeling density, which

was varied from 1 µm−1 to 21 µm−1. The rate ratio (defined here as r = koff/kon) of the

fluorophore photoswitching was varied from 0.1 to 10. The mean fluorophore emission rate

was varied from 100 photons s−1 to 10000 photons s−1 while the background was varied

from 0% to 50% of the mean photon emission rate. The mean fluorophore switching rate

k = konkoff/(kon + koff) was kept constant at half the frame rate of 1 fps. Rendering was

performed as previously described.

The visibility of the structures when analysed with SRRF is greater than both SOFI

and MLE at low filament separations, low rate ratios, higher labelling densities, lower

mean molecular signal and higher background. The result at low photoswitching rate

ratio, where the fluorophore on-time is significantly longer than the fluorophore off-time, is
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Fig. 5.6 Quantitative comparison of SRRF, SOFI and multi-emitter fitting by visibility analysis. (a) Top:
Representative example (chosen randomly) of the ground truth (G.T.), a single simulation frame (Sim.), the
SOFI reconstruction (SOFI), the multi-emitter maximum likelihood reconstruction (MLE) and the SRRF
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5.3 Results 197

particularly notable. The r = 0.1 case here results in very high density datasets and SRRF

consistently outperforms both the similar SOFI method and the benchmark localization

method multi-emitter MLE (Fig. 5.6c).

To summarise; using simulated data, the accuracy of Radiality and SRRF have been

tested under a range of conditions. At low densities, near-Cramér-Rao limited precisions

are achieved (Fig. 5.4c). SRRF achieves comparable or better separation than multi-emitter

fitting for constantly emitting fluorophore pairs exhibiting 50% intensity fluctuations (Fig.

5.5b). Finally, SRRF can discriminate with high fidelity, two parallel filaments at very low

photoswitching rate ratio.

5.3.3 in-vitro validation of SRRF

In order to confirm the results from analysis of simulated data, a low density STORM

dataset was acquired using fixed AlexaFluor647 immuno-labeled microtubules and used

to generate a high density dataset and an ‘ultra-high’ density dataset, through temporal

averaging of 100 and 500 frame sequences respectively.

Imaging was performed as described for fixed microtubules using an N-STORM mi-

croscope in TIRF mode with 100% 647 nm laser illumination (2.3 kW cm−2 on-sample

intensity) to obtain sparse, low density datasets. Datasets consisting of 100,000 frames

were acquired and the first 1,000 frames rejected such that the number of emitters per frame

was constant. Each frame in the high density dataset was produced by averaging 100 frames

of the low density dataset (i.e. frame 1 of the high density dataset is the average of frames

1-100 of the low density dataset, frame 2 is the average of frames 101-200 of the low density

dataset etc.). Each frame in the ultra-high density dataset was produced by averaging 500

frames of the low density dataset. The averaging will reduce the variance of the background

by a factor of n, where n is the number of frames averaged, and hence increases the signal

to noise ratio. To avoid alterations in noise statistics drastically affecting the multi-emitter

fitting performance, weighted least squares fitting was used. In contrast to maximum likeli-

hood estimation, least squares fitting is less sensitive to the noise model. ThunderSTORM

was used to localise particles in the low density dataset and these localizations were then

used to estimate the average distance of each fluorophore to its nearest neighbor in the

same frame (⟨dNN⟩ values Sage et al., 2015). This approach provides the advantage of

both knowing the fluorophore density and also providing a pseudo ground truth for the

high density datasets, obtained from the ThunderSTORM reconstruction of the low density

dataset.
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Fig. 5.7 Quantification of resolution at various densities using temporally averaged datasets. Analysis of
resolution in high- and ultra-high density datasets created from temporally averaging a low density data
set as described in text. (a) TIRF image of the structure for which the low density dataset was acquired,
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The averaging of low density data allowed the creation of datasets of length 990 and

198 frames with mean fluorophore separations of 74 nm and 31 nm respectively. Two

microtubules were identified in the low density dataset with a peak-to-peak separation of

74.7 nm (Fig. 5.7). The mean localization precision of the 44454 localised fluorophores in

the low density data was 15.9 nm giving a conservative estimate that the maximum possible

separation of the filaments as 90 nm apart. A plot profile of the of the SRRF reconstruction

at low density indicates the same 74.7 nm peak-to-peak separation while the FWHMs of the

two filaments were 57.1 nm and 55.9 nm approximately equal to the 53 nm width expected

for secondary antibody immuno-labelling of microtubules. At ultra-high density (⟨dNN⟩
= 31 nm) both microtubules are still resolved albeit with lower visibility (calculated as

previously described from the line profiles in figure 5.7a). This experiment shows that at

ultra-high densities (defined here as a mean emitting fluorophore separation, ⟨dNN⟩, < 100

nm) super-resolution can be achieved using SRRF. This is despite the local radial symmetry

having a dependance on the local image intensities as discussed in section 5.2. Notably, the

performance of SRRF on high density datasets allows the production of a super-resolution

image with as few as 198 raw frames, achievable in less than 1 s using a cropped field of

view on current EMCCD cameras.

The experiment presented in figure 5.7 was repeated in two ways, first by simulation,

and then experimentally by modulating the laser intensity. For the simulated data the

fluorophore kinetics were varied, resulting in different fluorophore densities (Fig. 5.8a).

Using SRRF, at ⟨dNN⟩ ∼ 910 nm it is possible to resolve two approaching filaments at

resolutions comparable to localization (~30 nm). It is also possible to achieve resolutions

of the order of 130 nm at ⟨dNN⟩ ∼ 29 nm, far beyond the point where the assumptions on

fluorophore density required for fitting are exceeded. As expected, fitting methods failed to

reconstruct the structure at these ultra-high fluorophore densities.

Experimentally, the emitting fluorophore density can be modulated by varying the on-

sample illumination intensity, since lower intensities result in fewer transitions to transiently

stable dark states (Heilemann et al., 2008). Reconstructions of three examples of such data

through SRRF and multi-emitter fitting are shown in figure 5.8b, again demonstrating the

performance of SRRF across different densities. Here, by selecting three different laser

illumination intensities, varying density datasets are produced in a manner analogous to the

varying fluorophore kinetics simulations as shown in figure 5.8a.

Dividing a raw image sequence for these datasets in half and applying SRRF provides

two images on which Fourier Ring Correlation (FRC) can be performed. FRC measures the

similarity of two images as a function of spatial frequency giving a quantitative estimate of

the resolution (Banterle et al., 2013; Demmerle et al., 2015; Nieuwenhuizen et al., 2013).
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Widefield Structured Illumination SRRF

Fig. 5.9 Comparative SIM and SRRF imaging of the same cell, in the same microscope. Expanded regions
from the indicated box. Scale bars 10 µm.

As was the case for the SRRF reconstructions in figure 5.8a, resolution increased as density

decreased; Fourier Ring Correlation (FRC) analysis of the SRRF images in figure 5.8b

indicated resolutions of 49 nm (low density ‘LD’ data, 2.3 kW cm−2), 105 nm (high density

‘HD’ data, 138 W cm−2), and 156 nm (ultra-high density ‘UHD’ data, 44 mW cm−2) (see

figure 5.13a).

Since SRRF is suggested to provide super-resolution in a regime that is commonly

associated with linear SIM, comparative imaging of the same cell, in the same microscope,

using the same optical path, laser intensity and acquisition time was performed (Fig. 5.9).

HCV infected fixed cells, stained with anti-NS5A were acquired courtesy of the Grove lab

at UCL and widefield, SIM and SRRF images compared. The only difference being that

SIM was recorded using an sCMOS detector whereas the widefield and resulting SRRF

was recorded using an iXon EMCCD detector. The superior resolving power of SRRF is

evident, indicative of the fact that SRRF is achieving a greater than 2-fold improvement

over the classical diffraction limit by post processing of 100 raw widefield frames. SIM is

theoretically limited to a 2-fold reduction of the classical diffraction limit and, in general,

requires expensive additional optical components.

In order to qualify the advantages of SRRF, a further comparative analysis of the

three datasets presented in figure 5.8b was performed against the reconstructions from six

other super-resolution algorithms. Three of the best performing (according to independent

analysis (Sage et al., 2015)), publicly available, high density localization algorithms,

DAOSTORM (Holden et al., 2011), ThunderSTORM (Ovesný et al., 2014) and FALCON

(Min et al., 2014); and three image based methods deconSTORM (Mukamel et al., 2012),

3B(Cox et al., 2011) and SOFI (Geissbuehler et al., 2012). The corresponding single

frame TIRF image for this region was also deconvolved using commercial deconvolution

software (Fig. 5.10a). Parameters for performing reconstruction using deconvolution
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Fig. 5.10 Comparisons between SRRF and other super-resolution algorithms at a range of densities. (a) TIRF
and deconvolved TIRF images of the data presented in figure 5.8b. (b) Five consecutive frames from the three
different density datasets acquired for algorithm comparisons. Imaging parameters are as in figure 5.8b and
text. (c) Images obtained using the listed algorithms to reconstruct the three different density datasets. The
amount of time taken to produce each image is shown in yellow text in the format hh:mm:ss. 3B analysis was
not performed on the low density data. Scalebars = 1 µm. Adapted from (Gustafsson et al., 2016).

and other super-resolution algorithms were determined from direct measurements on the

raw data where appropriate (for example, image background estimations). Where other

user-defined parameters were required, parameter sweeps were performed and the image

most closely resembling the low density reconstruction from ThunderSTORM was chosen.

The reconstructed images are shown in figure 5.10c along with the computational time

required to generate each displayed image. 3B analysis was not performed on the low

density dataset as this dataset had tenfold more frames than the high density dataset and

even when using cloud computing (Hu et al., 2013) was expected to take approximately 20

days to run.
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Of all the super-resolution algorithms tested, only SRRF and DeconSTORM were

capable of producing images representative of the underlying structure at all three densities

(Fig. 5.10). However, the amount of time required for DeconSTORM computation was

significantly longer than required for SRRF analysis (not including the time required to

perform parameter sweeps in DeconSTORM) and DeconSTORM analysis is restricted to

using square datasets. In this regard, SRRF is a considerably more efficient and flexible

algorithm for performing super resolution analysis of datasets at a range of densities.

Notably, SRRF analysis takes only a few minutes for most full-frame datasets due to the

use of graphics processing unit (GPU) based high-performance computing approaches, and,

with the exception of SOFI, is at least 40 fold faster than the methods used for comparison

here.

An attempt to quantify the similarity between the various reconstructed images was

made, as it is clear from figure 5.10c that many of the algorithms lose image information,

especially at the higher densities. To achieve this, a line profile was taken across each image

(location of profile shown in figure 5.11a,b). The profile was averaged over 100 nm in the y

direction to prevent bias from individual bright or miss-localised pixels. These profiles and

the corresponding TIRF profile are plotted in figure 5.11c–h. Figures 5.11c and d show the

line profiles for the ultra-high density data reconstructions for SRRF compared with image-

based methods and localization techniques respectively. It can be seen in figure 5.11c,

that SRRF and DeconSTORM both recover all of the peaks visible in the TIRF profile.

DeconSTORM also succeeds in resolving a second peak within the TIRF peak extending

from 3500-4500 nm. The SOFI profile has much lower resolution and the 3B profile only

recovers three of the peaks visible in the TIRF profile. The localization techniques also

fail to recover the majority of peaks visible in the TIRF profile for ultra-high density data

(Fig. 5.11d). SRRF, SOFI and DeconSTORM display good fidelity in recovering peaks

from high density data (Fig. 5.11e), with all three algorithms now resolving two distinct

peaks within the broad TIRF peak located at 3500-4500 nm. Again, 3B was incapable

of recovering all of the features in the TIRF profile. At this density, the profiles for the

localization techniques (Fig. 5.11f) still lack many of the features observable in the TIRF

profile although more peaks were recovered than for the ultra-high density data (for example

at ~750 nm and ~3200 nm). For the low density data, all of the image-based (Fig. 5.11g)

and localization (Fig. 5.11h) methods recover all of the peaks in the TIRF profiles and

super-resolve multiple peaks within the single broad TIRF peaks at 1500-2500 nm (with

the exception of SOFI) and 3500-4500 nm.

To quantitatively assess the content of these measured line profiles, correlation analysis

was performed for each line profile against a reference profile. The DAOSTORM low
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a b

c d

e f

g h

Fig. 5.11 Line profiles for super-resolution algorithm comparisons. The location at which line profiles
were measured is shown as a yellow line on the (a) DAOSTORM low density reconstruction and (b) TIRF
image. The height in the y direction of each profile was 100 nm, allowing for averaging over this range
to prevent single pixel biases. Scalebars = 1 µm. Line profiles from the region indicated in (a) and (b) are
plotted in the profiles below (intensities all normalized from 0 to 1). (c-d) Ultra-high density reconstruction
profiles for SRRF compared with image-based techniques and localization techniques respectively. (e-f) High
density reconstruction profiles for SRRF compared with image-based techniques and localization techniques
respectively. (g-h) Low density reconstruction profiles for SRRF compared with image-based techniques and
localization techniques. Adapted from (Gustafsson et al., 2016).
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Fig. 5.12 Correlation scores for super-resolution algorithm comparisons. Plot showing values of Pearson’s
correlation coefficient for each line profile plotted in figure 5.11 when compared against the line profile for
the low density DAOSTORM reconstruction (orange line, Fig. 5.11). Adapted from (Gustafsson et al., 2016).

density was chosen as the reference due to the previously reported good performance

of DAOSTORM for both high and low density data (Sage et al., 2015). The Pearson’s

correlation coefficients between each profile from figure 5.11 and the DAOSTORM low

density profile are presented in figure 5.12, where higher scores indicate better correlation.

For the low density reconstructions SRRF has the second highest correlation score of all the

tested algorithms, second only to FALCON and higher than that for the other localization

algorithm tested, ThunderSTORM. For both the high and ultra-high density reconstructions

SRRF has the highest correlation scores against the reference. Of particular note, SRRF

reconstructions have similar correlation scores indicating that SRRF analysis is robust to

different density datasets.

Algorithm comparison should, in an ideal case, be performed by an independent

expert in order to prevent potential biases or mitigate inexperience in the application of an

algorithm. As a substitute, an overview of the protocols used for each of the algorithms

is provided. All algorithms were run on the same, 64x64 pixel region of interest selected

from the datasets acquired for figure 5.8b and run as follows.

3B: 3B analysis was performed using Amazon Elastic Cloud Compute according to

the method described in (Hu et al., 2013). 81 overlapping 10×10 pixel masks were used

on each image. For each image analysed, 20 c1.medium (compute optimized) instances

were launched and monitored until the average number of iterations per mask exceeded
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50 (as output by the scripts provided in Hu et al. (2013); this corresponds to 200 iterations

as described in the original 3B publication (Cox et al., 2011)). The average number of

iterations per mask was 62.9 for the ultra-high density dataset and 56.5 for the high density

dataset. Quoted run times correspond to the total time required to analyse all 81 masks. A

particle table was exported for the 3B results and the displayed images were rendered using

normalized Gaussians of uncertainty 20 nm.

SOFI: SOFI was run for orders 1–6 along with fourth order bSOFI (Geissbuehler et al.,

2012) for each density and the best image selected in each case. The ultra-high density

reconstruction was produced using bSOFI with automatically determined FWHM for pixel

re-weighting, and the high and low density reconstructions were produced using third order

SOFI using the measured FWHM. Run times indicate the total time to run all 6 orders and

bSOFI. Analysis was performed using MATLAB running on a 2014 Intel Xeon E5-2687W

v2 desktop processor.

DeconSTORM: For DeconSTORM analysis the average background per pixel per frame

was measured for each dataset and input into the algorithm, along with the measured σPSF .

For all reconstructions the gain parameter was set to 256 and 1000 iterations were used.

Parameter sweeps were performed for the emitter probabilities α and β in the ranges

α = [0.2,0.99] and β = [10−6,10−1] and the best images selected. For the ultra-high and

high density reconstructions, α = 0.99 and β = 10−6. For the low density reconstruction,

α=0.5 and β = 10−2. Analysis was performed using MATLAB running on a 2014 Intel

Xeon E5-2687W v2 desktop processor.

DAOSTORM: The PSF used for DAOSTORM analysis was generated from a frame

in the low density dataset with PSF parameters as measured from this image. All other

parameters in DAOSTORM were set as measured from the individual datasets. The resulting

DAOSTORM particle tables were then rendered using normalized Gaussians of uncertainty

20 nm. Analysis was performed using a 2013 MacBook Pro.

FALCON: FALCON was run using parameters as measured from the images and final

images were rendered using normalised Gaussians of uncertainty 20 nm. Analysis was

performed using MATLAB running on a 2013 Intel i7-4700MQ notebook processor with

integrated graphics card.

ThunderSTORM: ThunderSTORM analysis on each dataset was performed using the

integrated Gaussian PSF with maximum likelihood estimation and multi-emitter fitting.

Reconstructed images were rendered with normalized Gaussians of uncertainty measured

from the molecular intensities. Analysis was run on a 2014 Intel Xeon E5-2687W v2

desktop processor.
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Deconvolution: Huygens deconvolution software was used to deconvolve the TIRF

image using an estimated PSF based on the microscope parameters.

5.3.4 Live-cell super-resolution enabled by SRRF

The performance of SRRF in fixed cells shows that super-resolution can be achieved at

ultra-high fluorophore densities, potentially even in the absence of defined photoswitching,

only intensity variations. This enables the use of fast imaging, live cell compatible low

illumination intensity (Wäldchen et al., 2015), physiological buffers and conventional

fluorophores. As such live-cell super-resolution imaging is made possible using SRRF. A

number of example experiments using live-SRRF imaging are discussed in this section

demonstrating the capabilities of SRRF imaging in live-cells.

To quantify image resolution in these experiments two methods were applied, peak-

to-peak separations of filamentous structures (Fig. 5.17 and Fig. 5.14) and Fourier Ring

Correlation. For peak-to-peak separations line profiles were plotted from SRRF reconstruc-

tions between the image points indicated. Each line profile was produced by averaging

across a line width of 100 nm to ensure that plots were not contaminated by random noise

peaks. Line profiles were selected from the images such that resolution could be measured

according to the Sparrow criterion (section 1.4; Sparrow, 1916) whereby two structures are

considered resolved once a noticeable dip is observed between their intensity profiles.

Quantification of the resolution by FRC was performed using a modified version of

the Fourier Image REsolution (FIRE) algorithm (Nieuwenhuizen et al., 2013). For fixed

samples (Fig. 5.8b, Fig. 5.17) raw image sequences were divided in half (in time) and

SRRF reconstructions were performed on each half separately. The largest possible power

of 2 square region of each dataset (not containing fiducial markers which can bias FRC

results) was selected to perform FRC. Each SRRF reconstruction was Fourier transformed

and concentric rings with a width of one pixel in Fourier space were segmented. The

normalized cross correlation between corresponding rings in the two Fourier transformed

images was plotted against the spatial frequency corresponding to the radius of the rings.

The resolution was determined as the point at which the FRC first falls below a threshold of

1/7 as previously used in FIRE (Nieuwenhuizen et al., 2013). A smoothed curve using local

regression (LOESS) with bandwidth 0.0707 and robustness 0 was calculated for display

only, threshold crossing was determined using the non-smoothed FRC. For live samples,

FRC was calculated using the first and second 100 frame windows to generate two SRRF

reconstructions and otherwise analyzed as described above.
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Fig. 5.13 Fourier Ring Correlation analysis of resolution. (a) Analysis of resolution by Fourier ring correlation
(FRC) for low density (LD), high density (HD) and ultra-high density (UHD) data in figure 5.8b. Analysis
of resolution by Fourier ring correlation (FRC) for (b) confocal imaging and (c) LED illuminated widefield
imaging of fixed microtubules (Fig. 5.17), (d) TIRF imaging of live microtubules and (e) TIRF imaging of
live mitochondria respectively. Green arrows indicate the first crossing point of the 1/7 threshold shown used
to determine the resolution in each case. Adapted from (Gustafsson et al., 2016).

The first experiment performed demonstrates super-resolution imaging of stably trans-

fected tubulin-GFP HeLa cells at 1 super-resolution FPS achieving resolutions of the order

of 60 nm, as measured by peak-to-peak separations, to 120 nm, as measured by FRC

analysis (Fig. 5.13d, Fig. 5.14a). A 25 s example dataset, presented as a movie and can be

found in the supplement to Gustafsson et al. (2016). The apparent discrepancy between

the FRC and peak-to-peak resolutions is likely to arise from the motion of the live-cell

sample in this dataset. Due to this motion the two images used for FRC are not of identical

structures and as such a global measure of resolution will be reduced in comparison to a

local measure applied (with selection bias) to a single image.



5.3 Results 209

a

b

c

Distance (nm)
0 100 200 300 400 500 600

N
o

rm
a

liz
e

d
 i
n

te
n

s
it
y
 [
0

,1
]

0

0.2

0.4

0.6

0.8

1

106nm

400

1

Distance (nm)

0 100 200 300

N
o

rm
a

liz
e

d
 i
n

te
n

s
it
y
 [
0

,1
]

0

0.2

0.4

0.6

0.8

64nm

Distance (nm)

0 50 100 150 200 250 300 350

N
o

rm
a

liz
e

d
 i
n

te
n

s
it
y
 [
0

,1
]

0

0.2

0.4

0.6

0.8

1

60nm

Fig. 5.14 Peak to peak separation of GFP-labelled structures in live cell movies. (a) Magnified view of
two crossing microtubules from live-cell GFP-tubulin imaging and SRRF intensity plot taken between the
yellow arrowheads. (b) Magnified view of two crossing microtubules from long term time-lapse live-cell
GFP-tubulin imaging and SRRF intensity plot taken between the yellow arrowheads. (c) Magnified view of
two crossing actin structures from figure 5.15 and SRRF intensity plot taken between the yellow arrowheads.
All scalebars = 1 µm. Line profiles were averaged over ~100 nm adjacent to the line to ensure profiles were
not corrupted by noise peaks. Adapted from (Gustafsson et al., 2016).

The use of low laser powers (2×10−4 kW cm−2 to 2×10−1 kW cm−2), well below the

1-20 kW cm−2 range traditionally used in PALM or STORM approaches (Table 5.2), allows

long term imaging without visual signs of phototoxic effects as highlighted by Wäldchen

et al. (2015). This has enabled time-lapse super-resolution imaging with 1 s frames at 25 min

intervals for up to 24 hours. An example movie generated from the SRRF reconstructions

of an acquisition over an 8-hour period can be seen in the supplementary materials of

Gustafsson et al. (2016). In that dataset a tubulin-GFP expressing HeLa cell undergoes

division at approximately 7 hours into the experiment, demonstrating that phototoxicity

is sufficiently low for mitosis to proceed while achieving image resolutions of the order

of 106 nm (peak-to-peak separation, Fig. 5.14b). To demonstrate that this capability is



210 Super-Resolution Radial Fluctuations - SRRF

independent of fluorophore type and not dependent on 1-dimensional filamentous structures,

super-resolution imaging at 1 fps of mitochondria using the fluorescent dye, MitoTracker

Red, was performed demonstrating resolutions of the order of 165 nm via FRC analysis

(Fig. 5.13; movie of SRRF reconstructions in supplementary materials of Gustafsson et al.

(2016)).

5.3.5 Imaging actin cortex dynamics in the immunological synapse

The ability of SRRF to produce super-resolution images with temporal resolution of 1 s

allows for detailed imaging of highly dynamic biological processes. One example is the

rapid remodelling of the actin cortex during the formation of an immunological synapse

(Ashdown et al., 2014). Jurkat T cells transfected with LifeAct-GFP, as a marker for F-actin

(Riedl et al., 2008), were dropped onto a coverslip coated with antibodies to emulate the

formation of a synapse after T Cell Receptor (TCR) engagement and imaged by TIRF

(Fig. 5.15a). This system produces a significant challenge for image reconstruction with

conventional algorithms since the density of the actin varies significantly in space and time

across the synapse. While SRRF does not provide the resolution to see individual actin

filaments, it allows sub diffraction scale actin density changes in the structure of the cortex,

not otherwise discernible in conventional TIRF images, to be resolved.

Particle Image Velocimetry (PIV; Schindelin et al., 2012) was used to demonstrate the

degree of improvement afforded by SRRF, in contrast to the corresponding TIRF images,

in characterizing the dynamics of the actin cortex. The retrograde flow of the actin cortex

in the periphery of T cell synapses has previously been measured using molecular flow

algorithms applied to SIM images (Ashdown et al., 2014). Here, using PIV applied to

SRRF reconstructions, a comparison was made between the dynamics of the actin cortex

of Jurkat cells expressing LifeAct-GFP imaged on anti-CD28, anti-CD3 and both anti-

CD3&CD28 antibody coated coverslips (Fig. 5.15b). SRRF and interpolated raw data

image stacks (to match pixel size and temporal resolution) were analysed using the PIV

analyser Vs1.2 on a 64 x 64 pixel window, with interpolation to obtain sub-pixel flow

magnitudes. The resulting colour coded velocity field stack was averaged to obtain the final

PIV result. PIV revealed the velocity field generated by the actin dynamics indicating the

directionality and relative speed of actin cortex flow in the different stimulatory conditions.

The data show that stimulation by anti-CD28 alone does not induce retrograde flow of the

actin cortex with both the TIRF and SRRF movies exhibiting a random velocity field (Fig.

5.15c). In contrast, analysis of SRRF movies shows that both anti-CD3 stimulation and

anti-CD3&CD28 co-stimulation induce retrograde flow of the actin cortex in the periphery
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Fig. 5.15 SRRF used for Super-Resolution live-imaging of Jurkat T cells transiently expressing LifeAct-GFP.
(a) Conventional TIRF microscopy (TIRF) vs SRRF images (SRRF) of Jurkat T cells transfected with
LifeAct-GFP dropped on an anti-CD3 coated coverslip and imaged for 180 s at 1 super-resolution fps. (b)
Conventional TIRF microscopy (TIRF) and SRRF images (SRRF) of Jurkat T cells expressing LifeAct-GFP
imaged on coverslips coated with anti-CD28 alone, anti-CD3 alone or in combination (anti-CD3&CD28)
to stimulate an immunological synapse formation (highlighted area corresponds to the region used for PIV
analysis). (c) PIV analysis of corresponding image sequences shows notable retrograde actin flow in anti-CD3
but not in anti-CD28 stimulated Jurkat T cells. A color-coded measure of flow directionality and speed is
plotted for the blue highlighted regions. White arrows in color wheel are representative of flow direction,
central color (minimum intensity) corresponds to 0 µm/min, saturated colors (maximum intensity) correspond
to 38.4 µm/min. Scale bars 5 µm. Adapted from (Gustafsson et al., 2016).

of the synapse, an effect not accurately quantifiable when PIV analysis is applied to the

TIRF data (Fig. 5.15c). Resolutions down to 64 nm were measured on a selected region,

through peak-to-peak separation of actin structures in the anti-CD3&CD28 movie (Fig.

5.14c).

The three image-based methods 3B, SOFI and DeconSTORM were also used to recon-

struct a region of the anti-CD3&CD28 stimulated T-cell dataset shown in figure 5.15b; (Fig.

5.16). The deconvolved widefield image is also shown for comparison. SRRF analysis

produced a reconstructed image containing all of the structural information within the

deconvolved image with higher fidelity and improved contrast. Insufficient fluctuations in

the acquired GFP data prevented SOFI from resolving any additional structure, and the
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TIRF SRRF Deconvolution

3BDeconSTORMSOFI

Fig. 5.16 Actin organisation in a live activated T-cell reconstructed using high density algorithms. Region
of 100 raw frames of LifeAct-GFP in the T-cell stimulated with anti-CD3&CD28 as shown in figure 5.15b
reconstructed with the various image-based techniques. Scalebars = 1 µm.

DeconSTORM image contains ringing artefacts typical of over-deconvolved, low SNR

images. While 3B succeeded in resolving part of the cell periphery, very little structure

was recovered from the cell interior. Therefore, for live-cell GFP data containing minimal

intensity fluctuations SRRF performs similarly to deconvolution and produces images

superior to those reconstructed with any other image-based super-resolution algorithm.

For the comparisons between different algorithms applied to the LifeAct-GFP T-cell

image (Fig. 5.16), algorithms were run as previously described. The SOFI reconstruc-

tion displayed is for third order SOFI with FWHM determined by the algorithm. The

deconSTORM reconstruction displayed was created with α=0.99 and β = 10−6 and 50

iterations.

5.3.6 Cross platform compatibility of SRRF

To test the broad applicability of SRRF to different imaging modalities, imaging was

performed on AlexaFluor647 immuno-labeled microtubules under three separate condi-

tions. First, high-intensity laser illuminated widefield epifluorescence (rather than TIRF

as previously), was used generating a low density STORM dataset. Second, low-intensity
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LED illuminated widefield epifluorescence imaging was performed generating an ultra-

high-density dataset without photoswitching. Third, laser-scanning confocal microscopy

was performed, generating an ultra-high density dataset with no photoswitching (Fig. 5.17).

For all three imaging modalities samples were fixed using paraformaldehyde at 37◦C to

preserve sample ultra-structure and thickness such that for the widefield images the effect of

out-of-focus fluorescence on SRRF reconstructions could be ascertained. For example, in

the SRRF reconstruction of the laser widefield dataset (Fig. 5.17a) resolution and contrast

are significantly enhanced for in-focus structures, whereas out-of-focus structures are

dimmer and more blurred. Analysis of peak-to-peak separations of microtubules identified

in these images indicates achievable resolutions of the order of 70 nm, 96 nm and 80 nm

for each experimental condition respectively (Fig. 5.17b). The resolutions obtained in the

confocal and LED widefield images were further confirmed by FRC analysis (Fig. 5.17).

SRRF is a two dimensional method that in its current form provides no resolution

enhancement in the z-dimension. The widefield data presented in figure 5.17a suggests

a degree of optical sectioning is possible using SRRF making it possible to image at

multiple z-positions to add a diffraction limited z-dimension to the SRRF images. The

ability to use SRRF with confocal, combined with the inherent optical sectioning of the

confocal microscope, makes this an attractive choice for generating 3D datasets (diffraction

limited z-dimension, super-resolution x and y dimensions). Live-cell spinning disk confocal

microscopy was performed, on tubulin-GFP HeLa cells, rapidly acquiring 100 confocal

images over 20 z-sections at 300 nm intervals. A super-resolution SRRF image produced

from SRRF analysis of the 100 raw frames acquired at each interval.

The resulting 3D reconstruction, although limited in resolution in the z-dimension,

successfully allows discrimination of the hight of microtubules in the sample providing

context to the 2D reconstruction.

5.4 Conclusions

In this chapter it has been shown that SRRF is a highly versatile technique with benefits

for both fixed-cell and dynamic live-cell super-resolution imaging. Super-resolution using

SRRF has been demonstrated to be possible using conventional fluorophores in a variety of

imaging modalities. This is in contrast to methods such as SIM, which although compatible

with live-cell is limited to a single optical set-up and maximal resolution; and SMLM,

which until photoswitching behaviours are decoupled from photophysical processes will be

broadly limited to non-physiological conditions; and STED, which despite improvements
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Fig. 5.18 3D imaging performed using a spinning disk. Left: SRRF applied to 100 frame acquisitions at
various z-sections, at 300 nm intervals. Colour indicates z-position. The average of these 100 spinning disk
frames is displayed on the top right of the image. Top right: expanded view of the cropped region indicated
for both SRRF and the average projection. Bottom right: A 3D rendering of the cropped region (z-dimension
compressed as indicated by scale).

is still limited by a high, peak illumination intensity and limited number of compatible

fluorophores.

It was also demonstrated that, compared to other super-resolution algorithms capable

of analysing high fluorophore density datasets, SRRF provides a significant reduction

in reconstruction artefacts. In general SRRF does not suffer from the disappearance of

structures or ringing effects seen in other methods and due to its implementation in NanoJ

is very computationally efficient. As such the flexibility of SRRF analysis across a range

of microscopes and sample preparation methods, along with its distribution as a freely-

available ImageJ/Fiji plugin enables virtually any laboratory with access to a good quality

fluorescence microscope, the ability to perform super-resolution imaging.

SRRF has already resulted in the publication of novel live-cell super-resolution tech-

niques that combine SRRF with digital micro-mirror devices (Valiya Peedikakkal et al.,

2017) and CRISPER/Cas9 gene editing to label proteins with fluorophores (Khan et al.,

2017).

Importantly, the use of SRRF in basic biological research has recently been demon-

strated by the publication of new biological discoveries of the function of the Spo0M

protein in Bacillus subtilis, the mediation of septin cage assembly by mitochondria to

promote autophagy of Shigella flexneri (Sirianni et al., 2016) and the regulation of t-tubule
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architecture in the failing heart (Correll et al., 2017). It is anticipated and hoped that the

use of SRRF will enable many more such biological discoveries.

5.5 Author Contributions

The following people contributed to the research presented in this chapter, the author, NG;

R. Henriques, RH; S. Culley, SC; P.M. Pereira, PMP; G. Ashdown, GA; and D. Owen, DO.

The contributions were as follows. NG, RH and SC conceived of the algorithm an

implemented the algorithm in NanoJ, NG planned and performed all in silico simulations

and analysis. NG, RH, SC and PMP planned and performed experiments. The imaging

data presented was acquired by SC and PMP except the T-cell data acquired by GA and

DO. Image data was analysed by NG, RH and SC. This chapter included work that has

been published elsewhere (Gustafsson et al., 2016).



Chapter 6

General Conclusions

Currently the best methods for live-cell super resolution are advanced optical set-ups such

as the lattice light sheet microscope (Chen et al., 2014) and high NA-TIRF-SIM (Li et al.,

2015) which can in some cases achieve better than 100 nm resolutions at up to 100 frames

per second. Facilities exist where these microscopes can be used for short periods but they

are rare, not easily accessible and expensive. Before cost effective means of accessing

these methods become available, the best way to widely distribute access to live-cell super-

resolution is through the development of image processing algorithms and fluorescent

probes which can be easily implemented by almost any lab with access to a high quality

fluorescent microscope.

Algorithms enabling live-cell super resolution have previously been presented, for

example 3B (Cox et al., 2011), SOFI (Dertinger et al., 2009) and deconSTORM (Mukamel

et al., 2012), but these methods have tended to be limited in their implementation for a

range of reasons. Some of those limitations are associated with the accessibility of the

methods to non-specialist researchers. This may be overcome by their implementation

as plugins for ImageJ, as done here using NanoJ, which will be made freely available

following publication. Other limitations, including limits on the achievable resolution under

some live-cell experimental conditions remain however.

SRRF, a novel image processing algorithm that forms the basis of a new approach to

live-cell super-resolution was presented in this thesis. SRRF circumvents the need for sparse

activation of fluorophores allowing low-illumination, live-cell, imaging in physiologically

relevant media. In addition, SRRF enables super-resolution in modern widefield or confocal

microscopes using conventional fluorophores and has already been used to make new bio-

logical discoveries, demonstrating the influence that a readily available algorithm can have

on the application of super-resolution imaging. Via a research and development partnership,

SRRF is now also available as an instant-shot super-resolution method, achieved by directly
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processing images acquired by the camera in real time. The cost effectiveness of this

option for performing SRRF will further expand the availability of the algorithm to those

researchers who do not wish to analyse the data by manual post processing.

Labelling techniques are also relatively simple to make widely available and certainly

have a significant contribution to make in improving super resolution applications in

live-cells. New probes, Super-Beacons were developed which rely on the generalisable

principle of transient quenching to de-couple the photoswitching required for SMLM

from the photophysics of the dye used. SBs were shown to photoswitch spontaneously

at low-illumination intensities, in physiologically relevant buffers, the conditions needed

for live-cell super-resolution. While SRRF allows live-cell super-resolution without the

use of specialised fluorophores, the advantage of SBs is the possibility of performing

super-resolution in live-cells by SMLM, generating lists of molecule localisations, at nano

meter precisions, that can be used in further analytical analysis such as tracking (Manley

et al., 2008). While the biological relevance of SBs is currently limited to extra cellular

imaging, their use in intracellular live-cell super-resolution imaging has been demonstrated

and only small modifications would be required to prevent significant perturbation of the

cell biology.

It is possible that, in the future, fixed-cell super resolution will be superseded in many

applications by expansion microscopy (Chen et al., 2015), which allows non-membrane

imaging of sub diffraction protein organisation in conventional microscopes. Expansion

microscopy provides specific labelling not yet achievable to the same degree in electron

microscopy with relatively simple and widely available sample preparation. Also, the

preparation of samples for expansion microscopy allows harsh treatments that can be used

in multiple rounds of labelling, allowing many more proteins to be imaged in a single sample

(Ku et al., 2016). One of the outstanding issues with expansion microscopy however, is the

lack of dyes which are both bright enough, and have sufficient photo-switching kinetics to

perform super-resolution under the conditions used in expansion. The use of Super-Beacons

may provide a solution to this allowing some of the advantages of expansion microscopy to

be combined with the advantages of SRRF, or even single molecule localization microscopy.
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Lindén, M., Ćurić, V., Boucharin, A., Fange, D., and Elf, J. (2016). Simulated single
molecule microscopy with SMeagol. Bioinformatics, 32(15):2394–2395.

Liu, Z., Lavis, L. D., and Betzig, E. (2015). Imaging Live-Cell Dynamics and Structure at
the Single-Molecule Level. Molecular Cell, 58(4):644–659.

Long, F., Zeng, S., and Huang, Z.-L. (2012). Localization-based super-resolution mi-
croscopy with an sCMOS camera Part II: Experimental methodology for comparing
sCMOS with EMCCD cameras. Optics Express, 20(16):17741.
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Table A.1 Tracking errors for various growth characteristics. Parameter values used for the simulation of
growing microtubules in the absence of noise, as analysed in figure 2.7, and the resulting axial and lateral
offset and precision values obtained after tracking using MDA. For these simulations, the labelling ratio was
kept at 1.0, the pixel size was 120 nm, and the exposure was instantaneous. Adapted from (Bohner et al.,
2015).

Experiment vg Dg σLD
Taper

Length
Axial
Offset

Axial
Precision

Lateral
Offset

Lateral
Precision

(nm s−1) (nm2 s−1) (nm) (nm) (nm) (nm) (nm) (nm)

Growth Speed

0 0 0 0 -0.51 2.11 0.07 0.33
25 0 0 0 -0.44 1.86 -0.01 0.25
50 0 0 0 -0.30 2.02 0.01 0.23

100 0 0 0 -0.42 1.69 0.00 0.27

Growth Fluctuation

50 0 0 0 -0.30 2.02 0.01 0.23
50 20 0 0 -0.30 1.45 0.00 0.33
50 40 0 0 -0.56 1.44 0.03 0.22
50 80 0 0 -0.33 1.65 0.02 0.26
50 500 0 0 -0.30 1.79 0.03 0.28
50 1000 0 0 -0.37 1.71 -0.01 0.28

Lateral Deflection

50 0 0 0 -0.30 2.02 0.01 0.23
50 0 50 0 -0.45 1.76 -0.02 0.28
50 0 150 0 -0.44 1.67 0.00 0.47
50 0 300 0 -0.44 1.59 -0.02 0.83

Taper Length

0 0 0 0 -0.51 2.11 0.07 0.33
50 0 0 96 -0.40 1.57 0.00 0.24
50 0 0 192 -2.65 2.73 -0.03 0.25
50 0 0 288 0.43 2.07 -0.01 0.29
50 0 0 480 3.64 4.29 0.07 0.34
50 0 0 672 10.35 7.83 0.37 0.46
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Table A.2 Tracking errors for various growth characteristics with noise. Parameters used for the simulated
microtubules as analysed in figure 2.8 and the resulting axial and lateral offset and precision values and their
errors obtained after tracking by MDA. For these simulations, the labelling ratio was kept at 0.2, the pixel
size was 120 nm, and the exposure time was 200 ms. Adapted from (Bohner et al., 2015).

SNR
Taper

Length vg Dg
Axial
Offset

SE of
Axial
Offset

Lateral
Offset

SE of
Lateral
Offset

Axial
Precision

SE of
Axial

Precision

Lateral
Precision

SE of
Lateral

Precision
(nm) (nm s−1) (nm2 s−1) (nm) (nm) (nm) (nm) (nm) (nm) (nm) (nm)

1.66

0 10 300 -5.93 10.39 0.05 4.65 62.62 10.08 25.03 1.99
96 10 20 -3.27 10.19 -0.07 2.86 73.06 6.98 23.37 2.66
96 10 150 -6.44 9.23 0.96 2.93 61.32 6.69 23.97 2.39
96 10 300 -8.75 9.63 1.05 3.22 68.98 15.77 23.44 2.41
96 30 300 -4.66 11.39 -0.17 3.45 65.18 7.65 26.03 2.44
96 50 20 -8.50 6.13 1.39 2.69 60.92 8.62 22.04 1.49
96 50 300 -14.83 11.16 1.71 3.52 72.45 10.69 24.76 1.85

288 10 20 0.80 13.67 -1.28 3.52 79.72 9.10 26.90 2.55
288 10 300 -5.12 11.82 -1.63 3.23 77.18 8.97 23.95 2.77
288 50 20 -7.76 13.51 1.47 3.39 77.44 11.36 25.20 2.16
288 50 300 -7.96 12.46 0.27 4.32 76.88 8.30 25.81 2.96

3.23

0 10 300 3.38 2.97 -0.17 0.94 26.13 2.53 7.04 0.94
96 10 20 1.86 3.53 0.31 1.05 24.74 2.07 7.98 1.13
96 10 150 -2.29 3.85 0.33 1.26 27.66 3.81 7.77 1.05
96 10 300 -1.95 3.48 0.08 1.08 26.17 2.09 7.16 0.68
96 30 300 -3.56 2.99 -0.42 1.20 27.30 2.63 7.33 0.80
96 50 20 -6.63 4.21 0.28 1.12 27.93 2.02 7.20 0.65
96 50 300 -4.57 3.01 0.59 1.02 25.24 2.68 7.55 0.70

288 10 20 1.64 4.77 0.38 0.76 31.62 2.26 7.24 0.62
288 10 300 5.51 3.73 0.07 1.76 32.08 3.72 7.98 0.59
288 50 20 -5.69 5.08 -0.19 1.18 34.48 2.96 8.17 0.86
288 50 300 -3.65 3.92 -0.31 1.33 30.64 3.65 8.05 0.53

3.81

0 10 300 -1.74 3.09 0.03 0.69 22.94 2.03 4.66 0.44
96 10 20 -3.39 2.28 0.10 0.74 18.04 1.62 4.81 0.31
96 10 150 0.47 3.12 0.18 0.78 20.11 2.58 4.97 0.50
96 10 300 -1.28 3.70 -0.06 0.82 21.55 2.31 4.75 0.54
96 30 300 -3.91 3.77 0.08 0.51 23.23 2.52 4.88 0.45
96 50 20 -5.85 3.52 -0.17 0.66 22.08 2.61 4.86 0.54
96 50 300 -5.86 2.88 -0.31 0.53 22.83 2.40 4.73 0.52

288 10 20 -1.10 3.73 -0.38 0.89 23.80 2.06 5.03 0.27
288 10 300 4.69 4.23 0.16 0.46 27.48 4.87 4.94 0.54
288 50 20 -4.61 3.61 0.44 0.80 27.39 4.14 4.81 0.43
288 50 300 -2.97 3.66 -0.33 0.73 29.54 2.62 4.90 0.43

Table A.3 Tracking errors for various simulated tapered ends (a). Parameters used for the simulated micro-
tubules at SNR 1.71, as analysed in figure 2.9a,b and the resulting axial and lateral offset and precision and
σend obtained after tracking using MDA with a fixed and free end sigma. The labelling ratio, the exposure
time, and the pixel size were 0.2, 200 ms, and 120 nm, respectively. The growth velocity, the effective
diffusion coefficient and lateral displacement were 11 nms−1, 271 nm2s−1 and 150 nm respectively. Adapted
from (Bohner et al., 2015).

Tracking Method
Taper

Length
(nm)

Axial
Accuracy

(nm)

Lateral
Accuracy

(nm)

Axial
Precision

(nm)

Lateral
Precision

(nm)

End
Sigma
(nm)

SD of End
Sigma
(nm)

Fixed End Sigma

192 -3.83 0.02 65.18 22.34 134.68 13.22
288 -2.26 1.14 74.44 26.12 134.86 14.30
480 -14.64 0.11 93.87 25.51 135.02 14.73
672 -1.31 -0.79 118.52 27.22 135.91 16.19

Free End Sigma

192 -3.00 -0.55 71.29 30.90 151.71 104.00
288 -4.44 1.22 95.19 34.14 167.70 117.47
480 -18.88 -0.54 113.79 32.22 219.43 147.94
672 -13.10 -1.84 150.64 33.97 277.84 239.19



246 Supplementary Data

Table A.4 Tracking errors for various simulated tapered ends (b). Parameters used for the simulated micro-
tubules as analysed in figure 2.9c,d and the resulting axial and lateral offset and precision and σend values
and their errors obtained after tracking using MDA with a free end sigma (except * values fit using fixed end
sigma). The labelling ratio, the exposure time, and the pixel size were 0.2, 200 ms, and 120 nm, respectively.
The growth velocity, the effective diffusion coefficient and lateral displacement were 11 nms−1, 271 nm2s−1

and 150 nm respectively. Adapted from (Bohner et al., 2015).

SNR
Taper

Length
Axial

Accuracy

SE of
Axial

Accuracy

Lateral
Accuracy

SE of
Lateral

Accuracy

Axial
Precision

SE of
Axial

Precision

Lateral
Precision

SE of
Lateral

Precision
σend

SD of
σend

(nm) (nm) (nm) (nm) (nm) (nm) (nm) (nm) (nm) (nm) (nm)

1.71

0.00 -11.08 11.22 -2.04 2.94 68.75 7.13 24.26 2.66 134.01* 13.99
192.00 -3.83 6.96 0.02 3.85 65.18 7.56 22.34 2.32 134.68* 13.22
288.00 -2.26 8.02 1.14 4.49 74.44 10.35 26.12 3.36 134.86* 14.30
480.00 -14.64 12.03 0.11 3.39 93.87 9.19 25.51 3.59 135.02* 14.73
672.00 -1.31 18.03 -0.79 3.47 118.52 11.49 27.22 1.49 135.91* 16.19

2.77

0.00 3.94 3.93 0.42 2.64 32.84 3.93 12.75 1.25 135.57 41.91
192.00 3.44 6.22 -0.36 2.04 33.80 2.48 13.50 1.27 150.08 43.62
288.00 8.22 5.23 -0.70 2.40 35.85 3.72 13.63 1.94 165.37 42.94
480.00 0.77 8.92 -0.43 1.82 63.11 7.64 13.33 1.21 216.14 66.60
672.00 -17.30 7.93 0.22 2.11 57.69 8.12 14.20 1.79 262.35 63.67

3.94

0.00 6.04 2.09 0.64 0.78 21.06 3.19 5.47 0.46 135.29 19.81
192.00 -3.82 2.99 -0.47 0.78 29.24 2.58 5.07 0.42 157.57 35.61
288.00 -5.68 4.70 -0.25 0.59 28.38 3.15 5.45 0.63 175.27 33.84
480.00 3.87 5.80 -0.50 0.86 31.52 3.07 5.21 0.50 213.15 34.84
672.00 4.63 5.77 -0.74 0.59 53.58 4.01 5.16 0.50 272.10 51.84

4.40

0.00 0.17 4.10 -0.30 0.58 27.27 3.62 4.11 0.51 139.58 29.00
192.00 4.36 3.10 0.03 0.62 27.64 2.50 3.99 0.42 149.04 28.29
288.00 4.09 4.17 -0.13 0.53 28.65 1.82 4.34 0.51 164.29 27.48
480.00 -2.13 4.59 -0.51 0.38 30.13 3.02 4.46 0.49 211.40 34.76
672.00 5.34 4.76 -0.26 0.67 38.02 3.75 4.17 0.34 264.24 37.71

4.53

0.00 -0.78 3.35 0.12 0.38 20.25 2.88 3.19 0.34 138.26 17.78
192.00 -2.46 2.44 0.12 0.59 20.14 2.11 3.34 0.45 148.51 19.16
288.00 1.03 2.57 0.07 0.48 20.86 2.25 3.25 0.32 169.47 20.39
480.00 0.36 2.93 -0.06 0.36 31.96 2.60 3.24 0.32 208.08 32.19
672.00 -22.02 6.62 -0.27 0.35 42.11 4.20 2.99 0.36 288.29 44.87

4.94

0.00 2.56 1.70 -0.17 0.32 17.22 1.94 2.66 0.18 133.89 14.43
192.00 3.42 2.72 -0.02 0.30 23.77 1.71 2.91 0.37 148.11 21.22
288.00 1.87 4.56 0.15 0.37 35.19 6.61 2.74 0.38 169.81 29.20
480.00 -2.22 3.07 -0.01 0.44 30.42 6.67 2.69 0.26 207.45 28.45
672.00 4.60 12.67 -0.27 0.37 77.61 8.83 3.11 0.49 268.08 53.42

inf

0.00 6.73 2.87 0.03 0.07 25.25 9.15 0.44 0.30 136.12 13.50
192.00 5.62 2.60 -0.11 0.04 18.49 11.10 0.38 0.21 149.37 9.91
288.00 4.64 1.15 -0.13 0.02 8.12 8.09 0.12 0.07 164.57 3.41
480.00 7.47 5.39 -0.13 0.09 32.13 11.78 0.60 0.26 209.37 11.15
672.00 3.56 3.06 -0.32 0.03 18.81 15.87 0.32 0.18 268.03 9.70
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B3S9L-ATTO550-BHQ2 Super-Beacon summary in PBS
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Fig. A.1 Data summary for B3S9L-ATTO550-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO550 control experiments in clean PBS at 0.132, 0.264, 1.32 and 2.64 kW cm−2, 561 nm illumination
with 18 ms exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of
acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second;
histograms are independently normalised; points indicate mean parameter of normal distribution fit. Histogram
of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B3S9L-Cy3-BHQ2 Super-Beacon summary in PBS
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Fig. A.2 Data summary for B3S9L-Cy3-BHQ2 Super-Beacon experiments compared to B5S39L-Cy3 control
experiments in clean PBS at 0.132, 0.264, 1.32 and 2.64 kW cm−2, 561 nm illumination with 18 ms exposure
time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition. Histogram of
log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms are independently
normalised; points indicate mean parameter of normal distribution fit. Histogram of {τdarki}, the initial
dark-state lifetime distribution; points indicate mean parameters of exponential terms in the distribution fit.
Histogram of number of on-states (blinks) per trace for all identified traces, points indicate mean parameter
of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points indicate mean parameters
of exponential terms in the distribution fit; dashed line indicates weighted means. Histogram of {τon}, the
on-state lifetime distribution; points indicate mean parameters of exponential terms in the distribution fit;
dashed line indicates weighted means. On time ratio τon/τdark against illumination intensity, where τon and
τdark are the weighted means of the on- and dark-state distributions respectively. Bottom right, legend applies
to all panels.
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B3S9L-ATTO647N-BHQ2 Super-Beacon summary in PBS
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Fig. A.3 Data summary for B3S9L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in clean PBS at 0.057, 0.117, 0.231, 0.579 and 1.155 kW cm−2, 647 nm
illumination with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the first
frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per
second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B5S9L-Cy3-BHQ2 Super-Beacon summary in PBS
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Fig. A.4 Data summary for B5S9L-Cy3-BHQ2 Super-Beacon experiments compared to B5S39L-Cy3 control
experiments in clean PBS at 0.132, 0.264, 1.32 and 2.64 kW cm−2, 561 nm illumination with 18 ms exposure
time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition. Histogram of
log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms are independently
normalised; points indicate mean parameter of normal distribution fit. Histogram of {τdarki}, the initial
dark-state lifetime distribution; points indicate mean parameters of exponential terms in the distribution fit.
Histogram of number of on-states (blinks) per trace for all identified traces, points indicate mean parameter
of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points indicate mean parameters
of exponential terms in the distribution fit; dashed line indicates weighted means. Histogram of {τon}, the
on-state lifetime distribution; points indicate mean parameters of exponential terms in the distribution fit;
dashed line indicates weighted means. On time ratio τon/τdark against illumination intensity, where τon and
τdark are the weighted means of the on- and dark-state distributions respectively. Bottom right, legend applies
to all panels.
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B5S39L-Cy3-BHQ2 Super-Beacon summary in PBS
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Fig. A.5 Data summary for B3S9L-Cy3-BHQ2 Super-Beacon experiments compared to B5S39L-Cy3 control
experiments in clean PBS at 0.132, 0.264, 0.527, 1.32 and 2.64 kW cm−2, 561 nm illumination with 18 ms
exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition.
Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms
are independently normalised; points indicate mean parameter of normal distribution fit. Histogram of
{τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B5S11L-ATTO647N-BHQ2 Super-Beacon summary in PBS
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Fig. A.6 Data summary for B5S11L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in clean PBS at 0.057, 0.117, 0.579 and 1.155 kW cm−2, 647 nm illumination
with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of
acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second;
histograms are independently normalised; points indicate mean parameter of normal distribution fit. Histogram
of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B5S19L-ATTO647N-BHQ2 Super-Beacon summary in PBS
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Fig. A.7 Data summary for B5S19L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in clean PBS at 0.057, 0.117, 0.231, 0.579, 0.867 and 1.155 kW cm−2, 647
nm illumination with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the
first frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons
per second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B3S9L-ATTO647N-BHQ2 Super-Beacon summary in MilliQ
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Fig. A.8 Data summary for B3S9L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in MilliQ water at 0.12, 0.237, 0.477 and 2.382 kW cm−2, 647 nm illu-
mination with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the first
frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per
second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B5S11L-ATTO647N-BHQ2 Super-Beacon summary in MilliQ
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Fig. A.9 Data summary for B5S11L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in MilliQ water at 0.12, 0.237, 0.477 and 2.382 kW cm−2, 647 nm illu-
mination with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the first
frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per
second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B5S19L-ATTO647N-BHQ2 Super-Beacon summary in MilliQ

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0.12 

0.237

0.477

2.382

10
2

10
2.5

10
3

10
3.5

10
4

10
4.5

10
5

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
3

0.12 

0.237

0.477

2.382

B3S9L-ATTO647N

B5S19L-ATTO647N-BHQ2

B3S9L-ATTO647N

B5S19L-ATTO647N-BHQ2

0 5 10 15 20 25 30 35 40 45 50

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
3

0.12 

0.237

0.477

2.382

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
-2

10
-1

10
0

0

0.2

0.4

0.6

0.8

Fig. A.10 Data summary for B5S19L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in MilliQ water at 0.12, 0.237, 0.477 and 2.382 kW cm−2, 647 nm illu-
mination with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the first
frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per
second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B3S9L-ATTO647N-BHQ2 Super-Beacon summary in NaCl
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Fig. A.11 Data summary for B3S9L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in MilliQ + 125 mM [NaCl] at 0.12, 0.237, 0.477 and 2.382 kW cm−2, 647
nm illumination with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the
first frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons
per second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.



259

B5S11L-ATTO647N-BHQ2 Super-Beacon summary in NaCl
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Fig. A.12 Data summary for B5S11L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in MilliQ + 125 mM [NaCl] at 0.12, 0.237, 0.477 and 2.382 kW cm−2, 647
nm illumination with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the
first frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons
per second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B5S19L-ATTO647N-BHQ2 Super-Beacon summary in NaCl
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Fig. A.13 Data summary for B5S19L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in MilliQ + 125 mM [NaCl] at 0.12, 0.237, 0.477 and 2.382 kW cm−2, 647
nm illumination with 33 ms exposure time. From top left to bottom right. Fraction of traces on-state in the
first frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons
per second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B3S9L-ATTO550-BHQ2 Super-Beacon summary in OxEA
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Fig. A.14 Data summary for B3S9L-ATTO550-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO550 control experiments in OxEA at 0.264, 1.32 and 2.64 kW cm−2, 561 nm illumination with 18 ms
exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition.
Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms
are independently normalised; points indicate mean parameter of normal distribution fit. Histogram of
{τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B3S9L-ATTO647N-BHQ2 Super-Beacon summary in OxEA
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Fig. A.15 Data summary for B3S9L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in OxEA at 0.039, 0.193 and 0.385 kW cm−2, 647 nm illumination with 33
ms exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition.
Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms
are independently normalised; points indicate mean parameter of normal distribution fit. Histogram of
{τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B5S11L-ATTO647N-BHQ2 Super-Beacon summary in OxEA
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Fig. A.16 Data summary for B5S11L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in OxEA at 0.039, 0.193 and 0.385 kW cm−2, 647 nm illumination with 33
ms exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition.
Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms
are independently normalised; points indicate mean parameter of normal distribution fit. Histogram of
{τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B3S9L-Cy3-BHQ2 Super-Beacon summary in MEA
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Fig. A.17 Data summary for B3S9L-Cy3-BHQ2 Super-Beacon experiments compared to B5S39L-Cy3 control
experiments in MEA at 0.132, 0.264, 1.32 and 2.64 kW cm−2, 561 nm illumination with 18 ms exposure
time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition. Histogram of
log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms are independently
normalised; points indicate mean parameter of normal distribution fit. Histogram of {τdarki}, the initial
dark-state lifetime distribution; points indicate mean parameters of exponential terms in the distribution fit.
Histogram of number of on-states (blinks) per trace for all identified traces, points indicate mean parameter
of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points indicate mean parameters
of exponential terms in the distribution fit; dashed line indicates weighted means. Histogram of {τon}, the
on-state lifetime distribution; points indicate mean parameters of exponential terms in the distribution fit;
dashed line indicates weighted means. On time ratio τon/τdark against illumination intensity, where τon and
τdark are the weighted means of the on- and dark-state distributions respectively. Bottom right, legend applies
to all panels.
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B5S9L-Cy3-BHQ2 Super-Beacon summary in MEA
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Fig. A.18 Data summary for B5S9L-Cy3-BHQ2 Super-Beacon experiments compared to B5S39L-Cy3 control
experiments in MEA at 0.132, 0.264, 1.32 and 2.64 kW cm−2, 561 nm illumination with 18 ms exposure
time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition. Histogram of
log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms are independently
normalised; points indicate mean parameter of normal distribution fit. Histogram of {τdarki}, the initial
dark-state lifetime distribution; points indicate mean parameters of exponential terms in the distribution fit.
Histogram of number of on-states (blinks) per trace for all identified traces, points indicate mean parameter
of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points indicate mean parameters
of exponential terms in the distribution fit; dashed line indicates weighted means. Histogram of {τon}, the
on-state lifetime distribution; points indicate mean parameters of exponential terms in the distribution fit;
dashed line indicates weighted means. On time ratio τon/τdark against illumination intensity, where τon and
τdark are the weighted means of the on- and dark-state distributions respectively. Bottom right, legend applies
to all panels.
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B5S39L-Cy3-BHQ2 Super-Beacon summary in MEA
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Fig. A.19 Data summary for B5S39L-Cy3-BHQ2 Super-Beacon experiments compared to B5S39L-Cy3
control experiments in MEA at 0.132, 0.264, 1.32 and 2.64 kW cm−2, 561 nm illumination with 18 ms
exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition.
Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms
are independently normalised; points indicate mean parameter of normal distribution fit. Histogram of
{τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B3S9L-ATTO647N-BHQ2 Super-Beacon summary in Ringers
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Fig. A.20 Data summary for B3S9L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in Ringers at 0.12, 0.477 and 2.382 kW cm−2, 647 nm illumination with 33
ms exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition.
Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms
are independently normalised; points indicate mean parameter of normal distribution fit. Histogram of
{τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B5S11L-ATTO647N-BHQ2 Super-Beacon summary in Ringers

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0.12 

0.477

2.382

10
2

10
2.5

10
3

10
3.5

10
4

10
4.5

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
3

0.12 

0.477

2.382

B3S9L-ATTO647N

B5S11L-ATTO647N-BHQ2

B3S9L-ATTO647N

B5S11L-ATTO647N-BHQ2

0 5 10 15 20 25 30 35 40 45 50

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
3

0.12 

0.477

2.382

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
-2

10
-1

10
0

0

0.2

0.4

0.6

0.8

Fig. A.21 Data summary for B5S11L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in Ringers at 0.12, 0.477 and 2.382 kW cm−2, 647 nm illumination with 33
ms exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition.
Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms
are independently normalised; points indicate mean parameter of normal distribution fit. Histogram of
{τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B5S19L-ATTO647N-BHQ2 Super-Beacon summary in Ringers
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Fig. A.22 Data summary for B5S19L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in Ringers at 0.12, 0.477 and 2.382 kW cm−2, 647 nm illumination with 33
ms exposure time. From top left to bottom right. Fraction of traces on-state in the first frame of acquisition.
Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second; histograms
are independently normalised; points indicate mean parameter of normal distribution fit. Histogram of
{τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.



270 Supplementary Data

B3S9L-ATTO647N-BHQ2 Super-Beacon summary in PBS at 37°C
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Fig. A.23 Data summary for B3S9L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in clean PBS at 0.12, 0.237, 0.477 and 2.382 kW cm−2, 647 nm illumination
with 33 ms exposure time at 37°C. From top left to bottom right. Fraction of traces on-state in the first
frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per
second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B5S19L-ATTO647N-BHQ2 Super-Beacon summary in PBS at 37°C
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Fig. A.24 Data summary for B5S19L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in clean PBS at 0.12, 0.237, 0.477 and 2.382 kW cm−2, 647 nm illumination
with 33 ms exposure time at 37°C. From top left to bottom right. Fraction of traces on-state in the first
frame of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per
second; histograms are independently normalised; points indicate mean parameter of normal distribution
fit. Histogram of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified
traces, points indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime
distribution; points indicate mean parameters of exponential terms in the distribution fit; dashed line indicates
weighted means. Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of
exponential terms in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against
illumination intensity, where τon and τdark are the weighted means of the on- and dark-state distributions
respectively. Bottom right, legend applies to all panels.
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B3S9L-ATTO647N-BHQ2 Super-Beacon summary in Ringers at 37°C

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0.12 

0.477

2.382

10
2

10
2.5

10
3

10
3.5

10
4

10
4.5

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
3

0.12 

0.477

2.382

B3S9L-ATTO647N

B3S9L-ATTO647N-BHQ2

B3S9L-ATTO647N

B3S9L-ATTO647N-BHQ2

0 5 10 15 20 25 30 35 40

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
3

0.12 

0.477

2.382

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
-2

10
-1

10
0

0

0.2

0.4

0.6

0.8

Fig. A.25 Data summary for B3S9L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in Ringers at 0.12, 0.477 and 2.382 kW cm−2, 647 nm illumination with
33 ms exposure time at 37°C. From top left to bottom right. Fraction of traces on-state in the first frame
of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second;
histograms are independently normalised; points indicate mean parameter of normal distribution fit. Histogram
of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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B5S11L-ATTO647N-BHQ2 Super-Beacon summary in Ringers at 37°C
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Fig. A.26 Data summary for B5S11L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in Ringers at 0.12, 0.477 and 2.382 kW cm−2, 647 nm illumination with
33 ms exposure time at 37°C. From top left to bottom right. Fraction of traces on-state in the first frame
of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second;
histograms are independently normalised; points indicate mean parameter of normal distribution fit. Histogram
of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.



274 Supplementary Data

B5S19L-ATTO647N-BHQ2 Super-Beacon summary in Ringers at 37°C

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0.12 

0.477

2.382

10
2

10
2.5

10
3

10
3.5

10
4

10
4.5

10
5

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
3

0.12 

0.477

2.382

B3S9L-ATTO647N

B5S19L-ATTO647N-BHQ2

B3S9L-ATTO647N

B5S19L-ATTO647N-BHQ2

0 5 10 15 20 25 30 35 40 45

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
3

0.12 

0.477

2.382

10
-3

10
-2

10
-1

10
0

10
1

10
2

10
-2

10
-1

10
0

0

0.2

0.4

0.6

0.8

Fig. A.27 Data summary for B5S19L-ATTO647N-BHQ2 Super-Beacon experiments compared to B3S9L-
ATTO647N control experiments in Ringers at 0.12, 0.477 and 2.382 kW cm−2, 647 nm illumination with
33 ms exposure time at 37°C. From top left to bottom right. Fraction of traces on-state in the first frame
of acquisition. Histogram of log10{Ion} where {Ion} is the set of on-state intensities in photons per second;
histograms are independently normalised; points indicate mean parameter of normal distribution fit. Histogram
of {τdarki}, the initial dark-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit. Histogram of number of on-states (blinks) per trace for all identified traces, points
indicate mean parameter of exponential fit. Histogram of {τdark}, the dark-state lifetime distribution; points
indicate mean parameters of exponential terms in the distribution fit; dashed line indicates weighted means.
Histogram of {τon}, the on-state lifetime distribution; points indicate mean parameters of exponential terms
in the distribution fit; dashed line indicates weighted means. On time ratio τon/τdark against illumination
intensity, where τon and τdark are the weighted means of the on- and dark-state distributions respectively.
Bottom right, legend applies to all panels.
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